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Preface

I first learned about abduction when, as a graduate student working on the
scientific realism debate, I read Bas van Fraassen’s Laws and Symmetry (van
Fraassen, 1989). The thought that explanatory considerations guided our
beliefs, in some form and to some extent, immediately seemed natural to
me. Once I started paying attention, it occurred to me that I relied on such
considerations in my reasoning on a daily basis. Not only that; it also appeared
to me that I was right to do so, given how often things I had become convinced
of on explanatory grounds turned out to be t7ue.

There was a problem, though. Van Fraassen had given some seemingly
inescapable arguments to the effect that abductive reasoning was to be avoided,
on pain of irrationality. Perhaps I and other people tend to rely on this form
of reasoning, but that does not make it right. There is a whole catalog of
biases—systematic deviations from normative systems—that experimental
studies have shown to be widespread. Letting explanatory considerations
impact our beliefs might also belong there.

Van Fraassen’s critique of abductive reasoning came as part of a defense
of Bayesian epistemology, which at the time of his writing was still an “un-
derground epistemology” (van Fraassen, 1989, p. 151). However, that episte-
mology was soon to become “all the rage” (Bovens & Hartmann, 2003, p. iii),
and it has strongly dominated our thinking about confirmation, rationality,
and belief revision for the last two decades. With the increasing popular-
ity of Bayesian epistemology came further arguments purporting to show
that any form of reasoning straying from the Bayesian path of wisdom—like
abduction—betokened epistemically irresponsible behavior.

Since reading van Fraassen’s critique, I have been trying to figure out
whether my frequent, often almost automatic, reliance on abduction is some-
thing that should concern me and whether I should seek counseling. In this
book, I aim to show that I am fine. That is probably good news for you,
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t0o, because, in general, people do tend to rely on abduction to some extent
and in some form. This book is meant to help you understand that relying
on abduction is nothing to be ashamed of and that, when done judiciously,
reasoning abductively is perfectly in order.

You may have heard that abductive reasoning makes one vulnerable to
Dutch bookies. Not so. Not only have I never encountered a Dutch bookie
(and I'am Dutch); even if they existed, it would take little effort to protect
yourself against them while you continued to reason abductively. Also, there
is no need to be concerned about the accuracy of your beliefs if you reason
abductively. Perhaps—perhaps!—your beliefs are in this or that respect less
accurate than those of your Bayesian twin (someone who is exactly like you,
except that the twin uses Bayes’s rule where you rely on some form of abduc-
tion), but in other respects your beliefs may well be more accurate. Indeed,
Bayesians have been so busy pointing out possible downsides of abductive
reasoning that they have completely forgotten to examine whether this form
of reasoning might bring benefits that their favored machinery fails to offer
and that may outweigh whatever costs abduction could be said to incur.

In thinking through the nature and status of abduction, I have been
greatly helped by discussions with many people over the years. I would like to
thank in particular the late Jonathan Adler, Daniel Andler, Martijn Blaauw,
Luc Bovens, Peter Brossel, Filip Buekens, Otdvio Bueno, the late Werner Calle-
baut, Alessandro Capone, Jake Chandler, Rafael De Clercq, Paul Cortois,
Lieven Decock, Helen De Cruz, Kevin Demiddele, Ton Derksen, Dennis
Dieks, Richard Dietz, Jacques Dubucs, Anna-Maria Eder, Paul Egré, Shira
Elgayam, Pascal Engel, David Etlin, Martin Fischer, Branden Fitelson, the late
Ronald Giere, Sanford Goldberg, Mario Giinther, Stephan Hartmann, Rainer
Hegselmann, Jan Heylen, Frank Hindriks, Pieter Hofstra, Leon Horsten,
Christoph Kelp, Jakob Koscholke, Karolina Krzyzanowska, Theo Kuipers,
James Ladyman, Hannes Leitgeb, Gert-Jan Lokhorst, Uskali Miki, James
McAllister, the late Ernan McMullin, Wouter Meijs, Patricia Mirabile, Fred
Muller, Jennifer Nagel, Mike Oaksford, Diederik Olders, Erik Olsson, David
Over, Herman Philipse, Hans Plets, Stathis Psillos, Eric Raidl, Henk de Regt,
Herman de Regt, Hans Rott, Michael Schippers, Jonah Schupbach, Gerhard
Schurz, Sebastian Sequoiah-Grayson, Mark Siebel, Henrik Singmann, Jan
Sprenger, Jos Uffink, Mark van Atten, Jaap van Brakel, Bas van Fraassen,
René van Woudenberg, Susan Vineberg, Jonathan Vogel, Jack Vromen, Ver-
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ena Wagner, Jonathan Weisberg, Paul Weirich, Sylvia Wenmackers, Timothy
Williamson, and Frank Zenker.

Over the last ten years, I have had the good fortune to be involved in
various collaborative projects with a number of brilliant cognitive scientists
and psychologists. I have learned a tremendous amount from Shira Elqayam,
Peter Girdenfors, Yasmina Jraissati, Mike Oaksford, David Over, Henrik
Singmann, and Andrew Stewart. More than anything else, discussions with
these friends and colleagues have let me realize that much of my own past
research on rationality contributed little to a theory of rationality for real
people. They encouraged me to get over my germaphobia, dive into the mud,
and get my hands dirty, that is, to run my own experiments and obtain rea/
data, which I found to be not nearly as spic and span as the made-up data we
philosophers are used to work with. (In philosophy, we fit data to our models.)
Furthermore, their lessons have had a profound influence on the present work
more generally. In particular, they made me realize that while we will not be
able to do completely without idealizations, and from time to time may want
to do some house cleaning (what philosophers call “rational reconstruction”),
we should resist the temptation to engage in robot epistemology, in which
the elegance of our models counts as the main criterion of success, even if that
prevents us from doing justice to a sometimes messy human psychology.

The most direct inspiration for the book came from two joint projects,
one with Sylvia Wenmackers, the other with Jonah Schupbach. The first,
which is described in Chapter 7, brought computational methods to bear on
abduction and led to Douven and Wenmackers (2017), the second looked at
abduction from an empirical perspective and led to Douven and Schupbach
(2015, 2015b), the main results of which are reported in Chapter 3. Ilearned as
much from the collaboration with these friends as I enjoyed the interactions
with them over the years.

Youness Ayaita, Brett Coppenger, Stephan Hartmann, Jon Matheson,
Kevin McCain, Richard Pettigrew, Rolf Pfister, Ted Poston, William Roche,
Josh Smith, Jan Sprenger, Paul Thorn, Mike Veber, and Christopher von
Biilow read the entire manuscript and provided many valuable comments and
suggestions, for which I thank them. Thanks also to the students in Stephan
Hartmann’s 2020 philosophy of science class at Ludwig Maximilian Univer-
sity of Munich for stimulating discussion of some of the materials presented
here. Special thanks to Philip Laughlin at the Press for his encouragement
and editorial guidance, and to Mykel Kochenderfer and Tim Wheeler, whose
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Algorithms for Optimization (Kochenderfer & Wheeler, 2019) inspired the
layout of appendix E and who generously helped me set up the software
needed for making typeset Julia code look beautiful.

I am grateful to Daniel Andler, Anouk Barberousse, Jean-Baptiste Rauzy,
and Pierre Wagner for their help with various matters administrative and
institutional. In recent years, the friendship and collaboration with Lieven
Decock, Shira Elqayam, Rainer Hegselmann, Karolina Krzyzanowska, Patri-
cia Mirabile, and Hans Rott have meant much to me, as have the friendship
and continuing discussions about virtually everything with Mark van At-

ten. Finally, I am immensely grateful for the love and support of my wife,
Jacqueline.
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I

Introduction

[TThe wisdom we mortals possess does not merely consist of
remembering things past and apprehending the present, but
on the basis of these two activities being able to predict the
future, which is considered by serious men to be the highest
form of human intelligence.

—Giovanni Boccaccio, 7he Decameron

.1 Why You Should Want to Know About Abduction

If you are consulting this book with malicious intent, looking for ways to
expand your criminal pursuits, I encourage you to stop reading and to better
your life. However, you may instead be a researcher—a cognitive scientist,
a psychologist, a linguist, or a philosopher—who is interested in a type of
inference that gives pride of place to explanatory considerations and that
makes judgments on the quality of explanations and ultimately on explanatory
superiority, which are crucial to what to believe and how to change our beliefs.
You may have heard some good things about this type of inference but also,
more likely, some bad things, and you may be wondering what to make of
those things or how to reconcile them. In that case, I encourage you to read
on.

If you are a psychologist, I encourage you to read on because there is
accumulated evidence that abduction and, more generally, explanatory con-
siderations play a key role in a great number of high-level cognitive processes,
including categorization (e.g., Williams & Lombrozo, 2010, 2013; Edwards
et al., 2019; Vasilyeva & Lombrozo, 2020), generalization (e.g., Lombrozo &
Gwynne, 2014), learning (e.g., Chi et al., 1994; Baillargeon & DeJong, 2017;



2 Chapter 1

Rittle-Johnson & Loehr, 2017; Walker et al., 2017; Ruggeri, Xu, & Lombrozo,
2019), understanding (Keil, 2006; Legare & Lombrozo, 2014; Walker & Lom-
brozo, 2017), interpreting behavior (Jern, Derrow-Pinion, & Piergiovanni,
2021), semantic processing (Krzyzanowska, 2015; Douven, 2016a; Douven
et al., 2018, 2020; Mirabile & Douven, 2020; Douven, Elgayam, Mirabile,
in press; Stewart et al., 2021; Rostworowski, Pietrulewicz, & Bedkowski, in
press), and reasoning and belief change (Pennington & Hastie, 1988, 1992,
1993; Douven & Schupbach, 20154, 2015b; Johnston et al., 2017; ch. 3 examines
in detail experimental evidence showing how pivotal explanation is in the
realm of reasoning and belief change).

It has been suggested that abduction is also operative at a more basic
level of cognitive functioning. Hermann von Helmholtz (1867, section 26)
famously argued that perception is not the passive reception of sensory input
that it might naively be thought to be but that it involves active, albeit typically
unconscious, inference: A tower that we see in the distance projects only a
tiny image on our retinas. If we perceive the tower as tall, that is the result of
an inference that we make on the basis of the retinal image and an estimate
(based on previous experience) of the distance between us and the tower. In
this connection, Helmholtz (1867, p. 4471F) refers to John Stuart Mill’s work
on inductive inference. That may already be an implicit appeal to abduction,
if Gilbert Harman (1965, 1968) is right that induction is a special kind of
abduction (see also Thagard, 1978; Lycan, 1988; Weintraub, 2013). Leaving
induction and its relation to abduction to the side for the moment, note
passages in Helmholtz (1867) that suggest that he saw a clear connection
between perception and explanatory reasoning. For instance, he attributes the
occurrence of perceptual ambiguities—“when various . . . interpretations of
an impression are possible”—to the fact that a person may vacillate between
different explanations of the impression, or that different persons may settle
for different explanations (Helmholtz, 1867, p. 440).

Helmholtz strongly influenced Irvin Rock’s work on the relation between
perception and inference, which is more explicit in relating perception directly
to explanation. Rock (1983) spends several chapters discussing how explana-
tory reasoning helps to resolve cases of perceptual ambiguity. In chapter 6 of
that book, he advances the hypothesis that what we perceive is guided by ex-
planatory reasoning. More exactly, his claim—Dbuttressed by references to the
outcomes of a great number of experiments that Rock and others conducted
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Figure r.1: Illusion of a transparent square overlaying a tiled square (/efz),
which according to Rock supports the hypothesis that explanation-guided
inference is involved in perception; the illusion is disrupted when no easy ex-
planation of the stimulus in terms of transparency is available (right). (Source:
Rock, 1983, p. 140.)

over the years—is that the percept that we settle on is the one that offers the
best explanation of the stimulus.

Consider the left panel of figure 1.1, which is reproduced from Rock
(1983, p. 140). People tend to perceive this as a tiled square overlaid by a smaller
square that s transparent, because—Rock argues—this offers the most elegant
explanation of the stimulus. An alternative is to see the square as consisting
of a number of unrelated figural fragments, but that explanation is not nearly
as elegant. Note also how easily the illusion is disrupted by complicating
the explanation made in terms of an overlaying transparent square, as in the
right panel of figure 1.1. When we look at the left panel, we imagine that
the transparent square is tinted and that the tint has a consistent eftect on
how we perceive the different colors of the tiles as seen through the overlying
square. For the right panel, to maintain the explanation of looking through a
transparent square for the right panel, we would have to assume ezzher that
the square is itself divided into four parts, each part tinted differently, and that
the overlying square is rotated relative to the larger square exactly so that the
difterent tints are aligned with the tiles, o7 that the underlying square does not
consist of four tiles, two of which are black and two of which are light gray,
but either is tiled in a more complicated way or has four tiles that are colored
in more complicated ways, o7 make still more convoluted assumptions. That
is obviously too much, which is why the transparency illusion does not, or
not easily, arise for the right panel.
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Figure 1.2: We tend to see this as a bas-relief footprint illuminated from above,
but in reality it is an indented footprint illuminated from below. (Photo
courtesy of Manuel Cazzaniga.)

Rock’s book describes many more well-documented effects concerning
perception, which he takes to indicate that in general we perceive what best
explains the stimuli. These effects include stroboscopic motion, in which
a stationary object seems to move, for instance, because different parts of it
are illuminated shortly after each other (Rock & Ebenholtz, 1962; Sigman &
Rock, 1974), anorthoscopic form perception, in which we perceive an object
by viewing only small parts of it at a time (Rock & Halper, 1969; Rock &
Gilchrist, 1975), and the kinetic depth effect, which (among other things)
lets us interpret projections of three-dimensional objects onto a screen as
shadows of three-dimensional objects rather than as transformations of two-
dimensional objects (Rock & Smith, 1981). Rock (1983, ch. 6) canvasses various
other potential explanations for these and other effects (e.g., empiricism,
according to which interpretation is a mere matter of frequency of previous
exposure, and the constancy view, which lets us prefer the interpretation that
keeps the percept constant through changes of viewing angle or location), but
he argues that his proposal offers a better explanation for those effects than do
the competing accounts. Thus, he argues abductively for an abductive theory
of perception.

It is also not hard to understand, abductively, why we tend to perceive
figure 1.2 as a bas-relief (i.c., convex) footprint, although in reality the photo
shows a normal concave footprint lit from below instead of, as is normally
the case, from above. Judgments of explanation quality are typically relative
to background assumptions, and precisely because objects are normally illu-
minated from above, the stimulus presented by figure 1.2 is best explained by
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assuming that the footprint rises from the sand. But that judgment is easily
overruled: if people are given clues that there might be a light source below
the footprint, they no longer perceive the footprint as rising out of the sand
but instead see it as indented (Morgenstern, Murray, & Harris, 2011). It is
readily appreciated how, with this kind of clue, the assumption that we see
a bas-relief footprint will probably no longer be the best explanation of the
stimulus.

This explanation of the bas-relief illusion is particularly interesting be-
cause the illusion has often been alleged to provide evidence in favor of the
so-called Bayesian brain hypothesis, according to which the human nervous
system operates largely as if it obeyed Bayesian prescriptions. From this per-
spective, the illusion highlights that we always start from prior probabilities
or simply priors: when the brain computes the percept from the stimulus,
it assigns a high prior to the light-from-above hypothesis and a low one to
the light-from-below hypothesis. Jakob Hohwy (2013) makes a scientifically
and philosophically informed case for this Bayesian approach to perception
(though see Colombo, Elkin, & Hartmann, 2021). Although he does stress
the importance of abduction for his case, he sees it as an essentially Bayesian
principle (p. 25). He does not support this by any arguments, however, and as
we explain later in this chapter, the claim is not as easy to maintain as he may
think.

Jerry Fodor (2001) also recognizes the key role that abduction plays in
cognitive processing. As he puts it, “by all the signs, the cognitive mind is up to
its ghostly ears in abduction” (p. 78). In his opinion, that makes the prospects
for real progress in cognitive science dim, because, in his opinion, “we do not
know how abduction works [and so] we do not know how the cognitive mind
works ... ” (Fodor, p. 78)." Iam inclined to agree that at a minimum we do not
know much about abduction and also that this hampers progress in cognitive
science—and not only in that field. That was one important motivation for

1. Fodor (200r1) thinks that, in particular, the computational theory of mind, which he
otherwise favors, cannot account for the reliability of abduction (which he takes as a given). As
Rellihan (2009) notes, however, there are independent reasons for holding that an adequate
theory of mind must be hybrid, acknowledging the importance of both computational and
associative mechanisms, and abduction is most plausibly accounted for in terms of the latter.
Moreover, in view of the recent successes of deep learning (LeCun, Bengio, & Hinton, 201s;
Goodfellow, Bengio, & Courville, 2016), Fodor’s critique of associative theories of mind has
come to appear much less compelling than it did twenty years back.
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writing this book. Later in this chapter, I present some ideas about what may
have stood in the way of promulgating a better understanding of abduction.

If you are a linguist, I encourage you to read on because abduction has
been said to be fundamental to determining what a speaker means by an
utterance. Specifically, it has been argued that decoding utterances is a matter
of figuring out the best explanation of why someone said what she said when
she said it. Even more specifically, authors working in the field of pragmatics
have suggested that hearers invoke the Gricean maxims of conversation (Grice,
1989) to help them work out the best explanation of a speaker’s utterance
whenever the semantic content of the utterance is insufficiently informative
for the purposes of the conversation, or is zo0 informative, or is off topic, or is
implausible, or is otherwise odd or inappropriate. As Yan Huang (1994, p. 2)
puts it, “What pragmatics does is to provide a set of . . . explanatory principles
which constrains the interpretation or production of an utterance whose
linguistic representation has already been antecedently cognized” (emphasis
mine).*

To go into a little more detail, pragmatics starts from the observation that
true utterances can still be misleading. The semantic content of a speaker’s
utterance can be @, but if the best explanation of why she made the utterance
on the given occasion is, or entails, that she (also) wanted to convey ¢, then
her utterance can be misleading even if @ is true—because ¥ may be false. For
example, we will typically interpret an utterance of

(1) Some of the guests are bringing flowers

as implicating (to use the technical term for what is conveyed over and beyond
semantic content) that not 2/ guests are bringing flowers. After all, if that
were the case, it would be difficult to explain why the speaker did not simply
say thatall guests are bringing flowers (assuming a context in which the speaker
is in a position to see whether all, or only some, guests are bringing flowers).
So, if all guests are bringing flowers, then an utterance of (1) is misleading,
even if the speaker is not sayzng anything false.
Or suppose a graduate student tells his supervisor

(2) You have published some papers that I really like.

2. In the same vein, see Bach and Harnish (1979), Dascal (1979), Hobbs (2004), Gabbay
and Woods (2005, ch. 4), Chien (2008), and Douven (2012a); see also various papers in Bunt
and Black (2000).
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The supervisor can see two possible explanations of why the student uttered
this sentence. One is that the student wanted to convey that he read some
(but not all) of her papers and liked all the ones he read; the other is that
he read some or all of her papers and liked some of those he read and some
not so much. Depending on context, one or the other explanation may
appear better to the supervisor. For instance, the first explanation may top
the second if the supervisor is a prolific writer and the student is known to
be somewhat lazy. In that case, the supervisor may infer that the student did
not read all of her papers. If, on the other hand, the supervisor has so far
only published a handful of papers, and the student is known for his critical
attitude and for not being intimidated in the least by any of the professors,
that may favor the second explanation. Naturally, the two explanations may
also be in close competition, in which case the inference of an implicature
can be guarded at best. This explains why implicatures can vary in strength
(Douven, 2012a; Douven & Krzyzanowska, 2019). Furthermore, the example
highlights a phenomenon that is discussed in chapter 3, to wit, that the extent
to which the best explanation stands out as being the best can vary and can
have a significant impact on people’s willingness to infer the truth of that
explanation.

If you are a philosopher, you may not need to be convinced of the impor-
tance of abduction, given how common appeals to this form of reasoning are
in your field. For instance, social epistemologists have argued that our trust
in other people’s testimony rests on abductive reasoning (e.g., Harman, 196s;
Adler, 1994; Fricker, 1994, 2017; Lipton, 1998). According to Jonathan Adler
(1994, pp- 274-275), “[t]he best explanation for why the informant asserts
that P is normally that. . . he believes it for duly responsible reasons and .. . he
intends that I shall believe it too.” That is why we are normally justified in
trusting an informant’s testimony.

And a number of philosophers of science hold that abduction is a cor-
nerstone of scientific methodology (e.g., Boyd, 1984, 1985, 1990; Harré, 1986,
1988; Psillos, 1996, 1999; Lipton, 2004; Schupbach, 2017). According to Tim-
othy Williamson (2017, pp. 334-335), “[t]he abductive methodology is the
best science provides,” and Ernan McMullin (1992) even goes so far as to call
abduction “the inference that makes science.” Relatedly, it has been said that
abduction is the predominant mode of reasoning in medical diagnosis: physi-
cians tend to go for the hypothesis that best explains the patient’s symptoms
(Josephson & Josephson, 1994; Dragulinescu, 2016; Stilgenbauer & Baratgin,
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2018).3 We look at some examples of the use of abduction in science in chap-
ter 2 and consider abduction specifically in the context of medical decision
making in chapters 6 and 7.#

In philosophy, abduction is frequently invoked in objections to so-called
underdetermination arguments. We consider the issue of underdetermina-
tion at some length in chapter 2, and chapter 8 is devoted in its entirety to
arguably the most prominent underdetermination argument in philosophy
or anywhere: the argument for Cartesian skepticism. For now, suffice it to
say that underdetermination arguments proceed by arguing that the data,
or whatever counts as such in a given debate, are insufficient to warrant the
adoption of this or that hypothesis, where the hypothesis at stake often ap-
pears commonsensical to us (that there is an external world, that others are
conscious beings like us, that thanks to science we know a good deal about
the mechanisms and processes causing observable events, and so on). While
perhaps most prominent in epistemology and the philosophy of science, such
arguments have either been advanced or are implicit in other areas of phi-
losophy as well. Concomitantly, we find appeals to abduction in all those
areas.

For instance, in metaphysics David Lewis (1973, 1986) is famous for defend-
ing modal realism, according to which other possible worlds are as real as our
own world. Although typically met with an “incredulous stare”—as Lewis
(1973, p. 86) acknowledges—he advocates the position because, he thinks, it
offers the best explanation for a vast array of phenomena, including how we
use modal expressions like “necessary” and “possibly” and how we talk about
causes and effects. Similarly, Williamson (2016) gives an abductive argument
for the hypothesis that there are objective modalities (which does not entail
modal realism but still goes against, for instance, standard empiricist thinking
according to which all modalities have a merely verbal status; see, e.g., van
Fraassen, 1977). Philosophers of language have invoked abduction in debates

3. Interestingly, Patel and Groen (1986, 1991) and Patel, Groen, and Arocha (1990) found
that the degree to which physicians rely on abductive reasoning may vary with their level of
experience. In particular, they report a number of experiments showing that less experienced
physicians rely more heavily on abductive reasoning than their more experienced colleagues.

4. Although they are not strictly speaking scientists, judges are truth-seekers whom we
expect to reason as carefully as scientists. Michelon (2019) shows that they frequently rely on
abduction, not only when assessing the evidence that is brought before the court but also in
determining which legal principles have been tacitly assumed in relevant jurisprudence. On
the role of abduction in the law, see also Walton (2005).
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about the metaphysical status of truth and its supposed bearers. It has been
argued, for instance, that minimalist conceptions of truth (see, e.g., Horwich,
1990) are metaphysically too lightweight to carry the explanatory workload
required of truth by our current best theories of meaning and interpretation
(for discussion, see Devitt, 1991, pp. 31-32; Davidson, 1996; Horsten, 2011,
ch. 5). It has further been argued that we are warranted to believe in the exis-
tence of propositions because of the various explanatory roles that they play
(e.g., van Elswyk, 2019). Possibly the oldest use of abduction in metaphysics
is found in the philosophy of religion, in which authors through the ages
have tried to argue that the existence of god best explains this or that part of
reality, like the beauty or order of the world, human morality, or that people
have religious beliefs (e.g., Hildebrand & Metcalf, in press; for discussion, see
Schupbach, 2005, and De Cruz & De Smedt, 2015).5

Outside of metaphysics, Williamson (2017) argues that the case for clas-
sical logic over nonclassical logics is abductive: classical logic gives the best
overall account of our various deductive practices, even if perhaps this or that
nonclassical logic offers a more elegant solution of the semantic paradoxes.6
And in his Doing Philosophy (Williamson, 2018), he notes that platonists de-
fend their position “because they find it crucial for the best explanation of
what mathematicians are doing” (p. 44). Indeed, in the same book (ch. 6) he
argues extensively that abduction is central to philosophy in general, even as
central as it is to science.

Finally, at the risk of sounding overly ambitious, I encourage you to
read on for the sake of scientific progress. There are different ways in which
science can progress. There is the kind of progress that makes headlines: the
possibility of quantum entanglement over hundreds of miles established, a
new disease discovered, the oldest yet humanoid skull found, a new treatment
for cystic fibrosis developed, the first close-up pictures of the moons of Jupiter,
artificial neural networks able to accurately predict protein structures from
sequences of amino acids, and so on. But there is much scientific progress
of a more prosaic variety about which the general public will not necessarily

5. On the role of abduction in metaphysics, see also Hawley (2006), Sider (2009), Biggs
and Wilson (2017), and Schurz (2021).

6. On the role of abduction in logic, see also Priest (2005, p. 217), Russell (2015, 2019),
and Hjortland (2019).
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hear but that may be as important and consequential as the more newsworthy
findings.”

For example, in recent decades much progress has been made in the field of
data visualization. Thanks to the development of heat maps in the 1990s, we
can more easily recognize patterns in the expression of genes in difterent tissues
than was previously the case (Weinstein, 2008). Similarly, the development
of so-called actograms—a kind of diagrams for representing the activity of
organisms throughout the day—has contributed much to our understanding
of the circadian rhythm (Sheredos et al., 2013).

More to the present point is Ian Hacking’s (1984, p. 70) observation that
“[t]he quiet statisticians have changed our world—not by discovering new
facts or technical developments but by changing the ways that we reason,
experiment and form our opinions about it.” Progress is to an important
part due to the fact that we have collected more data, which in turn is to an
important part due to our having improved and expanded our techniques tor
collecting data. But progress is no less due to the fact that we have learned more
about what we can and cannot conclude from the data in our possession and
that we have learned more about how to determine what the data tells us about
our theories and ultimately the mechanisms and processes that generated the
data. In other words, we have learned more about what can be learned from
the data we have. We owe much of this to Hacking’s “quiet statisticians.”

The quote from Hacking might be understood to suggest that the devel-
opment of statistics has been completed. The opposite is the case, however:
the development of statistics, and more generally of research methods, is an
ongoing process that is accompanied by discussion and disagreement but
that from time to time produces results that virtually all in the scientific com-
munity regard as progress. This concerns, for example, the development of
statistical techniques that allow us to make more accurate estimates or to
determine more precisely how certain we can be of a prediction.

Here is an illustration that is also relevant to subsequent discussion, in
which we look in detail at some empirical data about explanatory reasoning.
Regression analysis is one of the most commonly used statistical techniques
for determining the influence (if any) of one or several variables (the “indepen-
dent variables” or “predictor variables”) on another variable (the “dependent

7. In fact, if Stegenga (2018) is right, medical progress, which is arguably the kind of
progress most consistently covered by the media, tends to be overpraised.
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variable” or “outcome variable”). The result of such an analysis can help us
predict the value that the dependent variable will take on the basis of mea-
sured values of the independent variables. Suppose, for instance, that you
are interested in the relationship between font size and reading speed. To
investigate this, you let people read texts that are set in the same font but in
different sizes, and you measure the speed at which they read the text. No
doubt there will be variation in your participants’ reading times, and if you are
lucky, a regression analysis will find a significant relationship between reading
time and font size.

Regression analysis has proven to be a more than highly valuable statistical
technique. Not so long ago, however, a number of statisticians noted that
in applications such as our fictional example, the method is not optimal. In
that example, we assume that you will find variation in reading times that you
can then relate to variation in font size. But it is to be noticed that part of
the variation that you find may have to do with the fact that you have used
different test subjects: not everyone is sensitive to variations in font size in
the same way. This variation among test subjects can influence the outcome
of your analysis in a way and to an extent that you do not want. In this
experiment, you are not interested in individual differences among people;
you want to establish the relationship between font size and reading speed 7%
general ®

In response to this problem, so-called mixed-effects models have been
developed (sometimes called “hierarchical linear models”). These models are
intended to accommodate that there can be different sources of variance in
the data, some of which may not be of interest to us. In this example, some
variance will come from the fact that you manipulated the font size—the
variance that interests you—but some will also come from the fact that the
participants will vary in important respects. Some will be faster readers in
general than others, some will have better eyesight than others, some will be
more motivated to participate than others, some will be better rested at the

8. Stated more technically, the problem is that in standard regression analysis, the data
are assumed to be independent and identically distributed. In particular, the independence
part of this assumption—the probability of a data point taking a specific value is independent
of which values are taken by the other data points—is typically violated when each participant
contributed more than one data point: data points coming from the same participant will
often be correlated. Violations of assumptions of statistical procedures are not always harmful,
but violating the independence assumption in the case of a regression analysis 7s harmful (Judd,
Westfall, & Kenny, 2012).
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time of the experiment than others, and so on. Sometimes we are interested in
precisely such differences. But in our fictional example we assume that you are
not interested in those. Mixed-effects models help us to separate interesting
from uninteresting variance in the data and thereby help us avoid discrediting
the variable or variables of interest for failing to explain variance that is due
merely to elements in our experimental design that we consider to be random
(like the participants we happened to enroll, or the particular items we used
as materials). Think of the way in which this is achieved as first creating a
regression model for each participant separately and then constructing from
those individual models a kind of aggregate model. It has been shown that
this type of analysis tends to yield more accurate estimates of the particular
parameters of interest than traditional regression models do (Baayen, 2008;
Zuur et al., 2009; Singmann & Kellen, 2020).

My hope is that a more thorough study of abduction than we have seen
so far will lead to a similar kind of scientific progress—that, more exactly,
and with certain qualifications made subsequently, we will be able to get
more mileage out of our evidence by paying special attention to explanatory
connections between that evidence and whatever hypotheses that we are
considering.” According to the current mainstream, however, there is no way
to assign a role to such connections that would not make us deeply irrational;
or at least there is no znteresting, substantive way to do it. So, if we are to make
the kind of progress that, I believe, a closer attention to abduction would allow
us to make, we must first remove a number of persistent misunderstandings
about it that prevent the mainstream from deeming abduction even worthy
of serious attention.

In short, I encourage you to read on if you are interested in a mode of
reasoning that appears central to numerous cognitive processes, that people
tend to find entirely natural after you have told them about it, that may be so
routine and automatic that often we do not even notice when we engage in

9. Here, I am in the company of Haig (2005a, 2005b), who expects much from the
“abductive theory of method” that he proposed for the behavioral sciences. However, although
he is not concerned to articulate a specific version of abduction, from the brief statement of
abduction that he gives (e.g., Haig, 2005a, p. 381) it appears that he endorses the version labeled
ABDir in section 2.2.2, which is shown to be inadequate. He also does not address any of the
concerns that have been raised about the tenability of abduction, and takes the reliability of
abduction for granted (Haig, 200sa).
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it, but that is also explicitly appealed to in various domains of research, and
whose study finally raises the prospect of making some real scientific progress.

1.2 Two Common Misconceptions

If abduction is so ubiquitous, plays all these roles in the cognitive lives of
people, and has the other features mentioned previously, why do we know so
little about it and perhaps even, if Fodor is right, simply have 70 idea of how it
works? When pressed, we may have difficulty saying what exactly abduction
is. Moreover, many who feel attracted to the idea of abduction do not seem
to know what to make of the standard objections to abduction. Finally, even
if psychologists may be interested in various descriptive issues surrounding
abduction, the increasing popularity of Bayesian statistics raises the question
of why we should still care about the zormative status of abduction. Indeed,
in light of the successes about which Bayesian statistics can boast (Kruschke,
2011; Gelman et al., 2013; McElreath, 2020), any claim to the effect that the
study of abduction could contribute to the progress of science would appear
overblown, possibly even ludicrous.

To be fair, as is clear from the citations given at the outset of the previ-
ous section, psychological research into how people rely on abduction has
been picking up steam in recent years. However, I firmly believe that abduc-
tion would have received still more attention were it not for some persistent
misunderstandings about its normative status. I believe this even if Shira
Elqayam and Jonathan Evans (2011) are right that psychologists should con-
cern themselves with descriptive issues only and should leave normative issues
to others.” Most psychologists working on reasoning appear to know the
philosophical literature fairly well. If all they read there about abduction
are deprecating remarks, they may not receive much incentive to prioritize
empirical work on abduction. Rather, they may come to think of abductive
reasoning as a further bias that may deserve no speczal attention, given that
we already know quite a bit about biases. (See section 3.4 for more on this.)
In philosophy, misunderstandings about abduction have hampered research
into it to an even greater extent. It is an overarching aim of this book to rectify
those misunderstandings. I begin by describing what I see as the two main
ones.

10. This claim has been contested; see the responses to these authors in the same issue of
Behavioral and Brain Sciences in which their target paper appeared.
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121 Nothing but a Slogan

So far, we have given only the sketchiest characterization of abduction, as a
mode of inference that makes explanatory considerations relevant to what we
are licensed to believe. That may be excusable for an introductory chapter,
but Bayesians and others have complained that it is difficult to find anywhere
a statement of abduction that is more specific than such slogan-like character-
izations. That alone can appear a reason to prefer Bayes’s rule over abduction:
rather than a slogan, Bayes’s rule is a mathematically precise formula. It would
thus seem that those of us who are still attracted to the idea of abduction have
to provide a formulation of it that is nearly as precise as the formulation of
Bayes’s rule.

First, it is simply not true that there are no precise versions of abduction.
In various chapters, we look at versions that are as precise as Bayes’s rule and are
also completely cast in the language of probability theory. Admittedly, while
these versions serve important dialectical roles in the book, I am not vouching
for any of them as adequate update rules. That is at least partly because I
am not presently willing to commit to any specific theory of explanation,”
nor am I willing even to commit to the claim that explanation quality can
be measured in probabilistic or more general formal terms, as some authors
have claimed or at least assumed (e.g., McGrew, 2003; Glass, 2007, 20124,
2018, 20214, 2021b; Schupbach, 201ra; Schupbach & Sprenger, 2011; Crupi
& Tentori, 2012; Brossel, 2015; Cohen, 2016; Sprenger & Hartmann, 2019,
ch.7).”

1. Nor need I do so; see Prasetya (in press). Prasetya distinguishes the approach to
explanationism taken in this book (“ampliative explanationism,” as he calls) from the heuristic
and objective approaches to explanationism (as defended by, e.g., Lipton, 2004 and Dellsén,
2018, and, respectively, Weisberg, 2009, Poston, 2014, and Climenhaga, 2017) and argues that
those other approaches do commit one to particular theories of explanation.

12. That may in fact be unlikely if, as some have argued (e.g., de Regt & Dieks, 200s; de
Regt, 2017; but cf. Strevens, 2013), explanation is conceptually tied to understanding or kindred
notions (e.g., articulated awareness; see Woody, 2004). The reason is that understanding may
be too complex a notion to be captured in strictly probabilistic or formal terms. On the other
hand, in a major approach to causality (Pearl, 1988, 2000; Sloman, 200s; Ali et al., 2010; Al,
Chater, & Oaksford, 2o11; Fernbach & Erb, 2013; Oaksford & Chater, 2013, 2014, 2017, 20203;
Sprenger, 2018; Hartmann, in press), this notion is analyzed by means of graphical models,
which are at the same time statistical models, encoding relations of probabilistic dependence
and independence. Insofar as explanation is causal explanation, work on these so-called causal
Bayes nets may also help to capture the notion of explanation and to quantify explanation
quality. To be sure, not every explanation is a causal explanation (Wouters, 1995, 2007; Bueno
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Nevertheless, in the following we often pretend—again for dialectical
purposes—that explanation can be captured in probabilistic terms. But even
if explanation quality is adequately captured by one or more formal mea-
sures, is it not still a problem that, as I said, we encounter a variety of precise
versions of abduction? How in that case are we supposed to pick the right
one? The answer is that, no, it is not necessarily a problem if there is not a
best mathematically precise version of abduction, just as it is not necessarily
a problem if there is 70 such version. The suggestion that I make is that the
advocates of abduction should rather embrace the previous critique instead
of trying to counter it. The suggestion, to be more exact, is that abduction is
best thought of as a slogan such as that explanatory power is of confirmation-
theoretic significance or similar circumscriptions previously discussed, and
in each situation this slogan has to be fleshed out in the best possible way
for that situation. Finding the best elaboration for a given situation may
be a matter of experience or talent. Some people may be better at this than
others, maybe because they have had more practice, or have better insights,
or have a combination of the two. That may make them better scientists or
generally more successful in life. Finding the elaboration of the slogan that
best fits a given situation may even sometimes be a matter of luck. And we
should reckon with the possibility that sometimes the elaboration can be
made formally precise, and sometimes not.”

To clarify the suggestion, I start by offering a couple of analogies. At vari-
ous junctures, we support claims by using computer simulations. The simula-
tions were all written in Julia, a language for scientific computing (Bezanson
etal., 2017). One of the main features of this language (which is not unique,
though many languages do #zor have it) is called “multiple dispatch.” This

& Colyvan, 2011; Mancosu, 2015; Lange, 2016; Kasirzadeh, in press; Reutlinger, Colyvan, &
Krzyzanowska, in press; Saatsi, in press), but if Kitcher (1981) and others are right, then at
least some types of noncausal explanation can be understood in terms of coherence (internal
coherence, coherence with the data, or coherence with background knowledge). Inasmuch
as the currently best accounts of coherence are all of a probabilistic variety (e.g., Shogenj,
1999; Olsson, 2002, 200s; Bovens & Hartmann, 2003; Fitelson, 2003; Meijs, 200s; Douven &
Meijs, 2007; Meijs & Douven, 2007; Siebel & Wolff, 2008; Schupbach, 2011b; Schippers, 2014;
Koscholke, 2016; Koscholke & Jekel, 2017; Schippers & Schurz, 2017; Koscholke & Schippers,
2019; Koscholke, Schippers, & Stegmann, 2019), such types of explanation can still be analyzed
in strictly probabilistic terms.

13. This is also why I am not hopeful that we can have a general logic of abduction,
parallel to deductive logic. For some interesting attempts, see Aliseda (2006) and Meheus and
Batens (2006).
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feature offers the capability of defining different so-called methods for a given
function; the methods pertain to different argument types or combinations
of such types. For instance, in Julia although the + operator always performs
the same operation at some abstract level of description, at the most basic
level what happens when that operator is called on a number of arguments
is different for different types of arguments or combinations of types of ar-
guments. One can see this clearly by comparing the assembly code (a very
basic representation of the Julia code, close to the “metal”) for two operations,
for example, +(s, 6) and +(5.0, 6.0). In the first case, + operates on integers,
and in the second, it operates on floating point numbers, or floats, which are
your computer’s way of representing as best it can the real numbers."* As
a result, the assembly code is quite different in the two cases, even though
the higher-level code—the code that we write—contains nothing to suggest
this.”> This is quite similar to what I claim about abduction, namely, that at
a general level it can be described as a mode of reasoning that assigns special
weight to explanatory factors but that this broad description needs further
filling in, where the filling-in may vary per application context.

Here is another analogy: psychologists studying problem solving have
identified a number of general strategies that people use to solve problems.
Among them is a strategy often called “divide and conquer,” which comes
down to dividing a problem into more manageable subproblems, solving the
subproblems, and obtaining a solution to the initial problem by collating the
solutions to the subproblems. This strategy will appear familiar to everyone
because we all frequently rely on it. It is a strategy that parents recommend
to their children and teachers to their students. For instance, mathematics
teachers tell their students that although there are several ways to calculate the
area of a pentagon, the simplest one is to cut the pentagon into three triangles,

14. How well it can represent them depends on the computer’s architecture, but no
computer can represent them perfectly because computers are finite things (see Goldberg, 1991,
or Overton, 2001, for details). To see the difference between how your computer stores, for
instance, the number 1 as an integer and how it stores the same number as a float, you can use
Julia’s bitstring function, which yields the bit representation of a number, and compare the
output of bitstring(1) with that of bitstring(1.0). See appendix E on how to use Julia.

15. To inspect assembly code in Julia, one can use the @code_native macro; for our exam-
ple, compare the output of @code native +(5, 6) with that of @code native +(5.0, 6.0)
To see all the methods associated with a function, one can call the methods function on it. For
instance, executing methods (+) in Julia will show the 184 methods for the + function that are
currently implemented in the language.
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calculate the areas of those triangles, and then add the outcomes. Similarly,
but at a more advanced level, they instruct students to integrate a function
over a complicated region by trying to divide the region into smaller regions
such that one obtains nice bounds on one’s integrals and then summing up
the integrals over those smaller regions. In a very different example, piano
teachers recommend that their students study difficult passages by grouping
the notes in certain ways, practicing the groups separately, and after each
group has been mastered, playing the passage in its entirety.

But note that the divide-and-conquer strategy, too, needs filling in. For
what are the subproblems? And how should one collate the solutions to
the subproblems to obtain the solution to the overarching problem? This
is difficult, if not impossible, to say in general. Discovering the best way to
divide a larger problem and the best way to put the partial solutions together
is sometimes far from straightforward, and some people may be better at
these things than others. In piano practice, it is known that one way of
grouping the notes in a passage can be much more efficient than others in
reducing the difficulty of that passage, and some piano teachers are famous
for having a special knack for finding clever groupings for tricky passages;
the best of them will even tell you that different groupings may work for
different students (no two hands are the same, as the saying goes, though
the more relevant observation is probably that no two brains are the same).
Successful mathematical modeling is also often a matter of identifying the
most expedient way to split a problem into smaller ones.

Again, one of the claims argued for in this book is that it is no different
with abduction: different situations may call for different ways of letting
explanatory considerations guide one’s belief changes. Picking the right way
for the given situation is a skill that may come more easily to some people than
to others but that most—hopefully, all—of us possess to some degree and
may be able to hone, with enough dedicated practice.16 Various authors (e.g.,
Day & Kincaid, 1994; Lipton, 2004) have argued that abduction is context
sensitive in that its use heavily relies on background knowledge, most notably,

16. This is not to deny that in the hands of some people abduction is a risky tool. As
Mirabile and Horne (2019) show, people prone to “conspiracist ideation” (Swami et al., 2011),
who have a general tendency to adopt conspiracy theories, often come to hold such theories
on explanatory grounds. There are at least parts of the practice of abductive reasoning that
these people have not fully mastered or even not mastered at all.
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for making judgments of explanatory goodness.” The context sensitivity
that flows from the current proposal is more extreme, in that it makes the
exact shape that abductive reasoning should take dependent on context as
well (while also acknowledging the kind of context sensitivity discussed by
previous authors).

The idea advanced here can also be related to Rudolf Carnap’s work on
concept explication. Concept explication, as Carnap conceived it, is “[t]he
task of making more exact a vague or not quite exact concept used in everyday
life or in an earlier stage of scientific or logical development, or rather of
replacing it by a newly constructed, more exact concept” (Carnap, 1947a,
pp- 7-8). He saw this task as central to much of what philosophers do, and he
was clear about when—in his view—it has been carried out successfully. Next
to being more exact, the replacing concept should also bear some similarity to
the replaced concept, and it should meet some adequacy conditions, like being
simple and fruitful (Carnap, 1950, p. 5). Think of the slogan-like formulation
of abduction as the not quite exact concept. Then, as subsequently shown,
that can be given more exact explications that are arguably adequate, albeit
that an explication that is adequate in one situation need not be so in another
situation. In that second situation, however, a different explication of the
slogan may be adequate.”

My proposal is meant to be in accord with a more general claim that
has been forcefully advocated in cognitive science and psychology, to wit,
that philosophers have been wrong in their “universalist” approach to the
question of the rationality of belief change. Gerd Gigerenzer and various
of his collaborators, and more recently also Elgayam, have argued that the
idea—prominent among philosophers—that rationality can be captured by
a number of universally valid principles has been an illusion all along. Ac-
cording to these researchers, we can understand the notion of rationality only
if we take into account () the various ways—biological and cognitive—in
which humans are limited; (2) the goals that people have; and (3) the environ-
ment or environments in which humans operate and interact in pursuit of
their goals. Biological, cognitive, and environmental constraints, as well as
goals, can all vary greatly from one individual to another and from one mo-
ment to another. This led Elqayam, Gigerenzer, and others to conclude that

17. On page s, we discussed an example of the context sensitivity of abduction even as it
functions in lower-level cognitive processes.
18. Thanks to Youness Ayaita for helpful discussion here.
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whether someone reasons or acts rationally depends on whether the reasoning
or behavior helps the person achieve whatever goal or goals she pursues in
whichever environment she is in, given the cognitive resources available to
her in that environment. Abduction, being a broadly circumscribed rule that
can, however, be tailored to one’s needs, depending on the circumstances, fits
much more naturally with this so-called ecological conception of rationality
than the supposedly one-size-fits-all rule that Bayesians pretend to ofter. This
is one of the key points argued in chapters 6 and 7.

The foregoing is not to say that the current popularity of Bayesianism
is completely undeserved, nor is that something argued in this book. As
explicitly pointed out, adopting Bayesian norms may be the right thing to
do in certain contexts. But Bayesian imperialism, according to which those
norms should govern our behavior, cognitive as well as practical, in each
and every context, is misguided. This imperialism has gone at the expense
of proposals that assign a guiding role to explanatory considerations. It is
shown here how taking into account such considerations can offer important
benefits, which should be reason to give the said proposals a fairer hearing
than philosophers and also many psychologists have so far been willing to do.

To be clearer still about the position that I advance in this book, I refer
to William Lycan’s (2002, p. 417) useful typology of versions of “explana-
tionism” (as he and some others refer to the broad idea that explanation has
confirmation-theoretic significance). In this typology, “Weak Explanationism”
is the view that we can rationally reach a conclusion via abductive reasoning;
however, it is left open whether abduction is a fundamental form of reason-
ing or parasitic on, say, Bayesian reasoning. “Sturdy Explanationism” adds
to Weak Explanationism the claim that abduction is fundamental indeed.
Whereas both Weak and Sturdy Explanationism are compatible with there
being other forms of rational nondeductive reasoning, “Ferocious Explana-
tionism” is zo0¢: according to this position, abduction is the only such form."
Finally, the strongest version of explanationism—which Lycan calls (rather
infelicitously, in my opinion) “Holocaust Explanationism”—is the view that
abduction is the only rational form of reasoning fout court, meaning that,
for instance, even our reliance on deductive reasoning is to be justified on
explanatory grounds. In terms of this typology, the position to be defended
in the following is closest to Sturdy Explanationism, the main qualification

19. Harman qualifies as a ferocious explanationist in this typology; see page 2.
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being that, in my view but not in Lycan’s (as far as I can tell), it would be
wrong to think of abduction as a single specific rule of inference; “abduction,”
as explained, is to be conceived as a blanket term denoting a broad idea to be
filled in differently in different contexts.

122 Right but Boring, or Interesting but Wrong

Over the last two decades, Bayesian confirmation theory has firmly established
itself as the dominant view on confirmation; currently, one cannot effectively
discuss a confirmation-theoretic issue without making clear whether and, if
s0, why one’s position on that issue deviates from standard Bayesian thinking.
Abduction assigns a confirmation-theoretic role to explanation. In the prob-
abilistic versions previously hinted at, and subsequently examined in great
detail, explanatory considerations help to make some hypotheses more credi-
ble and others less so. By contrast, Bayesian confirmation theory makes no
reference at all to the concept of explanation. Does this imply that abduction
is at loggerheads with the prevailing doctrine in confirmation theory? Answer
yes, and many people are likely to tell you that although your answer suggests
that abduction might be znzeresting for offering some genuine alternative to
Bayes’s rule, it also shows that you are on the wrong track. Those people will
claim that any systematic way for changing your beliefs that deviates from
Bayes’s rule will make you irrational. If, on the other hand, you answer 7o,
then the mainstream will think that you may be right but not that your idea
presents a significant challenge. If you are not oftering a real alternative to
Bayes’s rule (or some generalization thereof), then how is your proposal not
boring?

A number of authors have argued that abduction is compatible with
Bayesianism indeed, but that this does not make abduction boring. To the
contrary, it should be considered a much-needed supplement. At this time,
the fullest defense of this view has been given by Peter Lipton (2004, ch. 7);
as he puts it, Bayesians should also be explanationists.*

This requires some clarification. What could it mean for a Bayesian to
be an explanationist? In order to apply Bayes’s rule and determine the prob-
ability for hypothesis A after learning evidence £, the Bayesian agent has
to determine the probability of 4 conditional on E. For that, she needs to

20. For similar defenses, see Okasha (2000), McGrew (2003), Poston (2014, ch. 7), and
Niiniluoto (2018, ch. 6).
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assign unconditional probabilities—przor probabilities, or priors—to H and
E as well as a probability to £ given H, called “the likelihood of A on E.”
How is the Bayesian to determine these values? Probability theory gives us
more probabilities once we have some; it does not give us probabilities from
scratch. When A implies £ or the negation of E, or when H is a statistical
hypothesis that bestows a certain chance on £, then the likelihood follows
“analytically.”* However, this is not always the case, and even if it were, there
would remain the question of how to determine the priors. This is where,
according to Lipton, abduction comes in. In his proposal, Bayesians ought to
determine their prior probabilities and, if applicable, likelihoods on the basis
of explanatory considerations.

Exactly how are explanatory considerations to guide one’s choice of pri-
ors? The answer to this question is not as simple as one might initially think.
Suppose that you are considering what priors to assign to a collection of rival
hypotheses and you wish to follow Lipton’s suggestion. How are you to do
this? A seemingly obvious—although somewhat vague—answer may go like
this: Whatever exact priors you are going to assign, you should assign a higher
prior to the hypothesis that best explains the available data than to any of
its rivals (provided there is a single best explanation).* Note, though, that
your neighbor, who is a Bayesian but thinks confirmation has nothing to
do with explanation, may well assign a prior to the best explanation that is
even higher than the one you assign to that hypothesis. In fact, his priors for
best explanations may even be consistently higher than yours, not because
in his view explanation is somehow related to confirmation—it is not, he
thinks—Dbut just because. . . . In this context, “just because” is a perfectly legit-
imate reason, because any reason for fixing one’s priors counts as legitimate by
Bayesian standards. According to mainstream Bayesian epistemology, priors
(and sometimes likelihoods) are up for grabs, meaning that one assignment of
priors is as good as another, provided that both are coherent (that is, they obey
the axioms of probability theory). Lipton’s recommendation to the Bayesian
to be an explanationist is meant to be entirely general. But what should your

21. This claim assumes some version of Lewis’s (1980) Principal Principle (see p. 78), and
it is controversial whether or not this principle is analytic; hence the scare quotes.

22. To forestall misunderstanding, your prior for a hypothesis is not the probability you
assign to that hypothesis before azy data are in. The terms “prior” and “posterior” are to be un-
derstood relative to whichever data are newly obtained and subsequently to be accommodated.
In Lindley’s (1972, p. 2) oft-cited phrase, “Today’s posterior is tomorrow’s prior.”
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neighbor do differently if he wants to follow the recommendation? Should
he give the same prior to any best explanation that you, his explanationist
neighbor, give to it, that is, Jower his priors for best explanations? Or should
he rather give even higher priors to best explanations than he already does?
Perhaps Lipton’s proposal is not intended to address those who already
assign highest priors to best explanations, even if they do so on grounds that
have nothing to do with explanation. The idea might be that as long as one
does assign highest priors to those hypotheses, everything is fine, or at least
finer than if one does not do so, regardless of one’s reasons for assigning those
priors. The answer to the question of how explanatory considerations are
to guide one’s choice of priors would then presumably be that one ought to
assign a higher prior to the best explanation than to its rivals, 7/ this is not
what one already does. If it is, one should just keep doing what one is doing.
A more interesting answer to the question of how explanation is to guide
one’s choice of priors has been given by Jonathan Weisberg (2009). We said
that mainstream Bayesians regard one assignment of prior probabilities to
be as good as any other. So-called objective Bayesians do not do so, however.
These Bayesians think priors must obey principles beyond the probability
axioms in order to be admissible. Objective Bayesians are divided among
themselves over exactly which further principles are to be obeyed, but at least
for a while they agreed that the Principle of Indifference (Keynes, 1921) is
among them. Roughly stated, this principle counsels that, absent a reason
to the contrary, we give equal priors to competing hypotheses. However,
in its original form the Principle of Indifference may lead to inconsistent
assignments of probabilities and so can hardly be advertised as a principle
of rationality (Gillies, 2000, ch. 3). The problem is that there are typically
different ways to partition logical space (the space of all logically possible
worlds) that all appear equally plausible given the problem at hand and that
not all of them lead to the same prior probability assignment, even assuming
the Principle of Indifference (see section 3.2.1 for details). Weisberg’s proposal
amounts to the claim that explanatory considerations may favor some of those
partitionings over others. Perhaps we will not always end up with a unique
partition to which the Principle of Indifterence is to be applied, but it would
already be progress if we ended up with only a handful of partitions. In that
situation we could arrive in a motivated way at our prior probabilities by
proceeding in two steps, namely, by first applying the Principle of Indifference
to the partitions separately, thereby possibly obtaining different assignments
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of priors, and by then taking a weighted average of the priors thus obtained,
where the weights, too, are to depend on explanatory considerations. The
result would again be a probability function—the uniquely correct prior
probability function, according to Weisberg.

The proposal is intriguing as far as it goes but, as Weisberg admits, in
its current form, it does not go very far. For one thing, it has nothing to say
about how explanatory considerations are to determine the weights required
for the second step of the proposal. For another—and this seems the bigger
problem—it may be idle to hope that taking explanatory considerations into
account will in general leave us with a manageable set of partitions, or that
even if it does, this will not be due merely to the fact that we are overlooking a
great many prima facie plausible partitionings of logical space to begin with.

Another interesting suggestion about the connection between abduction
and Bayesian reasoning is that the explanatory considerations may serve as a
heuristic to determine, even if only roughly, priors and likelihoods in cases in
which we would otherwise be clueless and could do no better than guessing
(Niiniluoto, 1999a; Okasha, 2000; McGrew, 2003; Lipton, 2004, ch. 7; Cabr-
era, 2017; Dellsén, 2018). This suggestion is sensitive to the well-recognized
fact that we are not always—indeed are quite often zor—able to assign a prior
to every hypothesis of interest or to say how probable a given piece of evidence
is conditional on a given hypothesis. Consideration of that hypothesis’s ex-
planatory power might then assist us in gauging the prior to assign to it or the
likelihood to assign to it on the given evidence.

Bayesians, especially the more modest ones, might want to retort that
the Bayesian procedure is to be followed only if (1) priors and likelihoods can
be determined with some precision and objectivity, or (2) likelihoods can be
determined with some precision and priors can be expected to “wash out” as
more and more evidence accumulates, or (3) priors and likelihoods can both be
expected to wash out. In the remaining cases, Bayesians might say, we should
simply refrain from applying Bayesian reasoning. A fortiori, then, there is no
need for an abduction-enhanced Bayesianism in these cases. Further, some
incontrovertible mathematical results indicate that, in the cases that fall under
(1), (2), or (3), our probabilities will converge to the truth anyway (Gaifman
& Snir, 1982). Consequently, in those cases there is no need for the kind of
abductive heuristics that the previously mentioned authors suggest.*

23. For similar concerns, see Weisberg (2009, section 3.2).
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Finally, Stathis Psillos (2000) proposes yet another way in which abduc-
tion might supplement Bayesian confirmation theory, a way very much in
the spirit of Peirce’s conception of abduction, which is briefly discussed in
section 2.2.1. The idea is that abduction may assist us in selecting plausible
candidates for testing, where the actual testing will follow Bayesian lines. How-
ever, Psillos (2004) concedes that this proposal assigns a role to abduction
that will strike committed explanationists as being too limited.

If the explanationists’ attempt to cozy up with Bayesians makes their
proposal boring, attempts to sell abduction as deviating from Bayes’s rule are
nonstarters, or so a number of influential authors hold. Why is that? We are
typically given one of two arguments: the dynamic Dutch book argument
and the argument from inaccuracy minimization. These arguments are too
intricate and too important—they have been the main obstacles to a wider
acceptance of abduction—to be dealt with in a single section. We devote a
whole chapter to them. To briefly address them here: the dynamic Dutch
book argument is alleged to show that using any rule for belief change other
than Bayes’s rule may lead one to assess as fair a number of bets that together
ensure a financial loss, come what may, and thus in the end that using any rule
for belief change other than Bayes’s rule makes one irrational; the argument
from inaccuracy minimization purports to show that if one uses some non-
Bayesian rule for belief change, then one’s mental representation of the world
is bound to be less sharp than it would be were one to use Bayes’s rule instead.

As we shall see, neither argument is ultimately compelling, and each fails
for more than one reason. Perhaps the simplest but also most important
reason for buying into neither is that, even if they were sound (which they
are not), absolutely nothing follows from the mere claim that vulnerability
to dynamic Dutch books and / or failure to minimize inaccuracy is really,
really bad. That could be a reason to abandon abduction if it had at the
same time been shown that there is nothing really, really good to be had by
reasoning abductively, something that is out of reach for people sticking to
Bayes’s rule, or any other rule. Furthermore, none of the critics of abduction
has even bothered to consider that possibility. In fact, as shown subsequently,
it is more than a possibility; there is positive reason to hold that abduction
offers benefits that we would forego by consistently adhering to Bayes’s rule.
Put more generally, if you believe we should judge epistemic norms (such as
rules for belief change) by their consequences, then make sure that you are
not too narrowly focused on only certain k7zds of consequences, possibly
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leaving others that might be just as relevant, or even more relevant, out of
consideration. In my view, many Bayesians criticizing abduction have erred
in this regard.

My hope is that, if you do read on, I will ultimately be able to convince
you that abduction is interestingly different from Bayes’s rule and that there is
nothing intrinsically untoward about it. As mentioned, abductive reasoning
may involve a bit of art, of imagination, and of creativity; and although—as
with all matters artistic—some of us may have a greater inherent talent for
abductive reasoning than others, I firmly believe that we can all improve our
reasoning skills by getting a better understanding of how abduction works
(see, in the same vein, Mirabile, 2020).

1.3 Overview

The following are the main goals I hope to achieve in this book:

(1) To clarify what abduction is and to explain why we should care about
it. I argue that abduction is the general idea that explanation has a role
to play in confirmation, where however this idea needs to be specialized
per context of use; I further argue that we should study abductive
reasoning both for normative and for descriptive reasons.

(2) To convince the reader that, in assessing the rationality of abductive
reasoning, our standards should attend to known facts about human
psychology: the study of abduction should be part of an effort to
develop a comprehensive theory of rationality for real people, not for
a future make of computationally unconstrained robots.

(3) To show that the bad things you may have heard about abduction
are vastly overblown and, at a minimum, are misinterpreted: the stan-
dard arguments against abduction make assumptions the advocates of
abduction are by no means forced to commit to, and even if those argu-
ments are granted, they only show that there can be costs attached to
reasoning abductively, not that this mode of reason is cost-ineffective.

(4) To show that there are actually quite a few good things to report about
abduction, in particular that, in the right hands, abduction is a power-
tul tool: computer simulations are used to show that, in various types
of contexts, we may be better off using abduction than the currently
more popular Bayes’s rule; it will also be shown that abduction can do
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the sort of heavy lifting that philosophers have always hoped it would
do for them.

Next is an overview of how each chapter is meant to help realize these goals.

Chapter 2 states the idea of abduction in greater detail by examining ab-
duction from a number of different angles. Abduction is distinguished from
other modes of inference; we briefly trace its historical roots; some applica-
tions are described; we consider some common definitions of abduction in the
philosophical literature; and we discuss the problem of underdetermination,
which is the problem that most often leads philosophers to invoke abduction.

Chapter 3 examines reasoning research concerning how judgments of ex-
planation quality impact people’s beliefs and especially changes of belief. Spe-
cial attention is given to research showing that people deviate from Bayesian
principles in ways one would expect to occur if they were influenced by ex-
planatory considerations. The aim is to raise psychologists” interest in explana-
tory reasoning. An equally important goal of the chapter is to make clear that
if one wants to maintain that any violation of Bayesian principles betokens
irrationality, then people are massively irrational (which some philosophers
may not care about, but some certainly will). Moreover, the chapter provides
some inspiration for formulating probabilistic versions of abduction that are
compared with Bayes’s rule along dimensions of performance that arguably
matter to us.

Chapter 4 canvasses the two main objections that have been brought
against abduction, both already mentioned: the dynamic Dutch book argu-
ment and the inaccuracy-minimization argument. The chapter first argues
that it is a mistake to think that abduction, or any other rule for belief change,
can be judged in isolation from other rationality principles, including decision-
theoretic principles. Instead, it is to be viewed as part of a package of rules, and
there are packages that include abduction and that allow one to use abduction
without having to live in fear of Dutch bookies. The chapter then argues
that critics who level the charge that abduction fails to minimize inaccuracy
overlook that there are different senses of inaccuracy that are relevant in the
context of the present debate, and that while abduction may fail to minimize
inaccuracy in one sense, there is a different, arguably more important, sense
of inaccuracy that is not touched at all by these critics’ arguments.

Chapter s argues that one need not even grant that abduction fails to
minimize inaccuracy in any sense! The same chapter also takes issue with the
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claim that, in contrast to the dynamic Dutch book argument, the inaccuracy-
minimization argument is a distinctively epistemic (as opposed to pragmatic)
argument.

Thatabduction does not actually fall prey to the dynamic Dutch book and
inaccuracy-minimization arguments does not automatically mean that it has
anything to recommend it. Chapter 6 gives abduction a positive grounding.
It uses computer simulations to show that versions of abduction can vastly
outperform Bayes’s rule in terms of obtaining a best balance between the speed
with which our probabilities converge to the truth and the overall accuracy
of those probabilities. That is precisely because abduction is more flexible
and can be fine tuned to meet the specific needs of the situation in which
we happen to be. The chapter also demonstrates how evolution may have
predisposed us to reason abductively.

Chapter 7 adds a social perspective to the foregoing by studying artificial
agents who update, either by Bayes’s rule or by some version of abduction,
on evidence they receive directly from the world but whose belief states are
also impacted by those of others in their community. In such a social setting,
updating via abduction appears to be particularly advantageous. Here, too,
we find grounds for believing that evolution may have favored groups of
epistemically interacting agents who reason abductively.

Chapter 8 highlights another benefit of abduction by putting it to work
in probably the best-known underdetermination argument, namely, the ar-
gument for skepticism regarding the external world. Various authors have
argued that we are warranted in believing in the existence of an external world
because that belief best explains our sensory evidence. I explain why the argu-
ment for that claim is not as straightforward as it has appeared to many, in
particular by pointing out that previous authors arguing abductively against
the skeptic have done insufficient justice to skeptical concerns about admit-
ting as evidence anything that goes beyond the purely phenomenal and also
about rules of reasoning—most notably, abduction—that might enable one
to move from premises about the phenomenal alone to a conclusion about the
external world. The chapter argues that we can acknowledge those concerns
and still be able to resolve the skepticism debate.






2

What Is Abduction?

In this chapter, I introduce explanatory reasoning from three different angles.
First, I give some real-world examples that are offered as clear and uncontro-
versial instances of explanatory reasoning. To forestall misunderstanding, I
stress that I do not present these examples by themselves to show or even to
suggest that explanatory reasoning is a form of reasoning in its own right that
cannot be adequately modeled, for example, in Bayesian terms. The book as
a whole 7s intended to show that the kind of reasoning that these examples
exhibit is not, or at least not in all cases, best modeled in those terms; that we
can model them by explicitly factoring in explanatory considerations, even in
ways inconsistent with the tenets of Bayesianism; and that there is nothing
necessarily wrong with the resulting model. The examples to be considered
shortly are merely meant to give the reader—especially the reader new to the
topic of abduction—an impression of what abductive reasoning actually is.

Next, I look at some of the extant theory concerning this mode of rea-
soning, in particular what philosophers have been saying about it. There is a
welter of proposals concerning the shape that explanatory reasoning might
take. Section 1.2.1 has made it clear that, in my opinion, such different pro-
posals can peacefully coexist.

Finally, I describe the main source of interest in abduction, at least in
philosophy, which is the belief that, as previously mentioned, abduction may
contribute to resolving cases of underdetermination, that is, cases in which
observation alone, or observation plus logic, is not enough to settle a question
or even to arrive at a reasonably grounded answer to the question, because a
number of rival answers appear equally reasonable. Various philosophers have
argued that abduction can be invoked to break such deadlocks. Abduction is
used to this effect in chapter 8, where I respond to the Cartesian skeptic.
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2.1 Abduction in the Wild

2.1 Newton and the Raid on the Medway

In 1667, under the leadership of Michiel Adriaanszoon de Ruyter the Dutch
fleet invaded the Thames and inflicted what is still the greatest ever defeat on
the British navy." At the time of this Raid on the Medway, as the invasion is
also called, Isaac Newton was a Fellow at Trinity College, Cambridge, where
the rumble of the battle could be heard. In his Memoirs of Sir Isaac Newton’s
Life, William Stukeley reports about it as follows:

Their guns were heard as far as Cambridg, and the cause was well
known; but the event was only cognisable to Sir Isaac’s sagacity, who
boldly pronounc’d that they had beaten us. The news soon confirm’d
it, and the curious would not be easy whilst Sir Isaac satisfy’'d them of
the mode of his intelligence, which was this; by carefully attending to
the sound, he found it grew louder and louder, consequently came
nearer; from whence he rightly infer’d that the Dutch were victors.
(Stukeley, cited in Westfall, 1980, p. 194)

According to Richard Westfall (1980), the “mode of his intelligence” referred
to here struck the other Fellows in Cambridge with awe. How did Newton
arrive at the conclusion that the Dutch had won? What made it rghr—if it
was—tor him to infer from the sound of the gun fire getting louder that the
Dutch had beaten the British fleet?

2.2 Discovering Neptune

Uranus was discovered in 1781, and by the mid-nineteenth century it had
become clear that its orbit deviated from the orbit predicted by Newton’s
theory of gravity. Astronomers realized that this finding could betoken a
straightforward falsification of the theory. But that thought was anathema
to most at the time, given the theory’s otherwise hugely impressive track
record. Another possibility was that the predictions derived from Newton’s
theory were based on faulty calculations. New calculations by the French
mathematician Urbain Le Verrier showed that earlier ones indeed contained
some mistakes. On the other hand, those new calculations still did not result

1. T have found that this fact is virtually unknown outside the Netherlands. In the
Netherlands, by contrast, almost everyone knows the story of the invasion, probably because
it is the only success in the whole military history of our country.
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in an orbit that accorded with the available data. Le Verrier considered various
possible explanations of why Uranus’s orbit was inconsistent with predictions
based on Newton’s theory; for instance, that Uranus was itself orbited by a
giant moon that steered it off course, or that it was hit by a comet, or that it
was hampered by something like an ether. In the end, he came to think that
the wobbles in Uranus’s orbit were attributable to the gravitational pull of
another, so far unknown, planet (Levenson, 2015, p. 36). He also thought that
if it existed, he could calculate the position of the planet at that time. He first
sent his calculations to the astronomers of the Parisian observatory. When his
countrymen were slow to act, however, and had after several weeks not made
any attempt to verify Le Verrier’s prediction, he turned for help to the German
astronomer Johann Galle of the observatory in Berlin. Galle wasted no time.
As soon as he had received Le Verrier’s message, he directed his telescope to
the location in the sky where according to Le Verrier’s calculations the planet
should be visible, and within hours he discovered what soon became known
as “Neptune.”

2.1.3  Non-discovering Vulcan

Not long after the discovery of Neptune, Le Verrier concerned himself with
an at the time unexplained irregularity (from the viewpoint of Newtonian
gravitation) in the orbit of yet another planet, Mercury. The discrepancy was
much smaller than in the case of Uranus’s orbit but large enough to worry
astronomers of the time. In 1859, Le Verrier proposed that this discrepancy was
to be explained by the presence of a small, as yet unknown, planet, a proposal
that seemed entirely reasonable in light of how Neptune had been discovered.
Soon reports arrived of observations of this supposed new planet—which had
been dubbed “Vulcan”—and examining records of past observations revealed
many that could also be classified as sightings of such a planet. On the other
hand, those observations were used to calculate the orbit of Vulcan, from
which predictions were derived about where and when one should be able
to observe it again, and although there were sporadic reports—typically by
amateur enthusiasts—of sightings that seemed to confirm those predictions,
more rigorously organized attempts to spot Vulcan remained unsuccessful.
This did not, however, seal the fate of Vulcan. Le Verrier considered the
possibility that Vulcan was so small that it would be hard to observe from
earth or that it could be observed only under especially favorable conditions.
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However, doubts keptlingering, precisely because if the planet was so small, its
mass would probably also be too small to completely explain the phenomenon
that got the whole inquiry started. Also, failed attempts to observe Vulcan
kept piling up, and over time, absence of evidence came to be regarded as
evidence of absence (Levenson, 2015, p. 108). The solution to the puzzle
of why Mercury’s orbit deviated from Newtonian predictions came only in
1915, when Albert Einstein presented his General Theory of Relativity, which
explained the wobble in Mercury’s orbit in terms of the effect mass has on the
curvature of spacetime (Einstein, 1915).

2.1.4  On the Origin of Species

Charles Darwin’s Origin of Species (1859) is one of the most important works
of science of all time, according to some #he most important (see, e.g., Wilson,
2009, p. xv). In the work, Darwin argued famously for a theory of the diversity
of life forms and of the evolution of species by postulating mechanisms of
individual variation and selective retention, and against the hypothesis that
species are the immutable results of a divine act of creation. A revolutionary
theory at the time of its inception, Darwin’s proposal nevertheless gained
rapid acceptance in the scientific community. That may have occurred, at
least in part, because the theory was able to explain a great variety of facts,
some of which Darwin did not even contemplate at the time he wrote Origin.
As he put it in the sixth edition of the work,

It can hardly be supposed that a false theory would explain, in so
satisfactory a manner as does the theory of natural selection, the several
large classes of facts above specified. It has recently been objected that
this is an unsafe method of arguing; but it is a method used in judging
of the common events of life, and has often been used by the greatest
natural philosophers. The undulatory theory of light has thus been
arrived at; and the belief in the revolution of the earth on its own axis
was until lately supported by hardly any direct evidence. (Darwin,
1876, p. 421)

The facts that Darwin refers to as having been specified previously come from
avariety of domains, including embryology, morphology, paleontology, and
biogeography, and most of those facts were seen as wholly unconnected, prior

2. Levenson (2o015) gives a fascinating and highly detailed account of the fruitless hunt
for Vulcan.
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to the advancement of Darwin’s theory. As various authors have pointed
out (e.g., Ruse, 1975, 1995; Thagard, 1977), Darwin was heavily influenced by
the philosopher of science and polymath William Whewell, who had made a
strong case for the confirmatory power of what he called “consilience of in-
ductions,” which occurs if a theory is successfully proposed to explain a given
body of data and is then found to also explain, without requiring any further
adjustment, one or more other bodies of data, none of which had played a
role in the conception of the theory. Such a consilience of inductions brings
about a “unification of two or more hitherto disparate areas of understanding
beneath one or a few high-level hypotheses or established laws” (Ruse, 1995,
pp- 2—3) and thereby provides a theory with a “stamp of truth” (Whewell,
1847, II, p. 66). In the preceding passage, Darwin appears to concur, as did
and continue to do many of the advocates of the theory of natural selection:
that this theory can explain such a great variety of facts in such a satisfactory
fashion seems to rule out its falsity.

2.5 The Discovery of the Electron

The electron was the first known subatomic particle. It was discovered in 1897
by the English physicist Joseph John Thomson. Thomson had conducted
experiments on cathode rays in order to determine whether they are streams
of charged particles. Improving an experimental setup that had earlier been
used (unsuccessfully) by Heinrich Hertz, Thomson let cathode rays travel
between two parallel metal plates. He then showed that when those plates
were oppositely electrified, the cathode rays were deflected. (That Hertz’s
experiment had shown no effect was due, Thomson argued, to the fact that
Hertz had failed to sufficiently evacuate the cathode tube.) From this result,
Thomson concluded that cathode rays are indeed charged particles, reasoning
as follows:

As the cathode rays carry a charge of negative electricity, are deflected
by an electrostatic force as if they were negatively electrified, and are
acted on by a magnetic force in just the way in which this force would
act on a negatively electrified body moving along the path of these
rays, I can see no escape from the conclusion that they are charges of
negative electricity carried by particles of matter. (Thomson, 1897,

p- 302)

Today’s physicists are still convinced that Thomson drew the right conclusion.
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2.1.6  Godel’s Demons

Kurt Gédel was the greatest logician of the twentieth century and possibly
the greatest logician ever. He proved the completeness of first-order logic
(logical truth coincides with finite tinkering in a system of axioms and rules
that most freshmen are comfortable working with in just a couple of weeks)
and the incompleteness of arithmetic (no consistent system of axioms and
rules captures the notion of arithmetic truth). He was a genius, but he also
suffered from mental illness all his life (Wang, 1996, ch. 1). Whether or not due
to his illness, he was a strong believer in ghosts and demons. In a conversation
with Georg Kreisel, another brilliant logician, he asked whether Kreisel had
noticed the peculiar asymmetry that there are many more unpleasant events
taking place in the universe than pleasant ones. According to Godel, this was
best explained by assuming the existence of demons. Kreisel responded that
he was not so sure and that it might be in our nature to notice unpleasant
things more than we do pleasant things and that, more generally, we may have
an inborn tendency to be unhappy with what surrounds us. Gédel agreed
that we have this tendency but also thought that it, too, was best explained by
the existence of demons (Kreisel, 1980).

2.1.;7 A Head in Jackson

On June 11, 2017, CNN reported on its website that in Jackson, Mississippi, a
head had been found on the front porch of a home and that a headless body
had been found less than a mile away. At that point in time, according to
CNN, a medical examiner was still trying to determine whether the head
and body were from the same person. Two days later, another CNN report
confirmed that they were indeed from the same person (and the victim was
identified). That was what I had believed, without the shadow of a doubt,
from the moment I first read the story on June 11. Perhaps you also read this
story when it broke and drew the same inference I drew. Even if not, you will
still see why the conclusion appeared entirely reasonable to me, immediately
on June 11, before the medical examiner’s report was released.

2.2 Deduction, Induction, Abduction

The foregoing cases should give you some idea of what abduction is and how it
works in practice. To acquire a more systematic understanding of abduction,
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we first need to make some basic distinctions concerning inference. Abduction
is normally thought of as one of three major types of inference, the other two
being deduction and induction. The distinction between deduction, on one
hand, and induction and abduction, on the other hand, corresponds to the
distinction between necessary and non-necessary inferences. In deductive
inferences, what is inferred must be true if the premises from which it is
inferred are true; that is, the truth of the premises guarantees the truth of the
conclusion. A familiar type of example is inferences instantiating the schema

All ®@s are Ws.
Object a isa ®.
Hence, 2 isa .

If all @s are Ws, and 4 is a @, then there is simply no way for 2z not to be a .
Any argument of the above form is said to be (deductively) valid ?

Not all inferences are of this variety. Consider, for instance, the inference
of “Alice is rich” from “Alice lives in Chelsea” and “Ninety-seven percent of
the people who live in Chelsea are rich.” Here, the truth of the first sentence
is not guaranteed (but only made likely) by the joint truth of the second
and third sentences. Difterently put, it is not necessarily the case that if the
premises are true, then so is the conclusion: it is logically compatible with the
truth of the premises that Alice be a member of the small minority of nonrich
inhabitants of Chelsea. Hence, the said inference is invalid.

It is standard practice to group non-necessary inferences into inductive
and abductive ones. Inductive inferences form a somewhat heterogeneous
class, but for present purposes they may be characterized as those inferences
that are based purely on frequency information, whether provided numeri-
cally, as in the preceding example about Alice (which falls into the inductive
category), or in a more qualitative fashion (e.g., “Most people living in Chelsea
are rich”).

The mere fact that an inference is based on statistical data is not enough
to classify it as an inductive one. You may have observed many gray elephants
and no nongray ones, and infer from this that all elephants are gray because
that would provide the best explanation for why you have observed so many

3. Some authors include in the class of deductively valid arguments those that hold
in virtue of their form and certain meaning postulates, such as the argument with premise
“Marble 4 is red” and conclusion “Marble  is colored” (see, e.g., Carnap, 1952).
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gray elephants and no nongray ones. You would thereby make an abductive
inference.

The best way to distinguish between induction and abduction may be the
following: while both are ampliative, meaning that the conclusion has more
information content than is in the premises, in abduction there is an implicit
or explicit appeal to explanatory considerations, whereas in induction there is
not; in induction, there is on/y an appeal to observed frequencies or statistics.

Not all philosophers agree that there is a distinction to be made between
inductive and abductive inference. As intimated previously, Harman believes
that inductive inference is really a form of abduction. For instance, he would
argue that we infer that Alice is rich in the above example because, if true, that
would best explain why she lives in Chelsea, given the background knowledge
that 97 percent of the Chelsea population are rich. There is research suggesting
that people actually tend to prefer explanatory information over statistical
information in making inferences (e.g., Bes et al., 2012). Hence, maybe people
would reach the conclusion that Alice is rich on the basis of explanatory
considerations rather than by merely drawing on the provided frequency
information. To me, however, the appeal to explanation seems strained in
this case.

This book concerns abduction, so if inductive inferences are really just
a particular type of abductive inferences—which I do not believe—then so
much the better: it would expand the book’s market. It woxld be problematic
if Richard Fumerton (1980, 2017) were right: that what philosophers tend to
regard as abductive inferences are in fact merely inductive ones, albeit topped
with a reference to explanation that is not doing any real work.

Fumerton may certainly be right that some cases advertised as paradigm
cases of abduction actually only exploit frequency information, or at any rate
that their appeals to explanation are gratuitous. For instance, elsewhere (Dou-
ven, 20r7a) I used a little story from the opening pages of Hilary Putnam’s
Reason, Truth and History (Putnam, 1981) to illustrate the use of abductive
reasoning. In this story, you are walking along the beach when you see what
looks like a picture of Winston Churchill in the sand. You realize that what
you see could be the trace of an ant crawling on the beach. But I suggested
that a by far better explanation in this case is that someone intentionally drew
a picture of Churchill in the sand—which is what you would supposedly
be justified to believe. Here, one might claim that your inference would be
justified merely by extrapolating from previous experiences. It is not so much
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that you will have seen many portraits of known persons in the sand and
that all those were known to have been drawn by humans. To the best of my
recollection, the closest to a portrait in the sand that I have ever seen was a
smiley face. However, your reference class need not be confined to portraits
in the sand. Most likely, you will never have seen any portrait—on paper, on
canvas, on a T-shirt, or on the sidewalk—that was not drawn by someone
but instead was a random configuration of, for example, dust specks that just
happened to look like a portrait of a known person.

Even if this is granted, however, it is not nearly enough to establish the
general claim that abductive inferences are just misunderstood inductive
inferences. In particular, I take the previous section to consist of cases that
are much more naturally understood as cases of abductive reasoning than
as cases of inductive or, for that matter, deductive reasoning. The appeal to
explanation in those cases appears anything but gratuitous.

To start with the head-in-Jackson case, it is clear that the relevant conclu-
sion could not have been reached on the basis of a deductive argument: that
a head and a headless body found in each other’s proximity belong together
does not follow from anything we know about heads, bodies, decapitations,
or anything else. If it did, what was the medical examiner needed for? In that
case, the Jackson police should have a put a logician on the case.

As for the possibility that the conclusion was really reached on the basis of
frequency information, note that there was no such information on the CNN
website. There was nothing about murder rates in Jackson (or anywhere else)
nor was there information about findings of heads and headless bodies and
how often, in such findings, the head and headless body were from the same
person. Rather, I suspect that such findings are so rare that there are simply
no reliable statistics that one could consult. And even if reliable statistics were
available in this case, they were not available to 7ze, and so they did not play
arole in the reasoning that led e to arrive at the conclusion that head and
body were from the same person.

Nor could we easily have reasoned by analogy, which is sometimes treated
under the heading of inductive inference (Carnap, 1945, 1980; Skyrms, 1993a;
Hill & Paris, 2013; Paris & Vencovskd, 2017).* It was not as if last year there

4. Lindenbaum-Hosiasson (1941) sees reasoning by analogy as being distinct from in-
ductive reasoning, the latter being concerned with increasing our confidence in laws or general
hypotheses, the former with increasing our confidence that a certain observable but as yet
unobserved fact obtains. A number of later authors (e.g., Thagard, 1989, 2000; Schurz, 2008a)
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had been the finding of a leg and a legless body near each other, which then
turned out to belong together, and the year before the finding of a shoulder
and a shoulderless body near to each other, and so on. Such situations had
not occurred, at least not to my knowledge, so that again, even if they had
occurred, I could not justifiably reason by analogy from those situations to the
conclusion that the head and body that were found in Jackson, Mississippi,
were from the same person.

But then what did make me, and presumably many others who read the
same story on June 11, so certain that the head and body belonged together
even before the medical examiner’s conclusion was reported in the media? It
is hard to see how the conclusion, on June 11, 2017, could 70 have been the
outcome of an abductive inference. At a minimum, that the head and body
belonged together was, at the time, clearly the best explanation of the evidence
known then. To be sure, it was not the only explanation: there might have
occurred two killings, say, followed by two decapitations, with the head of
one victim being dumped close to where the body of the other victim was
dumped, whether coincidentally or as planned by the perpetrators. But, at
least in light of the information on the CNN website on June 11, no other
candidate explanation appeared nearly as plausible as the conclusion I drew:
that the head and the body were from one and the same person. It was not a
conscious decision on my part to make an abductive inference in this case, but
to the extent that I have introspective access to my own reasoning, I would
say that this is exactly the inference I did make then.

Similarly in Newton’s case, the “mode of intelligence” that stunned his
colleagues is most plausibly thought of as involving abductive reasoning. It
is exceedingly difficult to think of a reasonable set of premises—reasonable
from Newton’s perspective at the time—from which the conclusion that
the Dutch had won follows deductively. Nor did the Dutch—or any other
nation that possessed a sizable fleet in the second half of the seventeenth
century—invade England frequently enough for Newton’s reasoning to be
naturally construed as inductive. Instead, it seems that what led Newton to
his conclusion is that a Dutch victory was the best explanation for his evidence.
There are various potential explanations of why the sound of the cannon fire
grew louder and louder that do 7oz involve a Dutch victory. For instance,

have presented analogical reasoning as being essential to abductive reasoning, or at least as a
mode of reasoning involved in some abductions.
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the British fleet might have defeated the Dutch, but then that victory might
have been followed by a mutiny in which the British seamen turned against
their own headquarters. However, this and other potential explanations are
topped, in terms of explanatory goodness, by the hypothesis that the Dutch
fleet had beaten the British.

Or again, in the case of Thomson’s reasoning about what his experimental
results showed, the conclusion that cathode rays consist of negatively charged
particles does not follow logically from those results, nor could Thomson
draw on any relevant frequency information. More generally, as Gerhard
Schurz (2008a; 2019, section 11.2.5) and Ruth Weintraub (2017) argue, it is
hard to imagine how we could ever arrive at postulating an unobservable
entity merely on the basis of inductive reasoning. It is much more reasonable
to suppose that Thomson could “see no escape from the conclusion” about
cathode rays because that conclusion was the best—in this case presumably
the only plausible—explanation of his results that he could think of. I take
this and the other cases just discussed to offer strong support for the claim
that abduction is a type of inference genuinely distinct from induction.

If great minds like Newton, Le Verrier, and Thomson rely on abduction,
that certainly speaks in favor of this mode of reasoning. But great minds can
go wrong and can, like the rest of us, be subject to biases. Thus we should still
ask whether abduction is any good. That question takes up much of the rest
of the book, but the preceding stories already allow us to make a couple of
pertinent observations.

The first is that abduction is certainly not fail-safe, as the cases of Vulcan
and Godel’s demons show. The Godel case is special, of course, precisely
because it involves someone whose mind was at least in some ways not func-
tioning properly (even if in other ways it was functioning brilliantly). Given
how background knowledge informs our judgments of explanation quality,
we cannot expect abduction to be any good when applied by someone with
deranged ideas about reality, as Godel’s certainly were. If one’s picture of
reality is already distorted, then one may well come to regard the existence of
demons to best explain why there is so much misery in the world.’

Le Verrier’s view of the world was zor distorted, as far as is known. Not
only was it reasonable for him to judge that the anomalous rate of precession
of the perihelion of Mercury’s orbit was best explained by the existence of

5. See also chapter 1, footnote 16.
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an as yet undiscovered planet, but one could argue that the later judgment
was even more reasonable than the earlier one, which had led to the discovery
of Nepture. After all, in the case of Mercury, the judgment was additionally
backed by the known success of the analogous earlier proposal. If a proposed
hypothesis explaining a given phenomenon is similar to one known to explain
a similar phenomenon, that should increase the degree of acceptability of the
former (Lindenbaum-Hosiasson, 1941; Carnap, 1980; Thagard, 1989, 2000).
Nevertheless, Le Verrier’s later judgment turned out to be false.

That abduction sometimes leads to false conclusions is what you would
expect, given that it is an ampliative type of inference. In itself, that is not a
reason to dismiss it. It would of course be wonderful if we came by purely
with deductive reasoning, such that our reasoning would never introduce
falsehoods, provided that we took some care in checking the validity of the
steps in our arguments. Butas Gerhard Schurz and Ralph Hertwig (2019, p. 19)
rightly remark, while deduction has “maximum ecological validity” —meaning
thatitis entirely general and can be relied on in every possible situation—it also
has “very low applicability,” in that “the prevalence of deductive inferences
with nontrivial conclusions is low.” In other words, we are practically bound
to use ampliative types of reasoning, but then we must reckon with the fact
that, at times, our conclusions will be false even if the premises from which
we start are not.

Even though abductive reasoning sometimes produces falsehoods, it may
still be reliable: it may be that on most occasions when we reason abductively
we will reach a true conclusion, provided that we start from true premises.
A quick count shows that of the six cases discussed in the previous section
at least five exhibit abductive reasoning on the basis of true premises (the
Godel case may be the exception, although we do not know exactly what
his premises were), and in four of those five the reasoning also led to a true
conclusion. But the sample that we are considering is not only small, it is also
highly nonrandom and hence not a good basis for an assessment. For all that
has been shown, my being correct in the case of the head in Jackson was a
lucky hit for a mode of reasoning that should still be advised against.

Nonetheless, the foregoing suggests that we might be able to show ab-
duction reliable simply by counting the successful applications. We merely
have to widen our sample and make sure that it is truly representative, and
then the proportion of cases in which abduction worked should give us an
indication ofits reliability (or otherwise). That would amount to an inductive
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justification of abduction. There have also been attempts to justify abduction
abductively. I am sympathetic to all such attempts, at least to the extent that I
believe the justification for abduction must proceed empirically on the basis
of its success rate. Trying to justify abduction a priori, by deducing it from
first principles, is a hopeless endeavor, I believe (see also section 6.2), just as we
cannot hope to justify induction by deducing it from first principles (Schurz,
2019). In fact, even a deductive justification of deduction may be out of reach
(Haack, 1976). So, I maintain that abduction should be justified empirically.
However, doing so is not nearly as straightforward as one might initially think,
at least not if the aim is to justify it broadly, as opposed to justifying it for a
limited class of cases.

Note also that a justification of abduction must consist of more than a
demonstration of its reliability. Abduction might be reliable but possibly
not as reliable as some other ways of forming or changing our beliefs. In that
case, it could be foolhardy to rely on abduction instead of some more reliable
rule. It could be but need not be, because those other rules might have other
defects that make them unsuited. However, the same may hold for abduction:
perhaps it generally leads to true conclusions when applied on the basis of
true premises, but actually relying on it could still get one into serious trouble
(e.g., because it exposes one to Dutch bookies).

But the justificatory status of abduction is a topic for later chapters. We
are still in the process of clarifying what abduction is. In the preceding dis-
cussion, we have positioned abduction relative to the other main types of
inference. Next, we have a look at how abduction has been characterized by
various philosophers. Philosophers have actually used the term “abduction”
in two somewhat different senses. In the sense in which it is used most fre-
quently in modern literature, it refers to the place of explanatory reasoning
in justifying hypotheses; abduction in this sense is also known as “Inference
to the Best Explanation.” By contrast, in the older sense, “abduction” refers
to the place of explanatory reasoning in generating hypotheses. This book
concerns abduction strictly in the modern sense.’ Nevertheless, we start with
a historical digression by briefly going into how the term “abduction” was
introduced in the philosophical literature.

6. However, I agree with Niiniluoto (1999a, p. S442) that it is not always possible to
distinguish between the two roles of abduction. For a book-length treatment of how the two
roles relate to one another, see Niiniluoto (2018).
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2.2 Historical Digression: Peirce on Abduction

The term “abduction” was coined by Charles Sanders Peirce in his work
on the logic of science. He introduced it to denote a type of nondeductive
inference that was different from the already familiar inductive type. It is,
however, acommon complaint that no coherent picture emerges from Peirce’s
writings on abduction.” Yet it is clear that, as Peirce understood the term,
“abduction” did not quite mean what it is currently taken to mean (Campos,
201; McAuliffe, 2015; Yu & Zenker, 2018). One main difference between his
conception and the modern one is that whereas according to the modern con-
ception, abduction belongs to what the logical empiricists called the “context
of justification”—the stage of scientific inquiry in which we are concerned
with the assessment of theories—for Peirce abduction had its proper place in
the context of discovery, the stage of inquiry in which we in the first place try
to generate theories that may later be assessed. As he writes, “[a]bduction is
the process of forming explanatory hypotheses. It is the only logical operation
which introduces any new idea” (1934, section 172); elsewhere he writes that
abduction encompasses “all the operations by which theories and conceptions
are engendered” (1934, section 590). Deduction and induction, then, come
into play at the later stage of theory assessment: deduction helps to derive
testable consequences from the explanatory hypotheses that abduction has
helped us to conceive, and induction finally helps us to reach a verdict on the
hypotheses, where the nature of the verdict is dependent on the number of
testable consequences that have been verified.®

7. Perhaps this is not surprising, given that he worked on abduction throughout his
career, which spanned a period of more than fifty years. For a concise yet thorough account of
the development of Peirce’s thoughts on abduction, see Fann (1970); in addition, Niiniluoto
(2018) contains valuable historical background information.

8. Schurz (2008a) defends a view of abduction that is very much in the Peircean spirit.
In this view, “the crucial function of a pattern of abduction . . . consists in its function as
a search strategy which leads us, for a given kind of scenario, in a reasonable time to a most
promising explanatory conjecture which is then subject to further test” (Schurz, 20084, p. 205).
Note, however, that Schurz does acknowledge a role for abduction in the justification of
hypotheses, though that role is, in his view, a relatively minor one. Schurz’s paper is also of
interest because of the rich typology of patterns of abduction that it puts forth. Most notably,
he distinguishes between selective and creative abduction. The first is invoked when we face a
large space of possibilities from which to select a hypothesis, and the second serves to introduce
new concepts or entities. For instance, the abductive reasoning that led Newton to conclude
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As Harry Frankfurt (1958) notes, however, the foregoing view is not as
easy to make sense of as might at first appear. Abduction is supposed to
be part of the logic of science, but what exactly is /ogical about inventing
explanatory hypotheses? According to Peirce (CP 5.189), abduction belongs to
logic because it can be given a schematic characterization, to wit, the following:

The surprising fact, C, is observed.
But if A were true, C would be a matter of course.
Hence, there is reason to suspect that A4 is true.

But Frankfurt rightly remarks that this is not an inference leading to any
new idea. After all, the new idea—the explanatory hypothesis 4/—must have
occurred to one before one infers that there is reason to suspect that 4 is true,
for A already figures in the second premise.

Frankfurt then goes on to argue that a number of passages in Peirce’s
work suggest an understanding of abduction, not so much as a process of
inventing hypotheses but rather as one of adopting hypotheses, where the
adoption of the hypothesis is not as being true or verified or confirmed but as
being a worthy candidate for further investigation. On this understanding,
abduction could still be thought of as part of the context of discovery. It
would work as a kind of selection function or filter, determining which of the
hypotheses that have been conceived in the stage of discovery are to pass to
the next stage and be subjected to empirical testing. The selection criterion
is that there must be a reason to suspect that the hypothesis is true, and we
will have such a reason if the hypothesis makes the relevant observed facts a
matter of course. This would indeed make better sense of Peirce’s claim that
abduction is a logical operation.

Nevertheless, Frankfurt ultimately rejects this proposal as well. Given, he
states, that there may be infinitely many hypotheses that account for a given
fact or set of facts (which Peirce acknowledged), it can hardly be a sufficient
condition for the adoption of a hypothesis (in the preceding sense) that its
truth would make that fact or set of facts a matter of course. At a minimum,
abduction would not seem to be of much use as a selection function. One
may doubt whether this is a valid objection, however. Previewing some of
the discussion forthcoming in this chapter in connection with underdeter-
mination arguments, I note that it is by no means clear that “accounting for

that the Dutch had won was of the former kind, whereas the abductive reasoning that led
Thomson to postulate the existence of electrons was of the latter.
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a given fact” is to be identified with “making that fact a matter of course.”
For all Frankfurt says, for a hypothesis to account for a fact, it is enough if it
entails that fact. It is dubitable that entailment is sufficient for explanation,
or at least for what we would regard as a satisfactory explanation. Given that
it seems reasonable to read the phrase “making a given fact a matter of course”
as “giving a satisfactory explanation of that fact,” one could argue in response
to Frankfurt’s objection that even if there are an infinity of hypotheses that
account for a given fact, there may still be only a handful that could be said to
explain it satisfactorily. Itis for Peirce scholars to decide whether this proposed
interpretation is plausible in the light of Peirce’s further writings.

Even if “making a given fact a matter of course” can be read as “giving a
satisfactory explanation of that fact,” it is remarkable that there is in Peirce’s
writings on abduction no reference to the notion of best explanation. Some
satisfactory explanations might still be better than others, and there might
even be a unique best one. This idea is crucial in all recent thinking about
abduction. Therein lies another main difference between Peirce’s conception
of abduction and the modern one, which is the only one with which we are
concerned from here on.

2.2.2  How Contemporary Philosophers Characterize Abduction

The core idea of abduction is often said to be that explanatory considerations
have confirmation-theoretic import, or that explanatory success is a (possibly
fallible) mark of truth, or something similar. As mentioned previously, critics
have pointed out that formulations like these are slogans at best and that they
can be cashed out in a great variety of ways. “Which is it?”, the critics want to
know. As also noted, I think it is fine to conceive of abduction as a slogan that
can be filled in per context of use. Nevertheless, a number of philosophers
have proposed general statements of abduction that are meant to go beyond
the known slogans. We look at these not just for the sake of completeness
but also because some of them might be, if not universal explications, at least
candidate fill-ins for certain contexts. Moreover, it is important to point out
that a number of well-known objections against abduction that some might
take to militate against the idea of abduction in general really pertain only to
specific proposed precisifications.

That is for instance true of the following version, which is common in
textbooks:
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ABD1 Given evidence £ and candidate explanations /., ..., H, of E, infer
the truth of that H; that best explains E.

This is often immediately followed by the comment that although hopefully
headed in the right direction, it may be slightly too strong, and that the
inference that abduction warrants is only to the probable truth of the best
explanation, or to the approximate truth of the best explanation, or to the
probable approximate truth.

The main problem with ABDr is not solved by any of these suggestions,
however. Because abduction is ampliative, as explained earlier, it will not
be a sound rule of inference in the strict logical sense, however exactly it is
explicated. It can still be relzable in that it mostly leads to true conclusions
whenever all premises are true. An obvious necessary condition for ABD1
to be reliable in this sense is that most of the time when E is true and H best
explains £, then A is true as well (or / is approximately true, or probably true,
or probably approximately true). But this would not be enough for ABDr to
be reliable, because ABDr takes as its premise only that some hypothesis is
the best explanation of the evidence as compared with other hypotheses in a
given set. Thus, if the rule is to be reliable, it must hold that, at least typically,
the best explanation relative to the set of hypotheses that we consider would
also come out as best in comparison with any other hypotheses that we might
have conceived (but for lack of time or ingenuity or for some other reason
did not conceive). In other words, it must hold that at least typically the
absolutely best explanation of the evidence is to be found among the candidate
explanations that we have come up with, because otherwise ABD1 may well
lead us to believe “the best of a bad lot” (van Fraassen, 1989, p. 143).

How reasonable is it to suppose that this extra requirement is usually
fulfilled? Not at all, presumably. To believe otherwise, we would have to
assume some sort of privilege on our part, to the effect that when we consider
possible explanations of the data, we are somehow predisposed to hit upon,
inter alia, the absolutely best explanation of this data. After all, hardly ever
will we have considered, or will it even be possible to consider, 2/l potential
explanations. As Bas van Fraassen (1989, p. 144) compellingly shows, it is a
priori rather implausible to hold that we are thus privileged.

In response to this “argument of the bad lot,” one might argue that the
challenge to show that the best explanation is always or most often among the
hypotheses considered can be met without having to assume some form of
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privilege. Given the hypotheses that we have managed to come up with, we can
always generate a set of hypotheses that jointly exhaust logical space. Suppose
that H,,..., H, are the candidate explanations that we have so far been able
to conceive. Then simply define /4, := =H,; A - -+ A ~H, and add this new
hypothesis as a further candidate explanation to the ones that we already have.
Obviously, the set {HI, e Hnﬂ} is exhaustive, in that one of its elements
must be true. Following this simple procedure would seem enough to make
sure that we never miss out on the absolutely best explanation.”

Alas, there is a catch. Even though there may be many hypotheses /;
that imply H,,,, and, had they been formulated, would have been evaluated
as better explanations for the data than the best explanation among the can-
didate explanations that we started out with, H,,., itself will in general be
hardly informative; in fact, in general it will not even be clear what its empiri-
cal consequences are. Suppose that we have as competing explanations the
Special Theory of Relativity and Lorentz’s version of the ether theory. Then,
following the preceding proposal, we may add to our candidate explanations
the further hypothesis that neither of these two theories is true. But surely this
new hypothesis will be ranked quite low qua explanation—if it will be ranked
at all, which seems doubtful because it is wholly unclear what its empirical
consequences are. This is not to say that the suggested procedure may never
work. The point is that in general it will give little assurance that the best
explanation is among the candidate explanations that we consider.™

Van Fraassen (1989) took the argument of the bad lot to show that if
abduction can be made to work at all, it must be in the form of a probabilistic
rule akin to Bayes’s rule, but different from it in that it explicitly factors in
explanatory considerations. And such rules, he argued, can be shown to be
incoherent by Lewis’s dynamic Dutch book argument. Before we turn to
probabilistic versions of abduction and the issue of their coherence, it is to be
pointed out that the argument of the bad lot is not nearly as general as van
Fraassen appears to suppose.

9. See Lipton (1993) for a proposal along these lines. See Schupbach (2014) for a different
response, and see Dellsén (2017) for discussion. McCain and Poston (2019) dispel a seeming
objection to abduction related to the argument of the bad lot.

10. The argument of the bad lot, the response to it summarized in the preceding para-
graph, and the problem with that response, pointed out here, were all foreshadowed in a
rudimentary form in van Fraassen (1980, pp. 21-22).
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A promising response to the argument begins with the observation that
it capitalizes on a peculiar asymmetry or incongruence in ABD1. The rule
gives license to an absolute conclusion—that a given hypothesis is true—on
the basis of a comparative premise, namely, that that particular hypothesis is
a better explanation of the evidence than the other hypotheses available (see
Kuipers, 2000, p. 171). This asymmetry is not avoided by replacing “truth”
with “probable truth” or “approximate truth.” In order to avoid it, one has
two general options.

The first option is to modify the rule so that it requires an absolute premise.
For instance, following Alan Musgrave (1988) or Lipton (1993), one may
require the hypothesis whose truth is inferred to be not only the best of the
available potential explanations but also to be satisfactory (Musgrave) or good
enough (Lipton), yielding the following variant of ABDr:

ABD2 Given evidence £ and candidate explanations /., ..., H, of E, infer
the truth of that H; that explains E best, provided H, is satistactory /
good enough qua explanation.

Even apart from the asymmetry problem, ABD2 immediately strikes us as
more plausible than ABD1. Who, after all, would want to infer the truth of a
poor explanation of the evidence, even if the competing explanations were
poorer still? But what counts as satisfactory or good enough? Lipton and
Musgrave make no attempt to make these notions precise. An interesting
proposal has been made by Finnur Dellsén (2021). In a nutshell, his proposal
is that for an explanation to be good enough it must have survived sufficiently
many attempts to replace it with a better alternative. One imagines that
what counts as sufficiently many attempts and even what counts as a better
alternative may vary somewhat from one context to another, which would be
consistent with our idea that abduction is a slogan that needs to be filled in
per context of use.

We might want to add a further qualification to ABD2. For as Alexander
Bird (2010) notes, even if there is a best explanation for the evidence at hand
and that best explanation is also good enough, it is still an open question how
much better an explanation it is than its closest competitor(s). The answer
to this question, he thinks, may make a difference in what we can infer from
the evidence. Specifically, he suggests that given a best and good-enough
explanation, we are entitled to infer its truth only if it is significantly better
than its closest competitor. If the second-best explanation of the evidence is
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perfectly good as well and is just barely topped by the best one, then according
to Bird, “our faith in thatslightly better one mustbe slim” (Bird, 2010, p. 346)."

A second way to formulate a symmetric or congruous version of abduc-
tion is by having it sanction, given a comparative premise, only a comparative
conclusion; this option, too, can in turn be realized in more than one way.
Here is one way to do it, which has been proposed and defended in the work
of Theo Kuipers (e.g., 1984, 1992, 2000; see also Niiniluoto, 2018, p. 56):

ABD3 Given evidence E and candidate explanations H,,...,H, of E, if
H; for some 7 with 1 < 7 < 7 explains E better than H; for all
71 <j < nsuchthat;j # 7, infer that ; is closer to the truth than
any of those other hypotheses.

Clearly, ABDj3 requires an account of closeness to the truth, but many such
accounts are on offer today (see ch. 5), some of which would certainly be
suitable for our purposes. Still, while it circumvents the best-of-a-bad-lot
objection, ABD3 could be criticized for being too weak. After all, it gives no
indication whatsoever of how far from the truth the best explaining hypothesis
is.

There is a more general concern that one might have about replacing
ABDi1 by either ABD2 or ABD3. Abduction has been touted as a powerful
weapon by scientific realists. It is supposed to assist us in choosing between
(or among) empirically equivalent theories, thereby breaking the deadlock
of underdetermination, as discussed in the next section, but it has also been
wielded more directly by realists, who proclaimed that their position yields
the best explanation for the instrumental successes of modern science and
that this gives good reason for holding realism to be true (see section 6.2 for
more on this).

Van Fraassen has been careful to state the realism—antirealism debate as
being, ultimately, about the goal or goals of science. According to him, realists
deem the goal of science to consist of uncovering the hidden processes and
mechanisms behind the phenomena and thereby to arrive at theories that are
true not just as far as they pertain to the observable part of the world but also
as far as they pertain to the unobservable part. For antirealists, or at least the
sort of antirealists to whom van Fraassen belongs, the goal is only to arrive at
empirically adequate theories, which give a true description of the observable

1. In the same vein, see Josephson and Josephson (1994, ch. 1).
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part of the world but not necessarily of the unobservable part. Note that this
official statement of the opposition between realism and antirealism is entirely
silent on the question of whether science is able to arrive at theories that are
also true of the unobservable. However, antirealism would not be of much
interest if it conceded that science does typically give us theories going beyond
mere empirical adequacy but that nevertheless it is not essentzal to science to
do so; the former is what we really care about. And indeed, in much of his
work, van Fraassen has sought to undercut realist arguments to the effect that
science is in the process of uncovering what lies beneath the phenomena. His
attacks on abduction belong to this part of his work.

But if we reject ABD1and adopt ABD2 or ABD3 in its stead, can abduc-
tion still serve realist purposes? With regard to ABD2, van Fraassen could
ask why it should matter to the truth of a theory that it explains the evidence
to our satisfaction. We might be way too undemanding. How to tell? And
ABD3 leaves open the possibility that even our best-explaining theories are
very far removed from the truth, which is incompatible with realism, at least
in spirit. In response, it could be said that if ABD3 does not support full-
blown realism, it still allows us to hold on to a position interestingly stronger
than van Fraassen’s brand of antirealism. For even if aiming at truth is too
ambitious a goal, if ABD3 is a reliable rule of inference, we would be definitely
underplaying our hand if we aimed no higher than at empirical adequacy. For
then the goal that is minimally within the reach of science is to bring us ever
closer to the truth, also on a theoretical level. (I am assuming here that in
general scientists are able to think up hypotheses explanatorily superior to the
ones already available.)

That is a weaker position than scientific realism as commonly conceived,
which maintains that we have good reason to believe that contemporary sci-
entific theories are approximately true and not only that they are closer to
the truth than their predecessors were."” However, those realists not satisfied
with the just-mentioned convergent realism should not despair if no stronger
explication of the idea of abduction could be coherently maintained. Asa
moment’s reflection shows, ABD3 licenses an inference to the unqualified
truth of the absolutely best or perfect explanation. That is to say, if one is
sure that however many other potential explanations for the data may have

12. This is rough. For a more careful statement of scientific realism, see Hoefer and
Marti (2020).
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gone unconsidered, none can equal the best of those that have been con-
sidered, then it makes no difference whether one applies ABD1 or ABD3.
Consequently, if one is able to show that realism, as commonly conceived, is a
perfect explanation for the observed predictive accuracy of science (i.e., that no
unborn hypothesis can even equal realism as an explanation of that fact), then
it suffices to show that ABD3 is a reliable rule of inference in order to defend
the strong version of realism. I am skeptical that this can be accomplished
(Douven, 1995). However, I would be content with a convergent realism as
suggested here, as are others who consider themselves to be in the realist camp
(e.g., Niiniluoto, 1999b; Kuipers, 2000). What is more, in chapter 8, I argue
that we can probably do better than that, specifically that we are in a position
or can move to a position from which we can ascertain the existence of many
unobservables.

A more general criticism, which pertains to all these above explications of
abduction as well as to their variants, is that they are stated in categorical terms.
All these versions issue a yes-or-no verdict: they either do or do not license an
inference, which for most authors means that one either is or is not warranted
in accepting or believing a hypothesis, or believing that it is closer to the truth
than its rivals, or believing that it is probably true, and so on.” That may
suggest that abduction belongs to, in Richard Foley’s (1992) terminology, the
epistemology of (categorical) belief rather than the epistemology of degrees of
belief. For many Bayesians, this alone would disqualify abduction because as
they see it, the notion of categorical belief has no place in scientific philosophy;
categorical belief talk is loose talk. And those Bayesians who a7e willing to
condone the notion of categorical belief and so might be open to considering
seriously a version of abduction cast in categorical terms do so only on the
condition that the connection between categorical beliefs and probabilities or
degrees of belief can be made formally precise—and the prospects of satistying

13. For instance, according to Musgrave (1988, p. 239, italics omitted), “[i]t is reasonable
to accept a satisfactory explanation of any fact, which is the best available explanation of that
fact, as true.” And Psillos holds that abduction “authorises the acceptance of a hypothesis /,
on the basis that it is the best explanation of the evidence” (2004, p. 83, italics omitted), and
that the guiding idea behind abduction is that “a hypothesis is accepted on the basis of a
judgement that it best explains the available evidence” (2007, p. 442). Similarly, according to
Greco (2015, p. s510), in abductive reasoning “one concludes that something is the case on the
grounds that this best explains something else one believes to be the case.”
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that condition are bleak at best (Douven & Williamson, 2006; Douven &
Rott, 2018; but cf. Chandler, 2013; Wenmackers, 2013; Leitgeb, 2017).'4

I have two comments on this. First, I am not aware of an argument to
the effect that advocates of abduction are committed to the epistemology of
belief and so should reject out of hand any explication of the core idea of
abduction in probabilistic terms. While such explications are sparse, they are
not altogether absent from the literature. It was previously mentioned that
van Fraassen, in the context of criticizing abduction, claimed that it had a
chance of being tenable only if it could take the form of a probabilistic update
rule, similar to Bayes’s rule. He then went on to suggest the following version
of abduction, which is of precisely that kind:"

EXPL Let H = {H} _._,
haustive hypotheses, and let Pr and Pr’ designate a person’s degrees-

be a set of mutually exclusive and jointly ex-

of-belief function before and after learning evidence £, where it is
assumed that Pr(£) > o. Then that person updates her degrees of
belief abductively precisely if it holds for all ; that

Pr(H,) Pr(E | H}) + f(H}, E, H)

P = S o) PrE | )+ f e 7))

with

F(HE,H) = { ¢ if Hj best explains E,

o otherwise,

forsomec: o <c¢ < 1.

14. What to make then of the widely shared intuition that categorical and graded belief
do hang together closely? As Douven and Elqayam (2021) argue, it is possible to account for
this intuition even if there is no formal connection between the two. Drawing on recent work
on dual processing (e.g., Evans, 2007a, 2008, 20104, 2010b), they show how categorical and
graded belief can be psychologically connected in a way that explains the said intuition but that
almost certainly cannot be captured in logico-mathematical terms. For related takes on the
psychological dimension of the categorical-versus-graded-belief contrast, see Weisberg (2020)
and Nagel (2021).

15. In the present context, it would make sense to call this rule “ABD4,” but I have been
calling it “EXPL” in various papers for about twenty years, and I have become somewhat
attached to this label, which I'is why I am using it here. Stephan Hartmann suggested, jokingly,
that I call the principle “van Fraassen’s principle,” in analogy of van Fraassen’s (1989) calling
the Principal Principle “Miller’s principle” to “honor” Miller’s (1966) attempt (unsuccessful,
as others soon discovered; e.g., Howson & Oddie, 1979) to refute the Principal Principle.
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This looks more complicated than it is. It is helpful to think of updating via
EXPL as consisting of three simple steps: in the first step, we update on the
evidence via Bayes’s rule; in the second, we add a bonus ¢ to the post-Bayesian-
update degree of belief assigned to the best-explaining hypothesis; and finally,
we renormalize so that the degrees of belief assigned to the members of H
sum to one in the end.

As stated here, EXPL needs some qualifications. What if two or more
hypotheses are tied for explanatory bestness? The obvious solution in that case
is to split the bonus evenly between or among those hypotheses. Furthermore,
it could be said that, in most instances, we will judge explanation quality
not just in light of the most recently acquired piece of evidence, but in light
of the totality of our evidence; indeed, that might be what we shoxld do
(Carnap, 1947b; Good, 1967). If so, the bonus should go to the hypothesis
(hypotheses) that best explains (explain) our new evidence £ together with
whatever evidence we already possessed. And finally, it is noted that EXPL
really provides a continuum of abductive rules, one for each value of ¢. Van
Fraassen uses the specific instance of EXPL with ¢ = .1 to argue thatabduction
is incoherent—a claim with which we take issue in chapter 4—though the
exact value of ¢ is inessential to his argument; that is to say, any other value
would have done just as well for that argument (except the value o, which, if
it were permitted, would effectively reduce EXPL to Bayes’s rule). We shall
encounter instances of EXPL on numerous later occasions, and comments
on van Fraassen’s proposal are postponed to those occasions. For now, the
important point is that abduction is not tied to the notion of categorical belief,
but can take a probabilistic form that allows giving some weight to judgments
of explanation quality in the process of adjusting one’s degrees of belief in the
light of new evidence.®

The second comment is that although most (but not all) attention in the
remainder of the book goes to probabilistic versions of abduction, this should
not be taken to indicate that I believe that there is something wrong with
categorical versions or that such versions have only secondary importance. To
the contrary (and to repeat), a central message of the book is that it is fine to
regard abduction as a slogan that, upon use, is to be explicated in a way that

16. Note, incidentally, that using an instance of EXPL would not be inconsistent with
bringing explanatory considerations to bear on the assignment of priors and / or likelihoods,
in the way suggested by Lipton and others. For reasons given previously, it may be hard to
make this suggestion precise, but that is another matter.
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depends on the context. Given that we sometimes think and talk about what
we believe (categorically) and sometimes think and talk about how confident
we are in this or that, it seems entirely reasonable to suppose that we will
sometimes want to have at hand a categorical explication of abduction and
sometimes a probabilistic one (if we are open to reasoning abductively at all).
Nonetheless we will focus mainly on probabilistic versions because the main
criticisms of abduction have come from proponents of Bayesianism, and I
see no other way to counter those criticisms effectively than by relying on
versions of abduction that are somewhat similar to Bayes’s rule.

I end this section with two more general remarks. First, it merits emphasis
that there is no need to choose between abduction in the Peircean sense and
abduction in the more modern sense. One can consistently commit to a role
for explanatory considerations in the process of generating theories (Peircean
abduction) and a role for such considerations in the process of trying to justify
a theory. Indeed, this is what Brian Haig (2005a) does in his abductive theory
of method that was mentioned previously (see ch. 1, footnote 9).”7 In his
view (Haig, 2005b), for instance, exploratory factor analysis is an abductive
technique (abductive in the Peircean sense) that facilitates the generation of
theories by suggesting a number of so-called latent variables that together
might be sufficient to explain the phenomena at hand (the “manifest” vari-
ables). But he also sees a key role for explanatory reasoning later in the scientific
process, when a number of potential explanations have been generated and
we are to choose in which of those to invest our confidence. In particular, he
sees a key role here for the concept of explanatory coherence, as proposed by
Paul Thagard (1989, 2000), which allows one to rank theories according to
how well they do with respect to criteria of explanatory goodness.

This brings me to the second remark, which concerns those criteria in
relation to the idea of explanatory bestness. In section 1.2.1, I have stated
that I aim to remain noncommittal regarding explanation. For the purposes
of this book, it is immaterial whether explanations are best thought of as
arguments of a specific type (in the manner of Hempel, 1965), as unifying
different and seemingly unrelated pieces of evidence (Friedman, 1974; Kitcher,
1981), or as revealing the cause or causes of the explanandum (Salmon, 1984).

17. Niiniluoto (2018) also sees a role for abduction both in the Peircean and in the modern
sense, as does Schurz (2008a), as mentioned in footnote 8 in this chapter. However, in Schurz’s
view the role that abduction plays in the context of justification is only minor; its primary role
is in the context of discovery.
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Indeed, according to some authors, a plurality of concepts of explanation are
needed to understand how that notion functions in science and in everyday
life, and it is a mistake to hold that there is exactly one correct account of
explanation (Woody, 2015; Lange, 2016; Colombo, 2017; Khalifa, Doble, &
Millson, 2020; Schupbach and Sprenger, in their 2011 paper, are also open to
this possibility). Here it suffices to note that all these positions are compatible
with the widely held view that explanation quality is a matter of scoring
high on the so-called theoretical virtues, which include simplicity, scope,
fruitfulness, internal coherence, coherence with background knowledge, and
mathematical elegance.18

It has often been remarked that these virtues may conflict with each other
(e.g., McMullin, 1996; Niiniluoto, 1999a; Schurz, 2008a) and then will have
to be balanced against one another. Exactly what relative importance they are
to be given may differ per context of application, and even how they are to
be interpreted may vary (Longino, 1995). For instance, there is a plethora of
measures of coherence (see ch. 1, footnote 12 for references), and here, too, it
has been argued that we should be open to the possibility that there is not
one best such measure but that different measures may be called upon on
different occasions (Schippers, 2014). Note that this view on explanation
quality and its relation to abduction dovetails nicely with the general message
that abduction is best seen as a slogan that needs to be precisified on a per-case

18. See, for instance, McMullin (1996), Papineau (1997, p. 9), and Niiniluoto (1999a).
Different authors may weigh the individual virtues differently. For instance, Einstein (1950,
p- 62) thought that especially simplicity should guide theory choice, because “we are justified
in feeling that Nature is the realisation of what is mathematically simplest.” Kornblith (1993,
p- 33) highlights the importance of scope—the ability of a theory to account for phenomena that
would seem to have nothing to do with each other—when he explains why Brownian motion
and Gay-Lussac’s law of combination of gases together provide such strong evidence for the
existence of atoms: “Although either phenomenon, by itself, might perhaps be explained
by some as yet unthought hypothesis, the fact that two entirely disparate phenomena are
naturally explained by one and the same hypothesis lends dramatic support to the atomic
theory.” And Zahar (1973) argues that Einstein’s Special Theory of Relativity superseded
the Lorentz—-Fitzgerald—Poincaré version of the ether theory because it was more fruztful in
that it suggested various new theories to be tested. Also recall Whewell’s (1847) idea that a
consilience of inductions—which combines elements of simplicity and scope—can provide a
theory with a “stamp of truth.” For empirical work on the theoretical virtues, see Lombrozo
(2007); Khemlani, Sussman, and Oppenheimer (2011); Colombo, Bucher, and Sprenger (2017);
Johnson, Valenti, and Keil (2019); and Shimojo, Miwa, and Terai (2020).
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basis: the precisification may pertain as well to the criteria by which we judge
explanations.

2.3 Abduction and Underdetermination

Sometimes all it takes to settle a dispute is to obtain more data. Suppose
that we disagree about whether Bob is at his desk. We walk over to his office,
and there he is, sitting at his desk. Done! Obtaining more data is not always
so easy. Newton and his friends had to wait a little before the data came in
that confirmed that the Dutch had won. When Newton concluded that the
Dutch had won, the data alone were not enough to settle the issue. Sometimes
obtaining data that would settle an issue may be out of reach, even forever.
If our dispute concerns the question of whether Bob is a conscious being,
someone with an inner life, or is only behaving as if he had an inner life, then
there appears to be no equivalent to walking over to his office or waiting
for an eyewitness report; no amount of data may be enough to show who
of us is right, at least not conclusively, and not on its own. Similarly if we
are wondering whether we are actually seezzg Bob at his desk or instead are
hallucinating him to be there; or more generally still, if we cannot agree on
what the data are that might help us settle our dispute.

All these situations exhibit a phenomenon known as “underdetermina-
tion,” meaning that in these situations, our data is compatible with various
hypotheses of interest being true. That predicament will often only be tem-
porary, as in the case of Newton or even more so in the case in which all we
need to do to settle our dispute is walk over to Bob’s office. But philosophers
have come up with cases in which, according to them, the predicament is
permanent: no amount of data could ever warrant a choice for one or the
other hypothesis.

So far in this chapter we have looked at a number of uncontroversial appli-
cations of abduction, and we have also reviewed various proposals to explicate
abduction. This section discusses the most paradigmatic use of abduction in
philosophy, to wit, as a tool to break the deadlock in alleged cases of under-
determination. Advocates of abduction believe that, sometimes, where the
data cannot settle an issue, the data together with an appeal to explanatory
considerations caz. That is so whether the underdetermination is thought to
be only temporary or permanent, although the underdetermination cases that
have been most widely discussed in the philosophical literature are invariably
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of the permanent variety. Accordingly, the uses of abduction that have been
most widely discussed also concern precisely such cases.

It will therefore be useful to describe underdetermination cases generi-
cally and to point at reasons for why we should care about them. Arguably,
applications of abduction in cases of permanent underdetermination are the
more interesting ones. It is thus worth also discussing why we should believe
that there are such permanent cases of underdetermination. Finally, we want
to be more explicit about how abduction may facilitate to resolve them.

2.3.1  What Does It Mean to Say That One Thing Is Underdetermined by
Another?

Underdetermination is a central issue in various areas of analytic philosophy.
Underdetermination claims are often adduced to argue that our epistemic
position vis-a-vis a given part of reality is less impressive than we would have
hoped or thought it was, and in any event there is usually a lot at stake in
arguments concerning some underdetermination claim(s). Some well-known
philosophical debates can be regarded as turning, at bottom, on whether or
not a given underdetermination claim must be accepted and concomitantly
on whether or not we must resign ourselves to some modest (typically, very
modest) epistemic position concerning the part of reality at issue.

For instance, in the philosophy of science one frequently encounters
claims to the effect that a particular theory is (or is not) underdetermined by
the evidence, or even that all scientific theories (or at least all those belonging
to a certain interesting class of theories) are underdetermined by the evidence
and even by all evidence that we might ideally possess. What is typically, and
roughly, meant by such claims is that having 2// the available evidence will
still not allow us to determine the truth-value of the theory, respectively of
any theory (or any theory belonging to some designated class). To make this
both more precise and more general, we can let underdetermination be a
relationship between distinct classes of propositions and hold for different
combinations of “know” and “justifiedly believe.” We might for instance say
that one class of propositions, C;, (know, know)-underdetermines another
class of propositions, C,, if and only if knowing every member of C; is not

19. To make this entirely general, one might even consider any combination of epistemic
attitudes, though I doubt that others than the just-mentioned ones will yield philosophically
interesting underdetermination claims.
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enough to know any member of C,. Similarly, C; (know, justifiedly believe)-
underdetermines C, if and only if knowing every member of C, is not enough
even to be justified in believing any member of C,.

Although not usually stated in this way, most underdetermination claims
encountered in the philosophy of science seem to be about (know, justifiedly
believe)-underdetermination of some given class of rival scientific theories
by a class of propositions expressing (relevant) evidence—and not only those
in the philosophy of science. One of the most central underdetermination
claims in epistemology can be rendered as follows: The class of propositions
expressing all your sense data throughout your entire life, as well as those you
might have had at a certain moment in your life, (know, justifiedly believe)-
underdetermines the class of propositions { You are a brain in a vat, You are
an embodied brain}. And a well-known underdetermination claim from
the philosophy of mind is that the class of truths about a person’s behavior
(know, justifiedly believe)-underdetermines, among many others, the class of
hypotheses { The person has an inner life, The person does not have an inner
life}. Unless stated otherwise, by “underdetermination” is meant (know,
justifiedly believe)-underdetermination.

232 Why Is Underdetermination Philosophically Interesting?

Nothing philosophically really interesting follows from an underdetermina-
tion claim in itself. Suppose that C; underdetermines C,, so that knowing
every member of C; will not justify us in believing any member of C,. That
does not mean that justifiedly believing in members of C, is impossible. Per-
haps we simply do not need to know any member of C; in order to come to
have justified beliefs in, or even knowledge of, the members of C,, for instance,
because we have direct epistemic access to the latter or epistemic access via
some third class of propositions, C;.

In interesting underdetermination claims, there is always some allegedly
important epistemic distinction between the two classes of propositions re-
ferred to in the claim. To one class we are supposed to have a fairly direct
cognitive access or at least a direct access given certain idealizing assumptions
which in the context of the discussion are mostly deemed innocuous (or,
at any rate, permissible). To the other class we at least prima facie seem to
have cognitive access, if at all, only via the former, that is, it seems that the
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propositions in the latter class can be known or at least justifiedly believed, if
at all, only because we can know the propositions in the former.

Arguments involving underdetermination claims come in two main vari-
eties, which one might call the “modus tollens type” and the “modus ponens
type.” Arguments of the former type are meant to establish either the existence
of a class of data to which we have some kind of cognitive access—although it
is not obvious that we have that access—or the existence of one or more rules
of inference that we justifiably rely on, although it is not obvious that we rely
on that / those rule(s), or at least it is not obvious that we are justified in doing
so. The modus ponens variety is meant to establish some form of skepticism.

In arguments of the modus tollens type, it is standardly presented as
a given that we know / justifiedly believe all or at least some members of a
class of propositions, C;, and that there is at least some initial plausibility
to the thought that our knowledge of / justified belief in these propositions
depends entirely on our knowledge of (some of) the members of another class
of propositions, C,. Bug, it is then claimed, C, underdetermines C,. The
point then typically argued for is ezzher that our knowledge of / justified belief
in the elements of C, (insofar as we have it) must, appearances to the contrary
notwithstanding, depend on more than just our knowledge of (some of) the
members of C, (if it depends on that at all) o7 that there must be other rules
than those most obviously available to us (like the rules of first-order logic) by
dint of which we can come to have knowledge of / justified beliefs in (some of)
the elements of C; on the basis of our knowledge of the members of C,. This
is almost invariably accompanied by some proposal as to what the something
more, or the other rule(s), could be.

We find an underdetermination claim of this type in Lewis (1986, p. 107),
when he discusses the requirements for a functional theory of mental content
and argues that in order to be able to assign content to functional states, we
must rely on principles of fit, roughly to the effect that the assignment of
contents to a person should tend to make her behavior come out as serving
her desires according to her beliefs. But, writes Lewis (1986, p. 107),

principles of fit can be expected to underdetermine the assignment
of content very badly. Given a fitting assignment, we can scramble it
into an equally fitting but perverse alternative assignment. Therefore
a theory of content needs a second part: as well as principles of fit, we
need “principles of humanity,” which create a presumption in favour
of some sorts of content and against others.
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This is a kind of attempted transcendental deduction of the existence of
principles that we use in interpreting each other, where—note—it is taken
as a given that interpretations (or assignments of contents) are in fact not
generally underdetermined.

The other type of argument involving underdetermination claims is more
common in philosophy. The basic structure of arguments of this type is the
following: We can know / justifiedly believe the members of a class of propo-
sitions, C1, if at all, only by knowing the propositions in another class, C,;
but C, underdetermines C,; hence we cannot know any member of C;. Well-
known examples of this type are the Cartesian argument for external-world
skepticism and various arguments for more restrictive forms of skepticism,
such as skepticism about other minds. To this type also belongs one of the
main arguments—if not zbe main argument—for scientific antirealism, the
position in the philosophy of science that counsels agnosticism as the proper
epistemic attitude vis-a-vis scientific theories, because, it is claimed, scientific
theories are underdetermined by the evidence.

2.3.3  Why Believe Underdetermination Claims?

While underdetermination claims are found in many areas of philosophy,
the most detailed discussion of underdetermination has taken place in the
philosophy of science, specifically in the debate between scientific realists
and scientific antirealists. Central to this debate is whether science is in the
business of uncovering the hidden structure of reality, laying bare the un-
observable goings-on responsible for the observable goings-on, as scientific
realists hold, or whether it can give us, at best, theories that are empirically
adequate, meaning that they correctly represent the observable part of the
world but not necessarily the unobservable part, as scientific antirealists and
in particular so-called constructive empiricists (van Fraassen, 1980) hold.*® A
main motivation for scientific antirealists is that they believe theory choice in
science to be underdetermined.* Precisely because underdetermination has
received so much detailed attention in the philosophy of science literature,

20. Atleast this is the interesting take on what is at stake in this debate. The boring take
on it is that the debate is strictly about the goal of science and not about what science may be
able to achieve (see p. 49).

21. Underdetermination is not the only motivation for scientific antirealism. For a
systematic discussion of the various reasons scientific antirealists have advanced for their
position, see Psillos (1999).
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we focus on underdetermination in science for a while. As subsequently dis-
cussed, much of that discussion carries over to underdetermination arguments
in other areas.

The standard antirealist argument for the thesis that scientific theories
are underdetermined by the evidence involves two premises. The first is the
following:

EE For each scientific theory there are empirically equivalent rivals,

where an empirically equivalent rival to a theory is a contrary theory (a theory
inconsistent with it) that at least in light of the data alone—any possible
data—will necessarily be accorded the same confirmation-theoretic status.
Naturally one could consider weaker versions of EE (“for most theories . . .,”
“for many theories . . .,” “for some theories . . . ,” “for all theories with such-
and-such features .. .,” and so on), which in combination with the subsequent
premise KE, would all seem to yield somewhat different versions of scientific
antirealism, but for simplicity we stick to EE here.

The important thing to note is that if EE is correct, then no matter how
many empirical tests a theory has already passed, this success cannot on its
own be taken as an indication that the theory is true, for each of its empirically
equivalent rivals will or would pass the same tests just as successfully. Thus,
unless the data refute a theory, no amount of them suffices to determine its
truth-value.

Although EE does not by itself yield any antirealist conclusions, it does
do so together with the following premise sometimes called “Knowledge
Empiricism”:

KE If the data alone do not suffice to determine a theory’s truth-value, then
nothing does.

Indeed, from EE and KE it follows directly that the truth-value of any scientific
theory must forever remain beyond our ken. Crucially, in the context of our
present discussion, notice that KE says, in effect, that explanatory power is at
most of pragmatic value and has no epistemic significance.

Arguments for EE either extrapolate from supposed historical cases of
empirical equivalence or try to prove formally the existence of empirically
equivalent rivals to any scientific theory. As to the former, we are often pointed
to the empirical equivalence of the Special Theory of Relativity and the ether
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theory in the Lorentz-Fitzgerald—Poincaré version (briefly mentioned previ-
ously) and respectively that of standard quantum mechanics and Bohmian
mechanics. As to the latter, John Earman (1993) has proposed various plausi-
ble formalizations of the notion of empirical equivalence and used them to
prove some propositions that can all be regarded as establishing interesting
versions of EE (see Douven & Horsten, 1998, for discussion). Similar results
have been obtained by other authors.

Arguments for KE typically try to raise doubts about the truth-conducive-
ness of any prima facie reasonable candidate criterion for theory choice beyond
conformity with the data. For instance, antirealists have argued that there is no
a priori reason to believe that reality is simple rather than complex.** A further
point they have raised is that even if it be granted that the world is simple
in some sense of that word, it still need not be simple in the parochial sense
that its nature or structure is easy to grasp for creatures with oxr cognitive
capacities (van Fraassen, 1980, p. 90).

2.3.4 What Can One Say in Response to Underdetermination Claims?

Not many philosophers are happy to accept scientific antirealism. It is not
surprising, then, that several responses to the preceding antirealist argument
for underdetermination are to be found in the literature. It merits remark
that most of the responses now to be discussed, which all concern the antire-
alist argument for underdetermination, have close parallels in debates about
underdetermination in other parts of philosophy.

One type of response against the antirealist argument denies EE, or at
least maintains that currently we have no reason to believe that there exist
(interesting) empirically equivalent rivals to any scientific theory. We might
regard as an early token of this the logical positivists’ argument that apparently
empirically indistinguishable rivals are really just notational variants of one
another. But their response was based on a verificationist view of meaning
that nowadays is almost universally regarded a failure.

It seems a better strategy to tackle directly, or at least to try to raise doubts
about, the arguments that have been given in support of EE. For instance,
it may be pointed out that historical evidence for the thesis is very sparse.
Advocates of the thesis point time and again to the two historical cases men-
tioned in the previous section. Patently, however, having two actual cases of

22. Some realists agree. See, for instance, Niiniluoto (1999b, pp. 183-184).
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empirical equivalence in science seems hardly enough to support the claim
that all scientific theories have empirically equivalent rivals nor even that a sub-
stantial number of theories have such rivals. Yet that is about all the historical
evidence that we have ever been given! This objection might be countered by
saying that the sparseness of actual examples of empirically equivalent rivals is
explained by the fact that in scientific practice it is typically hard enough to
come up with even one theory that fits the data and is also consistent with
accepted background theories, let alone with a number of such theories. But
one can also, and perhaps with more right, draw an altogether different moral
from this fact, as Gerard ’t Hooft (1994, p. 27) for instance does about the
fundamental laws of physics when he states that “[t]he requirement that [the
fundamental laws of physics] must agree with the very restrictive postulates
of both quantum mechanics and general relativity has up to now proved so
difficult to realize in any physical model that one is tempted to suspect that
not more than one model will exist which agrees with all this.”

In an influential paper, Larry Laudan and Jarrett Leplin (1991) have argued
that in fact no number of actual examples of allegedly empirically equivalent
theories can support EE, because, they contend, such theories may really be
only temporarily indistinguishable by the data.”? They do not mean to sug-
gest that cases of theories that happen to be indistinguishable in light of the
data that we currently have manifest only the kind of underdetermination
we found in the case of Newton’s conclusion about the Dutch victory and
so are unable to support EE. Rather their point is, first, that our conception
of data may change over time and, in particular, that the line between the
observable and the unobservable may shift due to new technological advances;
and second, as is widely acknowledged, that theories have observational con-
sequences only when conjoined with so-called auxiliaries, and over time we
may come to hold different views about the hypotheses that we deem eligible
to figure as auxiliaries in the derivation of observational consequences from
theories, so that over time theories may come to have different observational
consequences.**

Still, the antirealist would seem in her right to insist on a conception of
data, or at least of the observable, that is zor susceptible to change over time.

23. See also Leplin (1997), and see Douven (2000) for discussion.

24. Fodor and Lepore (1992) make basically the same point when they argue that “our
knowledge of confirmation relations is a posteriori,” so that there is no way to decide a priori
which empirical beliefs are relevant to the confirmation of a given hypothesis.
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Van Fraassen (1980) has argued that there is an epistemically significant dis-
tinction between claims whose truth-value can be ascertained by observation
with the naked eye and ones whose truth-value cannot thus be ascertained.
And, almost by definition, no technological advances are going to affect that
distinction. As for the variability of auxiliaries, Richard Boyd (1984) may be
right that advocates of EE can successfully respond to this point by reformu-
lating the thesis in terms of “total sciences,” which include both theories and
auxiliaries.

In their paper Laudan and Leplin further complain that while many
philosophers of science seem to believe that there exists some algorithm for
generating empirically equivalent rivals to any given theory, such an algorithm
is nowhere to be found in the literature. This seems right. At the same time
one wonders why such an algorithm should be called for. It seems that a proof
of EE—whether or not that shows how effectively to construct empirically
equivalent rivals—would offer the advocates of EE all that they could wish
for. And as we saw previously, such proofs have for instance been given by
Earman.”

It must be admitted, however, that at least the existing proofs of EE ap-
pear to rely on assumptions that are open to dispute. For instance, the proofs
in Earman (1993) crucially depend on the assumption that scientific theo-
ries can be formulated in first-order languages, which may well be false. It
may in effect be very hard to prove EE in a way that could suit the antire-
alist’s needs. The main stumbling block here is that there seems to be no
purely logical characterization of the notion of empirical equivalence. Of
course, it is not uncommon to find empirically equivalent rivals defined as
contraries that have the same logical consequences in the observational part of
some designated vocabulary—which s a logical characterization. But while
this characterization of empirical equivalence may be perfectly all right if
hypothetico-deductivism is assumed, that confirmation theory is not part of
the current orthodoxy. Indeed, it would be a mistake to think that the notion
of empirical equivalence can be defined without (at least implicit) reference
to a confirmation theory.

To buttress this point, it is good to briefly consider the underdetermina-
tion problem from a Bayesian perspective. We subsequently go deeper into

25. It should be noted that Earman’s paper appeared after the publication of Laudan
and Leplin’s paper; it was in effect at least partly meant as a response to that paper.
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the details of Bayesian confirmation theory; here an informal understanding
suffices to appreciate that, for Bayesians, EE would be unable to establish any
(interesting) underdetermination claim if empirical equivalence were defined
in the way just suggested, because that two or more theories have the same
observational consequences does not imply that they bestow the same likeli-
hoods on all evidence statements that they do not entail (but are consistent
with). And the latter are, from a Bayesian point of view, just as relevant to
determining a theory’s confirmation-theoretic status as are its observational
consequences. In fact, given a purely subjective version of Bayesian confirma-
tion theory, which imposes no constraints on rational degrees of belief beyond
the axioms of probability theory, no underdetermination claim would seem
to follow from EE even if empirically equivalent theories were defined to be
theories that bestow the same likelihoods on all evidence statements. That
confirmation theory would for instance allow one to assign a prior probability
of o to all empirically equivalent rivals of a given theory, so that unless the
data refute it, the theory may eventually come to have probability 1 (which
is typically thought to suffice for justified credibility). On the other hand,
for versions of Bayesian confirmation theory that are only slightly stronger,
if the existence of empirically equivalent rivals in the just-defined sense is as-
sumed, then interesting underdetermination claims caz be derived. Suppose
for instance we add to the subjective theory the apparently still quite weak
principle that, given any set of empirically equivalent theories, there is no
unique element of that set that receives highest prior probability. Then itis a
direct consequence of Bayes’s theorem that at no point in time will any of the
theories have a unique highest posterior probability, no matter what evidence
one may come to possess.

So, whether two theories will have the same confirmation-theoretic status
given any amount of evidence depends at least in part on the confirmation
theory that is being assumed, and thus proofs of EE may be of limited interest
at best: even if it can be shown that all theories have empirically equivalent
rivals given our current best confirmation theory, there is no guarantee that
they will have these rivals given some still-to-be-developed confirmation theory
that we may come to prefer one day.

However, it may be questioned whether EE is really all that important
for antirealist purposes. For instance, one may wonder why an argument
for underdetermination must be based on the claim that there actually exist
empirically equivalent rivals to any scientific theory. Is it not enough to
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observe that any scientific theory might have such rivals? But first, whether
the mere possibility that these rivals exist really undercuts any confirmation
that we might otherwise have for a given scientific theory will (again) depend
on one’s confirmation theory. Furthermore, most philosophers of science
would regard a position based on the assumption of the mere possibility of
empirically equivalent rivals as of academic interest at best and not as a live
option. That may explain why no scientific antirealist has tried to argue for
underdetermination along these lines. More generally, there are to the best
of my knowledge simply 70 underdetermination claims, in philosophy or
elsewhere, based on the mere possibility that a hypothesis of interest has an
empirically equivalent rival.

There may be a better way to argue that even if EE cannot be maintained,
an interesting argument for underdetermination can go through. Consider
that it may be rather simple to devise—on paper, that is—an experiment that
would enable us to distinguish between two theories whereas the experiment
is practically impossible to carry out. This possibility is anything but academic.
For instance, David Atkinson (2003, p. 216) argues that while string theory
is testable in principle, in order to really test it “one would have to produce
energies that are ten to the power sixteen . . . times higher than those that [the
biggest particle accelerator] will produce in 2005.” Indeed, he concludes that
“[i]t seems safe to say that we will never be able to produce energies anywhere
near this value, and that string theory can never be confronted with the crucial
test of experiment” (p. 216). One does not have to agree with Atkinson’s
pessimism regarding the testability of string theory in order to appreciate how
similar practical considerations may apply quite generally in science. And if
every scientific theory should have rivals that are indistinguishable from it by
any evidence we might be practically able to obtain, even if the theories are
distinguishable by evidence that we could obtain in principle, that would seem
to serve an underdetermination argument for scientific antirealism no less than
does EE. Because every empirically equivalent rival to a theory is a rival that is
indistinguishable from it given the evidence that could practically be obtained,
but not vice versa, the claim that every theory has rivals indistinguishable from
it by that sort of evidence is patently weaker than EE.

The other main type of response to the argument from underdetermi-
nation, a response that I believe to be more promising than the attack on
EE, is of course to deny KE. KE is a better target anyhow if we are interested
in underdetermination arguments in general and not just those concerning
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scientific theories. After all, whereas it may be exceedingly difficult to come up
with an empirically equivalent rival to a given scientific hypothesis, the bar is
much lower when it comes to thinking up empirically equivalent rivals to the
external-world hypothesis or the hypothesis that other people are conscious
beings. References to hallucinations, dreams, envatted brains, zombies, and
the like, have been generally found sufficient to raise doubts concerning our
epistemic standing vis-a-vis the aforementioned hypotheses. Here, too, it has
been questioned whether the rival hypotheses are really empirically equivalent
to their nonskeptical counterparts (see, e.g., Putnam, 1994). Again, however,
we can grant that these are cases of genuine empirical equivalence, and still
no skeptical conclusion follows without KE. Thus, if we find grounds for
gainsaying KE, that should help us across the board, both in the scientific and
in the nonscientific domain.

Denials of KE nowadays mostly take the form of an attempt to defend
abduction, which is also the approach taken in this book. If we accord
confirmation-theoretic import to explanatory force, then if of two theories
that both conform to the data one better explains those data than the other,
that speaks epistemically in favor of the former. So, can we defend abduction?
This question occupies us in much of the rest of the book. But before starting
the defense of abduction, I go in some detail into what is known about how
people actually rely on explanatory considerations in their reasoning. Some
of those results serve as inspiration, further on, for formulating alternatives
to the previously stated rule EXPL, and those rules will be instrumental in
my defense of abduction.

To end this chapter, I should note that there is a third type of response to
underdetermination—heralded by some of the American pragmatist philoso-
phers, though no longer advocated by anyone—that could be viewed as an
independent response but also as constituting an easy defense of abduction.
According to this response, KE is false because theoretical virtues such as
simplicity, scope, and more generally explanatory power, are truth-conducive
by definition: possessing those virtues is simply constitutive of being true,
together of course with being in accordance with the data. This response
immediately raises a question: what if two empirically equivalent theories
that are in accordance with the data do equally well in light of the theoretical
virtues, too? Surely there is no guarantee that this will zever happen. Here the
pragmatist answer is that even though such theories may appear to be rivals,
they are not really. Rather they are different, equally legitimate, conceptualiza-



What Is Abduction? 67

tions of reality, and may both be true (“true in their conceptual schemes,” as
itis often put). In this vein, W. V. O. Quine (1992, p. 100) has suggested that
one may “oscillate” between the different conceptualizations “for the sake
of added perspective from which to triangulate on problems.” Very similar
passages are to be found in the writings of Putnam after his conversion to
pragmatic realism (see, for example, his 1981; see also Decock & Douven, 2012).
One reason why this type of response is no longer popular today is that most
believe it to share all the problems that beset pragmatist accounts of truth
and language generally (see, e.g., Schmitt, 1995). Like these accounts, the
pragmatic response to underdetermination seems to issue in what many think
is a self-refuting relativism. Recent work on concepts, in particular on the
rationality of concepts, may come to rescue here. It has been argued that some
conceptual schemes are more rational than others (Douven, 2020d; Douven
& Girdenfors, 2020), where however—in line with a conception of rationality
to be endorsed subsequently (chs. 6.2 and 7)—there is no universally rational
conceptual scheme, but rather which such scheme to use depends on context.
But this is not a line of argumentation pursued in the present work.






3
The Psychology of Abduction

Without data, you’re just another person with an opinion.

—W. Edwards Deming

3. Into the Mud

Lipton, whose work on abduction has done much to shape the current dis-
cussion, viewed that work as providing “a partial answer to the descriptive
problem . .. of giving a principled account of the way we actually go about
making non-demonstrative inferences” (Lipton, 2004, p. 142). So far, we have
only pointed at some anecdotal evidence suggesting that abduction is not
some exotic form of reasoning of strictly academic interest but rather captures
an important part of how “we actually go about making non-demonstrative
inferences.” By today’s standards, even in philosophy (in which empirically
informed approaches have been gaining in popularity), I do not think that
there is a way of tackling the descriptive question of how exactly we reason ab-
ductively without having recourse to the experimental techniques developed
in cognitive psychology. In this chapter, we go beyond anecdotal evidence
by giving a close look at data that directly bears on abductive reasoning. The
data reveals in some detail what form this reasoning takes in certain well-
delineated contexts. Part of the data subsequently inspires the statement of
precisifications of abduction akin to EXPL.

The first pages of this book briefly discuss research, some of it going back
to Helmholtz, about how explanatory considerations may shape what we
perceive, even if only subconsciously. Research into how explanation con-
nects to higher-level cognitive processes, such as learning, categorization, and
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reasoning—research that has been only cited—is of a much more recent date.
In retrospect, it is surprising that psychologists did not become interested
in explanation earlier, because at least some of that research shows expla-
nation to play a major role in cognition. For instance, Michelene Chi and
colleagues (1994) show that prompting students to self-explain a text about the
circulatory system led to better results on a later test than reading the study
materials twice; this was so even if the self-explanations were misguided.’
Furthermore, Joseph Williams and Tania Lombrozo (2010) have presented
experimental findings showing that participants who were asked to explain
why items belonged to a certain category were much more likely to discover
the rules underlying the categorization than participants who were asked to
describe the items (but who were also tasked to discover the categorization
rule). There is, however, experimental work showing that the influence of
explanation on cognition is not always for the good, in that, for example, it
leads us to overestimate probabilities (Koehler, 1991) or it lets us take into
account base rates that are evidentially irrelevant (Johnson, Rajeev-Kumar, &
Keil, 2016).

In this chapter, we look at experimental results more directly concerned
with the connection between explanation and belief formation or belief
change—which is what abduction is about. Most of that research is of a
very recent date. To appreciate the findings to be discussed, it is important
to know about the dominant paradigm in current reasoning research, the so-
called New Paradigm in the psychology of reasoning (Over, 2009; Elqayam &
Over, 2012; Elqayam, 2018; Oaksford & Chater, 2020b). We start by outlining
the fundamentals of that paradigm, which includes stating in greater formal
detail the basics of Bayesianism, on which the paradigm builds. We then look
at experimental findings concerning belief and belief change that allow us to
compare a strict Bayesian view with one that leaves room for the possibility of
abductive reasoning, in deviation from strict Bayesian principles. An attempt
to explain away the apparent influence of explanatory reasoning on belief
change as a result of systematic bias is shown to fail. In fact, it turns out that
this influence can benefit our reasoning in that it makes us more accurate.

1. See, in the same vein, Sidney, Hattikudur, and Alibali (2015), who report that when
they prompted students to self-explain examples of fraction division, that improved those
students’ conceptual learning.
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3.2 The New Paradigm and Bayesian Rationality

From its beginnings in the 1960s, most notably through the work of Peter
Wason, the psychology of reasoning was committed to the view that the norms
of rational reasoning were given by classical logic.* Researchers saw it as their
task to determine the extent to which people obeyed those norms, and to
see whether any deviations from the norms could be attributed to systematic
biases. Wason’s (1968) celebrated selection task was the first of many whose
results were all interpreted as showing that, in general, people were poor
at logical reasoning and subject to a variety of biases. In the selection task,
participants are presented with four cards, which they are informed have a
letter on one side and a number on the reverse. The cards are laid out on
a table, one with A showing, one with K, one with 2, and one with 7. The
participants are tasked to determine whether it holds as a rule that a card has
a2 on one side if it has an A on the other side. They are asked to select the
cards that must be turned in order to find out whether the rule holds for the
four cards. Logic suggests turning the cards that show the A and the 7, which
are the only ones that could provide falsifying instances, but that is not what
people typically do; instead, they typically select the cards showing the A and
the 2 or the A card alone.

At first, psychologists tried to explain these and similar apparent viola-
tions of logic in terms of cognitive limitations. The idea was that people
are rational, at least in principle, but due notably to our limited working
memory, we make performance errors when going through the necessary
logical steps. Not much later, however, a number of psychologists started
to question the logic-oriented approach generally. Logic was developed to
facilitate mathematical reasoning, in which we use truth-preserving inference
rules to derive theorems from a typically small set of supposedly self-evident
axioms. Although logic has been immensely useful, it is to be acknowledged
that much of our reasoning is not of that sort. Recall Schurz and Hertwig’s
(2019) previously cited point that the maximum ecological validity of logical

2. Wason was influenced by the work of the developmental psychologists Inhelder and
Piaget (see in particular their 1958 book). But while Inhelder and Piaget held that logic was
also a descriptively accurate model of how adults reason, Wason saw it only as a normative
model and indeed took his work on the selection task described in the main text to have refuted
the descriptive claim. In the terminology of Elqayam and Evans (2011), Wason was willing to
commit only to prescriptive logicism, not to descriptive logicism; Inhelder and Piaget endorsed

both.
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inferences—in any context, if you use the rules of logic to derive a conclusion
from a set of true premises, that conclusion is guaranteed to be true—is offset
by their low applicability.

More specifically with respect to the selection task, researchers began
to realize that participants may have differing degrees of confidence in the
propositions involved in a reasoning experiment, and that those degrees of
confidence and not just the logical form of the problem with which they are
presented may impact their responses. For instance, experimenters interested
in whether people reason in accordance with some argument form that is
logically valid may ask their participants to accept certain premises and then
ask to what degree they are willing to accept some conclusion, where the
premises and conclusion together instantiate the argument form at issue. As
mentioned, the suspicion was that the experimenters’ request to assume the
premises does not always suffice to completely shield against an impact on
the participants’ responses of their degrees of confidence in the premises.
Numerous experiments confirmed this suspicion to be correct (Oaksford
& Chater, 2001). In fact, it turned out that not only participants’ degrees
of confidence in the premises can tilt the results but their confidence in the
conclusion can do so as well: various experiments showed participants to be
more inclined to accept the conclusion of an argument if they already believed
that conclusion to be likely, independent of the form of the argument; this
effect is known as “belief bias” (see Evans, Barston, & Pollard, 1983).

Guided by such observations, psychologists came to regard degrees of
confidence, or degrees of belief, as central to human reasoning. Concomi-
tantly, they came to think that the norms of rationality should primarily
pertain to such degrees of confidence—about which classical logic has little
to say (but not nothing, as subsequently shown). Instead, taking their cue
from work by Frank Ramsey (e.g., 1926) and Bruno de Finetti (e.g., 1937), and
also influenced by more recent developments in philosophy and elsewhere,
psychologists endorsed what is now generally known as “Bayesianism” as an
encompassing account of rationality for graded beliefs.

3.21  Bayesian Basics

De Finetti, Ramsey, and others contributing to the development of Bayesian-
ism took for granted that our beliefs come in degrees. That should not raise
any eyebrows, as it is introspectively clear that we believe some things more
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strongly or to a higher degree than others; we do not need empirical evidence
for that (even though by now there is a wealth of supporting evidence).> Then
the following are presented as the core principles of rationality:

Synchronic coherence (SC) At any time, our degrees of belief should con-
form to the probability calculus.

Diachronic coherence (DC) We should adapt our degrees of belief to the
receipt of new information by means of Bayes’s rule.

SC refers to the probability calculus, and DC to Bayes’s rule; let us be specific
about these.

Where “_L” stands for an arbitrary contradiction, “T” for an arbitrary tau-
tology, and “+” for the relation of logical consequence, a probability function
is any real-valued function Pr that satisfies the following axioms:*

Axiom 3.1 For all propositions ¢, Pr(1) = o < Pr(p) < 1 = Pr(T).

Axiom 3.2 For all propositions ¢ and ¢, if @ + =y, then Pr(p V v) =
Pr(@) + Pr(y).

In words, probabilities lie in the interval [o, 1]; contradictions always receive
probability o; tautologies always receive probability 1; and whenever two

3. Note, however, that for de Finetti and Ramsey, who were both operationalists,
introspection had no value. Instead, they identified a person’s degree of belief in a given
proposition with her fair betting quotient for that proposition, that is, the price at which she
is willing to take either side of a bet that pays off a certain positive amount of money if the
proposition turns out true, and nothing otherwise. For instance, if a person is indifferent
between buying and selling a bet on ¢ that pays y dollars if this bet’s price is x dollars, then, it
is said, she believes @ to a degree of x/y. Thus, if you are willing to take either side of a bet that
pays $1,000 if it rains tomorrow (and nothing otherwise) if its price is $750, then it is said that
you believe the proposition that it will rain tomorrow to a degree of 0.75. Because, de Finetti
and Ramsey thought, we can always make measurements in this way, it always makes sense to
attribute degrees of belief to people. From a modern psychological perspective, however, it is
perfectly legitimate to cite introspective evidence for the existence of degrees of belief (Douven
& Uffink, 2003).

4. Standard probability theory builds on classical logic; so, for instance, “+” is taken to
designate the relation of classical logical consequence. For attempts to define probability in a
way that is neutral regarding the underlying logic, see Weatherson (2003); see Dietz (2010) for
critical discussion.
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propositions exclude one another, the probability of their disjunction is the
sum of their separate probabilities.’

It is common practice in presentations of probability theory to define
a shorthand notation for one especially important concept, to wit, that of
conditional probability:

Pr(p A )
Pr(p) °

We read Pr(y | @) as the probability of  given (or “conditional on”) .
Furthermore, Bayesians say that @ confirms y precisely if Pr(y | @) >

Pr(y), disconfirms  precisely it Pr(y | @) < Pr(¢), and is neutral with regard

to ¥ otherwise. There is an ongoing debate about how to define strength of

Pr(y | @) = provided Pr(p) > o.

confirmation. One of the earliest proposals (Carnap, 1950) is that ¢ confirms
¥ (if at all) to a degree of Pr(y | @) — Pr(y), but many other measures have
been proposed since (for discussion, see Fitelson, 1999, 2001; Fitelson & Eells,
2000; Eells & Fitelson, 2002; Crupi, Tentori, & Gonzalez, 2007; Bréssel, 2013;
Douven, 2021).

From axioms 3.1 and 3.2 and the definition of conditional probability, one
readily derives, for instance,

Proposition 3.1 For all ¢ and y:
. Pr(p) = 1 - Pr(—p);
@) < Pr(y) whenever ¢ v ¢;
= Pr(y) whenever ¢ = y;
@) = Pr(y) Pr(p | ¥) + Pr(—@) Pr(p | ~¢) whenever o < Pr(y) <
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= 1 whenever ¢ + Y and Pr(@) > o;
= Pr(y)(Pr(p | ¥)/ Pr(p)) whenever Pr(p) > o.
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While there is nothing deep about these consequences of probability the-
ory, they are important from a psychological point of view inasmuch as it is

5. According to some Bayesians, axiom 3.1 should be strengthened so as to require that
only contradictions receive probability o and on/y tautologies receive probability 1. Some
also propose as a further axiom a “continuity” principle according to which, for any count-
ably infinite inconsistent set {@, @,, @5,...} such that @,4, F @, for all z, it holds that
limy, 00 Pr(@,) = 0. However, for the purposes of this book, we can sidestep these and other
more advanced technical issues. For a detailed yet accessible discussion of such issues, see
Weisberg (2011).
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straightforward to test whether people’s degrees of belief are in accordance
with them, which gives an easy opportunity to put descriptive Bayesianism
(see below) to the test. The same is true for the Bayesian notion of confir-
mation and in particular for measures of confirmation (Crupi, Tentori, &
Gonzalez, 2007; Tentori et al., 2007).

Item 6 of proposition 3.1 is also known as “Bayes’s theorem” and is of
particular importance because it plays a key role in confirmation theory and
therefore in what follows. To appreciate its central place in confirmation
theory, let us first rewrite it naming the variables more suggestively:

Pr(E | H)

Pr(H | E) = Pr(H) Pr(E)

Think of H as a hypothesis in which we are interested and of £ as evidence
that we gathered. Then what the theorem says is that we can determine the
probability Pr(H | E) of that hypothesis in light of our new evidence on the
basis of the likelihood H bestows upon E, Pr(E | H), and of how likely we
deemed H and E to be before we obtained the evidence, given by Pr(#) and
Pr(E), respectively. This is important because it is often not immediately clear
what value Pr(# | E) should be assigned, whereas we often simply kzow the
probabilities that we assigned to / and E prior to learning £. Determining
the likelihood is often also not so hard. When H is a statistical hypothesis—
which invariably is the case in the applications considered subsequently—the
likelihood follows analytically.® For instance, if I says that a given coin is fair,
then the likelihood that this hypothesis bestows on the evidence that a toss
with the coin comes up heads is obviously .5; more generally, if A attributes a
bias for heads of x to the coin, then Pr(Heads | /) = x. Simpler still, if the
hypothesis logically zmplies the evidence, then, by item s of proposition 3.1,
the likelihood equals 1.

Bayes’s theorem is distinct from Bayes’s rule (also known as “conditional-
ization” or “conditioning”), which according to DC we should use to update
our degrees of belief if we want to be rational. This rule says that if you
have learned @, in the sense that you have become subjectively certain of @,
and nothing stronger—nothing that logically entails @ but is not entailed by
@—then for all ¢ your new degree of belief in ¢ should equal the conditional
degree of belief in ¢ given ¢ that you had just before learning @. Thatis, where

6. Or at least “analytically”; see again chapter 1, footnote 21.
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Pr is your degrees-of-belief function prior to learning @ and Pr,, is your new
degrees-of-belief function immediately after learning @, Bayes’s rule requires
that it hold for all ¢ that Pry(y) = Pr(y | ¢).

As said, Bayes’s rule is intended to apply whenever we have learned some-
thing in the sense of having become certain of it. But, naturally, notalllearning
is like that. By briefly peeking into a badly lit room, we may become more cer-
tain that the color of the carpet in the room is orange even if it does not make
us fully certain about that color or indeed about anything about which we
were not already certain beforehand. We may receive statistical information,
such as that smokers are at a higher risk of developing coronary artery disease
than nonsmokers. Thereby we have clearly learned something, but it is not
the kind of evidence to which Bayes’s rule applies. Again, it has been argued
that the rule does not apply when we come to learn conditional information,
such as that London will be flooded if global warming continues (Douven,
2012b; see also Douven & Dietz, 2011). Bayesians have come up with different
proposals for accommodating each of these kinds of evidence.

For the first kind, Richard Jeftrey (1983, ch. 11) proposed a generalization
of Bayes’s rule, which now commonly goes by the name “Jeffrey conditional-
ization,” and which (roughly) makes one’s new degree of belief in the target
proposition (in our example, that the carpet is orange) a weighted average of
one’s conditional degrees of belief in the proposition given the various possi-
ble evidence propositions (perhaps the propositions that we saw an orange
carpet, and its negation), where the new degrees of belief assigned to those
evidence propositions after the learning experience serve as weights. James
Joyce (1999, ch. 6) gives a useful overview of the variety of rules that have
been proposed for accommodating learning events of the second type (see
also Uffink, 1995). And Bayesian procedures for accommodating conditional
information have been proposed by Mario Giinther (2018) and Benjamin Eva,
Stephan Hartmann, and Soroush Rafiee Rad (2020).”

Returning to the core principles, SC and DC: why should we accept
them? The dynamic Dutch book argument and the inaccuracy-minimization
argument have already been mentioned as the most commonly cited reasons
for holding that Bayes’s rule is the only rational update rule. Each of these
arguments was in fact preceded by a version addressing SC: Ramsey and
(independently) de Finetti were the first to argue that if and only if our degrees

7. See also Sprenger and Hartmann (2019, ch. 4).



The Psychology of Abduction 77

of belief conform to the axioms of probability are we safe from Dutch bookies
(Vineberg, 2016). And Joyce (1998) purported to show that degrees of belief
that are not probabilities are not as accurate as they could otherwise be. In the
following discussion, I am concerned only with the arguments in support of
DC. WhatIhave to say about these arguments does zot imply that Bayes’s rule
is necessarily wrong. Rather, the claim is that Bayesians are mistaken when
they hold that whenever our evidence is not of the uncertain kind for which
Jeftrey conditionalization was devised, or consisting of statistical information,
or conditional in form, Bayes’s rule offers the only rational way to update
one’s degrees of belief. Sometimes the best way to update may be via Bayes’s
rule, but sometimes it is via some precisification of abduction and sometimes
(perhaps) via some altogether different rule. So, to the extent that people are
rational, we should not expect them to always follow Bayes’s rule; in other
words, we should expect descriptive Bayesianism, to which we turn in the
next section, to be false as a general hypothesis.

As a final comment, I note that in the way presented here Bayesianism
is highly subjective, stemming from the fact that axioms 3.1 and 3.2 impose
only very weak constraints on the function Pr. It could be the representation
of your degrees-of-belief function, or of mine, or of anyone else’s, provided
that only these functions satisfy the said axioms. But those axioms leave a
tremendous amount of room for variation, so much so that some believe them
to lead to a debilitating form of relativism, a relativism according to which for
some piece of evidence £ and some hypothesis /, £ might be evidence for
H from your perspective, evidence against // from mine, and neutral with
regard to /H from a third person’s perspective. As far as Bayesianism goes, we
may all be “right.” But we feel queasy about the idea that whereas we just
obtained experimental evidence zgaznst a certain hypothesis, it could have
been evidence for that hypothesis if only we had started from a different prior
probability assignment.

Not all Bayesians share this sentiment. As for instance the Bayesian statis-
tician Dennis Lindley writes,

I'am often asked if the [Bayesian] method gives the right answer, or,
more particularly, how do you know if you have got the right prior.
My reply is that I don’t know what is meant by “right” in this context.
The Bayesian theory is about coherence, not about right or wrong.
(Lindley, 1976, p. 359)
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To the eyes of many, however, this is little more than a restatement of the
problem. It is unsurprising therefore, that various authors have taken to
supplement Bayesianism with a number of further (supposedly) rationality
requirements. Ideally, such further requirements allow us to make sense of
the idea that there is (in Lindley’s terms) a right prior, so that rational persons,
provided they have the same background knowledge, would have to start from
the same probability assignment. Somewhat less ideally, they rule out at least
whole classes of priors as zot right.

The Bayesian literature is rife with discussion of candidates for additional
rationality requirements. One well-known proposal in this regard is Lewis’s
(1980) Principal Principle, according to which, roughly, one’s degree of belief
in @ given that the objective probability or chance of @ equals x, should equal x.
But, given that for many propositions the notion of objective chance makes
no sense (according to some, it makes sense only for propositions that are
about quantum-mechanical events), this constraint is manifestly too weak to
block the subjectivism previously pointed out. A seemingly more promising
proposal has been the Principle of Indifference, mentioned in section 1.2.2.
In its simplest version, this says that where {H,,..., H,} is a set of mutually
exclusive hypotheses the disjunction of which is a logical truth, then in the
absence of reasons to the contrary, you ought to assign each H; the same
probability, 1/x. For example, if all we know about a given coin is that its
bias for heads is a whole multiple of .1 (so it might be o, .1, .2, and so on, until
1), then the said principle enjoins us to assign a probability of 1/11 to each
element of {H,,..., H,, }, where H; is the hypothesis that the coin has a bias
of ( — 1) X .1 for heads.

As also mentioned, however, the principle may appear plausible at first,
but on closer inspection it is hard to maintain. The problem is that it imposes
inconsistent requirements. To see this, consider the set S = {H,,...,H,} of
mutually exclusive hypotheses whose disjunction is a logical truth, and assume
n > 3. ThenS’ = {H,, \/}_, H;} isalsoaset of mutually exclusive hypotheses
whose disjunction is a logical truth. It is perfectly consistent to assume both
that you lack reasons to favor any hypothesis in § and that you lack reasons
to favor either hypothesis in S”. However, given the former assumption, the
Principle of Indifference enjoins you to set Pr(H,) = 1/#, whereas, given the
latter, it enjoins you to set Pr(#;) = 1/2, which you cannot consistently do.
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We looked at some ideas about how an appeal to explanatory considerations
might help to save the principle but found those wanting, t0o.8

3.2z Descriptive Bayesianism

Descriptive Bayesianism is the view that SC and DC are not merely norms—
which people might fail to satisfy by a wide margin—but are also acrually
obeyed by people, or at least that people behave cognitively as 7 their aim
was to obey these norms, by and large. “By and large” is an important qualifi-
cation. According to axiom 3.1, we should believe every logical falsehood to a
degree of 0 and every logical truth to a degree of 1, no matter how difficult it
may be for ordinary mortals to detect that they are logically false or logically
true.” No psychologist expects people to fully satisty this requirement or
regards a failure to satisfy the requirement as a token of irrationality. Similarly,
whereas item 2 of proposition 3.1 appears to require that if @ entails ¢, we
assign a probability to the latter at least as high as the probability we assign
to the former, this can translate to a requirement of rationality only with
the qualification that we be able to know, or perhaps even easily detect, the
holding of the entailment relation. Again, the same point could be made with
respect to item 3 of proposition 3.1: if we cannot reasonably be expected to
see the equivalence between two propositions, then we cannot reasonably be
criticized for assigning different probabilities to them.

That we are not logically omniscient does not exclude our being rational.
But assigning a probability of, for example, .7 to the possibility of rain tomor-
row and of .5 to the possibility of no rain tomorrow does betoken irrationality,
according to descriptive Bayesians. That thereby we are violating the axioms
of probability requires no logical omniscience or other superpowers on our

8. Decock, Douven, and Sznajder (2016) have proposed a demonstrably consistent
version of the Principle of Indifference, capitalizing on Girdenfors’s conceptual spaces ap-
proach (Girdenfors, 2000, 2014; Douven & Girdenfors, 2020). For all we presently know,
however, only certain families of concepts are representable in conceptual spaces. If so, the
aforementioned version of the Principle of Indifference has limited applicability.

9. Asamatter of fact, given that Bayesians usually understand the --relation as stronger
than logical entailment and as “incorporating all of contemporary mathematics” (Howson &
Urbach, 1993, p. 20) and correspondingly take L and T to designate not only logical but also
mathematical falsehoods and truths, a strict descriptive Bayesianism would require us to assign
probability o to all mathematical falsehoods and probability 1 to all mathematical truths, on
pain of irrationality, no matter if even the greatest mathematicians could not (yet) recognize
them as such.
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part. Similarly when it is, or should be, obvious to a person that ¢ entails
¥ and yet she believes the former to a higher degree than the latter, or if we
know that the equivalence of the two propositions is transparent to her but
she believes them to different degrees. Essentially the same point could be
made with respect to many other straightforward consequences of probability
theory. In other words, we can distinguish between interesting and uninterest-
ing failures to obey probability theory, and descriptive Bayesianism should be
thought of as the claim that the former are rare (even if the latter are rampant).

Psychologists have mustered a welter of evidence showing that people
do indeed tend to obey Bayesian norms, at least in certain tasks. Still the
most impressive piece of evidence to date stems from Mike Oaksford and
Nick Chater’s (1994) work on the previously mentioned Wason selection
task. Whereas Wason and other early psychologists of reasoning had thought
of this and similar tasks as deductive inference tasks, Oaksford and Chater
convincingly argued that they are better conceived as probabilistic inference
tasks. Specifically with respect to the selection task, these authors showed
that when thus conceived, the predominant response Wason and colleagues
had found was in fact the one we should expect to find if people followed
something close to an optimal Bayesian strategy for acquiring information.
The core idea is that people will tend to interpret the task before them as
one of discovering a statistical dependence between A cards and 2 cards, and
that by turning the A card and the 2 card in front of them, they are gaining
the most informative evidence regarding such a dependence; at least, that is
so given assumptions about people’s priors and about how best to measure
information gain, which Oaksford and Chater argue to be plausible in the
given task.'” Other frequently cited evidence apparently supporting descrip-
tive Bayesianism is found in later work by the same authors (e.g., Oaksford
& Chater, 1996, 2007; Chater & Oaksford, 1999) and in the work of Joshua
Tenenbaum and colleagues (e.g., Griffiths & Tenenbaum, 2006; Tenenbaum,
Griffiths, & Kemp, 2006; Gopnik & Tenenbaum, 2007; Tenenbaum et al.,
2011).

10. Itis to be noted, though, that results reported in Nickerson, Butler, and Barch (in
press) suggest that lack of motivation to engage with the materials and, more importantly still,
a tendency to misinterpret “If there is an A on one side of the card, then there is a 7 on the
other side” as “If there is an A on the visible side of the card, then there is a 7 on the hidden
side” (and similarly for similar statements) may also be part of the explanation of participants’
performance in typical selection-task experiments.
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However, these apparent successes merit two comments. First, although
there is the previously presented evidence showing that people at least in
certain tasks seem to follow Bayesian prescriptions, there are also well-docu-
mented violations of those same prescriptions. Among these is the so-called
conjunction fallacy (Kahneman, Slovic, & Tversky, 1982; Tversky & Kahne-
man, 1983), that is, the finding that people sometimes deem a conjunction
more probable than its least probable conjunct—which is a violation of item
3 of proposition 3.1 above, and an interesting one at that, inasmuch as we
generally have no difficulty recognizing that a conjunction entails its con-
juncts. However, it has been said (e.g., by Tversky and Kahneman themselves)
that this is a case in which people confuse a question about probability with
one about representativeness, or in which they mistake probability for the
related but different concept of confirmation (Tentori, Crupi, & Russo, 2013).
That would not make the fallacy any less fallacious—given that probability is
neither representativeness nor confirmation—but at least the fallacy would
no longer directly contradict descriptive Bayesianism. Similarly, researchers
have recorded order-effects on sequential probability judgments, effects that,
normatively speaking, should not occur (see Baratgin & Politzer, 2007, and
further discussion in this chapter). Here too, attempts have been made to
explain these effects in ways that render them compatible with descriptive
Bayesianism. I further mention the so-called central tendency effect, which
seems to show a general preference for middling values, including middling
degrees of belief (i.e., degrees of belief not too far from the midpoint of the
scale on which they are usually measured), which again can lead people to
hold degrees of belief that are not formally probabilities (Stevens, 1971). Again,
there may be a Bayesian explanation for this eftect (Douven, 2018). Perhaps
most problematic is the base rate fallacy (Bar-Hillel, 1980), which is famously
illustrated by the fact that people experiencing certain symptoms can panic if
an online search informs them that some dreadful disease is typically accompa-
nied by those symptoms, even if the prior probability for anyone contracting
that disease is vanishingly small. It shows that people have a tendency to equate
Pr(Disease | Symptoms) with Pr(Symptoms | Disease), in clear violation of
Bayes’s theorem, as stated in the previous section.

The second comment is that it is not always easy to distinguish experi-
mentally between descriptive Bayesianism and what one might more broadly
call “descriptive probabilism,” according to which degrees of belief are central
to our reasoning, where these degrees of belief also tend to be approximately
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representable as probabilities and where updates of our degrees of belief tend
to approximately proceed by Bayes’s rule (Over, 2009; Elqayam & Evans, 2013;
Elqayam, 2018). To understand why that matters, recall from the preceding
chapter that instances of EXPL could be said to be close to Bayes’s rule, cer-
tainly for small values of the explanation bonus that is attributed. In any
event, much of the evidence supposedly supporting descriptive Bayesianism
does not and was not intended to discriminate between descriptive Bayesian-
ism and descriptive probabilism. What is more, Oaksford and Chater (2013,
p- 374) explicitly admit that “it is unclear what are the rational probabilistic
constraints on dynamic inference,” where by “dynamic inference” they mean
updates of the kind that according to strict Bayesian norms are to be governed
by Bayes’s rule and related rules, such as Jeffrey conditionalization.

Evidence that people update their degrees of belief in ways inconsistent
with Bayes’s rule dates back at least to the 1960s and hence long predates the ad-
vent of the New Paradigm. Lawrence Phillips and Ward Edwards (1966) used
a new at the time experimental paradigm to show that people’s probability
estimates after the receipt of new evidence differed systematically from what
they should have been according to Bayes’s rule. In this paradigm, participants
are informed that one container (e.g., an urn or a bag) holds two different
types of objects (e.g., red chips / blue chips, or black balls / white balls) in one
specific ratio, and another container holds those same types of objects in a
different ratio. The participants are then shown a collection of objects sam-
pled randomly from one of the containers, without being told from which,
and are asked to estimate the probability that the sample comes from the first
container rather than from the second. That the estimates deviate reliably
from Bayesian updates has been replicated in numerous experiments since
(see, e.g., Edwards, 1968; Marks & Clarkson, 1972; Fischhoff & Lichtenstein,
1978; Schum & Martin, 1982).

These deviations from Bayes’s rule could have been, and perhaps were,
entirely unsystematic. In any event, none of the early experimental work ad-
dressing the descriptive adequacy of Bayesian updating probed the possibility
that people’s updates were influenced by explanatory considerations. Needless
to say, that possibility is of immediate interest to the topic of this book, and
we next look at work concerned with the possible connection between belief
updates and explanation.
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3.3 Explanation and Belief Change

The first psychologists to seriously look into the connection between updating
and explanation were Nancy Pennington and Reid Hastie in their influential
work on juror decision making (1988, 1992, 1993). This work showed the im-
portance of the order in which evidence is presented to jurors. Pennington and
Hastie’s participants were reliably more inclined to judge a defendant guilty
when the prosecutors presented their evidence in an order that facilitated
the mental construction of an explanatory story of how the crime unfolded.
These researchers also found evidence that how the different pieces of evidence
impacted their participants’ degrees of belief differed consistently from what
descriptive Bayesianism predicted.

Also closely related to a comparison between Bayesian and explanatory
reasoning, Bénédicte Bes et al. (2012) demonstrated that when participants
were given information about causal relations among three random variables,
alongside explicitly provided correlations among those variables, they based
their probability judgments on the causal information only, ignoring the
statistical information. Although they were not thereby violating Bayes’s
rule (which is not meant to cover the provision of statistical information,
as previously mentioned), they were violating the Principal Principle (see
previous discussion), which many Bayesians endorse.

According to Bes et al., the effect of the causal information on their par-
ticipants’ probability judgments is likely related to the extent to which the
participants could process that information into an explanatory story. It was
not part of these authors’ design to ask participants to judge the explanation
quality of the statements whose probabilities they were asked to estimate.
Such judgments could have been illuminating and might well have revealed a
strong correlation between their participants’ explanation-quality judgments
and their probability judgments.

That, at least, is suggested by the experimental results from work that
Jonah Schupbach and I documented in Douven and Schupbach (20152). In
that paper, we compared the descriptive adequacy of Bayesianism with the
descriptive adequacy of explanationism (see p. 20), that is, the claim that, in
updating their degrees of belief, people take into account their explanatory
judgments in a way not captured by Bayes’s rule. In particular, we were
interested in the following questions:



84 Chapter 3

1) How do Bayesianism and explanationism compare with regard to their
¥ 1% p g
descriptive adequacy? Do judgments of the explanatory goodness of hy-
potheses play an essential role in updating, in a way that is incompatible
with the Bayesian doctrine?

(2) If explanatory judgments are found to have such a role, do conditional
probabilities retain an important influence in updating alongside such
judgments?

(3) What sort of explanatory judgments in particular (if any) factor into
updating?

To answer these questions, Schupbach and I re-analyzed data from an experi-
ment first reported in Schupbach (2011), which used the “bookbags-and-poker-
chips” paradigm from Phillips and Edwards’s earliest studies on probabilistic
updating.

However, Schupbach’s experiment added a twist to that paradigm. Schup-
bach designed a sequential probabilistic updating task that allowed him to
measure the degree to which explanatory factors influenced the updating. He
interviewed the participants individually, showing them at the start two urns,
urn A and urn B, each of which contained forty balls. The participants were
also shown that urn A contained thirty black balls and ten white ones and that
urn B contained fifteen black balls and twenty-five white ones. This informa-
tion stayed available to the participants, in the form of a picture of the urns’
contents, during the whole interview. Then on the basis of the outcome of a
coin flip, one or the other urn was chosen, outside of the participants’ view,
after which ten balls were drawn, one by one, from the selected urn and were
lined up before the participants. The balls were drawn without replacement,
which was also clearly visible to the participants. The participants were asked
to answer three questions after each draw. In order, these were

(i) how well the hypothesis that urn A had been selected explained the
results from the drawings so far;
(i) how well the hypothesis that urn B had been selected explained those
results; and
(iif) how probable it was, in their opinion, that urn A had been selected, in
view of the results so far.

Participants had to answer the questions about explanatory goodness by mark-
ing a point on a continuous scale with anchors “extremely poor explanation”
and “extremely good explanation.”
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To analyze the responses, Douven and Schupbach (2015a) used mixed-
effects models, a type of statistical model briefly mentioned in chapter 1. Such
models are becoming increasingly popular in various areas of research, includ-
ing psychology (see, e.g., Baayen, 2008, ch. 7; Gelman & Hill, 2009; Zuur et
al., 2009). As discussed on page 11, mixed-eftects models allow you to focus
on the variance in the data in which you are interested, and filter out variance
in your data that results from random elements in your design. For instance,
the group of participants that you have is typically a random matter. Had
you run your experiment a day earlier or a day later, or had you offered to
pay your participants less or more, then presumably you would have had an
at least partly different group of participants, which in all likelihood would
have resulted in an at least partly different data set. Specifically with respect
to the research reported in Douven and Schupbach (2015a), it is reasonable
to think that judgments of explanatory goodness may relate to posteriors
difterently for different participants. Mixed-effects models allow one to take
such possible individual differences into account by treating participants as
so-called random effects.

In the main part of our analysis, Schupbach and I fitted a number of
mixed-effects models, each with the collected participants’ responses to the
third question as fixed effect and at least the objective conditional probabilities
as predictor variable. The models also had random intercepts and slopes for
participants. In a classical regression model there is exactly one intercept—
which predicts the outcome variable when all predictor variables are o (or, if
the variables have been scaled, at their mean)—and one slope, which predicts
how the outcome variable will change depending on changes in the predictor
variables. By contrast, in a mixed-effects model each random effect (partici-
pants, in Douven and Schupbach’s models) can have its own intercept and
slope.

Three of the mixed-eftects models reported in Douven and Schupbach
(20152) are of particular interest to us. In the first of these (model MMO, in
Douven & Schupbach, 2015a), objective conditional probabilities were the
only predictor. A second model further included both the collected responses
to the first question and the collected responses to the second question as
predictors (MMOAB). The third model of interest had next to objective
conditional probabilities the computed difference between the participants’
responses to the first question and their responses to the second question as
predictor (MMOD). Because including more predictors will in general lead
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Table 3.1: Model comparison results concerning the main models from Dou-

ven and Schupbach (2015a).

k LL AIC AAIC BIC ABIC
MMO 6 282.34 -552.68 82.37 -531.32 68.12
MMOAB 15 329.13 —628.26 6.79 -574.85 24.59
MMOD 10 327.53 -635.05 0.00 -599.44 0.00

Note: kisthe number of parameters and LL the log-likelihood. AAIC is the difference
in AIC value with the model with lowest AIC value, and analogously for ABIC.

to better model fit, these models were compared using criteria that penalize
for extra predictors, in particular the so-called Akaike information criterion
(AIC) and the Bayesian information criterion (BIC), which weigh (in slightly
different ways) model fit, as measured in terms of the log-likelihood of the
model (basically, how much variance remains unaccounted for by the model),
against model complexity, as measured in terms of the number of parameters
estimated in the model (such as the coefficients of the fixed effects in the
model and the variance of the residuals; see Akaike, 1973, and Schwarz, 1978;
for useful discussion, also see Burnham & Anderson, 2002, and Sober, 2002)."
Taking model complexity into account helps one reduce the risk of overfitting,
that is, fitting one’s model so tightly to the avazlable data that it generalizes
poorly to zew data (where generalization to new data is typically what one is
interested in). The results from the model comparisons are summarized in
table 3.1.

AIC values and BIC values are to be interpreted as penalties, meaning that
lower is better. Also, they make sense only comparatively, and then only for

1. It could be said that thereby AIC and BIC are a bit in the spirit of abduction. But
note that the idea of abduction is broader, in that it is not confined to statistical model selec-
tion. More importantly, there is no reason for explanationists to commit to an unpacking of
simplicity in terms of number of adjustable parameters or to the view that simplicity is the only
or dominant factor determining explanation quality. Finally, whereas AIC and BIC are often
presented as based on an analytical result, it is important to notice that this result depends
on a number of substantive assumptions. In particular, it is assumed that the distance of a
fitted model from the truth is to be measured by the Kullback-Leibler distance. As shown in
chapter 7, there are alternatives to that, and a key finding of that chapter suggests that which
distance to use may depend on the problem at hand. Accordingly, while to the best of my
knowledge this has not been investigated, there is a real possibility that, depending on context,
different information criteria, which weigh fit and complexity difterently, are appropriate.
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models that are fit to the same data, as is the case here. The AIC value of MMO
was more than 1o higher than those of the other models, which according
to Kenneth Burnham and David Anderson (2002) is to be interpreted as
indicating that the former model enjoys 70 support from the data, given the
availability of the other models. The pattern is the same for the BIC values.”

These model comparisons would seem alarming for advocates of descrip-
tive Bayesianism, who hold that Bayesian norms also achieve greater predictive
accuracy than competing norms. After all, again by the Principal Principle,
Schupbach’s participants after each draw should have set their degree of belief
that urn A had been selected equal to whatever the objective conditional
probability was that that urn had been selected, given all registered draws at
that point. Itis not just that this outcome failed to materialize. The bigger
problem is that whereas from a Bayesian perspective it should appear puzzling
that the participants’ judgments of explanatory goodness reliably helped to
predict their degrees of belief, by explanationists precisely this was predicted.
And from the perspective of anyone committed to the broad idea of abduc-
tion, there also should have been an impact of explanatory considerations on
people’s updates.

Thus, the answer to the first research question from Douven and Schup-
bach (2015a) is that explanationism is predictively more accurate than Bayesian-
ism and that judgments of explanatory goodness factor in people’s updates
in an essentially non-Bayesian way. At the same time, it is not as though
conditional probabilities played no role. To the contrary, as Schupbach and I
reported, conditional probability came out as highly significant in every model
that contained it as a predictor, answering our second research question in

12. Given that the argument is between explanationists and Bayesians, it is worth rerun-
ning the analysis using the machinery of Bayesian statistics. In Bayesian statistics, the currently
recommended criterion for model comparison is the so-called leave-one-out cross-validation
information criterion (LOOIC), which is, as with AIC and BIC, to be thought of as a penalty:
alower value indicates greater predictive accuracy. The Bayesian analysis showed that the equiv-
alent of model MMO has an LOOIC value of —607.3 and the equivalent of model MMOD has
an LOOIC value of —691.7. A Bayesian analysis also allows one to calculate weights for each of
the models, which can be interpreted as the probability that the given model will perform best
on new data, conditional on the supposition that the true model is among the ones considered
(Vehtari, Gelman, & Gabry, 2017). Performing the calculations for those models showed that,
in light of Douven and Schupbach’s data, the model with objective conditional probabilities
and difference in explanatory goodness as predictors has a weight of almost 9o percent, whereas
the “Bayesian” model, with only objective conditional probabilities as predictor, has a weight
of just over 10 percent.
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the positive. The answer to the final question is especially noteworthy. In
MMOD, the mixed-effects model with predictors (1) objective conditional
probabilities, and (2) difference in explanatory goodness between the hypoth-
esis that urn A had been selected and the hypothesis that urn B had been
selected, both predictors came out highly significant. Moreover, this was the
best model. So, the answer to the third question is that, to the extent that
explanatory considerations influence updating, the salient considerations will
be comparative, conveying the extent to which an explanatory hypothesis out-
performs its competitor(s). This is noteworthy because it is exactly what one
would expect to find supposing the descriptive adequacy of Bird’s suggestion,
mentioned in section 2.2.2, that in abductive reasoning we should heed not
only the quality of the best explanation but also how much better it is, qua
explanation, than the second-best explanation. We encounter more direct
support for that suggestion subsequently in this chapter.

Whereas the preceding corroborates the hypothesis that explanatory con-
siderations are at play when people update, at least in Schupbach’s experimen-
tal setting, it is consistent with everything said so far that how explanatory
considerations influence updating is unsystematic at least to the extent that
it cannot easily be conceived as the result of rule-following behavior, for in-
stance, of following something like EXPL. However, results from Douven
and Schupbach (2015b) suggest that people respond to the receipt of new
evidence at least somewhat as if they followed an update rule akin to EXPL.

In that paper, Schupbach and I used the objective probabilities from our
earlier study as well as some probabilistic measures of explanatory goodness
to compute, for each participant and each draw separately, the explanatory
goodness of both hypotheses at stake in the study (that urn A had been se-
lected, and that instead urn B had been selected). We then tried to predict
the participants’ updates again, now using objective conditional probabilities
and computed explanatory goodness of the two hypotheses as predictors.
So, we basically repeated the analysis summarized previously, but now using,
instead of the subjective judgments of explanatory goodness that had served as
predictors in the earlier analysis, the computed explanatory goodness values.

Adding the computed explanatory goodness values as predictors to the
model with only objective conditional probabilities yielded a significantly
better model. This was true in particular for two measures of explanatory
goodness, to wit, Karl Popper’s (1959) measure, according to which hypothe-
sis H’s power to explain evidence £ is given by
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Pr(E | H) - Pr(E)
Pr(E | H) + Pr(E)’

and I.J. Good’s (1960) measure, according to which H’s power to explain £
equals®

. (Pr(E | H))
Pr(E) |-

In other words, if only objective probabilities are available to help us predict
people’s updates, we can substantially improve on the Bayesian model by
making the objective probabilities do double duty and use them also as input
in Popper’s or Good’s measure of explanatory goodness. At least this is so in
the kind of updating context studied in Douven and Schupbach (2015a).

The results from Douven and Schupbach (2015b) serve further in the
book as inspiration for delving deeper into the normative aspects of the debate
between Bayesians and explanationists.

3.4 Just Noise?

We showed that there have been attempts to explain away previously known
violations of Bayesian norms. But together these form a rather heterogeneous
set of proposals. It is only very recently that authors have tried to explain those
violations in a unified manner, attributing all or at least a great number of
them to a cognitive mechanism we know to be active on independent grounds.
Specifically, Fintan Costello and Paul Watts (2016, 2018) have sought to explain
away deviations from Bayesian norms in terms of “noisy” sampling from mem-
ory. The deviations addressed by these authors were not directly related to the
updating of degrees of belief, but there is nothing in their approach per se to
suggest that it might not apply equally to registered deviations from Bayes’s
rule, such as those reported in the previous section. What would thereby
be achieved is zot that somehow what appear to be deviations fall into place
as being in accordance with Bayesian updating after all. Instead, although
there would still be evidence of a failure of descriptive Bayesianism, it would
be of an utterly boring kind, not really brought about by some influence of

13. Douven and Schupbach (2015b) in fact used a rescaled version of Good’s measure;
the mathematical details need not detain us here.
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explanatory considerations on reasoning but simply due to the well-recorded
fact that human memory is fallible. In other words, the violations would
still be real but of a kind that we should expect to observe even if people did
what they could to meet Bayesian standards. If so, then this would show that
descriptive Bayesianism can still be correct—to the extent that any theory
of rationality can be descriptively correct, given some long-known human
imperfections.

At the root of Costello and Watts’s work is the eminently plausible con-
tention that people make random errors in estimating probabilities, including
estimating conditional probabilities. For example, on their account we would
estimate the conditional probability that a student will pass a given exam on
the supposition that he or she studies hard by sampling from memory stu-
dents who worked hard for an exam and then counting among those the ones
who passed the exam. But this process is error-prone: our memories are not
tully dependable, and we may thus misremember a student who worked hard
but failed to have passed the exam, or the other way around; indeed, we may
even misremember a student to have worked hard for an exam. Costello and
Watts (2018, p. 9) make the general assumption that “events have some chance
d < o.5 of randomly being read incorrectly.” They demonstrate that for a
number of probabilistic identities, such errors tend to cancel out, whereas
for others they do not or even get compounded. They offer an abundance of
evidence for their hypothesis and show how that helps to explain a number of
well-known biases, including order effects in sequential probability judgments
and the conjunction fallacy.

The aim of Costello and Watts is not to show that, contrary to what the
mainstream believes, these and related biases are unproblematic. Rather, it
is to identify their source, namely, the noise present in the process by which
we determine probabilities. Thus, the claim is, the said biases do not refute
descriptive Bayesianism, given that this position is not committed to the
assumption that human memory is failsafe. Because “our reasoning processes
are necessarily subject to noise” (Costello & Watts, 2016, p. 131), any alternative
to descriptive Bayesianism faces the same problem that it can be accurate only
up to the biasing effects of sampling errors.
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As said, Costello and Watts do not consider deviations from Bayes’s rule."
But they are right to remark that their results present a challenge that goes
beyond non-Bayesian explanations of the biases that they did consider:

[R]andom noise in reasoning can cause systematic biases in people’s
responses even when people are using the rational reasoning processes
of standard frequentist probability estimation. To demonstrate con-
clusively that people are using heuristics, researchers must show that
observed biases cannot be explained as the result of systematic effects
caused by random noise. (Costello & Watts, 2016, p. 132)

Surely the same is true for attempts to explain biases by reference to mecha-
nisms other than heuristics, such as attempts to attribute the findings summa-
rized in the previous section to the influence of explanatory considerations
on people’s updating. Might that ostensible influence not also be in reality
attributable to estimation errors?

First, there are some a priori reasons to doubt that Douven and Schup-
bach’s results are due to the kind of sampling noise that figures in Costello
and Watts’ account. As said, that noise is supposed to arise from the fact that
we estimate probabilities, including conditional probabilities, by sampling
and counting from memory, and in that process sometimes make mistakes.
Although plausible in general, it is to be recalled that in the experiment re-
ported in Schupbach (2011), participants at all times had the drawings from
the urns with their contents in front of them and were allowed to consult
this memory aid as often as they wanted. At a minimum, their estimation
of conditional probabilities would seem to have carried a lesser risk of being
affected by noise than if these conditional probabilities had been the result of
sampling from memory.

Second, adopting Costello and Watts’s proposal to account for the devia-
tions from Bayes’s rule recorded by Douven and Schupbach would raise an
explanatory challenge. For then where would the predictive superiority of the
explanatory models come from? Given that in Costello and Watts’s model
the noise is supposed to be random, how could it moderate people’s prob-
ability judgments precisely in such a way that in Douven and Schupbach’s

14. That is, they do not consider deviations from what we are calling “Bayes’s rule.”
They do consider what they call “Bayes rule identities,” by which they mean the most direct
consequences of the definition of conditional probability, including (what we call) Bayes’s
theorem.
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analysis their explanatory judgments would come out as highly significant
predictors? There does not appear to be anything in Costello and Watts’s
model that could account for a close link between the (putative) random noise
at work in people’s probability estimates and those same people’s judgments
of explanatory goodness.

Raising a priori doubts about the applicability of Costello and Watts’s
proposal to the data at issue takes us only so far. After all, while it is un-
controversial that human memory is error prone, researchers have identified
various sources of noise in the nervous system that can have behavioral con-
sequences, including causing information processing slips (Faisal, Selen, &
Wolpert, 2008). So, random noise may corrupt the estimation of conditional
probabilities even if that estimation does not involve any sampling from mem-
ory. And for the Bayesian purpose of explaining away the seeming influence
of explanatory considerations, the exact provenance or nature of the noise is
immaterial. Indeed, while Costello and Watts’s assumption that the errors
they measured are due to memory glitches may be plausible, there is nothing
in their papers to exclude that those errors are not actually, wholly or partly,
of a different origin."

Thus, a better way to answer the question of whether Costello and Watts’s
model can account for Douven and Schupbach’s findings is to try to predict
the subjective updated probabilities reported by the latter authors, not by the
objective conditional probabilities (henceforth called O) but instead by the
“noisy” version of that predictor, transformed according to a formula given
by Costello and Watts.

To do so, we first define a function that takes Costello and Watts’s error
parameter 4 as input and outputs the transform of the predictor O, to be
designated as (O, d), for the given value of d. The function /" is based on
equation 17 in Costello and Watts (2018), according to which

_ (1-2d)Pr(p A y) +d(1 - 2d)(Pr(p) + Pr(y)) +d*
Priply) = (1 - 2d) Pr(y) +d ’

where Pr, (@ | #) is the noisy estimate of the probability of ¢ conditional on
¥,and d € [o,.5) is the noise parameter. Notice thatif 4 = o, indicating that
there is no noise at all, then Pr.(p | ¥) = Pr(@ A ¥)/ Pr(y) = Pr(p | ¥).

15. Nor would it matter to their overall conclusion. See the previous citation in this
section, in which they refer to random noise in reasoning in general.
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Figure 3.1: AIC values of the models with the same predictors as MMO,
MMOAB, and MMOD, respectively, except that O is replaced by £ (O, 4), for
d from o to 0.5 in steps of 0.005s.

We can then fit, for 4 from o to o.5 in increments of 0.005, mixed-effects
models like the ones specified in the previous section except that the new
models have the noisy objective conditional probabilities £ (O, &) rather than
the untransformed ones, O, as a predictor. If the deviations from Bayes’s rule
reported in Douven and Schupbach (2015a) are due to the interference of
noise in registering frequencies, in the manner of Costello and Watts, then we
should find that for some values of d the corresponding Bayesian model with

f(O,d) as its only predictor does best, and adding judgments of explanatory
goodness as predictors should not lead to any improvement.

Figure 3.1 shows the AIC values of all the fitted models. It is immediately
obvious that replacing O by (O, d), for any admissible value of , only leads
to worse fit and that in particular for no value of d does the Bayesian model—
or at least the model that does not take judgments of explanatory goodness
into account—come close, in terms of model quality as captured by AIC, to
the models that do take such judgments into account (whether directly or
indirectly via the difference in goodness between the two urn hypotheses).
Comparison in terms of BIC values leads to qualitatively identical results.
(See the Jupyter notebook for this chapter that is part of the Supplementary
Materials; see appendix E for instructions on use.)
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In short, not only is there a priori little reason to believe that Costello
and Watts’s proposal might also hold the key to understanding the deviations
from Bayesian updating to be found in the data from Douven and Schupbach
(20152), but there is also no support from the data.

3.5 Explanatory Reasoning and Accuracy

So far, we have looked at a re-analysis of the data from Schupbach’s (2011)
experiment. Those data were gathered in one-on-one interviews, and so the
number of participants was understandably limited (twenty-six, to be precise).
That was at least mildly concerning in itself, but furthermore, because each
participant had received a unique series of draws of balls from the selected urn,
it gave no reliable information about individual differences, notably, about
how widely the influence of explanatory factors on updating varied across
participants.

To that end, Douven and Schupbach (20152) conducted a follow-up
experiment. This experiment was conducted online and had 259 participants.
The participants were divided into four groups, and each group received a
different one of four series of draws that had been randomly chosen from
the twenty-six series that had occurred in Schupbach’s experiment. Just as in
that experiment, participants were informed that the balls would be drawn
without replacement from an urn that had been chosen from two urns—again
called “urn A” and “urn B”—on the basis of the flip of a fair coin. They were
also fully informed about the contents of each urn. They were then shown,
one at a time, the ten draws and asked, after each draw, to make the judgments
1, 2, and 3 as previously described (on p. 84).

Of Douven and Schupbach’s 259 participants, 206 remained after exclu-
sion of participants on the basis of a number of standard criteria (such as being
nonnative speakers of English), and 167 remained after further participants
were excluded for failing to answer some comprehension questions correctly.
We regressed the remaining participants’ degrees of belief that urn A had been
selected, first onto the objective probabilities that urn A had been selected,
and second onto those objective probabilities as well as the difference between
(1) the judged explanatory goodness of the hypothesis that urn A had been
selected and (2) the judged explanatory goodness of the hypothesis that urn B
had been selected. This led to results that were qualitatively identical to those
for the main experiment: the larger model vastly outperformed the “Bayesian”
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model with only objective probabilities as independent variable, and it did
so across all conventional measures of model fit. Most notably, the Bayesian
model had an AIC value of —1627.5 5 and the larger, “explanationist” model
had an AIC value of —2422.07. (Recall that for AIC values, lower is better.)
At several junctures it was already indicated that Bayesians tend to greatly
emphasize the importance of making updates minimally inaccurate. That
sounds reasonable enough: we want to have the sharpest picture of reality
possible, and our updating practices should help us obtain it. We go into
the details of the Bayesian inaccuracy-minimization argument in chapter 4
and will find it wanting. For now, all we need to know are two things. The
first is that Bayesians are really concerned with expected inaccuracy (i.c., the
inaccuracy that, from your current perspective, you expect to achieve by
updating), having left the question of actual inaccuracy entirely to the side.”®
The second is that the most popular measure of inaccuracy (according to
some Bayesians, the only correct one) is the so-called Brier score. We formally
define and discuss this scoring rule in chapter 5 and here mention only that
Brier scores are penalties and that hence lower Brier scores are better.
Douven and Schupbach were interested in evaluating the descriptive ade-
quacy of Bayesianism and explanationism; they were not concerned with the
issue of accuracy. However, in Douven (2016b) I brought their data to bear
on that issue, as follows. For each of the four series of draws used in Douven
and Schupbach’s follow-up experiment, it was known from which urn draws
had come in the experiment from Schupbach (2011), in which people were
interviewed individually. Specifically, three of the groups had received series
of draws that had come from urn B, and the remaining group had received
a series of draws from urn A. Consequently, for each of the participants in
the follow-up experiment I could calculate the Brier score incurred over the
ten draws. I could then run a separate regression analysis for each participant,
again with degrees of belief after each update as dependent variable and objec-
tive probabilities and difference in judged explanatory goodness between the
hypotheses as independent variables. The 2 weights (basically, standardized
regression coeflicients) for the independent variables thereby obtained can
be interpreted as the relative weights a participant assigns to probability and
explanation in determining their new degree of belief after seeing the outcome
of a draw. Finally, I checked how these weights related to how accurate, in

16. Briggs and Pettigrew (2020) is an exception, but see chapter 4, footnote 17.
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terms of Brier penalties, the given participant was. The question I thus sought
to answer was whether taking into account explanatory considerations enables
people to achieve greater accuracy, or whether it has an opposite eftect, or
whether there is no relation at all.

To determine the relationship between, on one hand, the weights that the
participants gave to probability and to explanation and, on the other, the total
Brier score that they incurred, I fitted a number of additional linear models,
which had as dependent variable the total Brier scores of each participant
and as independent variables one or both of these participants’ 4 weights for
probability and the 2 weights for explanation that resulted from the individual
regression analyses mentioned previously. It turned out that the model with
both the 4 weights for probability and those for explanation as independent
variables topped the others in terms of all model comparison criteria. In that
model, the slope for the probability variable was —1.91 and the slope for the
explanation variable —2.38 (the regression results were all highly significant;
see Douven, 2016Db, for statistical details). This means that both variables had
alowering (i.e., improving) effect on Brier scores. Specifically, the best model
indicates that, keeping the weight for probability fixed, every extra unit of
weight given to explanation (as measured in standard deviations) lowered the
total Brier score by over two points on average. The effect of attending to
objective probabilities in the model was although similarly directed somewhat
smaller. So, supposing that objective probabilities are available, it is certainly
a good idea to attend to them, in line with what normative Bayesians would
recommend. However, the more crucial finding of the analysis from Douven
(2016b) was that contrary to what those Bayesians would recommend, it is an
even better idea to attend at the same time to explanatory considerations, as
doing so is likely to further increase the accuracy of one’s degrees of belief.

3.6 Good-Enough and Second-Best Explanations

In the foregoing, we have concentrated on experimental results bearing on
probabilistic versions of abduction, such as EXPL. Such versions also take the
limelight in subsequent chapters. It is nevertheless worth briefly discussing
experimental work in which Patricia Mirabile and I addressed a number of
questions more directly having to do with categorical versions of abduction
(Douven & Mirabile, 2018). We were especially (although not exclusively) in-
terested in the descriptive adequacy of ABD2, proposed by Musgrave and Lip-
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ton, which emphasized the need for the best explanation to be good enough,
and of Bird’s proposed amendment of that version, which adds that the best
explanation should be considerably better than its closest competitor. Specifi-
cally, we focused on the following research questions:

(1) Is the quality of an explanation a good predictor of people’s willingness
to accept that explanation, and is there a threshold effect in that an
explanation’s quality must be above a certain threshold for people to
accept it?

(2) Given a potential explanation of some phenomenon, does it make any
difference, in regard to the perceived quality of that explanation and
in regard to people’s willingness to accept it, whether or not a second
explanation is introduced (and if so, why)?

(3) Given two rival explanations of some phenomenon, does the magni-
tude of their difference in quality make a difference to people’s willing-
ness to accept the better of the two?

We conducted three experiments that together were designed to answer these
questions.

All three experiments drew on a fixed set of six basic scenarios, each of
which presented a fact accompanied by one (in the first experiment) or two (in
the second and third experiments) explanations of that fact. These explana-
tions could vary in quality; where two explanations appeared, the explanations
could vary in quality independently of each other. Participants were asked
whether they accepted one of the explanations, how likely they thought the
explanations were, and how good they were, qua explanations. In the third
experiment, they were also asked, for each scenario separately, how confident
they were in their judgment about the acceptability of the explanation.

Across three experiments, we found evidence that the quality of an expla-
nation is a good predictor of people’s willingness to accept that explanation.'”
There was also clear evidence of a threshold effect, supporting the descriptive
adequacy of Lipton’s proposal. Thus, the answer to the first of the preceding
questions is yes. Interestingly, the first two experiments also showed that

17. Basically for the reasons mentioned in footnote 12 in this chapter, we ran both
frequentist and Bayesian analyses for all experiments. The results of the frequentist and the
Bayesian analysis were always in line with each other. See Douven and Mirabile (2018) for
details.
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although an explanation’s probability was a good predictor of willingness to
agree with the explanation, it was as such inferior to explanation quality.

It was further found that it matters for people’s willingness to infer the
truth of an explanation whether that explanation appears alone or side by side
with a competitor, although it does 7oz aftect how they perceive the quality
of the explanation, thus answering the first part of research question 2 in the
negative and the second part in the positive.18 The same results showed that
the quality of the competitor matters to people’s willingness to infer the truth
of the other explanation: if an explanation was presented together with a
competitor that was about as good, participants tended to be significantly less
inclined to infer the truth of the former, whereas the effect of introducing a
competitor tended to be smaller when that competitor was clearly inferior.
That is a yes to the third of the research questions.

The data from Experiment 3 in Douven and Mirabile (2018), specifically
participants’ answers to the questions about their confidence in their own
acceptability judgments, offered a good insight into exactly why the presence
and quality of a second candidate explanation matter to people’s willingness
to infer to the best explanation. It could have been that those factors had
somehow influenced people’s perception of the quality of the alternative ex-
planation. Contrast effects have long been known in perception research—a
color can look brighter in the presence of a second, less bright color than the
first color looks on its own, to mention a famous example—but more recently
these effects have been shown to occur also in the cognitive domain and in
particular to affect people’s standards of judgment. For instance, it has been
found that whether a consumer product is judged to be desirable may depend
on which other products a potential buyer is attending to (Shoots-Reinhard et
al,, 2014). The dampening effect that the presentation of a second explanation
had could have been due to something similar: confronted with a second
possible explanation, people might no longer have found the first explanation

18. Tenney, Cleary, and Spellman’s (2009) work on the notion of being beyond reason-
able doubt in the context of criminal law already gave some reason to expect these results. In an
experiment, these authors found that the introduction of an additional suspect by the defense
in a (fictional) murder case significantly lowered their participants’ preparedness to find the
target suspect guilty beyond reasonable doubt. While Tenney and colleagues do not relate
their results to explanatory reasoning, it is natural to think of the introduction of the second
suspect as offering an alternative explanation for the events described in the case.
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so compelling, which could explain why they were less inclined in that case to
infer to that first explanation.

As previously mentioned, however, it was found that the perception of
the quality of the explanations was largely unaffected by the presence of an
alternative alongside them. Instead, the alternative lowered people’s incli-
nation to infer to the other explanation, at least when the alternative was
about equally good or not much worse, because that undermined people’s
confidence in the inference.” The said dampening effect thus appeared to be
akin to a seemingly unrelated result reported by Ruth Horry and Neil Brewer
(2016). These authors found that when participants were briefly shown a face
and then asked to identify that face in a set of faces shown simultaneously, the
confidence in their choice correlated negatively with the degree of similarity
between the target face and whichever other face in the set was most similar
to it.

It should probably have been unsurprising that we found something sim-
ilar in our experiment: given two explanations competing for bestness, the
more similar in quality they are, the less confident people become in their judg-
ment of which is best and the more hesitant they become to infer the truth
of that explanation. After all, it was noted earlier that explanation quality is
supposed to depend on such factors as simplicity, scope, and coherence with
background knowledge. And each of those factors carries some vagueness
with it. So, explanation quality being somewhat vague, it is easily understand-
able that people may feel that their verdicts concerning the relative quality
of explanations are not entirely reliable whenever they are confronted with
explanations similar in quality. This explains an empirical finding, but at the
same time it provides a rationale for Bird’s proposal: explanatory bestness
being somewhat vague, a judgment to the effect that this or that explanation
tops the others will not always be reliable, especially not if we are confronted
with two or more explanations that are close in terms of quality. Then it
would seem reasonable to refrain from inferring to the best explanation, or at
a minimum from having much confidence in the conclusion.

19. As, following Ackerman and Thompson (2015, 2017, 2018; also Thompson, Prowse
Turner, & Pennycook, 2011), we could more exactly say: it undermined their metacognitive
confidence, that is, their confidence in (parts of) their own cognitive functioning, in this case
their ability to draw the right conclusion based on explanatory considerations.
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3.7 Should Philosophers Care?

This chapter has reported several empirical studies related to abduction—
for the most part, probabilistic versions thereof. These studies have all been
published in psychology journals and fit into the more general trend in those
journals of an increasing number of papers devoted to explanation. And
there is certainly more empirical work to be done. As Douven and Schupbach
(20152) remark, it is a limitation of their study that the hypotheses and contexts
that they examined were quite simple and artificially stochastic in nature
and that their materials did not, for instance, provide any causal-mechanical
details describing how the explanandum came about. That means that the
explanatory judgments that their participants gave have inevitably been of a
rather shallow sort. They thus call for follow-up research using less artificial,
explanatorily richer contexts. Douven and Mirabile (2018) used precisely such
contexts, but they looked at categorical versions of abduction only and also
did not study sequential updating.

Is there any reason for philosophers to be interested in the work reported
in the foregoing, or in what follow-up research may bring? No doubt some
will shrug their shoulders, declaring that because there is no inference from
“is” to “ought,” there is no reason for philosophers, who are not empirical
scientists and should be concerned only with normative matters, to even look
at any of the empirical data relating to abduction. Yet I believe that many
philosophers will be interested, although their reasons may vary.

First, I mentioned the growing enthusiasm for empirically informed phi-
losophy, which seems to be largely fueled by a concern that analytic philosophy
is at the risk of devolving into the study of Alice and Bob. You know, Alice
and Bob, who are constantly wondering whether they really saw Carl or rather
his evil twin Dave—or was it their friend Eve in disguise? (Eve loves practical
jokes; just the other day, she dressed as a painted mule.) And on it goes, until
Zachary enters the picture, at which point we are all supposed to have the
feeling that we are onto something deep. Thinking up such little stories can
be tremendous fun and can sometimes also lead to real insights, but it can
also be unsatisfactory in the long run, if only because we often just kzow that
soon someone will come up with a different story, possibly starring Alfie and
Beatrice, that undermines whatever lessons we thought could be learned from
Alice and Bob. Thus people began to look for more solid starting points in
philosophy, out of which grew empirically informed philosophy, its aim being
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to replace the intuitions that Alice-and-Bob stories were supposed to elicit
with hard data about what laypeople, not indoctrinated by years in graduate
school, thought was reasonable to say under various circumstances.

Engaging in empirically informed philosophy usually meant one of two
things: sifting through the psychology journals, hunting for results that could
be related to this or that philosophical dispute; or getting one’s own hands
dirty, by conducting experiments, typically ones that asked for ordinary peo-
ple’s verdicts about cases that philosophers had strong opinions about (like
Gettier cases or the kind of cases figuring in the skepticism debate). This ap-
proach has led to quite a bit of bad news for philosophers lately, in that there
appeared to be surprisingly little support among nonphilosophers, for claims
that philosophers had variably designated as intuitive, pretheoretically obvi-
ous, natural to say, or using similar expressions meant to signal that a claim
does not stand in need of any serious argumentative backing (e.g., Machery et
al., 2004; Weinberg et al., 2010).

Not all philosophers agree that these findings should be taken seriously
(see, e.g., Williamson, 2007, 2018). However that may be, it is certainly fortu-
nate to have some good news for a change, in that with regard to abduction,
the empirical results are in line with ideas that philosophers had put forward
as being intuitively correct. This is true for Bird’s as well as Lipton’s proposals,
both of which concerned a categorical version of abduction, but also for the
idea that explanatory considerations are central to how we update our graded
beliefs. Naturally, however, this will still give limited reason to rejoice if you
deem, as some do, the said philosophical proposals completely wrongheaded.

This brings me to another reason why I expect at least some philosophers
to be interested in the data discussed in this chapter. Even if there is no infer-
ence from the descriptive to the normative, it is still true that few philosophers
relish attributing massive error to the folk; indeed, it has been argued that
we should do so only if all else fails (Wilson, 1959; see also the quote from
Lewis, 1986, on p. s8). Still, attributing massive error is what we must do,
given what we examined in this chapter; at least, it is what we must do if the
mainstream is right and abduction is to be repudiated as irrational. There may
be considerable evidence that people sometimes behave like Bayesian agents,
but there is also considerable evidence that sometimes they do not and that at
least sometimes when they do not, the reason is that their belief changes are
guided by perceived explanatory goodness. This puts some pressure on the
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mainstream to rethink its stance vis-a-vis abduction and revisit its arguments
against abduction.

To be sure, there may be no way to escape those arguments. But in the
following I argue that that is just not so. As a matter of fact, I want to show
that the way in which those arguments fail is anything but subtle or otherwise
hard to grasp—which may raise the question of why they are so widely taken
for granted. On my analysis, these arguments use a kind of diversionary
tactic not unlike the old magician’s technique that makes the audience look
here so that it will not pay attention to the real action (dumping a pack of
cards, smothering a rabbit, stitching together a female assistent, . . . ) that
is going on there; specifically, these arguments make us focus so strongly on
potential costs of explanatory reasoning that they make us forget to ask about
potential benefits. This is not to suggest that the diversion was surreptitiously
planned by the authors who came up with these arguments. It may simply
be an unintended side effect of the arguments’ fairly technical nature, which
may have created a kind of collective blindspot.>* Be this as it may, that we
should finally start attending to abductive reasoning’s advantages is a recurring
message in the next chapters.

20. See the literature on attentional blindness (e.g., Chabris & Simons, 2010) for an
explanation of how that may come about.
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Facing the Challenges

While according to some, abduction is the cornerstone of scientific methodol-
ogy, critics have argued that if abduction is at variance with Bayes’s rule, then,
like any other such rule, it s to be rejected as leading to irrational belief updates.
For many years, the standard argument for this claim has been the previously
mentioned dynamic Dutch book argument, which purports to show that
updating by any rule other than Bayes’s makes one liable to sure financial
losses. However, Bayesians have increasingly come to regard their erstwhile
favored argument as addressing the wrong issue, to wit, whether it is rational
from a practical rather than an epistemic viewpoint to deviate from Bayes’s
rule. This has led some theorists to pursue a different strategy in defense of
Bayes’s rule, a strategy that is purported to offer a distinctively epistemic argu-
ment in support of that rule, spelled out in terms of inaccuracy minimization.
Roughly, the argument is that by updating via any non-Bayesian rule, one’s
degrees of belief are not as accurate as they would have been had one updated
via Bayes’s rule.

In this chapter, I begin with showing that neither of the aforesaid ar-
guments succeeds. The first part of the chapter argues that while current
developments in mainstream epistemology may help to deflect some of the
criticism that the dynamic Dutch book argument has met, the argument
fails nonetheless because it rests on unfounded (and unstated) premises. The
second part focuses on the inaccuracy-minimization defense of Bayes’s rule,
arguing that there appear to be several equally legitimate ways to interpret the
notion of inaccuracy minimization and using computer simulations to show
that under some of them it may be abduction rather than Bayes’s rule that
does best with regard to inaccuracy minimization. Chapters 6 and 7 greatly
expand on the latter finding.
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4.1 The Dynamic Dutch Book Argument Revisited

According to Bayesians, an agent is rational exactly if, first, at any given mo-
ment her degrees of belief obey the probability axioms—this was the content
of SC discussed in section 3.2.1—and second, as she acquires new evidence, she
changes her degrees of belief in accordance with Bayes’s rule, which was the
content of DC discussed in the same section. As before, where Pr is defined
to be a probability function representing a given agent’s belief system at a
certain point in time, Prg represents the belief system that results from Pr
upon learning £ and nothing stronger. We can thus write Bayes’s rule for

belief change

(41) Pry(H) = Pi(H | E)
with
(4.2) Pr(H | E) = Pr(H)%

It was pointed out that (4.2) is a form of Bayes’s theorem, which follows from
the Kolmogorovian ratio definition of conditional probability. By contrast,
(4.1) does not follow from probability theory, which merely constrains what
beliefs can be rationally held at one and the same time and is silent on change
of belief.

For many decades, the Ramsey—de Finetti Dutch book argument has been
viewed as key to the Bayesian account of rationality. We saw in chapter 3 that
according to this argument we are susceptible to Dutch books—collections of
bets ensuring a negative net pay-off come what may—precisely if our degrees
of belief violate the axioms of probability. From this, Ramsey and de Finetti
concluded that rational degrees of belief are formally probabilities.

Hacking (1967) may have been the first to observe that the Ramsey—de
Finetti argument in fact does nothing to justify Bayes’s rule. However, a few
years after the publication of Hacking’s paper, Paul Teller (1973) reported a
Dutch book argument—which he attributed to Lewis—aimed at justifying
Bayes’s rule as the only rational update rule.! This dynamic Dutch book
argument (as it is now called) purports to show that if a person updates by
some rule other than Bayes’s, she can be offered a series of bets at different

1. The source of the argument reported by Teller was later published as Lewis (1999).
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Table 4.1: Results of updating three bias hypotheses on two consecutive heads
via EXPL and, in parentheses, Bayes’s rule.

H, H, H, Next toss heads

Initial probabilities .33 .33 .33 .50
First tossheads .00 (.00) .30(.33) .70(.67) .85(.83)
Second toss heads .00 (.00) .16(.20) .84(.80) .92 (.90)

points in time such that each bet will seem fair at the time it is offered and
yet jointly the bets guarantee a financial loss. What is worse, the argument
continues, the person could have seen this loss coming. This vulnerability to
“dynamic” Dutch books has convinced many that non-Bayesian updating is a
mark of irrationality.

Van Fraassen (1989, ch. 6) gives a particularly lucid presentation of the dy-
namic Dutch argument that specifically targets abduction. His presentation
makes use of a specific statistical model and, although not explicitly stated,
models probabilistic abduction in terms of the rule we labeled “EXPL,” which,
as explained, first updates on incoming evidence via Bayes’s rule, then adds
an explanation bonus (.1, in van Fraassen’s argument) to the best-explaining
hypothesis, and finally renormalizes.

There is considerable leeway in defining explanatory bestness. Simplifying
van Fraassen’s presentation somewhat, we look at EXPL in the context of
a coin-tossing model, the hypotheses of interest all pertaining to possible
biases of the coin. (For brevity of notation, and unless indicated otherwise,
from here on I use the label “EXPL” to designate the instance that assigns
a bonus of .1 to best explanations.) We also follow van Fraassen in taking a
bias hypothesis to be the best explanation of the available evidence at a given
time (the outcomes of the tosses until that time) if that bias was closest to the
actually observed frequency of heads in the evidence.

Consider three hypotheses concerning the bias of a given coin C:

H,: C has perfect bias for tails.
H,: C isfair.
H,: C has perfect bias for heads.

The three hypotheses are assumed to be jointly exhaustive and to have equal
initial probability. We now start flipping our coin and update our probabilities
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as the first and second toss both come up heads. Table 4.1 gives the results
when we update by means of EXPL and by means of Bayes’s rule (Bayes’s rule
updates are given in parentheses). If the dynamic Dutch book argument is
correct, then it must be that a Dutch book can be made against anyone who
updates her beliefs by means of EXPL. That seems to be the case indeed.

Suppose a bookie approaches you and offers to make bets on the following
hypotheses concerning tosses of C, of which you know it is either fair or has a
perfect bias either for heads or for tails:

A: The first two tosses will land heads.
B: The third toss will land tails.

The bookie offers two bets:

I pays $240 if A is false.
IT pays $3,000 if 4 A B is true.

The expected values (initial probability times pay-off) of these bets are $140
and $125, respectively. The bookie is happy to sell the bets at these prices and
you are happy to buy them, at a total cost of $26s.

Now suppose that at least one of the first two tosses does 7ot come up
heads. Then you have won bet I but lost bet II, which means that you receive
$240 but nevertheless suffer a total loss of $25 (given that you payed $ 265 for
the bets). That, it would seem, is all in the game. However, suppose the first
two tosses do come up heads. Then you have lost bet I but may still win bet
II. However, before the coin is tossed a third time, the bookie approaches
you again and now instead of proposing to sell any bets proposes to buy the
following bet from you:

III pays $3,000 if B is true.

If we assume that you update by EXPL, your probability that B will come
true is now .08, as shown in table 4.1. So you will agree to sell III for the price
of $240. However, whatever further may happen, you have now lost money.
If the third toss does land tails, you receive $3000 but have to pay the same
amount; in the other case, you do not have to pay anything but will also not
receive anything. Regardless, you have spent $265 on the bets you bought
and only made $240 from selling bet III, meaning that whether 4 does or
does not come true, you are bound to lose $25. Were you to use Bayes’s rule
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instead, nothing of this kind could happen. Using that rule you would in our
example have assigned a probability of .1 to B had the first two tosses come up
heads. Thus not $240 but $300 would have seemed a fair price to ask for III,
in which case you would have had a gain of $35 (and in which case presumably
no bookie would have proposed to buy III).

The foregoing argument is open to a number of immediate objections.
For example, the betting concept of probability (see ch. 3, footnote 3), on
which all Dutch book arguments ultimately rest, may be deemed psychologi-
cally unrealistic (see, e.g., Williamson, 1998). Perhaps even more unrealistic is
the fact that the bookie is assumed to know not only your current probabilities
but also your update rule. That is unrealistic because, typically, we ourselves
do not exactly know how we update our belief states. Most importantly, it
may be held against this argument that a loss in one respect can be outweighed
by a benefit in another respect; the zet effect of non-Bayesian updating could
thus be positive, no matter the costs that also come with it. That is a main
point to be argued for further on.

But note that all these objections grant (what is sometimes called) the
dynamic Dutch book theorem—which asserts that updating by a probabilistic
version of abduction such as EXPL or by any other non-Bayesian rule makes
one susceptible to a dynamic Dutch book—and target the dynamic Dutch
book argument—which infers from the theorem that non-Bayesian updating
is irrational. Patrick Maher’s (1992) is one of the few attempts to refute the
former. He argues that if the bettor in the dynamic Dutch book argument
looks ahead, she can see the sure loss coming and so will decline to bet. In
terms of the above example, already when the bookie offers you bets I and
II, you can calculate that, should the first two tosses indeed come up heads,
you will prefer to sell back the bet on B to the bookie and thus be guaranteed
to lose. This situation is easily avoided: simply do not buy bets I and II in
the first place. We just noted that even if updating by some rule other than
Bayes’s should entail costs, it does not follow that non-Bayesian updating
is irrational; it might have advantages that outweigh the costs. However, it
seems that Maher’s “look-before-you-leap principle” (as Earman, 1992, p. 49,
calls it) opens up the possibility of non-Bayesian updating at no cost at all.

Unfortunately, as Brian Skyrms (1993b) points out, Maher’s argument
hinges crucially on the assumption that if (again in terms of our example) you
refuse to buy the first two bets, the bookie will not propose to buy III, and
this need not be so. If the assumption is dropped and the expected pay-off of
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selling ITIT but not buying I and IT is calculated, you will find that, although
this time there is no sure loss, the expected loss is the same as when the first
bets are bought. In fact, if the bookie should add some premium, however
minute, for each transaction made, buying these bets will be preferable to
only selling ITI.

Mabher (1993) acknowledges Skyrms’s point of critique and concludes
from it that the dynamic Dutch book theorem is correct after all. As I argued
in Douven (1999), however, Maher may be conceding too fast here, for there
appears to be a strategy, building on the principle he proposed, that does
offer the possibility of non-Bayesian updating free of charge. The basic idea
underlying this strategy is that the advice to look before you leap can be made
into a precise method for calculating the initial probability of a proposition
that corresponds to, or is symmetrical with, the process of updating that we
enter at the moment the evidence relevant to the truth of that proposition
comes in. As subsequently shown, had you looked ahead in this sense, you
would not have accepted the previously described initial bets I and II—not
because you would have seen that in combination they make you vulnerable
to a Dutch book even though separately they seem fair, but simply because
the bets would 7oz have seemed fair. The strategy comprises three parts.

We previously saw that, on a Bayesian model of learning, our present be-
liefs constrain the acquisition of new beliefs through equation (4.1). The first
part of my proposal is to keep this on board but to take seriously a suggestion
by Ramsey concerning how we arrive at (nontrivial) conditional probabilities,
a suggestion that makes those probabilities depend on updating, specifically,
on hypothetical updating. Ramsey (1929), in a famous footnote, suggests
that to determine our probability of H conditional on £, we run through
all the following in “simulation mode”: (1) add £ to our stock of beliefs; (2)
make minimal adjustments to preserve consistency of our beliefs (if neces-
sary); and (3) determine in that new belief state how probable we deem H.
Various authors have argued that this procedure actually captures the notion
of conditional probability better than the ratio definition does (see, e.g., Edg-
ington, 1995). The simulation procedure has also been shown to be more
descriptively adequate than the latter (Zhao, Shah, & Osherson, 2009). The
proposal is now to bring your actual and hypothetical, or “pretend,” updating
practices into harmony. That will make your prior conditional probabilities
reflect whichever update rule you actually happen to use. More exactly, the
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non-Bayesian should, on this proposal, adhere to the following:
(4.3) Prp(H) = Pr(H | E) =

with the definition of the preferred rule (in the case of our example, EXPL)
replacing the ellipsis.*

It may not be immediately clear how this could affect the problem the
non-Bayesian faces, for conditional probabilities apparently had no part in
the situation that led to the Dutch book presented previously. However, that
applies only under a particular assumption. The Dutch book in this chapter
was closely modeled on van Fraassen’s more elaborate example. This included
the way the initial probabilities of 4 and 4 A B were calculated. In particular,
it was assumed that to calculate initial probabilities of 7 successive heads for a
model with 2 bias hypotheses, one can use what is often called “the special
multiplication rule”:

(SMR) Pr(E, A+ AL, anr ) Pr(E; | Hy).
ZIJI

Provided that the Ejs are conditionally independent given each ;, SMR is
an admissible way to calculate initial probabilities. A more general method,
which does not assume conditional independence, is

(GM) Pr(E,A---ANE,) =

( ]_[ i Pr(H; | ExA+AE;) Pr(E; | H))).

j=2 i=1

ZPr VPr(E, | H))

Note that if the hypotheses and evidence statements are of the sort we consid-
ered in the dynamic Dutch book argument, the antecedents and consequents
of all the conditional probabilities of any hypothesis /; given one or more of
the £js are explanatorily dependent—the hypotheses are explanatorily relevant
to the evidence statements—or so we assumed for the sake of van Fraassen’s
argument.

Appendix A shows the following:

2. Note that this would also allow explanationists to appropriate the Bayesian definition
of confirmation (see section 3.2.1) and thus obliterates the need to come up with a definition
of their own, for instance, in the manner of Conee and Feldman (2004, 2008), which has
appeared to be problematic (Byerly, 2013).
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Theorem 4.x Where H,,...,H, is a set of mutually exclusive and jointly
exhaustive hypotheses such that Pr(H;) > o, for all i, and E,,. .. , E,, are inde-
pendent conditional on H;, for all i, then SMR and GM are equivalent methods
for computing initial probabilities if, and only if; the conditional probabilities
in GM are calculated according to Bayes’s theorem.

The second part of the strategy of Douven (1999) consists of the recommen-
dation that in this kind of case, non-Bayesian updaters (e.g., EXPL updaters)
use the more general method.

To illustrate the difference and also to show how the strategy helps you
avoid the Dutch book, note that applying SMR in our example to compute
the probability of 4 amounts to computing

Pr(H;) Pr(first toss heads | H;) Pr(second toss heads | H;) =

I I I I I _ i -
G« () () (G) + G = %~
By contrast, using GM while attending to (4.3) yields the following probability
for A:

~,
Il W
-

3
Z Pr(H;) Pr(first toss heads | [—L))

=1

3
X ( Z Pr(H; | first toss heads) Pr(second toss heads | H,)) =

I I\ /1 I 3\ (I 7
((;)<°>+(;)(;)+(;)<1>) X(<°><°>+(;)(;)+(;)<I>) = 425
Thus, had you followed the strategy recommended here, you would 7o have
been willing to pay $240 for a bet on A4 being false and indeed would have
been guarded against dynamic Dutch books quite generally.

To see why this is so, consider that what the bookie in the foregoing
example exploits is that your initial odds for 4 A B to.4 A =B predictably
diverge from what your odds for 4 A B to A A =B will become if the first
two tosses should land heads. This divergence can arise because if the first

tosses indeed land heads, you will twice endow A with a bonus, which is
not accounted for when you calculate the initial probabilities of 4 A B and
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—4. Because you already kzow that H, will get two bonuses under the given
circumstances, an obvious idea is that, to ensure that the divergence cannot
arise, you do account for these bonuses when you calculate initial probabilities.
However, the method of calculating initial probabilities employed in the
example leaves no room for that. In contrast, because using GM to calculate
Pr(E, A - -+ A E,) in a model with 7 hypotheses requires calculating each
Pr(H; | E; A -+ A Ej), this procedure, when combined with (4.3), lets us
take account of anything we take account of when we actually update on
E,,...,E,_,, should these obtain. As per Ramsey’s suggestion, it is as if in
calculating in this method the initial probability of a proposition, stating the
occurrence of 7 events, we go through a process of updating hypothetically,
“pushed into the fantasy” that we come to know, one after the other, the
first # — 1 events that will occur if the proposition is true. In this process,
each of the conditional probabilities, including those with consequents that
possibly explain their antecedents, obtains exactly the value its consequent
will unconditionally get if its antecedent should come true. That way, the
bonuses get accounted for quite automatically, and the divergence the bookie
exploited is avoided from the start.?

We have now seen how the non-Bayesian can avoid dynamic Dutch book
vulnerability. The story cannot end here, however. The reason is that as de
Finetti (1937, p. 68 ff) has shown, you will be vulnerable to a szatic Dutch
book unless your degrees of belief satisfy, for all ¢ and ¢, the following double

equation:

(4.4) Pr(pAy) = Pr(p)Pr(y | @) = Pr(y)Pr(p | ¢).

3. You may have noticed that I tacitly assume that the bettor will come to know the
data in the order she expects. Of course this assumption may be false. In cases in which it
is, “hypothetical” and “real” updating may still fail to match. Because non-Bayesian update
rules are not generally permutation invariant, it can happen that when £, ... , E; all turn out
to be true but the bettor learns about their truth in an order other than she had expected,
her posterior probability for /' does not equal her initial probability for / conditional on
E; A -+ A Ej,. Such a divergence would be innocuous, however. To construct a dynamic
Dutch book the divergence must be predictable, and in a case of the kind considered, that
requirement is not fulfilled. (If the bookie were to know that the data will come in some
particular order different from the one the bettor expects, he can predict the divergence; but
then again, not even full-blooded Bayesians are safe from bookies who know more than they
do.) Shafer (1985) shows in a general fashion that dynamic Dutch book constructions are
themselves based on assumptions concerning the order in which the data relevant to the bets
will (or is expected to) be revealed.
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As is readily verified, in our account the non-Bayesian will zor generally sat-
isfy (4.4); for instance, for a proponent of EXPL who follows the advice given
above it does not hold that

Pr(H,) Pr(first toss heads | ;) =
Pr(first toss heads) Pr(#; | first toss heads),

where A, is our earlier hypothesis that asserts coin C to have perfect bias for
heads. As a result, it might seem that the recommended strategy merely trades
one problem for another.

As argued in Douven (1999), however, is actually trades a problem that
Mabher’s look-before-you-leap principle cannot handle for one it can handle.
Commenting on Maher’s argument against the dynamic Dutch book theo-
rem, Earman (1992, p. 49) writes: “In essence, the decision-theoretic message
is to look before you leap. Such advice is just as valid in the synchronic set-
ting as in the diachronic or multitemporal setting.” This was written before
Skyrms had shown that, although possibly valid, the advice to look before
you leap was unhelpful in the diachronic case. However, in the synchronic
case it is clearly unproblematic: simply check, whenever you want to make
a bet, that it does not lead to a sure loss in combination with bets already
made. Quite evidently, if a bettor follows this principle, no static Dutch book
can be made against her. Perhaps it is not so simple to follow the advice in
practice, but because it may not be too difficult for the non-Bayesian to see
under what circumstances problems could arise (for instance, the EXPL user
must pay extra attention when joint bets are proposed on propositions that
are explanatorily dependent or when a bet is proposed on a proposition that
is explanatorily related to a proposition on which she already has a bet), it
seems reasonable to suppose that more workable principles are available. So,
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the final part of the strategy proposed in Douven (1999) consists of Maher’s
look-before-you-leap principle or some similar principle.*

It merits stressing that in that paper I did 7oz claim that coherent non-
Bayesian updating cannot be achieved by other means than the strategy pre-
sented previously, nor that that strategy is necessarily the best—nor even that
rationality requires coherent updating. Rather, the point of that paper was
to show that the property of coherence pertains not to update rules in isola-
tion but to packages of both epistemic and decision-theoretic principles; that
an update rule that in combination with certain principles leads to Dutch
book vulnerability need not do so when combined with other principles;
and that this is enough to undermine van Fraassen’s main argument against

abduction.®

4. Inresponding to the proposal as presented in Douven (1999), Tregear (2004) objected
that the look-before-you-leap principle, when applied not only to betting but to forming
judgments, would lead to cognitive paralysis in that an agent would then never make any
judgments about any of her beliefs unless she were willing to risk ending up in an inconsistent
state of mind. Writes Tregear (2004, pp. s13—514): “The conditions under which judgements
of fairness are not to be made are just those conditions where the set of beliefs lead into a
Dutch Book. These conditions are recognised by assessing the set of beliefs and determining
whether they lead into a Dutch Book. Thus, in order to decide whether a set of beliefs is
inconsistent, the beliefs must be judged.” However, as I said in the main text, the situations in
which a Dutch book looms for the advocate of a rule like EXPL have a generic characterization
(roughly, as those in which a bet is proposed on a proposition that is explanatorily connected to
some other proposition or propositions on which one has bet). Correspondingly, it is possible
to “assess” a set of beliefs in order to avoid a possible inconsistency in one’s belief state without
having to determine degrees of belief in each of the separate beliefs. As a result, the proposed
method for avoiding inconsistencies does not have to lead to a total cognitive paralysis.

5. Roche and Sober (2013) have sought to buttress the conclusion of van Fraassen’s
dynamic Dutch book argument by arguing that explanatory considerations cannot provide
the kind of probabilistic boost that they are supposed to provide according to explanationists.
Specifically, they argue that the evidence E for a hypothesis / screens off from A any fact F¥
about explanatory connections between £ and H, meaning that Pr(H | E A F) = Pr(H | E).
It should be noted, however, that their argument for this claim proceeds from start to end on
Bayesian assumptions. If giving bonuses to best explanations makes no sense from a Bayesian
perspective, why should that bother explanationists? It should also be noted that, in view of
(4-3), there may be no reading of Pr(H | E A F) and Pr(H | E) that is neutral in the present
debate (see also McCain & Poston, 2014; Climenhaga, 2017a; Lange, 2017).

6. Some might want to note at this juncture that van Fraassen has given an argument
for the claim that explanatory considerations cannot have any positive epistemic import that is
more general than the argument of the bad lot and the dynamic Dutch book argument. The
more general argument starts from the premise that it is part of the meaning of “explanation”
that if one theory is more explanatory than another, it must be more informative than the other.
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More than twenty years after that paper, it seems to me that I was too
accommodating to the Bayesian back then. For instance, Maher’s look-before-
you-leap principle is meant to be compatible with the Bayesian principle
that rational decisions maximize expected utility. I no longer believe such
compatibility is required. One could, for instance, think of it as a default—
interventionist principle (to borrow a term from Evans, 2007b), according
to which expected utility maximization is the default but can, under circum-
stances (e.g., in the face of a looming Dutch book), be overridden. In fact,
in view of the literature on ecological rationality that inspired some of the
subsequent chapters, it is even doubtful that expected utility maximization
should be assumed the default. As Herbert Simon (1982) has argued, in reality
people not only zend to be “satisficers” rather than maximizers, they should
be, in view of limitations on their working memory and attentional resources.
And building on Simon’s insights, Rakefet Ackerman and colleagues pro-
pose that a choice is rational for a given agent in a given context to the extent
that it facilitates achievement of the agent’s goals within the computational
constraints posed by the combination of agent and context (Ackerman et al.,
2020).

Be this as it may, the question of whether a response to the dynamic
Dutch book argument along the foregoing lines might be able to convince
Bayesians has lost some of its interest, because most of them have become

Further, according to van Fraassen (1989, p. 192), it is “an elementary logical point that a more
informative theory cannot be more likely to be true” so that “attempts to describe inductive or
evidential support through features that require information (such as ‘Inference to the Best
Explanation’) must either contradict themselves or equivocate.” The elementary logical point,
he claims, is “most [obvious] . . . in the paradigm case in which one theory is an extension
of another: clearly the extension has more ways of being false” (1985, p. 280). However, the
problem with this argument is that in any other kind of case the “elementary” point is not
obvious at all. In particular, it is not obvious in those cases in which we are confronted with
empirically equivalent rivals. For instance, it is entirely unclear in what sense the Special
Theory of Relativity “has more ways of being false” than Lorentz’s version of the ether theory
(which as previously stated is inconsistent with, yet demonstrably empirically equivalent to,
the Special Theory of Relativity). Yet, it seems that the Special Theory of Relativity is superior,
qua explanation, to Lorentz’s theory. If van Fraassen were to object that the former is not
really more informative than the latter, or at any rate not more informative in the appropriate
sense, whatever that is, then we should certainly refuse to grant the premise that in order to be
more explanatory a theory must be more informative. See also Leeds (1994) for an excellent
discussion of van Fraassen’s general argument against explanatoriness as a confirmational
virtue.
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wary of that argument, and indeed of Dutch book arguments generally, on
unrelated grounds. In particular, the view has spread in Bayesian quarters that
the argument addresses the wrong kind of rationality. When we are concerned
with the rationality of degrees of belief as well as with the rationality of how
we change our degrees of belief over time, we are concerned with questions
of epistemic rather than practical rationality. Given that being vulnerable to
cunning bookies seems primarily a practical liability, the Dutch book argu-
ments have been said to be beside the point (Joyce, 1998). In response to this,
some have claimed that Dutch book vulnerability does flag an underlying
epistemic defect: it is a manifestation of the fact that a person deems a single
bet or series of bets as both fair and not fair and thus is in an inconsistent
state of mind.” Note, however, that even if this claim is true for the (static)
Ramsey—de Finetti argument, the point does not carry over to the dynamic
Dutch book argument. An agent may be susceptible to engage in the kind of
betting over time that figures in that argument without at any one time hold-
ing inconsistent views on the fairness of any bets. Naturally, after a learning
event she may regard a bet as unfair that previously she regarded as fair, but
the same would have been true had she been a Bayesian learner.

But even if the dynamic Dutch book argument is all about pragmatic
rationality, thatin itself need not be a reason to abandon it. More specifically, it
seems to me that Bayesians could try to get some mileage out of the pragmatic
turn that a number of epistemologists have recently been taking (see, e.g.,
Fantl & McGrath, 2009; Rinard, 2017). The epistemic status of a belief has
traditionally been thought to depend solely on matters that bear on the truth
of the belief, such as the quality of one’s evidence or whether or not one is
reliably connected to what the belief is about. But over the past years, various
authors have argued that the epistemic status of a belief is inextricably bound
up with the believer’s practical situation, in particular, with what is at stake
for her in believing correctly or incorrectly. Bayesians wishing to maintain the
integrity of the Dutch book defense may not want to buy into any particular
one of the arguments that have been advanced in favor of this “pragmatic
encroachment view,” as it has been called. However, it may suffice for them
to argue that the mere prominence in current epistemology of the debate on
pragmatic encroachment is enough to call into question the existence of the
clear-cut divide between the epistemic and the pragmatic that the critics of

7. This point is to be found in Skyrms (1987).
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the Dutch book arguments are presupposing. The reason is that, it may be
said, if there were such a clear-cut divide, contributions to this debate should
have gone down like lead balloons. And, Bayesians may conclude, if there is
no such divide, then little is left of the charge that Dutch book arguments
address the wrong type of rationality.®

Be this as it may, there is a deeper problem with the dynamic Dutch
book argument, one that remains even if the pragmatic encroachment view is
endorsed and even if the strategy for avoiding Dutch bookability described
previously is, for some reason I happen to overlook, to be rejected. In essence,
the argument is that updating by means of a non-Bayesian rule can cost you
money that would stay in your pocket if you updated by Bayes’s rule. But note
that many things cost money. By dining out you can, and typically will, lose
money, and in a foreseeable manner: waiters tend to present you with a bill not
long after you have finished your meal. Still, that the loss can be prevented by
fixing your own dinner at home is not a compelling argument against dining
out; if all goes well, you get something in return that is worth the expense.
More concretely, Dutch book invulnerability is only one among, in principle,
an indefinite number of practical interests that people may have. What if
EXPL or some other non-Bayesian rule serves other practical interests better
than Bayes’s rule? Could the Bayesian in that case still maintain that, in view
of the dynamic Dutch book argument, Bayes’s rule is the only rational update
rule? Surely there exist practical goals whose achievement would more than
make up for running the risk of being fleeced by a Dutch bookie—especially
in view of the fact that Dutch bookies exist only as fictional characters in
philosophers’ tales!

From here on, one of the main themes is that abduction has practical
advantages over Bayes’s rule—not only practical advantages, in fact, but these
are the ones we start with—and that it is a major oversight of Bayesians to
focus strictly on what the costs of non-Bayesian updating may be and never
to ask whether those costs could be worth incurring, given what one may get
in return.

8. They might also want to point out that, next to a possible conceptual connection
between the epistemic and the practical, there is a rather mundane connection, to wit, that the
kind of epistemic projects that one can pursue depends on all sorts of practicalities. Whether I
am in the position to pursue any research projects at all depends on how well I can organize
my life, on whether I can secure a living as a researcher, on the degree to which I 'succeed in
protecting my research time, and so on.
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4.2 Abductive Reasoning and Practical Interests

When comparing Bayes’s rule with one or more probabilistic explications
of abduction, I will typically do so in the kind of statistical model that van
Fraassen used in his presentation of the dynamic Dutch book argument. In
particular, it will be supposed that an agent or agents are receiving binomial
data (i.e., independent and identically distributed binary data), the data com-
ing in one at a time and the agent’s or agents’ task being to estimate the
probability of “success” (e.g., the probability that the patient survives, or that
the treatment is effective, or that the coin lands heads). For present purposes,
let the data consist of the outcomes of tosses with the same coin, where it is
antecedently known that the bias of the coin (for concreteness, the probabil-
ity of heads) can take eleven possible values, ranging from o (certain to land
tails) to 1 (certain to land heads), in increments of .1. A priori, none of these
values is more likely to be the true bias than any other, so before any tosses
have been observed, it is reasonable to be no more confident that the bias
takes one particular value than that it takes another. In other words, where
H; is the hypothesis that the bias for heads equals 710, we are looking at the
set of hypotheses {H,},<;<,o, with each of those having initially the same
probability of /1.

For now, I limit myself to a comparison between Bayes’s rule and EXPL
(meaning, again, the ¢ = o.1 instance of the schema labeled as such in ch. 2);
subsequent comparisons include other probabilistic explications of abduc-
tion. Suppose then that a Bayesian and an EXPL user are watching the same
sequence of coin tosses to which the previously mentioned model pertains.
In particular, both have started with a flat probability distribution over the
eleven bias hypotheses. Then they start updating their probabilities for these
hypotheses via their respective rules as they see the sequence unfold. It has
been said that a proposition “is assertable to the extent that it has high sub-
jective probability for its assertor” (Jackson, 1979, p. 565).% If so, we may ask
who—the Bayesian or the EXPL user—is more likely to first be in a position

9. More recent work on assertion suggests that this can be only approximately correct
(see, e.g., Williamson, 2000, ch. 1r; Douven, 2006, 2009; Goldberg, 2015; Kelp, 2016), but
while some of that more recent work holds that assertion requires certainty and not just high
probability, empirical evidence indicates that that requirement is too strong (Kneer, 2018, 2021
Reuter & Brossel, 2018; Marsili & Wiegmann, 2021).
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to assert the truth about the bias of the coin, supposing the sequence is long
enough for both eventually to be in that position.

To answer this question, I ran computer simulations of sequences of coin
tosses that were long enough for both the Bayesian and the EXPL user to
assign a high probability to the true bias hypothesis. “High probability” is a
vague term, which I somewhat arbitrarily precisified as a probability greater
than .9."° More exactly, for each bias hypothesis I ran 1,000 sequences of s00
(simulated) tosses of a coin with the bias as specified by the hypothesis, letting
the Bayesian and the EXPL user update their probabilities for the various bias
hypotheses and registering who was first in assigning a probability greater than
the threshold value of .9 to the true hypothesis (called “convergence” here). I
was also interested in who was the first to szably assign to the truth a probability
above that threshold, that is, who was first in assigning a probability to the
truth above .9 and staying above .9 for the remaining tosses in the sequence
of 500 tosses (“stable convergence”). The results are graphically summarized
by the plots shown in figure 4.1."

This figure needs a little explanation. The individual plots (i.e., the twenty
colored lines) are density plots, which can be interpreted as showing the rela-
tive likelihood that the first time a probability above the threshold is assigned
(in the left panel of the figure) or is stably assigned (in the right panel) to a
hypothesis occurs at a given toss. For instance, in the left panel the orange
line for Bayes’s rule peaks at about 100 and the orange line for EXPL peaks at
about 90, both peaks being quite pronounced. This indicates that in the vast
majority of the simulations with a coin with bias .2, the Bayesian converged
after observing about 100 tosses, whereas in the vast majority of the same sim-
ulations, the EXPL user converged after observing about 9o tosses. Looking

10. I'say that this specification of the threshold for high probability is somewhat arbitrary
because .9 is often mentioned in the literature as a threshold for acceptability; see, for instance,
Kaplan (1981, p. 308), Moser and Tlumak (198s, p. 128), and Kyburg (1990, p. 64). Relatedly,
it has been recommended by legal scholars (e.g., Kagehiro & Stanton, 1985) as an explication
of the notion of being beyond reasonable doubt, which is supposed to be a criterion for a
conviction in the practice of criminal law. Note that one could also try other arguably more
sophisticated “stopping rules” here; see, for instance, Kruschke (2013a).

1. Results for biases from .6 to .9 are not displayed in figure 4.1 because they are the
mirror images (barring random noise) of the results shown—as they should be, given thata
bias of p for heads is equivalent to a bias of 1 — p for tails. For the extreme biases, convergence
and stable convergence happen at a fixed toss: for a coin that always comes up heads, Bayes’s
rule assigns a probability to the truth that is above the threshold after 23 tosses, EXPL after 14
tosses. Obviously, convergence and stable convergence coincide in the extreme cases.
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Figure 4.1: Paired density plots showing speed of convergence to the truth
(left) and speed of stable convergence to the truth (2ght) for Bayes’s rule and
EXPL, for biases from .1 to .5. The x-axes show probability densities, and the
y-axes show toss numbers.

in this way at the rest of the results, we see that for both convergence or at
stable convergence, the peak (officially known as “the mode of the distribu-
tion”) for EXPL lies typically quite a bit lower than the peak for Bayes’s rule.
More exactly, in a series of Mann—Whitney U tests comparing for each bias
hypothesis the convergence results from Bayes’s rule with those from EXPL,
the latter rule each time came out as significantly faster (all ps < .0oo1) with
the exception of the test for the bias = .1 hypothesis, in which there was no
significant difference. Exactly the same outcome was obtained for the stable
convergence results.

If this sounds unremarkable, imagine that the hypotheses concern some
scientifically interesting quantity—such as the success rate of a medical treat-
ment or the probability of depressive relapse—rather than the bias of a coin,
and the tosses are observations or experiments aimed at determining that
quantity. Which researcher would not want to use an update rule that in-
creases her chances of being in a position to make public a scientific theory or
a new medical treatment ahead of the (Bayesian) competition?

However, there is a possible downside to the apparent success of EXPL.
The reason why the EXPL user so often beats the Bayesian in these simulations
in assigning a high probability to the truth is that she is, in a clear sense, bolder
in her responses to new information because she adds a bonus to the best
explanation. It does not take much to see that this feature also makes the
EXPL user more prone to assign a high probability to some false hypothesis:
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a row of consecutive tosses producing a subsequence in which the relative
frequency of heads starkly deviates from the probability for heads is more
likely to push the EXPL user’s probability for some false bias hypothesis
over the .9 threshold than it is the more cautious Bayesian’s. In other words,
EXPL’s greater speed can come at the expense of accuracy, so that even if
EXPL may put one more rapidly in a position to assert truths, it may also put
one more rapidly in a position that licenses the assertion of falsehoods.

To make this more formal, note that we can associate with each EXPL
update a probability that the explanation bonus in its entirety is assigned
to a false hypothesis and that this probability can be considerable. Suppose,
for instance, that in our present model a coin that has, unbeknownst to the
updater, an actual bias of .5 (so a fair coin) is tossed ten times. Then the
probability that after the tenth toss EXPL will assign the bonus to the z7ue
bias hypothesis is the probability that there will be exactly five heads in the
ten tosses, which can be calculated to be approximately .25. Consequently,
the probability that after ten tosses a false hypothesis receives the bonus is
about .7s.

This probability goes down as the coin is tossed more often, and it is also
lower for more heavily biased coins (whether toward heads or toward tails).
For example, if the bias were .2 (equivalently, .8) and we were to consider the
possibility that the bonus gets assigned to a false hypothesis after the 1ooth
toss, the probability of that actually happening would be about .17; for the
,000th toss, it is smaller than .ooor. More generally, the probability of a
wrong assignment goes to o (regardless of the bias of the coin) as the number
of tosses taken into consideration goes to infinity." But if we are interested in
which rule should be used, not by idealized agents but by us ordinary mortals,
then such limit behavior carries little significance.

12. To be entirely exact, we first note that the normal distribution gives a good approxi-
mation to the binomial distribution provided both 7p > 10 and n(1 - p) > 10, where p is
the success probability (the bias) and # the number of trials (tosses, in our case). Excluding
the extreme bias hypotheses (always heads, always tails), these conditions are satisfied for even
moderately large numbers of tosses. Then the probability that the bonus is assigned to a false
hypothesis after 7 tosses of a coin with bias p (where o < p < 1) is approximately

I—erf(ﬁ~/ " ),
V2 Np-p*

. . . . X _pr .
where erf is the error function, which is defined: erf(x) = 2/4/7 /O ¢ dr. The given expres-
sion can be shown to converge to o as # tends to infinity.
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Consider, then, an arguably fairer comparison between EXPL and Bayes’s
rule. A magician has a set of eleven coins in his pocket: one coin with a perfect
bias for heads, one with a bias of .1 for heads, one with a bias of .2 for heads, and
so on. He entices a Bayesian and an EXPL user into playing a game against one
another. In this game, the magician picks one of the coins and starts tossing it,
showing each outcome to the two players. A player scores a point by raising
her hand and asserting the truth about the bias of the coin. However, if the
player gets the bias wrong, the point goes to the other player. If both players
raise their hands after the same update and both are right about the bias, they
both receive a point; if they are both wrong, neither receives a point; if one is
right and the other wrong, the former receives two points. Once a player has
asserted a bias hypothesis—whether correctly or incorrectly—the magician
puts the coin back into his pocket and again picks a (not necessarily different)
coin. Then everything starts all over. This procedure is repeated 100 times,
after which the player with the highest score is declared the winner. Note that
this game seems to treat the possible advantages and disadvantages of EXPL
updating in an evenhanded manner: because of her boldness, the EXPL user
might often be first to identify the truth, but by the same token she might
earn quite a few points for her opponent. Who is more likely to win the game,
the EXPL user or the Bayesian? Or are their chances of winning equal?

To answer these questions, I ran 1,000 simulations of the game. In these
simulations, the EXPL user 2/ways won and typically did so by a wide margin.
To be more exact, the mean of the differences between the EXPL user’s score
and the Bayesian’s score was 27 (+ 9); the smallest difference between the two
players’ score at the end of a game was s, and the greatest was s2.

This is not meant to demonstrate the superiority of EXPL. Sets of trick
coins of the variety required for playing this game are hardly more common
than Dutch bookies. Moreover, nothing said here excludes the possibility
that there are circumstances under which Bayesian updating offers practical
advantages more consequential than Dutch book invulnerability. Instead,
the point is to draw attention to a hidden assumption in the Dutch book
approach, to wit, that Dutch book invulnerability trumps all other practical
goals we may have. Absent an argument for this assumption, the Dutch book
approach does not pose a threat to EXPL or any other probabilistic explication
of abduction, even granting that the pragmatic pervades the epistemic.
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4.3 Abduction and Our Epistemic Goal

The relation between the pragmatic and the epistemic is immaterial to an ap-
proach to justifying Bayes’s rule and more generally the tenets of Bayesianism
that has emerged over the past twenty years or so. Various theorists, discon-
certed by the apparently pragmatic focus of the Dutch book arguments, have
sought to justify the Bayesian tenets in (supposedly) strictly epistemic terms.
Specifically, they have sought to show that those tenets are most conducive to
the achievement of our epistemic goal, as spelled out for graded beliefs.

This development owes much to Joyce (1998), in which a first attempt
is made to formulate an epistemic goal in terms of graded beliefs and which
argues that for every degrees-of-belief function that violates the probability ax-
ioms, there is a degrees-of-belief function that obeys those axioms and is closer
to the epistemic goal. Joyce thought that this vindicated the synchronic part
of Bayesianism, according to which degrees of belief ought to be probabilities,
though in Joyce (2009) he admits that the earlier argument was not airtight.
For present purposes, however, what matters is mostly Joyce’s conception of
our epistemic goal as pertaining to graded beliefs.

Among mainstream epistemologists, who tend to be concerned first and
foremost with categorical beliefs, it is almost universally held that our epis-
temic goal is to believe all that is true and only what is true (see, e.g., Lehrer,
1974, p. 202; BonJour, 1985, p. 8; Foley, 1993, p. 19). Until recently, there was
no equally clear conception of an epistemic goal in terms of graded beliefs.
This changed when Joyce proposed an epistemic goal for graded beliefs that
was explicitly meant to be analogous to the aforementioned epistemic goal
for categorical beliefs. The proposal is that our system of degrees of belief
ought to be gradationally accurate, and in fact as gradationally accurate as
any other system of degrees of belief that we might adopt. The notion of
gradational accuracy is defined in technical terms, in particular in terms of
so-called scoring rules, briefly mentioned in section 3.5 and discussed in detail
in the next chapter. But the basic intuition underlying it is clear enough, to
wit, that the higher one’s degree of belief in a true proposition is, the more
accurate one is, ceteris paribus, and also the lower one’s degree of belief in a
false proposition is, the more accurate one is, ceteris paribus.

In the same vein, Hannes Leitgeb and Richard Pettigrew (20104, 2010b)
have tried to give a nonpragmatic justification not only of the synchronic part
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of Bayesianism but also of its diachronic part, that is, of Bayes’s rule.” They
share Joyce’s view of our epistemic goal, which they put as follows (2010a,

p- 202):

Accuracy: An epistemic agent ought to approximate the truth. In other
words, she ought to minimize her inaccuracy.

Also like Joyce, Leitgeb and Pettigrew make the notion of accuracy precise
by reference to scoring rules. They then argue that Bayesian updating min-
imizes expected inaccuracy. More exactly, they argue that if, and only if,
an agent updates via Bayes’s rule, she minimizes the expected inaccuracy of
her post-update probability function, where the expectation is minimal ac-
cording to her pre-update probability function (Leitgeb & Pettigrew, 2010b,
pp- 249-250)."

What Leitgeb and Pettigrew aim to show for Bayes’s rule is in an impor-
tant respect disanalogous with what Joyce aims to show for the synchronic
part of Bayesianism. While Joyce argues that an agent whose degrees of belief
are not probabilities fails to minimize actual inaccuracy, Leitgeb and Petti-
grew argue that an agent who updates by a rule other than Bayes’s fails to
minimize expected inaccuracy. Nothing that they say precludes the possibility
that some non-Bayesian rule outperforms Bayes’s rule with respect to actual
inaccuracy minimization. More importantly, Leitgeb and Pettigrew are con-
cerned only with the inaccuracy of the immediate post-update belief state.
But an equally—if not more—legitimate question one may ask about update
rules is which of them will lead to the most accurate belief state 7z the long
run. Indeed, given that the epistemic goal for graded beliefs is supposed to be
analogous to the epistemic goal as discussed by mainstream epistemologists,
the long-run question is the more natural one to ask. After all, in mainstream
epistemology the epistemic goal is mostly conceived as an u/timate goal to
which all our epistemic endeavors are geared and in light of which they are to
be assessed.”s

13. For similar attempts at vindicating Bayes’s rule, see Rosenkrantz (1992) and Greaves
and Wallace (2006).

14. To be still more specific about the expectation: it is the weighted average, taken over
all worlds w that the agent deems epistemically possible before the update, of the inaccuracies
of the post-update probability function if w were the actual world, with the pre-update
probabilities for the worlds w serving as weights.

15. See, for instance, Latus (2000, p. 29), who writes that in asking what our epistemic
goal is “we are interested in what we want the overall result of our various ways of ‘finding
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To see just how unconnected the two are, let us for a moment set aside
the idealizations commonly made in discussion about updating and note that,
in science, we rarely just happen across useful data. Typically, we must actively
search for data, and in the many areas of science that rely on experimentation
even produce our data. Because our time is limited, as is our funding, we
constantly have to make decisions as to which instruments (telescopes, micro-
scopes, etc.) to construct, which expeditions to undertake, which experiments
to run, and so on. Such decisions will be informed by which hypotheses we
deem most promising. Had we deemed hypothesis /' promising, and had we
wanted to compare that with the hypothesis currently dominant in our field,
we might have run a different set of experiments from those that we actually
did, given that in fact we deemed /'’ more promising than / and were mainly
interested in comparing A’ with the received doctrine. Which hypothesis or
hypotheses that we deem most promising and most worthy of spending our
limited resources on, will at least in part depend on how probable they appear
to us, compared with their most direct rivals. If, for example, a Bayesian up-
date makes A/ more probable than /’, whereas the opposite will be the case
if we update via some non-Bayesian update rule, then our decision to use one
of these rules may put us on a very different research path with very different
downstream consequences from the path encountered if we had decided to
use the other rule. Which of these paths will eventually lead us to the more
accurate representation of the world will have nothing to do with which of
the rules minimizes expected inaccuracy of the piece of evidence now lying
before us.

The general problem for the inaccuracy-minimization approach to which
this points is that Accuracy permits a number of different interpretations.
For instance, it can be interpreted as demanding that every single update
minimize expected inaccuracy, as Leitgeb and Pettigrew do, or that every
update minimize actual inaccuracy, or that every update be aimed at realizing
the long-term project of coming to a minimally inaccurate representation
of the world, even if individual updates do not always minimize inaccuracy

out’...tobe.” Goldman (2010, section 2) also argues that (what he calls) epistemic systems
are to be evaluated in terms of their accuracy, which he phrases in terms of degrees of truth-
possession, which in turn is defined by reference to a scoring rule. However, he is very clear
that what he has in mind is long-term accuracy: “Epistemic system E is better than epistemic
system E* iff conformity to £ would produce (in the long run) a higher total amount of degrees
of truth-possession than conformity to £* would produce” (p. 194).
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or expected inaccuracy. This is problematic because none of these can oft-
hand be rejected as not a legitimate epistemic goal, and that it is by no means
obvious that if rule R is most conducive to the realization of one goal and rule
R’ is most conducive to the realization of a second, then R = R’, or that at
least the rules are equivalent in that they always yield the same output, given
the same input.

In fact, there is not just the question of whether the goal of inaccuracy
minimization is meant to pertain (only) to the “next update” or is rather meant
to be a long-term project. Even if we assume that it is conceived as a long-term
project, there are still further distinctions that can be made. One notable
distinction concerns whether we should aim to have a minimally inaccurate
probability function in the long run, however far in the future that may be,
or whether it is better to have a moderately accurate probability function in
the shorter run. Itis certainly imaginable that, for purely epistemic reasons,
one might opt for the latter, supposing that there is a choice to be made. We
are, after all, curious about the truth (Hempel, 1965, p. 333; Foley, 1987, p. 11),
and curiosity typically comes with a sense of urgency. As a result, we might
prefer an update rule that is more likely to take us fairly close to the truth in a
reasonably short time span over one that is more likely to take us extremely
close to the truth in the long run but less likely to take us even fairly close to

the truth in, for example, the medium-long run.®"7

16. Douven (2010, section 4) makes a parallel point in terms of the qualitative notion of
truth approximation for update procedures that take into account peer opinions.

r7. Briggs and Pettigrew (2020) present an inaccuracy-minimization argument assuming
that we aim to be maximally accurate over a lifetime. They do not argue for this assumption
nor say how it relates to the discussion of our epistemic goal in traditional epistemology (which
Joyce took as a starting point). On its face, the assumption is implausible, if only because,
realistically speaking, it would make sense to sacrifice some accuracy along the way for the
benefit of having a highly accurate belief state in the somewhat longer run. See, for instance,
Galison (1997) on how scientists with partly different backgrounds (e.g., theoretical physicists
and engineers) must sometimes be willing to settle on a kind of common language (a pidgin,
as Galison’s refers to it) in order to be able to communicate at all, even though the language
allows none of the collaborators to be, by their own lights, entirely accurate. All the while, the
ultimate goal of the collaborative effort is that the accuracy of our representation of this or that
part of the world be enhanced. Those of us who are educators will be familiar with a similar
phenomenon. In explaining to freshmen concepts or theories or standpoints that are new to
them, there is sometimes no other route to a first understanding than to cut some corners, skip
some details, and omit some qualifications, all for the good of #/timately achieving an exact
understanding of those concepts, theories, or standpoints some time later in the curriculum.
More generally, note that at a minimum it is not a priori that aiming to be as accurate as
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We could go on for some time disambiguating Accuracy in this way, if
only because speed and accuracy of convergence to the truth can be traded
off in an indefinite number of ways. However, our aim here is not to cata-
log all reasonable precisifications of Accuracy but rather to show that the
inaccuracy-minimization argument poses no real threat to abduction. Leitgeb
and Pettigrew argue that Bayesian updating minimizes the expected inaccu-
racy of our next belief state relative to our current belief state and thus may
be said to be most conducive to one particular epistemic goal. Even granting
this, it does little to undermine abduction as long as it is understood that
abduction (or a particular explication of it) is most conducive to some other
epistemic goal or goals, where possibly the different epistemic goals can both
(or all) be regarded as explications of the same broad idea that we should strive
for a maximally accurate belief system.

At this juncture, Bayesians might try to argue that expected inaccuracy
minimization of our next belief state as judged from our present one trumps
any other epistemic goal that we may have. The prospects of this tactic are
about as bleak as the prospects of showing that Dutch book invulnerability
trumps any other practical goal that we may have; bleaker still, for it would
seem absurd to claim that it is epistemically more important to have an update
rule that minimizes expected inaccuracy than to have one that minimizes actual
inaccuracy. This seems especially true in view of Robbie Williams’s (2012,
p- 835) observation that expected inaccuracy minimization defenses of Bayes’s
rule raise the question of “why [you should] trust an oxtdated belief state to
tell you how to fix your beliefs now you have new information.”

possible overall offers the best guarantee of ending in a highly accurate belief state. And Briggs
and Pettigrew make no attempt to show that there is such a guarantee. There is an even
more fundamental problem with their argument. The argument is supposed to show that
a non-Bayesian updater could come to see that there is an alternative prior from which she
might have started from that in combination with the strict use of Bayes’s rule would have
made her more accurate over the course of her epistemic life than she now is, because she
did 7ot start from that prior and is committed to a non-Bayesian update rule. Aside from
concerns about the idealizing assumptions that go into their argument, it is to be noted that
for all that Briggs and Pettigrew show, adopting the alternative prior might from the person’s
current perspective appear to amount to “believing crazy stuff.” More generally, why should it
bother the non-Bayesian that she could have been more accurate than she actually is if only
she had started from degrees of belief which she simply never had and which perhaps would
never have seemed reasonable to her? The point of Briggs and Pettigrew’s argument is that a
Bayesian would never find herself in the kind of situation just sketched, but to the extent that
it is unclear what is so dreadful about that kind of situation, the argument fails.
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Alternatively, Bayesians might try to show that Bayes’s rule does best with
respect to all epistemic goals. This may be hard to establish in an a priori
manner, supposing that among the relevant goals are ones whose realization
requires actual inaccuracy minimization. How well a rule does in terms of
truth approximation may plausibly depend not only on the rule but also on
which world is the actual one. For example, even if the advocates of abduction
have so far failed to produce a reason for believing that best explanations tend
to be true, we might happen to inhabit a world in which—perhaps as a brute
fact—Dbest explanations do tend to be true. Worse yet (for the Bayesians),
simulations that I performed, which compare Bayes’s rule and EXPL in terms
of gradational inaccuracy in the setting of our earlier statistical model, give
reason to doubt that Bayes’s rule is the most conducive to the realization of
every epistemic goal.

In these simulations, gradational inaccuracy is measured by means of
the Brier scoring rule. Using the same statistical model that was used in the
previous simulations, I again ran 1,000 simulations of a sequence of 1,000 coin
tosses for each possible bias. Also as previously, the Bayesian and the EXPL
user updated their degrees of belief after each toss. I registered in how many
of those 1,000 simulations the EXPL user incurred a lower Brier penalty than
the Bayesian at various reference points. The outcomes of these simulations
are displayed in table 4.2. They show that, at each reference point, EXPL is
usually the winner (it incurs the lowest penalty). Hence, at least in this kind
of context, EXPL appears a better choice than Bayes’s rule.

Or maybe not—for I also calculated averages, taken over the 1,000 simula-
tions for each bias value, of the penalties incurred by the EXPL user and the
Bayesian at the designated reference points. Table 4.2 gives for each of these
points the mean of the EXPL penalties minus the mean of the Bayes’s rule
penalties (in parentheses). As shown by those numbers, if there is a difference
between the two means, it is always in favor of Bayes’s rule. The reason for
this is manifest from the spread of the simulation outcomes (not represented
here), which shows that, although EXPL wins in most instances, it is typically
by a relatively small margin, whereas in some of the runs in which EXPL loses,
it incurs considerably greater penalties than does Bayes’s rule. This in turn is
due to the previously noted fact that the EXPL user reacts in a bolder fashion
to the evidence than does the Bayesian and is therefore more easily led astray
by rows of tosses that produce subsequences with deviating relative frequen-
cies. Indeed, inspection of individual runs shows that such subsequences,
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Table 4.2: Results of 1,000 simulations of sequences of 1,000 coin tosses for
each bias value: the columns give the number of simulations in which EXPL
incurred a Jower Brier score than Bayes’s rule after 100, 250, . . ., tosses; in paren-
theses, the mean of the EXPL penalties minus the mean of the Bayes’s rule
penalties, taken over the 1000 simulations (rounded to two decimal places).

Bias 100 250 500 750 1,000

o 1,000 (.00) 1,000(.00) 1,000 (.00) o (.00) o (.00)

I 923 (.02) 993 (.00) 1,000 (.00) 1,000 (.00) 1,000 (.00)
2 748 (.10) 937 (.02) 991 (.00) 1,000 (.00) 1,000 (.00)
3 717(11)  918(03)  984(00) 998 (.00) 999 (.00)
4 690 (.11) 865 (.06) 968 (.o1) 990 (.00) 997 (.00)
s 679(12)  879(0s)  972(00)  992(o00)  998(.00)
6 66o(.14)  904(03)  977(00)  992(00) 995 (.00)
7 698 (.12) 907 (.03) 978 (.o1) 995 (.00) 1,000 (.00)
8 754(09)  947(02)  996(00)  999(00) 999 (.00)
.9 910 (.04) 990 (.00) 1,000(.00) 1,000 (.00) 1,000 (.00)
1.o 1,000 (.00) 1,000(.00) 1,000 (.00) o (.00) o (.00)

while they push both agents off the right track, impact the EXPL user much
more severely than the Bayesian, and that in turn has a noticeable effect on
the differences between the Brier penalties that they incur.

From these simulations, each of the two update rules under consideration
comes out doing better in different respects; this further buttresses the point
of this section. There seems to be no clear answer to the question of whether it
is better, epistemically speaking, to use an update rule that in general achieves
greater accuracy than other update rules, even if typically not much greater
accuracy; or to use an update rule that is less likely than another update rule to
ever make one vastly inaccurate, even though it #ypically makes one somewhat
more inaccurate. Naturally, we would prefer a rule that offered the best of
both worlds, or better yet, of 2/l worlds—in other words, a rule that was most
conducive to any epistemic goal that we might have. But there may be no rule
that fits this bill, and in any event, the previously described simulations give
reason to believe that Bayes’s rule is not that rule. To be sure, these simulations
do not warrant a more positive verdict about EXPL either. But the aim of
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this section is not to make a case for EXPL or even for the broader idea of
abduction. Rather, it is to highlight and question a hidden assumption in the
inaccuracy-minimization defense of Bayes’s rule, to wit, that there is but one
way in which an update rule can be said to minimize inaccuracy, or at least
only one that matters epistemically.

Bayesians might seem to have an easy response to the foregoing. Previously
in this chapter, it was argued that what makes the dynamic Dutch book
argument objectionable may be not so much the fact that the argument
addresses the wrong kind of rationality—practical rationality—but rather
that it focuses on just one possible practical concern to the neglect of all
others, apparently without good reason. If pragmatic considerations can be
legitimately invoked in the present discussion, then one might try to argue
that even if the goal or goals that Bayes’s rule serves best are not privileged from
an epistemic viewpoint, they are privileged from a practical one. Specifically,
one might try to argue that if the results of the above simulations have some
general validity and do nothold only for the particular type of statistical model
considered here, then the fact that updating via Bayes’s rule leads on average to
alower penalty is enough to justify this rule. And indeed, it does follow from
the said fact that were one to keep betting on consecutive tosses with a given
coin, each time posting betting odds in accordance with one’s degrees of belief
at that time, then one would maximize one’s expected payoft by updating via
Bayes’s rule.

But it would be false to think that payoffs and scoring rule penalties must
always be so strictly related as in this example. To see how they can come apart,
suppose that you are the owner of one of two engineering firms in a city. The
two firms are in ongoing competition for contracts from the local authorities.
As a rule, a contract goes to the firm that proposes the better solution to
whatever the engineering problem is that the authorities want to be solved.
Given that the engineers employed by your firm are about as competent as the
engineers employed by the other firm, which firm comes up with the better
plan typically depends on the accuracy of the information on which they
base their proposals. Note that under these circumstances, being able to base
one’s proposal on information that is just slightly more accurate than the
information available to the competition is enough to get the contract. By
contrast, if the available information is less accurate, it is immaterial whether
it is only slightly less accurate or much less accurate: one will not get the
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contract either way; in this case, a miss is as good as a mile.”® Again supposing
the results of our simulations to have some general validity, they suggest that if
you and your team update via EXPL and the competition updates via Bayes’s
rule, then you are likely to get the vast majority of the contracts. Onceina
while—very rarely—a contract will go to the other firm. When it does, the
information on which your proposal was based was probably much more
inaccurate than the information on which the rival plan was based. However,
this has no financial consequences beyond the fact that you miss out on the
contract, which would also have happened if the information available to you
had only been slightly less accurate than the information available to the other
firm.

At this point, it has come to appear that there are circumstances under
which itis better to update via EXPL, practically speaking, given that it greatly
increases the chance of ending up with a (perhaps only slightly) more accurate
belief system than one would have ended up with had one updated via Bayes’s
rule. Naturally, this is only one sense in which one can aim to minimize
one’s inaccuracy, and the foregoing considerations in fact suggest that from a
pragmatic viewpoint, there may be no single best update rule. Depending on
the circumstances and on what exactly one’s interests are, Bayes’s rule may
serve one’s interests best, or EXPL may do so, or perhaps yet another rule
may do so. In epistemology, contextual approaches have been much in the
limelight lately. I am not aware of anyone suggesting that which update rule
use by may depend on context, and yet that is one of the main claims of this
book.

Consider the previously described situation in which you own one of two
engineering firms. There, EXPL clearly seemed the better option when the
choice was between that rule and Bayes’s rule. Or consider an example from
Douven (2017b), in which you are wondering about the source of the persis-
tent rumor that Mozart did not die from natural causes but was poisoned, a
rumor that is almost certainly false (Zegers, Weigl, & Steptoe, 2009). Actu-
ally it was Mozart himself who started the rumor that he had been poisoned,
shortly before his death (Robbins Landon, 1999, p. 148 ff). If you did not
know this already and if I had not told you, you might out of sheer curiosity
have wanted to find out about the source of the rumor. And if you were really
curious, you might have wanted to find out quickly. But if in the course of

18. We shall see more of this in Chapter 6.
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your investigations of the matter, before you eventually found out the truth,
you had come to mistakenly hold that it was Mozart’s wife who started the
rumor or that is was one of the newspapers that first reported his death, that
might have done little to no harm: accuracy does not matter much in this kind
of case, in which being mistaken is unlikely to have any dire consequences, if
atall. Here, too, EXPL might be the rule of choice, given how much faster
than Bayes’s rule it is, even if it is on average not quite as accurate as that rule.

By contrast, to use another example from Douven (2017b), suppose that
you are the producer of roulette tables and want your tables to be extensively
tested before they leave the factory. Suppose further that the testing proceeds
by rolling a ball 1,000 times and registering whether it lands on red or on black.
You do not want to sell a table with a bias, as that might damage the reputation
of your brand. Here, you might want to use Bayes’s rule for updating your
beliefs about the fairness of a table on the basis of the outcomes of the rolls of
the ball. Accuracy matters greatly here; speed is not much a concern.

This suggestion of context dependence is explored further in subsequent
chapters. In fact, we go beyond the simulations presented in this chapter
along two different lines. In chapter 6, we consider more realistic situations
and compare in them a greater number of update rules than we have done here.
In that chapter we also embed the question of which update rule to use in a
broader discussion about the notion of rationality, paying special attention
to recent developments in cognitive psychology and cognitive science that
indeed make rationality an inherently context-bound notion.

In chapter 7, we address another limitation of the simulations described
in this chapter, to wit, that they ignore that we typically learn as members of a
collective. As social epistemologists have been emphasizing for some time, we
will obtain an incomplete and possibly distorted picture of epistemology if we
fail to recognize the extent to which our beliefs are shaped by, and even rooted
in, our interactions with others. Taking the lessons from social epistemology
seriously, chapter 7 looks at communities of agents who update their opinions
by taking into account both the evidence that they receive directly from the
world and the opinions of their epistemic peers.

4.4 Summary

We have considered the currently prevailing arguments for the claim that when
it comes to rational update rules, Bayes’s rule is the only game in town. We have
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argued that neither the dynamic Dutch book approach nor the inaccuracy-
minimization approach succeeds in challenging the rationality of updating
via probabilistic versions of abduction. We proceeded by laying bare some
unsupported hidden assumptions of these arguments. At the most general
level, the problematic (tacit) assumption is that Dutch book invulnerability
and / or expected next-step inaccuracy minimization are #// that we should
care about when it comes to judging update rules. As briefly mentioned in
chapter 1, if you are an epistemic consequentialist and hold that update rules
should be judged by their fruits, then do not cherry-pick: judge the rules by
all their fruits, the sweet and the sour.

With respect to the dynamic Dutch book argument: if updating via
Bayes’s rule has certain practical advantages in comparison with other rules,
a version of EXPL may have different, possibly more important, practical
advantages than does Bayes’s rule. And that is to grant that non-Bayesian
updating does imply Dutch book vulnerability—something that may have
seemed plausible only because of another, more specific hidden assumption
taken aboard by Bayesians, to wit, that update rules are to be judged on
their own and not in combination with other epistemic or decision-theoretic
principles with which they must interact if they are to have any consequences
atall.

Equally, if Bayes’s rule minimizes inaccuracy in some sense, a version of
EXPL may minimize inaccuracy in another sense, in which for all anyone
has shown, no single one of these senses can be said to be privileged in that
it captures the epistemic goal. That expected next-step inaccuracy minimiza-
tion trumps any other kind of inaccuracy minimization, or indeed any other
possible benefit of non-Bayesian updating, is again an assumption for which
no Bayesian has cared to argue.

Note that empirically the Bayesian claim of inaccuracy minimization was
implausible already in light of the re-analysis of the data from Douven and
Schupbach (2015a), discussed in section 3.5, which showed that Douven and
Schupbach’s participants tended to have more accurate degrees of belief the
more weight they had given, in their updating, to explanatory considerations.
We can further mention Nathan Berg, Guido Biele, and Gerd Gigerenzer’s
(2016), for which 125 academics were asked for their degrees of belief concern-
ing the usefulness of prostate cancer screening. These authors found literally
zero correlation between the degree to which their participants conformed to
Bayesian principles and the actual accuracy of their degrees of belief. Even
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more ironic, they found that the participant who conformed most closely to
those principles was also the one whose degrees of belief were most inaccurate.

It is one thing to argue that the criticisms leveled against non-Bayesian
updating in general, and probabilistic versions of abduction in particular, are
baseless, but it is another to defend specific forms of non-Bayesian updating,
such as, most relevantly, updating via EXPL and kindred rules. Much of the
remainder of this book is devoted to defending forms of probabilistic abduc-
tion. First, however, I would like to point out yet another hidden assumption
of the inaccuracy-minimization argument. We saw that this argument was
explicitly meant to be epistemic in nature and thereby to improve on the older
defense of Bayes’s rule in terms of dynamic Dutch book vulnerability, which
many had come to regard as posing only a pragmatic problem. We also saw
that the inaccuracy-minimization argument relies crucially on a scoring rule
as a formal measure of inaccuracy. For the argument to be purely epistemic in
nature—as it is supposed to be—scoring must be a purely epistemic matter.
The next chapter challenges this assumption, arguing that there are inextrica-
bly pragmatic aspects to scoring: how best to measure inaccuracy may vary
from one context to another, and the decision to use this or that scoring rule
may partly depend on what our practical concerns are. This also leads me to
challenge the claim, taken for granted so far, that Bayes’s rule minimizes at
least expected next-step inaccuracy.






5

A Closer Look at Scoring

We have encountered the concept of scoring in relation to measuring inaccu-
racy, a couple of times, but have skipped formal details so far. After making
the concept precise, this chapter starts with an observation that may at first
seem only tangentially related to our current discussion but that actually
raises serious doubts about two claims central to the inaccuracy-minimization
argument, to wit, that this argument is of a strictly epistemic nature, and that
Bayes’s rule minimizes expected next-step inaccuracy.

s Standard Scoring Rules and Truthlikeness

Scoring can easily appear a technical and purely formal concept, but the
underlying idea has been familiar since elementary school. Indeed, those of
us who are teachers engage in scoring quite frequently when we grade our
students’ exams or essays. In general, grading is not particularly hard. Suppose
that a teacher gives an exam containing ten questions, each of which has a
straightforward yes / no answer and each of which contributes equally to the
final score. Then if a student gets nine questions right, the reasonable grade
for this student appears to be 9o percent or whatever that translates to in the
teacher’s grading system (e.g., an A in the US public school system, or a 3.6 in
a 4.0-based system).

Naturally, when questions do not have straightforward yes / no answers,
grading can be more complicated. A student may get none of the questions
completely right and yet show a good understanding of the relevant subject
matter. For example, a student may turn in an exam that gives clear evidence
of her mathematical acumen, on one hand, and of a certain inattentiveness
in carrying out simple algebraic operations, on the other. Most mathematics
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teachers would not want to fail such a student but would rather encourage
her to address her sloppiness. What mark to give in such a case may not be
entirely straightforward and may be to some degree subjective.

Grading can be more complicated still. Think of grading essays, for which
there are usually no more-or-less right answers. Grading also becomes more
complicated when we are dealing with questions that ask for a probability
estimate of some future event. Such questions may not occur so frequently
on a school exam (though see Bickel, 2010), but they are the bread and butter
for a variety of professionals, ranging from financial analyst to physician,
from football coach to engineer, and from foreign policy advisor to weather
forecaster. Suppose that one weather forecaster predicts rain for tomorrow
with a probability of .25, whereas a second predicts rain for tomorrow with a
probability of .7s. If tomorrow stays dry, neither forecaster can be said to have
been wrong, for neither predicted rain with certainty. Yet from a pretheoretic
perspective, it appears that the former forecaster did a better job than the
latter; that forecaster was, we would like to say, the more accurate of the two.

How to turn this intuition into a difference in grades (or scores) for the
two forecasters—supposing that our only concern is their predictions of rain
tomorrow—might also be deemed a partly subjective matter. But researchers
from various quarters think otherwise and have sought to answer the foregoing
question by providing fully objective formal rules. More specifically, proposals
for how to assess the forecasters, and for how to assess the quality of probability
estimates generally, have come in the form of scoring rules. So far, I have
mentioned only the Brier score, which was the historically first, dating to the
1950s, but by now a bewildering variety of scoring rules exists (Brier, 1950;
Rosenkrantz, 1981, ch. 2; Cooke, 1991, chs. 8 and 9). Given that these rules
may lead to different qualitative verdicts (e.g., on which weather forecaster
did best), and given that, as mentioned, this kind of scoring is supposed to be
objective, the question has arisen of which of the many available scoring rules
today we should rely on in practice.

Theorists have almost invariably tried to answer this question by arguing
that this or that scoring rule uniquely satisfies certain standards of “goodness”
(Winkler & Murphy, 1968). There is debate about this issue because there is
no generally shared conception of goodness in the relevant sense and hence
no agreement on which criteria to impose on scoring rules. Nonetheless, it is
fair to say that most theorists are, or have been, in favor of one of two scoring
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rules, either the Brier rule’ (e.g., Brier, 1950; Rosenkrantz, 1981; Joyce, 1998;
Selten, 1998; Greaves & Wallace, 2006; Leitgeb & Pettigrew, 2010a) or the
logarithmic (or “log”) rule (e.g., Good, 1952; Bernardo, 1979; Bernardo &
Smith, 2000; Bickel, 2007, 2010; Levinstein, 2012; McCutcheon, 2019).

To state these rules formally, let {[—[Z } ?:1 be a hypothesis partition, thatis, a
set of mutually exclusive and collectively exhaustive hypotheses, and let d; (for
7,j € {1,...,n}) be the Kronecker delta, which equals 1if 7 = j and equals o
otherwise. Suppose that a person assigns probabilities p = (py,...,p,) to
the elements of {HZ-}:I:I, with p; her probability that /; is true. Then, as-
suming that the true hypothesis is H;, the Brier score for this person equals
Bi(p) := /n X7~ (95 — p:)*, whereas her log score equals (‘Jj(p) = —1In(p;).
As previously mentioned, we tend to conceive of scoring rules as assigning
penalties, as measuring how bad a probability distribution is. But this is just a
convention; if we wish, we can take the negative of any given rule’s scores and
think of them as rewards, as measuring how good a probability distribution is.
Note that on the conventional conception of scores, lower scores are better;
on the alternative, lower scores would be worse.

Given a scoring rule § and a probability distribution p on a hypoth-
esis partition, the p-expectation of the §-score (or p-expected §-score, for
short) for a second probability distribution p* on the same partition equals
Epl[S(p)] = X7, p:S:(p”). A scoring rule § is said to be proper if and only
if for all p, arg min. Ep[S(p*)] = p, and strictly proper if and only if each
of these minima is unique. Scoring rules were originally proposed for elicit-
ing probabilities (Cooke, 1991, p. 121), and when used for that purpose, they
should not give a person an incentive to announce probabilities that she does
not actually hold. This is why many theorists regard strict propriety as an
important requirement for scoring rules.

Both the Brier and the log score are known to be strictly proper. They also
both achieve their minimum of o when probability 1 is assigned to the truth,
which is generally regarded as another important desideratum. Nevertheless,

1. Or the quadratic scoring rule, which is a generalization of the Brier score; see the
subsequent discussion.

2. With regard to the Brier score, note that as long as one makes comparisons given a
fixed number of hypotheses, division by that number is not strictly necessary and should be
considered optional. It thus appears unproblematic to equate, for most practical purposes,
the Brier score with what Rosenkrantz (1992, ch. 2) calls the “least squares” score (which is, for
instance, also what Leitgeb & Pettigrew, 20104, and Pettigrew, 2016, do).
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Table s.1: Probability assignments to hypotheses 4, B, and C.

David Emma Frank

Alice wins (A4) I 5
Bob wins (B) 5 B
Charlotte wins (C) 4 4

the following example brings out that the rules can lead to very different
verdicts.

Suppose that there will soon be an election for a new president of your
university. There are three candidates in the running: Alice, Bob, and Char-
lotte. Your colleagues David, Emma, and Frank hold different views on which
of the candidates is most likely to become the new president. Specifically, their
relevant probabilities are as given in table 5.1. Suppose that Charlotte wins the
election. Then David and Emma have the same Brier score: (.1*+.5>+.6%)/3 =
.21; Frank’s Brier score is lower and thus better: (.3* + .3* + .6*)/3 = .18.
Nonetheless, all of them have the same log score, to wit, —In(.4) = 0.92.

That David and Emma do equally well on either scoring rule seems as it
should be: David and Emma both assign a probability of .1 to one of the false
hypotheses and a probability of .5 to the other, and it is difficult to see (at least
given the information provided here) how it might matter that they do not
assign these probabilities to the same hypotheses.

That Frank’s Brier score is lower than David’s and Emma’s illustrates the
general fact that, for any hypothesis partition, given a particular probability
assigned to the true hypothesis, one minimizes one’s Brier score by assigning
equal probabilities to the remaining hypotheses. How reasonable is this?

According to advocates of the log rule, this is not reasonable at all. Why
should we care—they ask—what probabilities a person assigns to any hy-
pothesis other than the truth? In their view, given that David’s, Emma’s, and
Frank’s probabilities for C are the same, they should be assigned the same score
(Winkler, 1969; Bernardo & Smith, 2000, p. 72; Bickel, 2010, pp. 347-348).
The log rule is in fact known to be the only strictly proper scoring rule that
guarantees this outcome; it is, in more official terminology, the only strictly
proper scoring rule that is Jocal (McCarthy, 1956).

In the debate about scoring, various other intuitions in favor of or against
either of these rules have been called upon. For instance, Eric Bickel (2010,
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p- 348) notes that the log rule, but not the Brier rule, ensures that higher
probability assignments to the truth will result in Jower penalties.> He regards
this as a compelling reason to prefer the log rule over the Brier rule. By contrast,
Reinhard Selten (1998, pp. 49—50) prefers the Brier rule because he thinks that
in some situations the log rule is more sensitive to small differences between
probability assignments than is warranted by intuition and in other situations,
not sensitive enough.*

That different authors have given different weights to intuitions regarding
scoring has partly to do with the fact that they have focused on different
examples, and the problem is that the features of the examples that have been
used to make one or the other rule look appealing are not always generalizable.

To see how different examples may steer our intuitions in different di-
rections, note that in our own example there is no sense in which either of
the false hypotheses (whether 4 or B) is closer to the truth than the other,
again given the information provided. That does not make this hypothesis
partition special. The designated feature is not altogether general, however,
and by assuming otherwise one might be implicitly favoring some scoring
rules over others. More generally put, our hypotheses pertain to a so-called
discrete random variable whose possible outcomes lack an intrinsic ordering,
making it a nominal variable. But discrete random variables also come in
another variety: next to nominal variables there are also ordinal variables,
whose possible outcomes can be naturally ordered. Furthermore, sometimes
our hypotheses concern continuons variables, which as the name suggests, can
be measured on a continuum (for example, temperature or weight). These
distinctions are directly relevant to scoring.

3. That the Brier rule cannot guarantee this is a direct consequence of the general fact
mentioned two paragraphs back.

4. Selten instead prefers the Brier rule, mainly because, as he proves, it is the only
scoring rule (up to positive linear transformations) that satisfies each of what he considers to
be four important desiderata for such rules, which Selten presents as axioms. According to the
first axiom, the ordering of the hypotheses should not influence the score. According to the
second, the score should not be affected by the introduction of an additional hypothesis that
receives zero probability. The third axiom is the requirement of strict propriety. Finally, the
fourth axiom concerns a type of situation that we do not consider, namely, when a probability
assignment is scored in light of another probability assignment rather than in light of the truth
of one hypothesis; the axiom requires that, in this situation, the score should be the same
regardless of which probability assignment is considered to be the “true” one.
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Suppose that David, Emma, and Frank were wondering how well a stu-
dent of theirs is going to do on an exam, and the probabilities given in table 5.1
are the probabilities that the student will receive an A, a B, or a C, possibilities
that we may take to be described by hypotheses 4, B, and C, respectively.
These hypotheses now refer to possible outcomes of an ordinal variable: it
is better to get an A than a B, which in turn is better than a C. From this,
there plausibly emanate relations of truthlikeness among our hypotheses. If
B turns out true, then the other hypotheses would seem equally far from the
truth. But if either 4 or C turns out true, then, although false, B would be
closer to the truth than whichever is the other false hypothesis.

To illustrate the connection with scoring, suppose that C is true. Would
we still want to agree with the Brier score that David and Emma do equally
well, given their probabilities for the hypotheses at issue, or even agree with
the log score that all three colleagues do equally well? Although the three
colleagues assign the same probability to the truth, we are tempted to say that
David still is closer to the mark, given that he assigns a higher probability than
the others to the false hypothesis that is closest to the truth (viz., B) and a
lower probability than the others to the false hypothesis that is most distant
from the truth (4).

An entire program in the philosophy of science is devoted to making the
notion of truthlikeness (or “verisimilitude”) formally precise, and numer-
ous measures of truthlikeness exist.5 Here, we will not commit ourselves to
any particular such measure and just note that all measures of truthlikeness
currently advocated in the literature will do for the purposes of this chapter.

The idea that truthlikeness may matter to scoring has been mentioned
in the literature, but usually only to be set aside as a problem that can easily
be dealt with by using the so-called quadratic scoring rule (also known as
“weighted least squares metric”). If /; is the true element of hypothesis parti-
tion A = {HZ-}ZZI, this rule assigns a penalty of @ (p) = 2 wi(5 - pi)*
to someone whose probabilities for the elements of / are given by p. The

only general constraints on the weights w; are that w; > o for all 7 and that
n
=1

the special case in which all hypotheses are weighted equally.

w; = 1, so that we actually have a schema here, with the Brier score as

5. See, for instance, Niiniluoto (1987, 1998, 1999b, 2020), Schurz (1987, 1991, 2011, 2014),
Kuipers (2000, 2001, 2014, 2019, 2020), Zwart (2001), and Cevolani, Festa, and Kuipers (2013).
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For instance, Roger Rosenkrantz (1981, ch. 2) calls the previously men-
tioned property of the Brier score to penalize more heavily when the probabil-
ities assigned to the false hypotheses are unequal (ceteris paribus) “attractive
when all false alternatives are regarded as ‘equidistant’ from the truth.” He
further states, however, that “[w]here false answers are not equally far from
the truth and we wish to weight them differently, we can use the weighted
least squares metric.” In the same vein, Hilary Greaves and David Wallace
(2006, p. 628) claim that the quadratic scoring rule “can take account of the
value of verisimilitude . . . by a judicious choice of the [weights]”; specifically,
their proposal is to assign weight to a proposition depending on the extent to
which it represents “a set of ‘close’ states” (Greaves & Wallace, 2006, p. 628).

As it stands, however, this proposal will not work. Which set or sets of
states are close depends on which state is actual; equivalently, how far from
the truth a false alternative is depends on which hypothesis is z7#e. And the
weights of the quadratic scoring rule lack this dependence. To be sure, if
we know which hypothesis is true, the dependence can be built in by hand.
For instance, given that (we said) the student will receive a C, so that 4 is
more distant from the truth than B, we can weight 4 more heavily than B.
That might give the desired result, and probably this is the kind of use of the
quadratic scoring rule that the aforementioned authors had in mind.

But which weights are we to assign when we want to use the rule 7oz
knowing the truth, as when we would like to calculate our expected score? To
calculate expected scores, we consider all possibilities of truth, calculate for
each individual possibility the penalty that we would incur were that possibil-
ity to be actual, and then take a weighted average of those penalties, the weights
being our probabilities for the possibilities. In using the quadratic scoring
rule, however, there is a second set of weights involved. And the problem is
that while truthlikeness relations shift from one possibility to the next—for
instance, in the possibility in which the student receives a C, hypothesis C
is closer to the truth than hypothesis 4, but in the possibility in which the
student receives a B, hypotheses 4 and C are equidistant from the truth—the
weights attributed by the quadratic scoring rule stay the same whichever pos-
sibility is considered. Consequently, a set of weights that adequately reflects
truthlikeness relations under one supposition of where the truth lies may well
fail to do so under another such supposition.

To avoid this problem, we may adapt the quadratic scoring rule by doubly,
instead of singly, indexing each weight, where the additional index then refers
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to the true hypothesis, thereby obtaining what we shall call a verisimilitude-
sensitive scoring rule, or VS rule for short. Where H; is the true element
of hypothesis partition /7 and w;; is the distance from H; to the truth, this
rule imposes a penalty of U;(p) = X7_, wy;(d; — p;)* on someone assigning
probeabilities p to the elements of H. (Agam thls is really a schema, yielding
difterent rules for different weighting functions.)

To make the difference between the rules vivid, suppose that David, not
knowing which grade his student will get, wishes to calculate his expected
score, given his probabilities d = (.1, .5, .4) for hypotheses 4, B, and C. First
assume that he uses an instance of the quadratic scoring rule. Without loss of
generality, let wy = .1, wp = .3,and we = .6. David will then find that®

EqlQ(d)] = .1((1)(9%) +(:3)(5s*) + (:6)(:47))
+ -S( )(1%) + (3)(5%) + (6)(-47))
4((D(1*) +(3)(57) + (6)(.6%)) = o.228.

Now suppose that David instead assumes a VS rule, for instance, that assigns a
weight of .1 to the truth and that weights the other hypotheses proportionally
to their distance from the truth. Supposing also that he uses a weighting
function that reflects the ordering of the hypotheses—so that if A is true, then
B is closer to the truth than C, and so on—but that is otherwise arbitrary,
David’s expected score is

Ea[Od)] = .1((0)(9%) +(3)(:s*) +(:6)(.47))
+ .5 ((4s)(1%) + (1)(s*) + (45)(47))
+ .4((:6)(17) + (3)(.s*) + (1)(.6%)) = o.123.

We see how the doubly indexed truthlikeness weights of the VS rule vary per
possibility—as they must do, for the reason previously mentioned—while the
singly indexed weights of the quadratic scoring rule stick to their propositions
across all three possibilities.

6. To be entirely precise, instances of the quadratic scoring rule and the VS rule would
have to be embellished with a superscript or subscript to indicate the weighting function that
is being assumed. We will not be so fussy, however.
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5.2 Truthlikeness and Inaccuracy Minimization

In the previous chapter, we criticized the Bayesian inaccuracy-minimization
argument for focusing on a quite limited notion of expected inaccuracy, to
wit, expected next-step inaccuracy. Suppose that this Zs the only notion of
inaccuracy that we should care about, and also that, in adjudicating among
update rules, we should care on/y about inaccuracy in this sense. Then a
crucial question to be asked about our new rule is whether it still supports
the Bayesian argument. To show that it does not, we suppose that David is
about to receive some new piece of information £ about the student from the
previous example. How E is probabilistically related to hypotheses 4, B, and
C is specified by the following probability distribution over the set of possible
worlds relevant to the present problem:

Pr({wAE}) = .01 Pr({wBE}) = .25 Pr({wCE}) = .1
Pr({wz}) = 00 Pr({wg}) = 25 Pr({wez}) = 3

Here I am using the notation Eto designate the negation of £, and wyr is
the possible world in which both 4 and £ are true, and so on. Probabilities
of hypotheses can be derived from this specification by summing the proba-
bilities of the worlds in which they hold true; for instance, according to this
specification, David’s probability for 4 equals Pr( {wAE}) + Pr( {w AE}) =
.01 + .09 = .1, which is as it should be.

Once David has actually received the new information £, he should, ac-
cording to Bayesians, conditionalize on it, which would result in the following
new probability distribution over the same set of possible worlds:

PrE({wAE}) .02.8 PrE({wBE}) .694 Prg({wcg})
Pre({wzt) = o Pre(fwgg}) = o Pre(fweg}) = o

To calculate David’s expected VS score, assuming the weights we earlier as-

278

X
X
X

sumed and otherwise following Greaves and Wallace (2006, pp. 459—-460), or
Leitgeb and Pettigrew (2010b, pp. 249-250), we set x = .028 ~ PrE({wAE} ) s
y=.694 = PrE({wBE} ) ,andz = 278 = PrE({wCE}) in the following:

(s51) .or(.x(r-x)*+.3y" +.62%)
+ 25 (456" +.1(1 - y)* + .4527)
+.1(.60" + .37 +.1(1 - 2)*),
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which yields an expected score of 0.034. The all-important question now is
whether this is the minimum VS penalty David could achieve by updating
(somehow) on E. And the answer is that it is not: minimizing the preceding
function subject to x + y + 2z = 1 yields 0.032, where this minimum is reached
at (.097,.703, .201).

To be sure, there may be no “natural” update rule via which David could
have arrived at these probabilities, given his initial probabilities and the ev-
idence that he received. But that is beside the point. Greaves and Wallace
(2006) compare a Bayesian update with an update via some unspecified other
rule, and they explicitly refrain from offering an “intuitive rationale” (p. 614)
for the latter. Their aim is to show that Bayes’s rule does better, in terms of
expected (next-step) inaccuracy minimization, than that other rule, so that
“considerations of intuitive plausibility need not be invoked in order to outlaw
[that rule]” (Greaves & Wallace, 2006, p. 614).

It is also worth looking at natural alternatives to Bayes’s rule and see how,
on the present score, Bayes’s rule compares to those. Of course, there are
natural alternatives to Bayes’s rule in which we are particularly interested, to
wit, probabilistic versions of abduction, one of which—EXPL—we already
encountered in previous chapters. Does Bayes’s rule do at least better than
EXPL in terms of expected VS penalty minimization? We saw that EXPL is
much like Bayes’s rule except that it assigns a bonus to the best-explaining
hypothesis, after which it renormalizes the probabilities (so that they are
probabilities properly so called). Given that the bonus gets assigned after the
Bayesian update, which is the first step in EXPL updating, it makes sense to
divide it over the possible worlds consistent with the evidence, which in our
case is only one world.” So, suppose that David adheres to EXPL, at least in
the present context, and the explanation bonus that he assumes is .1. Suppose
turther that, for whatever exact reason, he deems hypothesis 4 worthy of this
bonus once he receives the new information £. Then, after assigning the
bonus and renormalizing, his doxastic state is specified by

X
X

PYE({WAE}) X 239 PrE({wBE}) 543 PrE({wCE})
Pre({wz}h) = 0 Pre({wg}) = o Pu({we}) = o

217

7. If there were more than one, it would seem reasonable to divide the bonus in propor-
tion to the worlds’ probabilities.
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To calculate David’s current expectation (i.c., before his receipt of £) of the VS
penalty incurred by an EXPL update on E, we substitute again the preceding
values into (5.1) in the way that we did previously (so setting x = .239, etc.).
This yields an expected VS penalty of 0.037, which is actually higher than
the VS penalty that David expects to incur if he updates via Bayes’s rule. But
was this bound to happen? Or did David just make an unfortunate choice of
truthlikeness weights? What if he had chosen a different value for ¢, the bonus
to be assigned to best explanations? What if he had deemed hypothesis B the
best explanation instead of hypothesis 4?

The intuition behind VS rules is that although it is bad in general to assign
a positive probability to a false hypothesis, it is worse the further the hypothesis
is from the truth. So, suppose that a VS rule’s weights reflect truthlikeness in a
minimally adequate sense precisely if hypotheses are weighted as a function of
their distance from the truth, with hypotheses further from the truth weighted
more heavily than hypotheses closer to the truth. We can then ask generally
whether by updating via EXPL one is guaranteed to incur a higher VS penalty
than by updating via Bayes’s rule, provided the weights associated with the
rule reflect truthlikeness in a minimally adequate sense.

Keeping all probabilities as they are above, I had the computer search
for an answer by letting it go through combinations of weights that reflect
the truthlikeness relations among our hypotheses 4, B, and C in a minimally
adequate sense. I found that looping over 1,000 such combinations is typically
enough to output a set of weights that fulfil our requirement while yielding a
VS penalty for EXPL that is lower than that for Bayes’s rule. For instance, if
we change the weights in (5.1) as follows:

01(.0198(1 - x)* +.4835)" +.49672%)
+ .25(.9798x* +.0202(1 - y)* +.97982%)
+ .1(.4967x + .4835)" +.0198(1 - 2)*),
then we obtain an expected score of 0.0469 for the Bayesian update versus
an expected score of 0.0467 for the EXPL update. We do not know, of

course, whether these weights reflect David’s truthlikeness judgments for the
hypotheses at issue, but they ngbt.s

8. Appendix E shows how one can obtain such weights and also how one can, more
systematically, find weights that will maximize the extent to which the EXPL update does
better than the Bayesian update.
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Alternatively, suppose that we keep David’s weights as they are in the
example, but instead of following van Fraassen in setting ¢ = 0.1 we set ¢ =
0.05. In that case, David’s post-EXPL-update probabilities for Prg ({w 4 E} ) ,
Prg ({ng}) ,and Prz ({wCE} ) would have been .146, .610, and .244, respec-
tively. It is easily verified that with these probabilities, David’s VS penalty
equals 0.033, which is better than the penalty he would incur if he updated
by Bayes’s rule (which equaled 0.034, as previously shown).

Finally, keeping the weights as they are and also keeping ¢ = 0.1, one easily
calculates that if David had assigned the bonus to hypothesis B, his relevant
probabilities would have been PrE({wAE}) X .022, PrE({wBE}) x 761,
and PrE({wCE}) ~ .033, and those would have yielded a score of 0.033,
which is again lower than his Bayesian-update score.

It has thus come to appear that unless Bayesians have some good reason
for dismissing the new rule, their inaccuracy-minimization argument, which
was limited in value to begin with (as argued in the previous chapter), unravels
entirely. Itis simply not true that Bayesian updating is guaranteed to minimize
your expected inaccuracy. Nor does EXPL come with such a guarantee, but
nobody has ever claimed as much. At least if we want to be serious about
truthlikeness relations among the hypotheses of interest and hold that VS rules
can legitimately account for such relations, then there may be 70 updating
procedure that is guaranteed to minimize inaccuracy, always and everywhere.
That would in effect dovetail nicely with much that follows in later chapters.

5.3 Truthlikeness and Impropriety

But perhaps there s a good reason for rejecting VS rules. Bayesians might say
that while VS rules offer a seemingly straightforward way to take into account
truthlikeness relations, they face a devastating objection. We can start to see
what Bayesians might find so objectionable by considering that relative to
his current probabilities, David minimizes his expected quadratic score by
having those very probabilities; formally, arg min P Eq[Q(p)] = d. This is
no coincidence. It is known that not only the Brier score but 2// instances
of the quadratic scoring rule schema are proper, and even strictly proper
(Rosenkrantz, 1981, ch. 2). On the other hand, relative to David’s current
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probabilities, 0.123 is 7ot the minimum VS score he can incur, for minimizing

a(.1(1 - x)* +.3y" +.627)

+ .5 (asx” +.1(1 - ) + 4527)
+ 4(.6x + 39" +.1(1 - 2)7),

subject tox +y + 2 = 1, yields 0.118. Hence, the VS rule that David assumes is
improper. This might not be a matter of great concern. Perhaps it is again due
to David’s just having made an unfortunate choice of truthlikeness weights.
Perhaps we should again let the computer search for better weights. But this
time the problem is more fundamental, because we have

Theorem s.x Every VS rule whose weights reflect truthlikeness in a minimally
adequate sense is improper.

For a proof, see appendix B. In other words, it is not just that David was
unlucky in the weighting function that he picked; he could have picked none
that would not have led to the same problem of impropriety, or at least none
that is minimally adequate.

How damning is this result for the class of VS rules? Whereas the main-
stream holds that impropriety is zotally damning, I would like to argue that
the answer should be the following: it all depends on the purpose of our
scoring.

As mentioned, scoring rules were initially meant for e/iciting probabilities.
To serve that purpose, they better not encourage the subject whose proba-
bilities one would like to elicit to lie about those probabilities. But if we are
assessed by means of an improper scoring rule, then by revealing our actual
probabilities we may expect to incur a larger penalty than if we pretend to
have different probabilities, as was shown in the case of David. That can make
it disadvantageous to be truthful.

It is generally recognized that scoring rules may also be used for the pur-
pose of self-assessment. It David adheres to the VS rule considered previously,
and he wonders about the accuracy of his current probabilities, he may con-
clude that he should replace these probabilities with those found to minimize
his expected penalty. That appears problematic; as Sarah Moss (2011, p. 1057)
notes, it implies that self-assessment by means of an improper scoring rule
“could motivate you to raise or lower your credences ex nzbilo, in the absence
of any new evidence whatsoever.”
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In response, it could be argued that finding out that our probabilities
do not minimize our expected penalty is new information, so that when we
thereupon adapt those probabilities we are o acting in the absence of new
evidence. This would in effect be an instance of what Lombrozo (2020) calls
“learning by thinking,” occasioned by what she calls an “observation generated
inside the head.” But some might want to reply that the evidence should, in
an intuitively clear sense, bear on the hypotheses to which our probabilities
are assigned. The intuitively clear sense may be difficult to pin down formally,
but let that pass.” Because using a VS rule, or any other improper scoring rule
because self-assessment seems to face a threat more severe than the one toward
which Moss has pointed.

Previously we found that given David’s probabilities in table 5.1, he would
actually minimize his expected penalty by raising his probability for 4 to .146,
raising his probability for B to .548, and lowering his probability for C to .306.
Ironically, if he shifts his probabilities accordingly, he will find that he actually
minimizes his expected penalty by setting his probabilities for 4, B, and C
t0 .164, .593, and .243, respectively. It does not end there, for relative to these
probabilities, David minimizes his expected penalty by setting his probabilities
for the hypotheses to .166, .630, and .204. And it goes on. And on? That
would seem to prevent David from ever having stable probabilities for 4, B,
and C unless he decides to arbitrarily stop self-assessing at some point.

However, the iterative minimization process, should David engage in it,
turns out to reach a fixed point. To be entirely precise, David would eventu-
ally arrive at probability assignment d* = (.083,.833,.083),"* a probability

9. In this connection, it is also worth mentioning that, at least according to some influ-
ential Bayesian statisticians (Gelman & Hill, 2009; Gelman & Shalizi, 2012, 2013; Kruschke,
2013b), raising or lowering probabilities in the absence of the kind of evidence with “direct
bearing” is accepted as a legitimate practice, most notably, as resulting from a so-called posterior
predictive check in which a statistical model may be rejected because it is found unsatisfactory
(according to informal criteria) in light of simulated data. (More exactly, in a posterior predic-
tive check we use a fitted model to generate synthetic data and then check whether those data
are “similar enough” to the data that were used for fitting the model; see, e.g., Gelman & Hill,
2007, p. 158.) If rejected, the model is to be replaced by a new one, which requires, among
other things, a specification of new prior probabilities. The simulated data that can motivate
this kind of model revision—including probability revision—is presumably not the kind of
new evidence that Moss has in mind.

10. Depending on the software that one uses to calculate the fixed point and the different
floating-point formats the software uses, the number of steps that David needs to reach this
fixed point can differ. Using the FixedPointList function from Mathematica, the number
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assignment that is “strongly self-recommending” (Greaves & Wallace, 2006,
p- 619) in the sense that arg min,, Eq+[Q(p)] = d*. (For completeness, we
note that David’s expected penalty at the fixed point equals 0.057, whereas
for his initial probabilities it was 0.118, as shown.)

We get a first sense of what may be the real problem here if we repeat our
calculations for Emma and Frank and find that they arrive at exactly the same
fixed point as David! Not only that; varying the weighting function a little,
we find that the three colleagues now arrive at a different fixed point but that
this fixed point is again the same for all three of them. What is more, this is
what we find no matter the colleagues’ initial probabilities: if they iteratively
adapt their probabilities on the basis of VS score minimization, they all arrive
at a fixed point, and if they use the same weighting function, they arrive at
the same fixed point!

We can illustrate this graphically by noting that vectors in the standard
unitsimplex (or probability simplex) of dimensionality 7z—1 can be interpreted
as probability distributions on an z-element hypothesis partition, with the
7th vector component representing the probability of the 7th hypothesis (de
Finetti, 1962)." Figure 5.1 shows three two-dimensional simplexes, in each of
which the initial probability assignments of David, Emma, and Frank given
in table 5.1 are represented by medium-sized dots. The smaller dots represent
their consecutive probability assignments while they go through the VS-rule-
governed minimization process, ending with the final assignments, which are
represented by big dots. The difference among the minimization processes
represented in the three simplexes is only that the VS rules that are assumed
in them assign different truthlikeness weights: the left simplex represents the
process that relies on the VS rule that was assumed in the previous example;

found was 442; using a custom-built function in Julia, it was 428. However, that the pro-
cess would reach a fixed point (if perhaps not after 428 or even 442 steps) is guaranteed by
theorem 5.2, to be stated.

1. Interpreting such simplexes requires a bit of practice. Some points have a straightfor-
ward interpretation. For instance, in our example, the vertex labeled (1, o, 0) corresponds to
the point where all probability is assigned to hypothesis 4, and similarly for the other vertices.
Also, the geometric center of the simplex corresponds to the flat distribution. Furthermore,
any point on an edge connecting two vertices represents a distribution in which the hypothesis
associated with the unconnected vertex receives zero probability. More generally, given a point
in the simplex, the probability assigned to the hypothesis associated with a vertex is the shortest
distance from the point to the edge opposite the vertex, divided by the sum of the lengths of
the shortest distances from the point to the various edges. (This generalizes to simplexes of
any dimensionality.)



150 Chapter g

(1,0,0) (1,0,0) (1,0,0)

(0,0,1) (0,1,0) (0,0,1) (0,1,0) (0,0,1) (0,1,0)

® David ® Emma @ Frank

Figure s.1: Three probability simplexes show that David, Emma, and Frank
all reach the same fixed points (large dots) by iteratively adapting their proba-
bilities on the basis of VS score minimization and illustrate that these points
depend on the weights assumed by the given VS rule. Initial assignments are
marked by medium-sized dots, intermediate assignments by small dots, and
final assignments by big dots.

the processes shown in the other two simplexes used VS rules with slightly
different weighting functions (the details are unimportant here).
To see that this finding is again no coincidence, consider the following:

Theorem s.2 Let S be the standard unit (n — 1)-simplex, let p and p*range
over vectors in S, and let m: S — S be defined as follows:

m(p) := argmin Z sz‘wzj@zj _P;)Z
P° =1 j=r

with 0y the Kronecker delta, and with wi; > o foralli,j, and Yi_, Yi_ wy = 1.
Then (1) there is a p* € S such that m(p*) = p*; and furthermore (2) there is
only one such p*, and (3) it depends only on the w;.

See appendix C for a proof. Further observe that for any VS rule ‘U
argmin Ep[U(p*)] = argmin Z Z piwi (95 - 117;»‘)2
P P’ =1 j=1

with the w being provided by the weighting function of the given rule. In
other words, the function by which David, Emma, and Frank iteratively
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update their probabilities in the represented processes is an instance of the
function 7 defined in theorem s.2. Thus, in light of this theorem it is unsur-
prising that their probability assignments reach a fixed point and that despite
their different initial probability assignments, this fixed point is the same for
the three of them, given that, as we assume, they use the same VS rule.

Surely we have hit upon an absurd result here, which ofters a compelling
reason to refrain from self-assessment by means of a VS rule. As Robert
Winkler (1996) notes, however, scoring rules not only have (what he calls) an
ex ante use; they can also be used ex post for evaluating performance. Potential
problems with elicitation or self-assessment are beside the point if one is going
to use an improper scoring rule for assessing people’s performance without
disclosing that rule to them. And often there will be no requirement for
disclosure. An investment company might hope to identify job applicants
with special capacities to predict the stock market by scoring their answers
to test questions via some custom-built scoring rule without informing the
applicants about the rule being used. Similarly, if a television network wants
to hire a new weather forecaster and is now retroactively analyzing, by means
of an improper scoring rule, the performance of various candidates being
considered for the job, it will make no difference whether or not the network
makes publicly known how it is conducting the analysis."

As an aside, I mention an interesting real-life example of this kind of
usage, which is found in recent work on forecasting carried out by a group of
psychologists from various American universities (Mellers et al., 2015; Tetlock
& Gardner, 2015). These researchers have organized, over a period of several
years, a number of prediction tournaments, mostly concerning geopolitical
questions. They found that some otherwise ordinary people were much more
accurate forecasters than even professional intelligence analysts. A key objec-
tive of the research was to determine what distinguishes the most accurate
forecasters from the rest of the population. The researchers used a number
of different scoring rules for evaluating their participants’ performance, in-
cluding the Brier score but also the so-called AUROC, which is known to be
an improper scoring rule (for details see, e.g., Agresti, 2007, ch. s, or Hastie,

12. Itisentirely consistent with everything said here that there are still other purposes that
scoring rules can serve that may again require propriety. For instance, Roche and Shogenji’s
(2018) claim that we should measure informativeness in terms of inaccuracy reduction but
that inaccuracy should then be measured by a proper scoring rule is not in conflict with the
claim that scoring rules can serve purposes that do zot require propriety.
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Tibshirani, & Friedman, 2009, ch. 9). Given that the participants were never
told what the evaluation process consisted of, the use of an improper scoring
rule in that process will not have affected their responses.”

In short, depending on the purpose of our scoring, improper scoring
rules appear to be perfectly admissible. In particular, when we are evaluating a
probability distribution that is given—we are not eliciting the probabilities—
from an objective standpoint—we are not assessing our own probabilities—I
can see no impediment to using an improper scoring rule. Arguably, it is
this objective evaluation of given probabilities that is at play in the Bayesian
inaccuracy-minimization argument. The argument is not meant to apply only
to elicited probabilities nor does it assume that we frequently, or even ever,
assess our own probabilities in terms of inaccuracy minimization—indeed, we
do not. It thus appears that the conclusion from the previous section—that
the claim that Bayes’s rule minimizes expected next-step inaccuracy is not
generally tenable—still stands.

To end this chapter, it is worth pointing out that verisimilitude sensitivity
need not come at the expense of propriety, for there is a scoring rule that is
both verisimilitude sensitive and proper. This is the so-called ranked prob-
ability score (RPS), first proposed by Edward Epstein (1969) and shown to
be strictly proper by Allan Murphy (1969). This rule has received hardly any
attention from philosophers nor is it widely discussed outside philosophy
(O’Hagan et al., 2006, p. 169)."* Rather than comparing a probability dis-
tribution p on a partition of hypotheses with the vector v of truth-values of
those hypotheses, it compares the cumulative distribution function of p with
the cumulative distribution function of v. Given a partition {Hl-};; and a
probability distribution p on this partition, and supposing /; to be true, the

13. Although in this research both proper and improper scoring rules were used for the
purposes of selection, one could also use an improper scoring rule to select participants while
at the same time scoring them via a proper scoring rule to determine their compensation in
the experiment. Letting participants know how they will be compensated will then encourage
them to post their true probabilities, while the improper scoring rule—the use of which is 7oz
disclosed to the participants—may still yield more useful information.

14. To the best of my knowledge, Konek (2016) and Vassend (in press) contain the
only references to the rule (actually, the continuous version of the RPS rule) in the entire
philosophical literature. I am not aware of any mention of the rule in the psychological
literature.
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ranked probability score associated with p is defined

e (Zhp-)
R,p) = )

n-—1

where y;; = 1if & > j, and y3; = o otherwise.
To illustrate, given David’s probabilities d and still supposing C to be the
true hypothesis (whence j = 3), David’s ranked probability score is

(1-0P+(1+.5-0+(1+.5+.4-1)"

R,,(d) = = 0.18s.

2

In the same way, we find that Emma’s ranked probability score equals 0.305s,
and Frank’s, 0.225."5 In the example in which the three colleagues’ probabilities
are about what grade their student will receive, these outcomes make perfect
sense: as previously stated, David appears to do best in this case because he
assigns a higher probability to the false hypothesis that is closer to the truth
than to the one further from the truth. By the same token, Emma would
seem to do worst, given that she does exactly the opposite. Frank steers a sort
of middle course between his colleagues in assigning the two false hypotheses
equal probability.

Bayesians might particularly like the RPS rule, for it is easy to verify that,
at least in the example from the previous section (on p. 144), their favored
rule does minimize expected RPS penalty (see appendix E). It may well do
so generally, but I do not have a proof of that. Naturally, though, supposing

15. Because, as noted, the RPS rule is strictly proper, it satisfies Selten’s third axiom (see
footnote 4 in this chapter). To see that it also satisfies his fourth axiom, note that for comparing
a probability assignment (py,. .. , p,) with a “true” probability distribution (p},..., p},), the
RPS rule takes this form:

Pr =20 + (P +22) = P +25)) "+ + ((oa + -+ p0) - (9] +---+p22))2.

n-—-1

The symmetry required by the fourth axiom then follows from the fact that the addends in the
numerator are all squared. Furthermore, that David’s and Emma’s ranked probability scores
are different, as seen in the main text, is enough to show that the rule does 7oz satisfy Selten’s
first axiom. Finally, to show that neither does it satisfy the second axiom, we can add to the
partition consisting of hypotheses 4, B, and C the hypothesis that the student will receive a
C-, where this has zero probability for David. Keeping his probabilities for 4, B, and C as
they were, David’s ranked probability score then becomes (approximately) 0.243, and hence
the addition of the zero-probability alternative did affect the score.
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Bayes’s rule does minimize expected inaccuracy vis-a-vis the RPS rule, that
does not militate against the family of VS rules. Indeed, it is not even true
that in the presence of the RPS rule, we have no use for VS rules. VS rules
are still valuable because they are flexible in a way that the RPS rule is not. In
particular, given the latter rule, relations of truthlikeness are completely fixed
by the ordering of the hypotheses in the partition, and such orderings will
not always reflect intuitive judgments of truthcloseness.'®

Consider this example: Two football teams that are about equally strong
and whose past five encounters have all been draws just played another match,
in which neither team managed to score. Then the prediction that the match
would end in a o : 4 away win appears to be quite a bit further from the truth
than the prediction that the match would end ina o : 1 win. After all, the
former much more than the latter would suggest a strongly dominant away
team, which would have been a surprise in view of the relative strengths of the
teams and the outcomes of their past encounters. On the other hand, a0 : 24
away win prediction would hardly be further from the truth thanao : 21
away win prediction: we would find these end results about equally stunning
and might say that both are “about as far from the truth as can be.””

Or consider any value representable in a conceptual space (in the manner
of Girdenfors, 2000), for example, a color shade. We might want to order
different hypotheses about this value on the basis of distances in color space
(CIELAB space or CIELUYV space; see Fairchild, 2013). It is known, however,

that although such distances correlate well with human similarity judgments

16. Thanks to Ilkka Niiniluoto for bringing this to my attention; also to William Roche
for particularly helpful comments here.

r7. Some might want to hold that we are to measure distance from the truth here in
terms of the difference in goals scored. In my opinion, it is more reasonable to look at how
different the various mentioned non-actual worlds (the world in which the match ends in a
o : 1 win, the world in which the match ends in a o : 4 win, and so on) are from the actual
world. And given what we know about the teams, our world would, as mentioned, have to be
rather different from the actual world for the match to end o : 4 while it would not have to
be very different for the match to end o : 1. By contrast, for the match to have ended o : 21,
something entirely out of the ordinary would have had to occur, and whatever that would
have been, it would have been about equally compatible with a o : 24 end result. For instance,
if all players who normally play for the home team had been suspended, and the coach of
that team had to line up their most inexperienced players, then a devastating loss would be
explainable—Dbut the explanation would be about as good in the case of a 0 : 21 end result as
it would be in the case of a 0 : 24 end result. (Thanks to Theo Kuipers and Ilkka Niiniluoto
for helpful discussion here.)
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at a short range, they stop doing so at a longer range (Shepard, 1987). Thus, if
the actual value of the color that we are looking for is some shade of red, then
the hypothesis that it is a particular shade of orange may be intuitively closer
to the truth than the hypothesis that it is a particular shade of yellow, and that
will be reflected by the ordering of hypotheses. By contrast, the hypothesis
that the actual color is a particular shade of blue would appear as far from the
truth as the hypothesis that it is a particular shade of green, and that judgment
is quite compatible with the particular shade of blue being closer in color
space to the actual shade than the particular shade of green.

It is hard to see how one could accommodate the intuitions at play in
these examples only in terms of an ordering of hypotheses. However, one can
find refined measures of truthlikeness in the literature that do allow one to go
beyond merely ordering hypotheses in terms of truthlikeness and to express
truthlikeness relations among the aforementioned hypotheses in a way that
does justice to the aforementioned intuitions (see, e.g., Niiniluoto, 1984, ch. 7,
1987, ch. 12; Kuipers, 1992, 2000, ch. 12). And while the RPS rule cannot take
such refined measurements into account, VS rules caz.

Roger Cooke (1991, p. 121) remarks that one of the main questions con-
cerning scoring rules is whether “the score reward([s] those features that we
would like subjective probability assessments to display.” Much of the debate
on scoring has been premised on the assumption that the desirable features
are fixed across contexts and are independent of which goal or goals a scoring
rule is to help achieve. I have argued that this assumption is false, and that
different scoring rules may be called for in different contexts and also for
different goals.18 This undercuts the Bayesian claim that, in contrast to the
dynamic Dutch book argument, the inaccuracy-minimization argument only
involves a notion of epistemic rationality.

I have in particular emphasized the importance of taking truthlikeness
relations into account in our scoring, if such relations are present. Following
suggestions from Greaves and Wallace led us to the family of VS rules, which
are sensitive to truthlikeness, but which also spelled trouble for the Bayesian
inaccuracy-minimization argument, in that it is not generally the case that
Bayesian updates minimize expected inaccuracy when inaccuracy is measured
by a VS rule. So, lest Bayesians have a decisive reason for dismissing VS rules,

18. To my knowledge, the only other authors explicitly open to this possibility are Levin-
stein (2017) and Schurz (2019).



156 Chapter g

nothing is left of what most of them now consider to be the main argument
in favor of Bayes’s rule.
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The Ecological Rationality of Abduction

Google wasn’t that much faster than Yahoo, butit didn’t need
to be. Allit needed to be was a little bit faster and the rest is
history.

—Stanley Druckenmiller

6.1 The Justification of Abduction

To this point the book has been concerned with staving off the main criticisms
leveled against abduction. Nothing presented so far amounts to a justification
of abduction. Although, as we have discussed, there is strong evidence that
in some contexts people do update their beliefs by abduction, most of what
was presented in the foregoing chapters is compatible with the thought that
the effect of explanation on updating is no more than the manifestation of a
bias. From here onward, I aim to convince you that updating one’s beliefs, or
degrees of belief, on the basis of explanatory considerations can be the right
thing to do. Specifically, the claim argued is that explanation-based updating
allows people to strike the best balance between being fast and being accurate
learners.

By doing so, I expand on work begun in chapter 4, which compared
Bayes’s rule and EXPL along the dimensions of speed and accuracy. There,
the comparison served only to rebut the claim that any form of non-Bayesian
updating is to be rejected for failing to minimize inaccuracy. No conclusion
was drawn regarding whether Bayes’s rule or EXPL would be the more rational
update rule to use. And what conclusion cox/d have been drawn? The results
from the earlier comparison appeared to be mixed. EXPL was found to be
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better at picking up the signal in the data, but when noise occasionally took a
pattern that made it look like a signal, it was the first to be misled, sometimes
quite dramatically.

If the question whether Bayes’s rule or EXPL is the rational pick appears
hard to answer, then, I submit, that is only because we are committed to
an outdated “universalist” conception of rationality, which implies among
other things that there must be exactly one right way to update one’s beliefs
or degrees of belief. Instead, I aim to follow recent work in psychology and
cognitive science that argues for a conception of ecological rationality, an ar-
guably more realistic and useful conception of rationality that leaves open
the possibility that, at different times and for different people, different prac-
tices may count as rational. Authors advocating this conception have laid out
clearly how one should go about investigating the rationality of cognitive prac-
tices. Following their guidance, I use computer simulations implementing
an agent-based optimization technique to compare Bayes’s rule with EXPL
and similar probabilistic forms of abduction. The results will show that in
some stylized but still realistic contexts, abduction, and not Bayes’s rule, is
the rational choice of update rule. But before embarking on a new defense of
abduction, I should briefly explain why I believe that previous defenses fall
short.

6.2 Previous Defenses of Abduction

For reasons already noted (see the last paragraph of chapter 2), not many
today would want to subscribe to a conception of truth that posits a necessary
connection between explanatory force and truth—for instance, because it
stipulates explanatory superiority to be necessary for truth, as do some prag-
matist conceptions of truth. Ata minimum, that makes the prospects of an
a priori defense of abduction dim. And indeed, all better-known defenses
of abduction are of an empirical nature in that they appeal to data suppos-
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edly supporting the claim that (in some form) abduction is a reliable rule of
inference.b*

A particularly well-crafted defense of this sort was developed by Boyd
in the 1980s (see Boyd, 1984, 1985, 1990). It starts by underlining the theory-
dependence of scientific methodology, which comprises methods for design-
ing experiments, for assessing data, for choosing between rival hypotheses,
and so on. For instance, in considering possible confounding factors from
which an experimental setup has to be shielded, scientists draw heavily on
already accepted theories. These inform them about which confounds to
reckon with and which steps can be taken to prevent those confounds or to
control for them. The argument next calls attention to the apparent relia-
bility of this methodology, which after all has yielded and continues to yield
impressively accurate theories. In particular, by relying on this methodology,
scientists have for some time been able to find ever more instrumentally ade-
quate theories. Boyd then argues that the reliability of scientific methodology
is best explained by assuming that the theories on which it relies are at least
approximately true. From this and from the fact that these theories were
arrived at mainly by abductive reasoning, he concludes that abduction must
be a reliable rule of inference.

Boyd’s is a brave attempt at defending abduction. It does not engage in
the kind of appeasement politics of those who seek to show that abduction can
be regarded as serving a convenient helper function for Bayesians, as discussed
in section 1.2.2, but rather aims to show that abduction is a mode of inference
in its own right and as such forms the core of scientific methodology. But
critics have accused Boyd’s argument of being circular (e.g., Laudan, 1985
Fine, 1984). Specifically, it has been said that the argument rests on a premise—
that scientific methodology is informed by approximately true background
theories—that in turn rests on an abductive step for its plausibility. And the
reliability of this type of inference is precisely what is at stake. At a more

1. Biggs and Wilson (2017) do think abduction can be justified a priori. But their argu-
ment involves the claim that conditionals of the sort “If water and H, O are spatiotemporally
coincident, then water is identical with H, O” can be justified a priori by means of what they
call “a hypothetical form of abduction” (p. 750). I fail to see, however, what support there is
for the reliability of that form of abduction.

2. Even though Devitt (1991, p. 111) does not think abduction is a priori, he still finds it
so obviously correct that he thinks no defense is called for. Naturally, this was written before
Bayesian epistemology became dominant and even came to appear “obviously correct” to
many.
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general level, Jonathan Vogel (2008, p. 531) has argued that the belief that an
epistemic rule R is reliable cannot be justified by the application of R.

To this, Psillos (1999, ch. 4) has responded by invoking a distinction
credited to Richard Braithwaite, to wit, between premise circularity and rule
circularity. An argument is premise circular if its conclusion is among its
premises. A rule-circular argument, by contrast, has a conclusion that asserts
something about an inferential rule that is used in the same argument. In
Psillos’s analysis, Boyd’s argument is rule circular but not premise circular,
and rule-circular arguments, Psillos contends, need not be viciously circular
(even though a premise-circular argument is always viciously circular). To be
more precise, in his view, an argument for the reliability of a given rule R that
essentially relies on R as an inferential principle is not vicious, provided that
the use of R does not guarantee a positive conclusion about R’s reliability.
Psillos claims that in Boyd’s argument, this proviso is met. Although Boyd
concludes that the background theories on which scientific methodology
relies are approximately true on the basis of an abductive step, the use of
abduction itself does not trivialize his conclusion. After all, granting the use
of abduction does nothing to ensure that the best explanation of the success
of scientific methodology is the approximate truth of the relevant background
theories. Thus Boyd’s argument still stands, or so Psillos maintains.

Even if the use of abduction in Boyd’s argument might have led to the
conclusion that abduction is zof reliable, the argument’s rule circularity might
still be worrisome. Suppose that some scientific community relied not on
abduction but on a rule that we may dub “Inference to the Worst Explanation”
(IWE), a rule that sanctions inferring to the worst explanation of the available
data. We may safely assume that the use of this rule would lead mostly to the
adoption of very unsuccessful theories. Nevertheless, the said community
might justify its use of IWE by dint of the following reasoning: “Scientific
theories tend to be hugely unsuccessful. These theories were arrived at by
application of IWE. That IWE is a reliable rule of inference—that is, it usually
leads from true premises to true conclusions—is surely the worst explanation
of the fact that our theories are so unsuccessful. Hence, by application of
IWE, we may conclude that IWE is a reliable rule of inference.” Whereas this
would be an utterly absurd conclusion, the argument leading up to it cannot
be convicted of being viciously circular any more than Boyd’s argument for
the reliability of abduction can (if Psillos is right). It would appear then that
there must be something else amiss with rule circularity.
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It is fair to note that, for Psillos, the fact that a rule-circular argument does
not guarantee a positive conclusion about the rule at issue is not sufficient
for such an argument to be valid. A further necessary condition is “that
one should not have reason to doubt the reliability of the rule—that there
is nothing currently available which can make one distrust the rule” (Psillos,
1999, p. 85). And there is plenty of reason to doubt the reliability of TWE; in
fact, the previous argument supposes that it is unreliable. Two questions arise,
however. First, why should we accept the additional condition? Second, do
we really have 70 reason to doubt the reliability of abduction? Certainly some
of the abductive inferences we make lead us to accept falsehoods. How many
falsehoods may we accept on the basis of abduction before we can legitimately
begin to distrust this mode of reasoning, at least enough to fail Psillos’s extra
condition? No clear answers have been given to these questions.

Be this as it may, even if rule circularity is neither vicious nor otherwise
problematic, one may still wonder how Boyd’s argument is to convert a critic
of abduction, given that it relies on abduction. But Psillos makes it clear
that the point of philosophical argumentation is not always to convince an
opponent of one’s position. Sometimes the point is, more modestly, to assure
or reassure oneself that the position that one endorses, or is inclined to endorse,
is correct. In the case at hand, we need not think of Boyd’s argument as an
attempt to convince the opponent of abduction of its reliability. Rather,
it may be thought of as justifying the rule from within the perspective of
someone who is already sympathetic toward abduction. This is an important
insight to which I come back in chapter 8.

There have also been attempts to argue for abduction in a more straightfor-
ward fashion, to wit, via enumerative induction (e.g., Harré, 1986, 1988; Bird,
1998; Kitcher, 2001; Douven, 2002a). The common idea of these attempts
is that every newly recorded successful application of abduction—Tlike the
discovery of Neptune, whose existence had been postulated on explanatory
grounds, as discussed in section 2.1—adds further support to the hypothesis
that abduction is a reliable rule of inference, in the way in which every newly
observed black raven adds some support to the hypothesis that all ravens are
black. Because it does not involve abductive reasoning, this type of argument
is more likely to also appeal to disbelievers in abduction.

One problem with the argument is precisely that it relies on induction,
whose status has been questioned as much as that of abduction has. Did David
Hume (1748/2006) not show that a justification of induction is unattainable?
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According to him, a deductive justification is not forthcoming because induc-
tion is not necessarily reliable, whereas an znductive justification is ruled out
on grounds of circularity.

However, abduction was unknown to Hume, at least as an explicitly
recognized mode of inference, so he could hardly have considered the idea of
induction and abduction taking in each other’s wash. Prima facie, it certainly
makes sense to think that we might be able to base a defense of induction on
abduction and vice versa. It would appear, after all, that we have reason to
be confident in the reliability of induction because the registered successes
of induction are best explained by its reliability, while conversely we have
reason to be confident in the reliability of abduction because the registered
successes of abduction provide strong znductive evidence that abduction is
reliable. There is no apparent rule circularity here, nor any other kind of
circularity.

Alas, this defense would fare no better than Psillos’s defense of abduc-
tion. Consider the following duo of inferential principles: IWE as previously
introduced and Wesley Salmon’s (1963) rule of counterinduction, according
to which from the observation that of all ®s observed so far x percent were
Ws it follows that of all ®s yet to be observed 100 — x percent will be Ws.
Although both principles are patently nonsensical, we could argue for them
in tandem, as follows. We can ask why counterinduction fails, or would fail, so
dismally, and then surely the worst answer we could give is that it is a reliable
inferential principle. But then IWE licenses the inference that the rule of
counterinduction is reliable indeed. That is helpful only if we can justify
IWE. And we can, namely, by invoking counterinduction. After all, we can
be sure that IWE would, if actually in use, have let us down time and again.
By counterinduction, that means that it would do just great in the future!

The kind of construction used here, in which one hypothesis (the relia-
bility of IWE) serves as an auxiliary in helping to confirm a second hypothesis
(the reliability of counterinduction) while the second hypothesis serves as an
auxiliary in helping to confirm the first, has received some attention from
confirmation theorists under the heading “bootstrap confirmation” (e.g., Gly-
mour, 1980; Christensen, 1983, 1997; van Fraassen, 1983; Douven & Meijs,
2006; Douven & Kelp, 2013). The proposal of bootstrap confirmation came
with an important additional condition, however: given a theory, thought of
as a set of hypotheses, it should not only be the case that each hypothesis is
confirmed by the evidence supposing one or more of the other hypotheses
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as auxiliaries—or even more debatably (Douven & Meijs, 2006), supposing
itself as an auxiliary—but it should a/s0 hold that the fact that parts of the
theory are allowed to help other parts in obtaining support from the evidence
should not lead to trivialization, meaning that it should not shield the theory
from disconfirmation. We can gain support for a theory only if we put that
theory at risk of being disconfirmed.

In the case at hand, however, the nontrivialization condition is not go-
ing to help, for the joint assumption of IWE and counterinduction does 7ot
prevent the occurrence of disconfirming evidence. Our reliance on coun-
terinduction in this argument does not by itself prevent disconfirmation of
IWE, given that our judgments of explanation quality might be so badly oft
that by going for the worst explanation we often end up endorsing what is
by more reasonable standards the best explanation, in which case IWE might
have yielded good results, and an application of counterinduction would
have led us to dismiss IWE. Similarly, we may assume IWE and yet live in a
hopelessly counterinductive universe, in which case counterinduction might
have worked and the worst explanation of that would have been that coun-
terinduction is unreliable, so that IWE would have led to a disconfirmation
of counterinduction.

But even if it is difficult to make the deficiency of the bootstrap defense
of the combination of abduction and induction formally precise, that such a
defense Zs deficient is still clear from the fact that, by parallel reasoning, we
could argue for a pair of what we said are patently nonsensical inferential
principles.

Recent progress on the justification of induction raises hope thata defense
of abduction may proceed via induction, but that a defense of induction then
does not need to appeal to abduction in turn but can be accomplished by
recruiting meta-induction. In a series of papers (Schurz, 2008b, 2009, 2012,
2017), and most comprehensively in his 2019 book, Schurz argues that Hume,
and all authors who have since studied the question of the justification of
induction, have erred in assuming that such a justification must involve a
demonstration of the relzability of induction.? Instead of focusing on its
reliability, we should focus on the question of its optimality. Suppose in all
possible circumstances we could only be worse oft by 7oz relying on induction.

3. See also Schurz and Thorn (2016) and Thorn and Schurz (2019); see Sterkenburg
(2019, 2020), Douven (in press), and Schurz (in press) for discussion.
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Then obviously we would be justified in relying on induction. In fact, doing
so would appear rationally mandated in that case.

Taking his cue from work on prediction with expert advice (in particu-
lar, Cesa-Bianchi & Lugosi, 2006), Schurz first shows that meta-induction,
understood as induction over object-inductive methods, does have an ana-
lytic justification, consisting of a proof that, in all possible circumstances,
the meta-inductive strategy that aggregates the predictions of the available
object-inductive methods according to their registered successes is at least as
accurate as and under weak additional assumptions even more accurate than
any of those object-inductive methods. Whereas this gives us a justification
only of meta-induction, the justification of object-induction now follows
meta-inductively from the fact that object-inductive methods are known to
have served us better than any non-inductive methods have. It is important to
be clear about how this proposal differs from the naive inductive justification
of induction, which was already considered by Hume and rejected by him
and most authors since. Although the naive justification also starts from the
registered successes of our inductive methods, it then applies object-induction
to object-inductive methods. That presupposes an antecedent warrant for
applying object-induction, but whether we have that warrant is precisely the
question at issue. By contrast, Schurz applies meta-induction, which is prov-
ably optimal, to object-inductive methods. No circularity is involved in this
argument.

Schurz’s work on induction marks a major step forward, and I do think
that it can be instrumental in defending abduction as a rational mode of
inference. Granting this, there is still a concern about the scope of an inductive
justification of abduction. Such a justification presupposes that we can agree
on what counts as a successful application of the rule. In the case discussed in
section 2.1 of the head and headless body that were found close to each other
in Jackson, Mississippi, the medical examiner’s report confirming what many
had already inferred could be regarded as an undisputed piece of evidence for
the reliability of abduction. But abduction is also used to infer the existence
of unobservable entities—as in Johnson’s “discovery” of the electron—and
unobservable processes and mechanisms, as in Darwin’s “discovery” of the
mechanism of variation and selective retention. I put scare quotes around
“discovery” in the previous sentence precisely because scientific antirealists will
deny that we are in a position to claim that the electron has been discovered,
or that the mechanism of variation and selective retention has been discovered.
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More generally, scientific antirealists will want to remain agnostic regarding
existence claims for any unobservable entities or processes. It would seem
that, as a result, we can perhaps inductively justify applications of abduction
as long as those applications concern strictly observable matters, but that we
could not go beyond that without facing the charge of question-begging. For
surely antirealists will argue that we are already relying on abduction if we
cite any evidence presupposing the existence of unobservables as supporting
the reliability of abduction also when it pertains to hypotheses postulating
the existence of unobservables. Worse yet, by much the same reasoning, the
Cartesian skeptic could challenge even the alleged evidence in the head-in-
Jackson case, given that it already presupposes the existence of an external
world, which the skeptic will refuse to grant.

This is a serions concern, insofar as the prime philosophical use of ab-
duction has been in the context of underdetermination claims, discussed in
section 2.3. And both the skepticism debate and the scientific realism de-
bate were said to turn on such claims. The scientific antirealist is willing to
grant a greater epistemic access than the skeptic, but both hold that it is more
limited than people ordinarily think: the data we do have access to (sensory
impressions in the case of the skeptic and data about observables in the case
of the scientific antirealist) do not allow us to draw any conclusions about an
external world (according to the skeptic) or about the unobservable part of
the world (according to the scientific antirealist), precisely because, to their
eyes, any such conclusion would be underdetermined by the evidence—that
is, by what, from their perspective, can be legitimately designated as such.
That is where opponents have always wanted to wheel in abduction: perhaps
there are rival hypotheses that are equally compatible with the evidence, but
the external world hypothesis, and scientific realism, offer better explanations
of the evidence. Even if that is so, however, the skeptic and the antirealist will
remain unfazed as long as they see no grounds for believing abduction to be
a reliable rule of inference, and the question is how we are to show, without
begging any questions against either the skeptic or the antirealist, that it is.

We will return to this question in chapter 8. Right now we are still facing a
more fundamental challenge. For the broadly Bayesian arguments considered
in chapter 4 charge abduction not just with having limited applicability but
also with being inapplicable zout court, on pain of irrationality. We saw that
the arguments failed: they proceeded by claiming that abductive reasoning
could be costly but then forgot to ask whether it might be able to deliver
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goods that are worth the costs (granting the costs are real to begin with). At
the same time, we have only scratched the surface when it comes to whether
we can indeed get benefits from abduction that we cannot get from Bayes’s
rule nor perhaps from any other rule, and more broadly, whether it could ever
be rational to reason abductively. I now want to turn to these questions.

It is important, however, to be clear about the notion of rationality that
I assume in the following. Thinking about rationality was long dominated,
and in philosophy still Zs dominated, by the assumption that norms of ra-
tionality should be #niversal: they should apply to everyone alike in every
imaginable situation. The debate then was about what those universal norms
were. As explained in section 3.2, the once popular view that the norms of
rationality are the rules of logic was replaced by the psychologically more
plausible Bayesian view that sees rationality as essentially about managing
uncertainties. Although this was a step forward, various authors have argued
that the Bayesian ideal of rationality, as formalized by the principles stated
in section 3.2.1, is still woefully unrealistic. In particular, it has been argued
that this ideal is unachievable for limited beings like us (see, e.g., Giere, 1988,
ch. 6; Arkes, Gigerenzer, & Hertwig, 2016) and that it is not even clear what
steps could be taken to approach it (Earman, 1992, p. 56). Such concerns
have led various researchers to doubt the validity of Bayesianism as a basis
for human rationality and to pursue alternatives more closely in touch with
evolution-oriented theories of cognition.

This alternative approach came to fruition most prominently in the de-
velopment of Simon’s (1982) celebrated theory of bounded rationality and
Gerd Gigerenzer and collaborators’ related theory of ecological rationality
(e.g., Gigerenzer & Goldstein, 1996; Gigerenzer et al., 1999; Gigerenzer, 20005
Goldstein & Gigerenzer, 2002; Gigerenzer, Hertwig, & Pachur, 2011; Todd &
Gigerenzer, 2012; Todd & Brighton, 2016; Schurz & Hertwig, 2019). A more
recent proposal in this vein is Elqayam’s (2011, 2012) account of grounded
rationality.*

Although these accounts differ in their details, they have the important
commonality of taking into consideration the various biological and cogni-
tive limitations to which humans are subject, as well as the environment or
environments in which we, both individually and socially, operate and pursue

4. Forarelated account, called “resource rationality,” see Griffiths, Lieder, and Good-
man (2015).
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our personal interests. The said limitations impose constraints on rationality
that are to some extent universal—we are 2// finite beings, with finite com-
putational powers, finite memory capacity, and so on—but the environment
in which we are to act is not the same for everyone and may be different for
each of us at different points in time; the same holds for the cognitive tools
available to us and for the goals that we pursue. Gigerenzer and colleagues
and also Elgayam argue that, on their accounts, there can be no universally
applicable rationality standards that we might be able to pin down a priori.
Whether a person’s behavior qualifies as rational depends on whether the
behavior facilitates achievement of the person’s particular goal or goals in
the context at issue and given the resources available to that person in that
context.

As Elqayam has pointed out, the term “behavior” in the present con-
ception of rationality is to be understood broadly, so as to include cognitive
behavior. Concomitantly, the person’s goals may be partly or wholly cognitive
ones. She thus sees her notion of grounded rationality as in accordance with
Jonathan Evans and David Over’s (1996) proposal to conceive of instrumental
(pragmatic, goal-oriented) rationality as primary and as subsuming epistemic
rationality, given that among a person’s goals may be obedience to certain
systems of epistemic norms (like classical logic or the laws of probability).5
But grounded rationality goes beyond a mere allegiance to instrumental ratio-
nality in that its emphasis on the role of context and on individual differences
strongly implies that “instrumental rationality cannot be reduced to any one-
size-fits-all normative framework” (Elqayam, 2012, p. 46; also Elqayam &
Evans, 2011).

Adopting this more psychologically oriented approach to rationality
makes it even clearer that as argued in chapter 4, the dynamic Dutch book
argument against non-Bayesian update rules cannot simply be dismissed on
the grounds that it deals with the wrong notion of rationality: epistemic
rationality is a species of pragmatic rationality. It is then equally clear, however,
that a verdict about the rationality of a given update rule cannot be reached
without considering possible users of such rules as located in a given context,
with their specific goals in that context and their specific cognitive capacities.
Only then will it make sense to judge the use of a particular update rule as

5. That epistemic grounds are a special type of instrumental grounds has also recently
been argued in Steglich-Petersen and Skipper (2019) and, from the standpoint of social episte-
mology, in Dyke (in press).
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rational, or as more rational than the use of some alternative rule, and the
judgment will have to be based on a cost—benefit analysis of the rule or rules
within that context. To put this another way: on the present conception
of rationality, the question of whether a given update rule is rational or not
cannot be answered in the abstract. Given a person and an environment, we
can ask which rule is most likely to help the person succeed; and given an
update rule, we can ask when and for whom it is most likely to be helpful.

Hal Arkes, Gerd Gigerenzer, and Ralph Hertwig (2016, p. 33) are very
specific about how one should investigate the rationality of a cognitive strategy.
Their proposal is to begin by identifying (1) the goal of an individual or a group;
(2) the strategies available to the individual or group for achieving that goal;
and (3) the structural properties of the individual’s or group’s environment. In
a second step, one then determines which strategy or strategies are most likely
to help the individual or group achieve her / its goal in the given environment.
Note how difterent this procedure is from trying to lay down rationality
criteria a priori.

6.3 Simulating Explanatory Reasoning

To show that updating via some probabilistic version of explanatory reasoning
can be rational, possibly more so than updating via Bayes’s rule, I follow
the steps from Arkes and colleagues’ proposal. More concretely, I define
an environment, agents with a goal in that environment, and a variety of
update rules available to the agents and then use computational simulations
to determine which rule or rules is / are most effective in realizing the agents’
goal in that environment.

6.3.1  Setup

In chapter 2, I stated EXPL as a schematic probabilistic explication of abduc-
tion, which gives some positive bonus to best explanations, though I have used
the label mostly to designate what is actually only a specific instance of the
schema with that label, the instance in which the explanation bonus ¢ was o.1.
From now on, I use the label again to refer generically to instances of the
schema with ¢ € (o, 1) and so to instances that can be said to embody some
probabilistic form of explanatory reasoning. To these we add the instances of
two further schemata, inspired by the finding from Douven and Schupbach
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(2015b) that Good’s and Popper’s measures of explanatory goodness (stated
in section 3.3) were useful in predicting participants’ responses from one of
the studies reported in Douven and Schupbach (20152).

Any instance of EXPL gives all credit for explanatory goodness to the
hypothesis that explains the evidence best and gives nothing to any other
hypothesis. The aforementioned objective measures of explanatory goodness
can help to give content to the claim that probabilistic versions of abduction
may instead credit each hypothesis separately, in proportion to that hypothe-
sis’s explanatory power. EXPL was seen to work very much like Bayes’s rule
except that it adds a bonus point to the best explanation and then normalizes
to obtain probabilities again. We cannot quite follow this procedure if we
want to credit all hypotheses separately, atleast not if the crediting is to be done
on the basis of Good’s or Popper’s measure. In particular, given evidence £
and aset {H;} ;<,, Of mutually exclusive and jointly exhaustive hypotheses, we
cannot first update the hypotheses on £ via Bayes’s rule, then add M (H;, E)
to H; (with <M a measure of explanatory goodness), and finally normalize.
The measures of objective goodness considered have a range of [-1, 1] (see
ch. 3, footnote 13) with o being the neutral point. This means that actually
they can assign bonus points as well as malus points; where a hypothesis is
an extremely poor explanation of the evidence, they can even assign a malus
point of —1, which when added to the hypothesis’s probability could result
in a negative value unsuitable for “normalizing” to a probability.

Therefore, the rules to be considered will first update the hypothesis’s
probability via Bayes’s rule, then calculate the hypothesis’s explanatory good-
ness according to a given objective measure, next add or subtract a percentage
of the hypothesis’s probability in proportion to its explanatory goodness, and
finally renormalize. More formally, the rules that we consider are instances of
the following schema:

, Pr(Hy) Pr(E|H;) +c Pr(H;) Pe(E | H )M (H, E)
(6.1) Pr'(H;) = , >
37, (Pr(E,) Pr(E|H Yo Pr(E) Pr(E | H)MIH,,E))

where Pr and Pr’ are as defined previously. What I call “Good’s rule” is ob-
tained from this by substituting Good’s measure for <M, and what I call
“Popper’s rule,” by substituting Popper’s measure for the same expression.
Note that, as stated, these rules are also mere schemata from which specific
instances are derived by fixing a particular value for ¢ € (o, 1), which deter-
mines what percentage of H,’s probability after a Bayesian update on £ is
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added in proportion to this hypothesis’s power to explain £. Here, too, we
would obtain Bayes’s rule by setting ¢ = 0.°

The rules compared in the following—the available strategies, in the ter-
minology of Arkes, Gigerenzer, and Hertwig (2016)—are Bayes’s rule and in-
stances of EXPL, Good’s rule, and Popper’s rule, where for all these instances
¢ € (0,0.25). The setting in which these rules are compared is, although
stylized, not at all unrealistic. It concerns medical doctors at an intensive care
unit (ICU) who try to determine what exactly is wrong with the patients who
are rushed in, and who, on the basis of the information that they obtain from
the tests administered, must choose an intervention. They are under some
pressure to act fast: as time passes, the probability that the patient will die
increases, and making the right intervention decreases that probability. On
the other hand, making the wrong intervention zncreases probability of death.

Within this broad setting, we look at two more specific environments.
In the first—the “Weibull environment”—we assume that for all patients
brought in, probability of death can be roughly modeled by the cumulative
density function (CDF) of some Weibull distribution. Such distributions are
characterized by two parameters, a shape parameter k£ and a scale parameter /,
and the associated CDF is given by

. - exp(-(x/0)F) forx > o,
Flekl) = { o otherwise.

More exactly, we assume that the probability of death for a given patient can
be modeled in terms of an instance of this schema, where for each patient, &
and / are chosen randomly, with £ ~ U(o.s, 5) and / ~ U'(50, 250). The
resulting distribution is commonly designated as “Weibull(#, /).”

In the second environment—the “Gamma environment”—we assume
instead that probability of death can be modeled by the CDF of some Gamma
distribution. These distributions are also characterized by a shape parameter &

6. In terms of Vassend’s (in press) distinction between inferential and predictive up-
dating, Good’s and Popper’s rules are inferential update rules whereas EXPL is a predictive
update rule. In the same paper, Vassend distinguishes between legitimate and nonlegitimate
update rules, with Good’s and Popper’s rules falling into the former category and EXPL into
the latter. Itis to be noted, however, that he makes commutativity—in the sense that the order
in which we evaluate different pieces of evidence should make no difference to the overall
result—a necessary condition for legitimacy, and that is a debatable assumption (Lange, 2000).
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Figure 6.1: Examples of Weibull CDFs that give the probability of death of a

patient as a function of time after admission into the intensive care unit.

and a scale parameter /, and the associated CDF is

I x
Fshl) = gy @ ?) ,
where the function I is a generalization of the factorial function and y is the
so-called lower incomplete gamma function.” The resulting distribution is
commonly designated as “I'(, /).” Figures 6.1 and 6.2 show some examples
of CDFs of Weibull and Gamma distributions, respectively.

Also associated with each patient are two parametersz > 1and b > 1
that indicate the effect on probability of death of the right intervention and
the effect on that probability of a wrong intervention, respectively. Where p,
is the probability of death of a given patient at time #, performing the right
intervention at ¢ lowers the probability of death to p,/a whereas performing
a wrong intervention at ¢ raises that probability to (4 + p; — 1)/b. Figure 6.3
illustrates these effects for the case where 2 = & = 2, both for a specific Weibull
distribution (left) and for a specific Gamma distribution (right).

We further assume that what is wrong with the patient can be expressed
in terms of one parameter, ; we imagine that at the time the patient is rushed
into the ICU her relevant medical status is known up to the value of this
parameter. At that time, the only thing known about « is that it can take
a value in {o,.1,.2,..., 1}, with none of these values initially more likely

7. Specifically, ¥(a, x) is defined to be fox e e,
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Figure 6.2: Examples of Gamma CDFs that give the probability of death of a
patient as a function of time after admission into the intensive care unit.

than any other. To estimate the value of 2, the doctor has to rely on the test
results that she receives, with one new result coming in per unit of time. The
results are either “positive” or “negative,” and the tests are probabilistically
independent of each other and all have the same (unknown) probability of

Effect of intervention: Weibull(1, 50) ) Effect of intervention: (10, 16)

Intervention
05 e . mwrong

Probability of death
°
&

0 50 100 0 100 200 300 400 500
Time Time

Figure 6.3: Examples of the effect of right and wrong interventions for a
Weibull distribution (/efz) and for a Gamma distribution (7ight). In both
panels, the orange graph is the probability of death of the patient over time if
no intervention is performed; the green graph gives, for every pointin time, the
probability of death of the patient if at that point in time a wrong intervention
is performed; the blue graph does the same for the correct intervention.
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being positive. The hypothesis that 2 = x is to be interpreted as implying that
the probability for any given test turning up positive equals x.

Stephen Pauker and Jerome Kassirer (1980) and Benjamin Djulbegovic
and colleagues (2014) found that the so-called threshold model, according to
which physicians should decide to administer treatment precisely if the prob-
ability of disease is above a specified threshold, accurately predicts decision
making in clinical practice (see also Djulbegovic & Elqayam, 2017). In line
with this finding, we assume that the doctor must be at least 9o percent certain
about a hypothesis before she is prepared to intervene. It is further stipulated
that only if the doctor comes to believe the true hypothesis to a degree above
that threshold will she perform the correct intervention; coming to believe
a false hypothesis to a degree above the threshold will lead to an incorrect
intervention, with any incorrect intervention having the same detrimental
effect (as specified by the parameter &) on the probability that the patient will
survive.

By now, we have described all structural properties of the types of envi-
ronment in which the doctor is to operate as well as the various strategies
(update rules) available to her in this context. Assuming that the doctor’s goal
is to save her patients’ lives, which rule should she use to update her degrees
of belief for the various hypotheses concerning « (that 2 = o, that« = .1, and
so on)? And might the answer depend on whether she is in a Weibull or in a
Gamma environment?

We saw earlier that in a similar probabilistic model, updating via one
instance of EXPL tended to yield high-probability assignments to the truth
faster than did Bayes’s rule. On the other hand, we also noted that we should
expect that instance of EXPL to have a higher error rate, in that it has a greater
tendency to assign high probability early to a false hypothesis than Bayes’s rule
does; the argument given for that did not depend on the exact value of ¢ (the
bonus value assigned to best explanations) and so generalizes to all instances of
EXPL. For reasons previously mentioned, speed of convergence and accuracy
are both important in the doctor’s setting: with every unit of time that passes,
the probability that the patient will die goes up; but if the doctor acts upon a
false hypothesis, her intervention will make the patient’s prospects even worse.
So the question just raised can be translated: Which update rule offers the
best trade-off between speed and accuracy in the context at hand?
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6.3.2 Method

We can think of this question as a constrained optimization problem.® Even
though all relevant features of the setting have been characterized mathemati-
cally, this problem appears too complex for analytical methods to give much
guidance. However, we can resort to an optimization technique known as
“agent-based optimization,” which is a form of genetic programming (Hol-
land, 1975; Koza, 19925 Bick, 1996; Yu, Yao, & Zhou, 2012; Kochenderfer &
Wheeler, 2019, ch. 9). This technique takes its inspiration from the principles
of natural selection and genetics, letting agents represent different solutions
to a given problem, determining their “fitness” level (according to some crite-
rion of fitness deriving from whatever problem needs to be solved), and then
selecting, either deterministically or stochastically, the fittest agents, which
are retained and / or allowed to reproduce in some predetermined way and
thereby provide the input population for the next round, in which the com-
petition for survival or reproduction starts again. This can be repeated over
and over, possibly as often as is needed to obtain a fixed point at which all
agents represent the same solution (see, e.g., Barbati, Bruno, & Genovese,
20125 also various papers in Czarnowski, Jedrzejowicz, & Kacprzyk, 2013).
Agent-based optimization has been applied with notable success to optimiza-
tion problems in a broad variety of fields, including chemistry, economics,
medicine, operations research, psychology, and robotics. (See, for instance,
Sarkar & Modak, 2005; Dhanalakshmi et al., 2011; Heris & Khaloozadeh, 2o1r;
Douven, 2019b; and, for a general overview, Coello Coello, Lamont, & Van
Veldhuizen, 2007, ch. 7.) As subsequently shown, using this technique has
the additional advantage of allowing us to shed some light on how evolution
may have contributed to shaping our inferential practices and in particular
may have led to the adoption of certain forms of explanatory reasoning.

I have conducted the same agent-based optimization procedure for each of
the two environments introduced previously. I first give an informal descrip-
tion of this procedure. The procedure started with a population consisting
of 200 “medical doctors,” with fifty of them using Bayes’s rule, fifty using

8. Constrained optimization because we are not looking for the optimal update rule
per se (optimal in the context) but the rule among those that we are considering that best fits
the context. This makes the current approach different from Anderson’s (1990, 1991) rational
analysis, which starts with basically the three steps from Arkes and colleagues summarized at
the end of the previous section and then adds as an additional step a requirement to look for
the optimal procedure zout court for achieving the individual’s or group’s goal.
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an instance of EXPL, fifty using an instance of Good’s rule, and fifty using
an instance of Popper’s rule; for the non-Bayesian updaters, the value of the
explanation bonus ¢ was chosen randomly per doctor, with ¢ ~ U(0,0.25).
Then each doctor was assessed on the basis of treating one hundred patients,
where the relevant characteristics of the patients (survival probability, effects
of right and wrong interventions, and value of «) were chosen randomly
and separately per patient in the way specified above (so, for instance, in the
Weibull environment, the survival probability was based on a randomly cho-
sen Weibull distribution, with the parameters falling within the indicated
bounds).

For each patient, the doctor had 100 units of time available. Per unit of
time, the doctor received the outcome of a test, which was positive with a
probability determined by the value of & as randomly chosen for the agent. At
time o, the doctor deemed all eleven value hypotheses for « equally likely, and
probabilities were updated at each following time step on the basis of the test
result received at that step and using the update rule associated with the doctor.
The doctor intervened as soon as the probability for one hypothesis exceeded
the threshold of .9. If that probability was assigned to the #7#e hypothesis,
the doctor received a score determined by the probability of death associated
with the right intervention at the time the probability crossed the threshold;
if the doctor assigned a probability above the threshold to a fa/lse hypothesis,
she received a score determined by the probability of death associated with
the wrong intervention at the time the probability crossed the threshold; and
if 70 hypothesis was assigned a probability above the threshold during the 100
time steps, the doctor received the score of 1 minus the probability of death at
the 1ooth time step.

After each doctor had treated her one hundred patients, her total score
was calculated, and the so percent fittest doctors (the doctors with the highest
average patient survival rate) were determined. These one hundred doctors
were retained for the next generation, and they were also allowed to replicate
by having a copy of themselves in that generation. In every simulation, the
previous steps were repeated for 250 generations, and in total fifty simulations
were run.

To make this formally precise, we think of doctors as ordered triples
(r,b,Pr" ’}7), where 7 is one of the rules defined above; & is a bonus value,
which is either o, for Bayes’s rule, or some random value in (o, 0.25) for the
other rules; and Pr'*? = (Prg’b, A Prﬁ’obo> is the sequence of the doctor’s
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degrees-of-belief functions, starting with the degrees-of-belief function e’
that the doctor has when the patient is brought in, before receiving any test
results, and with Pr?’b being the doctor’s degrees-of-belief function at time
t € {1,2,..., 100}, when she has received, and sequentially updated on, £, =
(E\,...,E;), with E; the test result received at time #, and where Pr;’b comes
from Prf’_bI by updating on E; via rule » with bonus value 4 (conventionally
set to o in case the rule is Bayes’s rule).

Patients can be thought of as ordered quintuples {«, ,/, 2, b) with all
parameter values chosen randomly (within certain bounds) per patient. The
first parameter, «, concerns what is wrong with the patient (think, for instance,
of the value of some blood parameter), and it is unknown at the time when
the patient is brought in; the only thing known at that time is that« = 4 for
some b € {0,0.1,..., 1}, with each of those possibilities equally likely at that
time; thus, Prg’b(a = b) = 1/11,forall b, r, b. The true hypothesis concerning
a gives rise to the evidence (the test results) that the doctor receives during the
time of the treatment, in the precise sense that = 4 if and only if the long-run
frequency of positive outcomes equals /X 100 percent. The kand / parameters
are the shape and scale parameters of the Weibull distribution in the Weibull
environment and of the Gamma distribution in the Gamma environment; as
explained, these parameters determine the patient’s probability of death as a
function of time, modeled through the cumulative density function of the
relevant distribution.

Finally, as previously explained, # and & determine the effect of the inter-
vention (if any) by the doctor on the patient’s probability of death. Where
pf’l is the probability of death of a given patient at time ¢, as determined by &
and /, performing the right intervention at # lowers the probability of death
to pf’l /4, and performing a wrong intervention at  raises that probability to
(49 1)

A doctor intervenes at ¢ if and only if at # her degree of belief in one of
the hypotheses concerning @ comes to exceed the threshold value of 0.9. If
she intervenes, she makes the 7Zghr intervention if what she believes in to a
degree above the threshold is #7ue, and a wrong intervention if it is false.

If the right intervention was made at time #, the doctor received the score
of 1—- pf’l / a; if a wrong intervention was made, the doctor received the score of
1-(b+ pf’l -1)/b=(1- pf’l) / b; if no hypothesis was assigned a probability

above the threshold during the 100 time steps, and so no intervention was
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made, the doctor received the score of 1 — pf;fo. More exactly, given a patient
characterized by {(, k,/, 4, b) and a doctor characterized by (r, b, Pr” Y the
doctor’s score, s, for this patient equaled

s({a, byl a,b)) =
I —pf’l/ﬂ if3h eV < t: (Pr;’b(zx =h)>.9 A Pr:,’b(a =h)
(1-p%) /b if3b3eVe'<s: (P(a=h)> .0 A P (a=h)

/ .
I-— p/f;)o otherwise.

<9 Aa=h),
S 9ANa#h),
To repeat, after the doctor had treated her one hundred patients, her average
score was calculated, and after this had been done for all 200 doctors, the one
hundred doctors with highest scores were selected and copied and thereby
came to constitute the population of the next generation, which went through
the preceding selection process again, and so on, 250 times.

Computational details are not described here and are instead given in
the Jupyter notebook that is part of the Supplementary Materials belonging
to this chapter. The program for the simulations was written in Julia. In
appendix E, I explain how the code for the simulations can be downloaded
and used. Because Julia code reads almost like pseudocode, readers should be
able to benefit from going through that code.

6.3.3 Results

I begin by describing the outcomes for the Weibull environment. Figure 6.4
gives a first impression of the kind of results obtained in this environment. It
shows, for four randomly chosen simulations, how the population evolved
through the 250 generations. One can think of each of the four plots as a series
of 250 stacked histograms, where these histograms show how many tokens of
each agent type were present in the corresponding generation.

We can immediately make a number of observations. Most notably, ex-
planatory reasoning prevails in three of the four examples, in some form, and
in the one example in which Bayesians (in the sense of doctors using Bayes’s
rule) are still in the running in the last generation, it appears that they are
nevertheless losing the battle and might well have disappeared completely if
we had not terminated the evolutionary process after 250 generations. And
while there is no single explanation-based update rule that always trumps the
others, EXPL users and Popperians do clearly better than users of Good’s
rule, who disappear quickly in all examples. Bayesians also disappear relatively
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Figure 6.4: For the Weibull environment, counts of agent types per generation
for four randomly chosen simulations.

quickly in three of the four examples. Also note that EXPL users appear to be
critically endangered during the initial stages of all shown simulations. In the
examples in which they perish, they do so very quickly, but where they make
it through the initial stage, they become quite competitive, in one simulation
even pushing out of competition all other types of agents.

As for the overall results, we first note that of all 50X 200 = 10,000 agents
in the last generations, 5,952 were Popperians, 2,246 were EXPL users, 1,554
were Bayesians, and 248 were users of Good’s rule. Thus, users of Good’s
rule are indeed largely outcompeted into extinction. Furthermore, although
among the explanation-based rules there is none that always comes to domi-
nate the field, there is a clear sense in which Popper’s rule is the winner, with
EXPL being a distant second. The left panel of figure 6.5 plots the percentage
of agents of each type of agent for every generation, averaged over all simula-
tions. We note a strong tendency for the EXPL users to drop dramatically in
number shortly after the start. We also see that their fate remains in serious
jeopardy for some time after the start—if they do not perish completely, as
the examples showed may happen. But when they manage to survive that
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Figure 6.5: Percentage of agents per type of agents and per generation, av-
eraged over the simulations for the Weibull environment (/ef), and mean
bonus values per type of agents and per generation, averaged over the same
simulations (right), both shown with 95 percent confidence bands.

critical phase, they are at least somewhat competitive against the Popperians.
Bayesians appear competitive only for a very short while, after which they
tend to fall back.

The right panel of figure 6.5 may suggest an explanation of why Popper-
ians do better than EXPL users. This panel plots the mean bonus values in
each generation for the three groups assigning such values. Because for the
agents in all three groups the initial bonus values ¢ were randomly drawn,
with ¢ ~ UT(o,0.25), all simulations start with an average bonus value of
around o.125 for each group. We see that the evolutionary process almost
immediately drives down the average bonus value associated with the EXPL
group to a level at which, as the plot also shows, it then stays for all further
generations. Popperians, on the other hand, appear to get by with an average
value close to o.125: last-generation Popperians assign bonuses that are on
average still close to the initial average value. So, Popperians may have an early
advantage over EXPL users for which the latter never can really make up.

Turning to the Gamma environment, figure 6.6 shows how the evolu-
tionary process unfolded in four randomly chosen simulations conducted in
this environment. In these four examples convergence occurs very fast, in that
one type of agents becomes dominant after fifty or even fewer generations.
We further see that in these examples explanatory reasoning a/ways prevails,
with EXPL outcompeting all others in three of the four simulations. On the
other hand, in one simulation EXPL users disappear again shortly after the
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Figure 6.6: For the Gamma environment, counts of agent types per generation
for four randomly chosen simulations.

start, leaving the field open to the Popperians. Even in the examples in which
they end up as winners, EXPL users struggle at the beginning, similarly as in
the previous simulations.

An analysis of the overall results shows that of the 10,000 agents in the
last generations literally none are Bayesians or users of Good’s rule. EXPL
users form a clear majority, with a total presence of 7,554 agents in the last
generations, the remaining 2,446 agents being Popperians. Thus, here EXPL
is the clear winner, with Popper’s rule being a distant second. The left panel
of figure 6.7 gives a more complete picture, showing that the observations
just made about the examples in figure 6.6 generalize: EXPL users appear to
hang on by their fingertips for a short while, but if they are able to hold on,
they tend to beat the entire competition. By contrast, although Bayesians and
users of Good’s rule do a bit better on average than EXPL users during the
initial phase of the evolutionary process, they all go down the drain not long
after.

In the right panel of figure 6.7 we see that the explanation of why EXPL
users are endangered at first may again be that they have to drive their average
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Figure 6.7: Percentage of agents per type of agents and per generation, av-
eraged over the simulations for the Gamma environment (/ef¢), and mean
bonus values per type of agents and per generation, averaged over the same
simulations (right), both shown with 95 percent confidence bands.

bonus value down in order to become competitive. The same plot suggests
an explanation of why in this environment Popperians do 7ot outperform
EXPL users: whereas in the Weibull environment the former’s initial bonus
values were fine from the start, at least on average, in the current environment
their struggle for existence leads them to drive their bonus values up by, again
on average, almost as much as the EXPL users drive theirs down. That the
Popperians go through this process of adjusting their bonus values more slowly
than the EXPL users may be why the former do worse, from an evolutionary
viewpoint.

Next, let us compare the fitness levels—the scores on the fitness function,
which measures the likelihood of patient survival—of the optimal solutions
in the two environments with the corresponding fitness level of a Bayesian
doctor. In the Weibull environment, the winner in the previous simulations
was Popper’s rule. Assuming that same environment, we run 10,000 sim-
ulations in each of which a Popperian treats one hundred patients, where
the doctor always assumes the mean bonus value for last-generation Pop-
perians in the previous simulations (which was .117, + 0.021). We repeat
this procedure with a Bayesian in place of a Popperian. And then we repeat
all the foregoing but now assuming a Gamma environment and replacing
the Popperian with an EXPL user, given that our simulations showed that
EXPL users do best in this environment, and letting the EXPL user assign as
a bonus to best explanations the mean bonus value for last-generation EXPL
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users in the said simulations (.008, + 0.001). In the new simulations in the
Weibull environment, the Popperian doctor turns out to save an average of
84.1 (+2.3) percent of the patients she treats, and a Bayesian doctor saves
an average of 84.0 (£ 2.3) percent of the patients she treats. Conducting a
one-tailed z-test shows the difference to be significant (r = 3.13, p < .001),
although the effect size is small (Cohen’s d = 0.04). In the new simulations in
the Gamma environment, we find that the EXPL user saves an average of 88.9
(+2.3) percent of her patients, and her Bayesian colleague saves an average of
88.1 (+ 2.2) percent of patients. A one-tailed #-test shows the difference again
to be significant (¢ = 24.15, p < .0oo1), although here, too, the effect size is
small (Cohen’sd = 0.34).

Although the small effect sizes could make these results look rather unex-
citing, consider that, on average in a Weibull environment, of every 10,000
patients admitted to the ICU, a doctor of the type that we found to do best
in this environment using a bonus value that is optimal for the environment
would save ten extra lives as compared to a Bayesian doctor. In a Gamma
environment, the corresponding number of extra lives saved by the type of
doctor best suited to operate in this environment is eighty. Numerically, these
may not be large differences. Yet it is hard to imagine a doctor who would
not in the environments at issue prefer Popper’s rule and, respectively, EXPL
(with suitable bonus values) over Bayes’s rule—or to imagine a patient who
would 7ot prefer to be treated by a doctor using an optimal rule for the given
environment.

Also note the following: we may conceive of the evolutionary algorithm
that we used as only a means for answering the question of which rule would
be ecologically most rational in the specific environments that we considered—
the answer being that a doctor would be best oft on average if she updated
by Popper’s rule in a Weibull environment and by EXPL in a Gamma envi-
ronment, using the appropriate bonus value for the given rule in the given
environment, and that therefore it is rational to use Popper’s rule in a Weibull
environment and EXPL in a Gamma environment. However, we can also
think of the evolutionary algorithm as modeling somewhat realistically how,
under evolutionary pressure, agents have come to prefer the use of this or that
update rule in specific types of environment because of the relative competi-
tive advantage that the rule offers. To reiterate a frequently made point, from
an evolutionary perspective small differences may be as advantageous as larger
ones: often enough, a prey animal can escape a predator by being just a /zzzle
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faster than some other individuals in its group. That, I submit, best explains
why Popperians do so much better than Bayesians in a Weibull setting, even
though a Popperian doctor is only s/zghtly “fitter” than her Bayesian colleague.

The broader evolutionary perspective further suggests that perhaps the
most important advantage of the explanation-based update rules is that they
offer an opportunity for adaptive learning—Dby increasing or decreasing the
bonus for explanatory goodness—that Bayes’s rule does not provide. How
much a benefit this can be is especially clear if we focus on Bayesians versus
EXPL users as represented in figure 6.5. Whereas the latter do quite a bit
worse at the beginning, they can adapt to the needs of the context (as a group,
not at the individual level, at which bonus values are fixed). As the figure
shows, they were usually able to do this fast enough to avoid extinction and
even to outnumber their Bayesian competitors. This is important, inasmuch
as long-term survival is typically not just a matter of being well adapted to the
environment in which one operates but also of being able to adapt quickly to
a new environment.

The point of the foregoing is not that one should always prefer as an
update rule some instance of Popper’s rule in a Weibull environment and
some instance of EXPL in a Gamma environment. Instead, it is to buttress
Elgayam’s previously quoted remark that it would be a mistake to expect a
one-size-fits-all norm of rationality. According to the advocates of Bayes’s
rule, we are to follow it in each and every context. Not doing so would
make us irrational, as the dynamic Dutch book and inaccuracy-minimization
arguments are supposed to show. To refute this claim, it is enough to specify
some context in which we are better off by following a non-Bayesian update
rule. That leaves open the possibility that there are contexts in which Bayes’s
rule helps us achieve whatever it is we want to achieve more quickly or reliably
or efficiently than would any other rule—which is fine, given that my aim
was to show that in some contexts using a form of explanatory reasoning
is ecologically more rational than using Bayes’s rule and hence that Bayes’s
rule is not defensible as a universally valid principle of rationality; my aim
was not to show that Bayes’s rule is defensible under 7o circumstances, and
that we should z/ways adhere to some explanation-based update rule. Note
that it is therefore not a flaw of the previous simulations that they relied on
assumptions (about the characteristics of the patients, the time available for
intervention, the threshold of certainty for action, and so on) that were to
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some extent arbitrary.? That would be a problem only if my aim had been to
argue for a replacement of Bayes’s rule by a different supposedly universally
valid update rule.

6.4 Concluding Remarks

Chapter 3 canvassed evidence indicating that the way people change their
degrees of belief is influenced by explanatory factors and that this may cause
them to violate Bayesian norms of reasoning. Why would they do that, if
Bayes’s rule has all the virtues its proponents allege it to have? The standard
arguments in support of Bayesianism suggest an answer in terms of a bias, of
something regrettable, even if perhaps not completely avoidable.

But upon close scrutiny in chapters 4 and s, those arguments turned out
to be fallacious. The key observation was that even granting that failure to
minimize next-step inaccuracy and / or Dutch bookability are bad, nothing
follows about abduction unless it has been ruled out that some compensation
can be had in return. In this chapter, I have argued that people’s tendency
to rely on explanatory considerations in their belief updating can have clear
advantages indeed and that, more generally, abductive reasoning is rational
in some environments—rational in a sense that lets us focus on how well a
cognitive strategy (e.g., an update rule) is adapted to the local environment in
which it is deployed rather than on how well the strategy complies to certain
internal standards such as consistency or probabilistic coherence.

The problem for the traditional Bayesian approach to updating, and to
rationality in general, that we have aimed to highlight is not that it posits
an ideal that we would not even know how to approximate. Instead the
problem is that, at least in some situations, the use of Bayes’s rule is simply 7oz
ideal. The computer simulations that were reported gave a straightforward
example of this: in some contexts, use of Bayes’s rule led to the survival of
fewer patients, on average, than the use of a version of abductive reasoning.
It was also seen that what helped some of those versions come out on top in
the given contexts is that they are highly adaptable by having an adjustable
parameter, which allows for contextual fine tuning. Bayes’s rule lacks this
functionality. More generally, because we inhabit an ever-changing world
and can within a relatively short time span find ourselves in contexts that

9. However, see footnote 10 in chapter 4 on why .9 is a reasonable threshold value.
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pose very different challenges, reasoning should not just be well adapted to
the context that we are in at a given point in time; it should also be easily
adaptable to whichever context we may, just moments later, find ourselves in
(Schurz & Thorn, 2016). Insisting on the unique rationality of Bayes’s rule
would make us needlessly inflexible. If we are instead permitted to take on
board instances of EXPL, Good’s rule, Popper’s rule, and other rules perhaps
(including Bayes’s rule), that would greatly facilitate quick adaptation, by
switching from EXPL to Popper’s rule, for instance, and / or by adjusting the
explanation bonus.

It is fair to say that the approach to rationality that is prominent in much
of the recent psychological literature, as we have been assuming in the pre-
ceding, has been concerned mainly with arguing for the ecological validity of
so-called fast and frugal heuristics rather than that of the kind of higher-level
cognitive principles that were compared in this chapter. A key insight of the
work of Gigerenzer and his various collaborators is that the use of simple
heuristics often leads to better outcomes than the use of more complicated
principles of reasoning. However, nothing in Gigerenzer et al.’s work suggests
that the notion of ecological rationality applies on/y to heuristics. Indeed, we
showed in the previous section how a clear sense can be given to the notion of
one update rule matching the environment better than another update rule.”

The main method used in this chapter was agent-based modeling. The
framework used for the simulations is highly flexible and allows for almost
endless variations. One could explore still further distributions for modeling
probability of death, different ways of modeling the effects of an intervention,
richer and more varied sources of information for agents to update on, and
also different modes of agent reproduction (Bick, 1996, ch. 2). Studying such
variations provides a path to probing the robustness of update rules, which
indicates how broadly applicable they are (Gigerenzer, 2001, p. 47). Part of the

10. Admittedly, the concerns of computational intractability that Gigerenzer and others
have voiced over Bayesian principles would seem to apply equally to the explanation-based rules
studied in this chapter; in fact, given that they appear slightly more complex than Bayes’s rule
(in view of the additional computational work needed to assign bonuses), the latter principles
may give even more cause for concern in this respect. But for all that has been said, the formal
rules that we have studied may in actuality be implemented by informal heuristics or may
at least be approximated by them. And to shed light on the informal heuristics by means of
computer simulations, there may be no alternative to relying on such formal approximations.
(See Schurz & Thorn, 2016, and Schurz, 2019, for various other examples of the same approach
within the paradigm of ecological rationality.)
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conception of rationality that we have been assuming is that rational agents are
able to pick the right tools for the right situation; just considering updating on
incoming information, this may include knowing when best to use a particular
instance of EXPL, for example, and knowing when to use Bayes’s rule or some
other rule still. But this is not to say that broad applicability is not a boon
for update rules. If an update rule matches a large range of contexts, or at
least matches it better than all other known update rules, then that offers
agents a good opportunity to become proficient users of that rule and lets
them benefit in new contexts from the experience that they have gained with
the rule in earlier contexts.

Another variation one could consider is to bring in the type of meta-
inductive reasoners canvassed by Schurz, who keep track of the success rates
of other reasoners and use that information to inform their own updating
(see section 6.2). Schurz (2019, ch. 6) introduces a variety of meta-inductive
strategies and discusses what difference they may make to predictive perfor-
mance. It would be relatively straightforward to implement and compare
those strategies in the context of our evolutionary computations.

Finally, although the simulations involved groups of agents, these agents
went about their business all on their own and at no point were in touch with
others. That is an important limitation. Alvin Goldman (1999) compellingly
argued that much of traditional epistemology had been misguided in ignoring
social interactions among people; that our flourishing qua epistemic agents,
but also more broadly, can be understood only from a social perspective
by recognizing the importance of our being embedded in a community of
interacting agents collectively invested in the pursuit of truth. As Goldman
pointed out, our knowledge would be a fraction of what it is had we had
to explore the world all on our own. In a similar vein, Schurz (2019, p. 193)
remarks that individual learning is far more costly than social learning and
that “[m]any unsuccessful trial-and-error steps are involved in individual
learning that can be avoided by just being informed about the results of these
steps.” In this view, the traditional restriction to individual thinkers was
bound to yield a distorted picture of human epistemology.” Therefore, the

1. On the importance of social learning, see also Boyd and Richerson (1985), Caporael
(2001), Brewer (2004), Boyd, Richerson, and Henrich (2011), de Ridder (2014), and Oaksford
and Hall (2016).

12. The importance of social learning in relation especially to the ecological conception
of rationality has also been repeatedly emphasized by Gigerenzer (e.g., in his 2000).
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next chapter again compares Bayes’s rule and the various probabilistic versions
of abduction that we have examined, now in a social setting in which agents’
updates can be influenced not only by the evidence they receive directly from
the world but also by the views of other agents in their community.






7

The View from Social Epistemology

We ended the previous chapter by noting that there are distinctively social
aspects to learning. Not only do we learn from others, as when we learn from
our parents or our teachers, but we often can acquire new knowledge only
if we join forces with others. This is true not only for everyday knowledge
but also and perhaps in particular for scientific knowledge. Indeed, scientists
who might want to work in relative isolation—in the manner of Newton
or, more extremely, of the exceedingly reclusive Henry Cavendish—would
today stand little chance of making any appreciable progress; modern science
has become a community effort (Gribbin, 2002, p. 359). While this has been
long recognized especially in the works of sociologists of science (e.g., Kuhn,
1962; Merton, 1973), the more general lesson that the communal aspects of
knowledge acquisition call for a rethinking of epistemology sank in only after
the publication of Goldman’s seminal 1999 book on social epistemology.
Once it is appreciated to what extent that we, qua epistemic subjects, are
dependent on our functioning as members of groups of agents bent on the
same epistemic goal, it becomes natural to ask how we might best organize
such groups, supposing that we want to optimize their performance. This
is a broad question, of course. Even if we consider a well-delineated case,
such as a group of academic researchers employed by the same laboratory,
the question could concern topics ranging from strategies for organizing the
workplace to after-work socializing or decisions about how to allocate grant
money and other resources within a group (Kitcher, 1993). This chapter
focuses instead on some of the most fundamental epistemic mechanisms that
groups might decide to put into place or might be encouraged to adopt, for
how their members ought to interact. In particular, it focuses on mechanisms
for how group members should update on new evidence while also being
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informed about the changing belief states of others in the group, whom they
know to acquire evidence flowing from a common source (all group members
study, for example, the same economic phenomenon, or the same virus, or
the same genetic mutation). To nobody’s surprise, we are especially interested
in comparing Bayesian and abductive versions of social learning.

The notion of optimizing group performance will also be understood in
an epistemic sense, as relating to the question of how to get at the #7uth of
whatever issue the group is working on. Whereas, as stated in chapters, truth
is generally regarded as the overarching epistemic goal, we are often forced to
make a trade-off between speed and accuracy: we do want to get at the truth,
but we also want to get there reasonably fast, which may mean that we should
be content if we can quickly become highly confident in the truth or quickly
get close to the truth.

Thus, the question to be investigated is how members of a group of agents
should update on the receipt of new evidence in a setting in which they also
have access to relevant beliefs of other group members, supposing that the
group wants to strike the best balance between speed (getting at the truth fast)
and accuracy (minimizing error rates). The main methodological tool to be
used is again that of computational agent-based modeling, but now we also
want to explicitly take into account the socio-epistemic interactions. To that
end, we build on a model developed by Rainer Hegselmann and Ulrich Krause
for studying opinion dynamics in groups of interacting agents focused on a
common research question (Hegselmann & Krause, 2002, 2005, 2006, 2009;
for related models, see Deffuant et al., 2000; Dittmer, 2001; Weisbuch et al.,
2002; Pluchino, Latora, & Rapisarda, 2006; Semeshenko, Gordon, & Nadal,
2008; De Langhe & Greiff, 2010). In this Hegselmann—Krause (HK) model,
as it is now commonly known, each agent holds at any point in time only
a single opinion on an issue that is the same throughout the process. Later
work has generalized the model to those in which agents could at each point
in time have opinions on multiple issues (e.g., Lorenz, 2003, 2008; Riegler &
Douven, 2009; Wenmackers, Vanpoucke, & Douven, 2012, 2014). In recent
joint work with Sylvia Wenmackers (Douven & Wenmackers, 2017), I have
presented an extension of the HK model in which each agent at each moment
assigns probabilities to all members of a set of relevant possibilities.

Douven and Wenmackers’s (2017) aim was to compare different update
rules within a social setting. Specifically, they compared Bayes’s rule with vari-
ous instances of EXPL. One way in which I want to go beyond Douven and
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Wenmackers’s work is by considering, next to EXPL, the other formalizations
of explanatory reasoning that we examined in the previous chapter. Another
generalization concerns the way that an agent determines which of her group
members she takes to be her epistemic peers, who in Douven and Wenmackers
(2017) are those members whose probabilities she takes into account in com-
puting her new probabilities.! Whereas Douven and Wenmackers used one
particular metric for defining epistemic peerhood, in this chapter I want to
consider others as well. Furthermore, I compare different ways in which group
members may accommodate the information about their peers’ probabilities,
thereby going beyond previous research, Douven and Wenmackers having
considered only the linear pooling of probabilities (Stone, 1961; for details, see
the following).

Whereas the main conclusion from Douven and Wenmackers (2017) was
thatin a social setting explanatory reasoning can be superior to Bayesian updat-
ing both in terms of speed and in terms of accuracy, the present chapter aims
at showing how we may be able to find an optimal combination of update rule,
rule for determining peerhood, and rule for taking into account one’s peers’
probabilities, where optimality is still a matter of balancing speed and accu-
racy. I am again using evolutionary computing by letting combinations of the
aforementioned kind compete for survival and reproduction, where in a first
batch of simulations their success depends directly on how fast and accurate
they are, and in a second batch, more aligned with the simulations reported
in the previous chapter, on survival probabilities and so more indirectly on
speed and accuracy.

While my main motivation continues to be a comparison of Bayesian and
abductive updating, this chapter has a secondary motivation as well. In recent
years, much has been made of the so-called wisdom of crowds effect, the often-
reproduced finding that averaged group estimates of some parameter value
tend to be closer to the truth not only than most of the individual estimates
but even than expert estimates (Surowiecki, 2004; Page, 2007). At the same
time, Jan Lorenz et al. (2011) report evidence showing that if group members

1. The intuitive idea behind distinguishing peers from non-peers is that the former are
and the latter are not considered competent enough to make it worth taking their opinions
into account. For background on the notion of epistemic peer, see, for instance, Christensen
(2007, 201, 2016), Douven (2010), Goldman (2010), Ballantyne and Coffman (2011, 2012),
De Cruz and De Smedt (2013), De Langhe (2013), Vallinder and Olsson (2013), and De Cruz
(2017).



192 Chapter 7

are made aware of their fellow members’ estimates, that will not only lead
members to adjust their own estimates, but the various resulting adjustments
also will tend to have a negative effect on the accuracy of the averaged group
estimate. This might seem to give a reason for trying to prevent the kind of
interactions among group members that were experimentally explored by
Lorenz and coauthors. In a similar vein, Kevin Zollman (2007) found that
while increasing the connectivity in an epistemic network tends to increase
the speed with which the network converges on an opinion, it at the same
time tends to decrease the chances that the network will arrive at the truth
(see also Kummerfeld & Zollman, 2016, and Hahn, Hansen, & Olsson, 2020;
but cf. Mason & Watts, 2012, and Rosenstock, Bruner, & O’Connor, 2017).

However, while these authors found a potential negative effect of epis-
temic interactions among the members of research groups, it is to be noticed
that such interactions are not bound to be detrimental. To the contrary, as
Douven and Wenmackers’s (2017) results made manifest, whether the influ-
ence will have a positive or a negative effect on the accuracy of the group
estimate may all depend on how the individual group members’ beliefs are
influenced by those of their peers. There are update procedures that take
into account both new information about the parameter value at issue and
information regarding the beliefs about that value held by others in the group,
and which greatly increase not only the accuracy of the group estimate but
also the speed with which that estimate converges to the true value, suppos-
ing that group members are repeatedly oftered new evidence as well as new
information about the beliefs of their peers. Groups might decide to adopt
those update procedures to counteract the kind of eftects of social influence
discovered by Lorenz et al. (2011) and others. Naturally, that presupposes that
such procedures have been identified. In the following, I describe in some
detail how this could be accomplished.

7.1 The Hegselmann—Krause Model and Beyond

We look at groups of agents, each of whom repeatedly updates her belief
state upon the receipt of new information. The new information is of two
kinds: on one hand, agents receive new information directly about the subject
matter of their research, while on the other hand, they receive new information
about the belief states of others in their group after zbey received new “direct”
information about that subject matter. All agents always first receive a piece of
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direct information—which may be different for different agents, even though
the information comes from the same source—and then after each of them
has updated on that, they receive information about the new belief states
of their colleagues, which may occasion a further adjustment of an agent’s
own belief state. For the first part of this process, I resort to the same update
rules that figured in the simulations reported in the previous chapter: Bayes’s
rule and instances of EXPL, Good’s rule, and Popper’s rule. The second part
involves a variant of the previously mentioned HK model.

Computational agent-based modeling has become a mainstay in the social
sciences, used to study a great variety of phenomena and processes—the
emergence of social norms, racial segregation, voting behavior, and so on—
that are too complex to be investigated using strictly analytical tools. The
technique is also rapidly gaining popularity in the study of social aspects of
knowledge and belief, fueled by the observation hinted at previously, to wit,
that our being socially embedded in one or more communities of truth seekers
is crucial to our epistemic success.”

Arguably, the most widely used computational agent-based model in this
field is the HK model. Hegselmann and Krause themselves used the model
mainly to address descriptive issues, such as the conditions under which ini-
tially diverging opinions in a community of interacting agents tend to converge
or when they tend to polarize. More recently, the model has also been applied
to a variety of normative issues, such as questions concerning reliabilism and
truthful assertion (Olsson, 2008), peer disagreement (De Langhe, 2013), and
efficient truth approximation in science (Douven & Kelp, 2o1r).

In the version of the HK model that is most of interest to us (though
not in the original, most basic version of the model), communities of agents
seek to determine the value 7 of some unspecified parameter, where it is given
that 7 € (o, 1). The agents update their estimates of 7 repeatedly at discrete
time steps, where each agent updates on the basis of (1) information that she
receives about 7, and (2) the estimates of 7 of those agents who are within
her bounded confidence interval (BCI), meaning that their estimate is within
some fixed distance ¢ of the agent’s own estimate. More formally, the estimate

2. For some more background on computational agent-based models, see Douven
(2019¢).
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of agent x; after the (# + 1)-st update is given by

x(u+1) = am Zx](u) + (1-a)7,

JE€X(u)
with x;(x) the estimate of agent x; after the «th update,
Xi(u) := {] |xl(u) - x](u)| < 5}

the set of agents within agent x,’s BCI after the #th update, and 2 € [o, 1] a
parameter determining the weight that the agent gives to the “social” part of
the updating relative to the “evidential” part.?

One reason why the HK model is so popular is its great flexibility. In
general, it takes little effort to extend the model or to adapt it to a researcher’s
specific needs. For example, researchers have used simple extensions of the
model to study situations in which agents receive evidence beset by some
degree of measurement error (e.g., Douven, 2010; Douven & Riegler, 20105
De Langhe, 2013). Matthew Crosscombe and Jonathan Lawry (2016) present
another extension to study agents with (partially) vague beliefs. The model
has also been extended to situations in which agents are equipped with richer
belief states in that they hold opinions on various related or unrelated mat-
ters (see, e.g., Lorenz, 2003, 2008; Riegler & Douven, 2009; Wenmackers,
Vanpoucke, & Douven, 2012, 2014) and to ones admitting different types
of agents, some of which may exhibit epistemically irresponsible behavior
(Hegselmann & Krause, 2015; Douven & Hegselmann, 2021; Glass & Glass,
2021).

We are interested mostly in an extension of the HK model proposed
in Douven and Wenmackers (2017). In this extension, agents’ belief states
at a given time are not single real numbers (as in the original model) but
probability functions, defined on a set of self-consistent, mutually exclusive,
. It is still the case, however,

and jointly exhaustive hypotheses ¥ = {;h} <i<n
that the agents take into account both evidence directly pertaining to the
members of ¥ and the belief states (i.e., probability functions) of those in

their BCL.

3. In this model, and also in Douven and Wenmackers’s extension of it, subsequently
discussed, all agents in the BCI are treated on a par. If information about the credibility or
expertise of these agents were available, one might plausibly wish to weigh them differently
(see, e.g., Tamargo et al., 2014, and Gottifredi et al., 2018). This can easily be accomplished in
the framework used in this chapter (see footnote 4 in this chapter).
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Naturally, in this model the BCI has a definition different from the previ-
ously stated one. Here, two agents are in each other’s BCI precisely if the sum
of the absolute differences in the probabilities that they assign to the hypothe-
ses is below a given threshold value, or formally, agent 7 with belief state Pr,
is within the BCI of agent j with belief state Pr; precisely if A(Pr;, Pr;) <,
where

A(Pry, Pry) = ) [Pro(ya) - Pry(v)].
k=1
Note that, given this definition, an agentis always in her own BCI (as s also the
case in the original HK model and in the extensions mentioned previously).

The actual updating in Douven and Wenmackers’s model then proceeds
as follows: In a first, “evidential,” step, agent j updates her probabilities on
anew piece of evidence she receives, using either Bayes’s rule or EXPL; that
is, where Pr” is her probability function after the #th update, she first forms
Pr;‘ 4 via either Bayes’s rule or EXPL. Then, in a second, “averaging,” step, the
agentaverages over the probability functions of the agents in her resulting BCI,
X (Prj” ) which yields Pr;’ *. Finally, she sets Prj"’+I = Pr;.’“.

The averaging takes place by a method now known as “linear pooling”
(Stone, 1961), discussion of which goes back at least to Pierre-Simon Laplace’s
Essai Philosophigue sur la Probabilité from 1814 (Bacharach, 1979). In this
method, agents average by taking the straight arithmetic average of the prob-
abilities of the agents within their BCI. Formally, for all ¢ € ¥ and all
Przevml eX (Prj’.’“id) , it holds that

Hevid
Prjﬂav(w) = M .
(P
The resulting function again satisfies the axioms of probability theory (Stone,
1961).*

Douven and Wenmackers’s (2017) explicit aim was to compare Bayes’s
rule with EXPL in a social setting. Their starting point was the finding from
Douven (2013), discussed in chapter4, that in an individual setting (without

4. There exist weighted versions of this and the other pooling methods subsequently
discussed (see, e.g., Genest & Zidek, 1986), which could be used in the kind of situation in
which some agents are known to be more credible or more expert than others (see the previous
footnote).
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any averaging of probability functions taking place) EXPL tends to outper-
form Bayes’s rule in terms of speed, but Bayes’s rule tends to outperform
EXPL in terms of accuracy. One could conclude from this that it is a matter
of context which of these rules we ought to use (supposing that the choice is
between only those two rules), given that typically we care about both speed
and accuracy but sometimes more about one and sometimes more about the
other.

But Douven and Wenmackers wondered whether a speed—accuracy trade-
oft would be needed if agents were to change their probabilities not only on the
basis of direct evidence but also as a result of social influence. To address this
question, they ran computer simulations using the extension of the HK model
just described, with groups of simultaneously and repeatedly updating agents
who received evidence that although from the same source (i.e., the same
probability distribution) for all agents, was randomly generated per agent.
Douven and Wenmackers systematically studied different communities of
agents, which differed along two dimensions, to wit, by the value for ¢ that
they substituted in EXPL (with agents setting ¢ equal to o de facto amounting
to Bayesians), and by the value of ¢, that is, by their being more or less liberal
in considering others as their epistemic peers.

The agents in Douven and Wenmackers’s simulations all receive binomial
data (i.e., independent and identically distributed binary data), the data points
coming in one at a time, and their goal is to estimate on that basis the proba-
bility of “success.” For the sake of concreteness, one may imagine the data to
consist of the outcomes of repeated tosses of a coin with unknown bias, where
this bias (for example, the probability of heads) can take eleven possible values,
ranging from o (certain to land tails) to 1 (certain to land heads) in increments
of .1. Initially, all these values are equally likely to indicate the true bias of the
coin. Thus, at the start of the updating process, it is reasonable for the agents
to invest equal confidence in all given bias possibilities. Importantly, while
each agent in the community receives data from a different coin, it is known
to every agent that all coins have the same bias. The community of agents is
tasked to estimate this bias.

As said, the relevant dimensions of evaluation were speed and accuracy.
The former was operationalized in terms of the percentage of the community
that assigns a high probability to the truth (where “high probability” was
understood as a probability above .9), and the latter in terms of the Brier score,
which we already encountered a number of times.
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Douven and Wenmackers’s simulations can be thought of as effectively
comparing 121 (= 11 X 11) update procedures with each other, one for each
combination of ¢ and ¢, with both in {0, 0.1, 0.2,..., 1.0}. The communities
that these authors considered all consisted of fifty agents, each of whom
received per simulation the outcomes from soo tosses. Given that as previous
research had shown, results might depend on the specific bias of the coin,
simulations were run for biases p € {o,.1,.2,.3,.4,.5}.5 For each of these
bias possibilities, fifty simulations were run.

In all simulations, average Brier scores per agent were calculated after
each update. Per simulation, these averages were then summed over all soo
tosses, and finally the average over the so simulations was calculated. The
summarized results are shown in figure 7.1, which is reproduced from Douven
and Wenmackers (2017). The bottom row of each of the six plots represents
the communities of Bayesian updaters, which difter only by their willingness
to count others as their epistemic peers; the square in the bottom-left corner
of each plot represents communities of “pure” Bayesians, who attach no value
to explanatory strength and are unwilling to be influenced by anyone else
in their group. As Douven and Wenmackers observe, among the Bayesian
communities the pure ones do best on the count of Brier scores: as clearly
visible, Bayesians who are willing to be influenced by others incur higher
Brier penalties on average. More significantly, zon-Bayesian updaters who are
willing to be influenced by others do better still than pure Bayesians.

With regard to speed, it had already been found that on average, and
in the statistical model considered in the simulations, EXPL leads agents
to assign a high probability to the truth faster than does Bayes’s rule. This
result was reproduced in the kind of social setting assumed by Douven and
Wenmackers. Figure 7.2 shows graphically for different combinations of
¢ and ¢ the average proportions of agents (averaged over the simulations) that
assign a high probability to the truth, for the relevant bias possibilities, and
after each toss (compare figure 6 in Douven & Wenmackers, 2017).

Douven and Wenmackers (2017) were interested in comparing Bayes’s
rule and EXPL in a social setting along the dimensions of speed and accuracy.
They found that although in an individual setting the two rules appeared
to have different strengths and weaknesses—Bayes’s rule was more accurate

5. For symmetry reasons (see ch. 4, footnote 11), it would have been superfluous to run
simulations for the other bias possibilities.
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than EXPL, but EXPL was faster than Bayes’s rule—this picture changed in
a social setting, where EXPL appeared to be both faster and more accurate
than Bayes’s rule.®

It was known that in the kind of individual setting studied in Douven
(2013), EXPL users typically had a lower Brier penalty than Bayesians but
still tended to have a slightly higher average Brier score, because when they
incurred a higher Brier score than Bayesians it tended to be much higher. The
cause was that EXPL users tend to pick up the lead in the evidence faster than
Bayesians do, which ultimately has the downside that they are more prone
to follow misleading evidence. As Douven and Wenmackers (2017) showed,
in a social setting the risk of being pushed off track by misleading evidence is
much diminished due to the averaging mechanism that is called at each step.
Specifically, it an agent receives misleading evidence, then the averaging part
still brings about a kind of regression to the mean, thereby preventing the
agent from straying too far from the true bias probability.”

6. Trpin and Pellert (2019) show that these results generalize to cases in which the
evidence is uncertain. They effectively compare Jeffrey conditionalization (see section 3.2..1)
with an explanation-based counterpart of that rule.

7. Bayesians might object that instead of averaging over the probability functions of
their peers, agents should reason back from how those functions are updated to the evidence
that the others received and then update their own probability function on the pooled evidence
(this would amount to a supra Bayesian approach, in the sense of Keeney & Raiffa, 1976). As
pointed out in Douven and Wenmackers (2017, section s), however, this objection misses the
purpose of the statistical toy model used in their paper and also here, which is meant to setup a
simulation and not as the ultimate case of interest. In particular, we have no special interest in
cases that are analytically tractable, in which all the evidence is at least in principle available to
all the agents, and in which the only epistemic goal is to minimize expected Brier penalty. We
are interested in learning rules that apply also to situations in which the model is known to be
at best an idealization, in which, for instance, information regarding other agents’ evidence is
or may be incomplete and mediated by probability assignments, in which we have to estimate
on how much independent data the assignment of each agent is based, and so on. More
practically speaking, and also entirely in line with the view on rationality taken in the previous
chapter, it is worth stressing that even in a context that fits the toy model perfectly, processing
constraints and in particular working memory constraints may make the “reasoning back”
strategy infeasible. This is most evidently true when we assume the updating to take place
under time pressure, as is for instance eminently plausible in the kind of situation considered in
section 7.4. Bayesians might respond that in such a situation, averaging over others’ probability
functions is equally problematic. That is not so, however. It has been long known that people
can accurately estimate averages without carrying out the actual computations (Spencer, 1961,
1963; Beach & Swenson, 1966; Bulger, Hiles, & Lowe, 1969; Lovie & Lovie, 1976; Malmi &
Samson, 1983; Lindskog, Winman, & Juslin, 20134, 2013b).
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7.2 Further Generalizing Group Learning

We want to compare update rules in the context of determining how to epis-
temically organize a research group in order for that group to strike the best
balance between being fast and being accurate. Part of the recommendation
to a group might be to adopt Bayes’s rule, or EXPL, as their members’ way of
accommodating direct evidence. First, as discussed in section 6.3, there exist
other formalizations of abductive reasoning than EXPL, and these should
certainly also be considered in a comparison. Second, Douven and Wenmack-
ers (2017) let the agents in their simulations average via linear pooling, but
one can think of other ways of merging probability functions, some of which
might offer advantages in striking the best balance between speed and accu-
racy. Finally, we measured distances between agents’ probability functions
by adding up proposition-wise absolute differences between probabilities;
this is the so-called Manhattan distance. Here, too, there are variants that
could be tried and that if adopted by a group of agents to determine epistemic
peerhood, might help that group to do better epistemically.

While the linear pooling of probability functions assumed by Douven
and Wenmackers (2017) has been advocated by various authors (e.g., Aczél
& Wagner, 1980; Lehrer & Wagner, 1981), others have expressed a preference
for geometric pooling (e.g., Genest, 1984), in which one takes the geomet-
ric instead of the arithmetic average of probabilities (and then renormalizes,
which becomes necessary).® Formally, the geometric average of numbers
X1y Xas. .. s Xy 1S {J2, X, - X, So, instead of setting for any update # and with
Pryt € X (Pr) and ¥ = {yi} ..,

ally exclusive self-consistent propositions,

2 Prp ()
’X (Pl,;fevid)

a set of jointly exhaustive and mutu-

, forallz: 1 <7 < n,

P (y) =

8. In fairness, while there is strong empirical support for the thought that people can
accurately estimate arithmetic averages (see footnote 7 in this chapter), I am not aware of any
evidence indicating that they are good at estimating geometric or harmonic averages (the latter
to be introduced shortly). So, what follows may be more of interest to, for example, roboticists
studying opinion pooling (e.g., Lawry & Lee, 2020; Lee, 2020) than to cognitive scientists and
social epistemologists (at least to those social epistemologists who share my conviction that
we should occupy ourselves with developing theories of rationality for real people rather than
elegant formal models that describe the behavior of agents bearing an at best vague semblance
to ordinary mortals).
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the probabilities assigned to the members of ¥ sum to 1 again.

For numbers x;,x,,. .., x,, their harmonic average equals
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n

I am not aware of any recommendations in the literature to aggregate proba-
bility functions via the harmonic average—“harmonic pooling,” one might
call this—nor can I think of good a priori reasons for using this procedure.
However, neither can I rule out a priori that for the purpose of making group
learning fast and accurate, using the harmonic average has an edge over us-
ing either the arithmetic or the geometric average. Thus, I also consider the
following definition of an average probability function:

S P (gt 7

|X ”md)| s forallz: 1 <7 < n,

PF?W(¢?) =

with 2 ensuring that the probabilities sum to 1.

With regard to measuring distances between probability functions—in
order to determine who is an epistemic peer and who is not—the Manhattan
distance used by Douven and Wenmackers (2017) is but one possibility. There
are many alternatives. Here, we focus on just two, but readers are invited to
use the computer code in the Supplementary Materials to experiment with
other distances (see the following for details). The two considered are the
Euclidean metric, according to which

n
APr;, Pry) = > (Pri(ya) - Pri(v)
k=1
and the Kullback-Leibler (KL) divergence, according to which

Prz(%%)
e
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Note that, supposing the KL divergence, because this is not symmetric it will
not generally hold that A(Pr;, Pr;) is equal to A(Pry, Pr;). However, in the
present context, the asymmetry may actually be an advantage, given that in
reality, respecting someone as one’s epistemic peer is not always reciprocated.

We can treat the extension of the HK model from Douven and Wenmack-
ers (2017) as a template, into which one rule from each of three groups can
be plugged in, viz., one of four evidential update rules: Bayes’s rule, EXPL,
Good’s rule, and Popper’s rule; one of three averaging rules: linear pooling,
geometric pooling, and harmonic pooling; and one of three rules for determin-
ing epistemic peerhood: the Manhattan metric, the Euclidean metric, and the
KL divergence. Each of the resulting combinations of rules yields a schema,
with slots for ¢ and ¢ still to be filled in. Does it matter which combination of
rules we choose and what values we set for ¢ and ¢?

It will probably come as no surprise that the answer is positive. This is easy
to verify by rerunning the simulations reported in Douven and Wenmackers
(2017) for other instances of the template. By way of illustration, consider
figure 7.3, in which the plots summarize results from simulations in which
linear pooling was replaced by geometric pooling, but which were otherwise
the same as the simulations underlying figure 7.1. We see that this seemingly
small difference leads to a completely different picture. Now, Bayesians perform
very well on the count of accuracy, supposing that they are open to social
influence, although on the condition of a greater openness to such influence
(even if only slightly greater), EXPL users who assign some (not-too-large)
bonus for explanatory goodness do well, too. By way of further illustration,
figure 7.4 shows that we obtain a somewhat different picture if harmonic
pooling is assumed and we replace the Manhattan metric by the Euclidean
one.?

But accuracy, here measured by the Brier score, is only one dimension of
comparison, speed being the other one, and the goal ultimately is to strike
the best balance between them. More importantly, we are considering only
an illustration here, which by no means provides a systematic answer to our
question of how best to organize a group epistemically (which update rule to
recommend to the group and which principles to recommend for regulating
social influence on belief states).

9. The color scaling was set separately for the plots in figures 7.1, 7.3, and 7.4. Using
the same scale in the three figures would have rendered the differences in figures 7.3 and 7.4
difficult to discern.
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To forestall misunderstanding, it is to be noted that, in answering this
question, we do not have to solve a multiobjective optimization problem,
with speed and accuracy as objectives (Deb, 2001; Qian, Yu, & Zhou, 2013;
Rakshit & Konar, 2015). As mentioned repeatedly, we are thinking of striking
the best balance between speed and accuracy as our objective. In doing so, we
assume that what counts as “best” depends to an equal degree on speed and
accuracy. This will not always be the case, of course, but for now it serves as a
useful simplifying assumption; we come back to this in the final section of
this chapter. Although by thinking of the task before us as a single-objective
optimization problem we are avoiding some complications, it remains the
case that the search space is mixed, with both discrete (update rule, distance,
and pooling method) and continuous variables (values for ¢ and ¢). This on
its own makes analytical methods difficult to apply. A posteriori methods,
specifically computational methods, have been applied with greater success
to such problems. In the next section, we again make use of the method of
evolutionary computing that was introduced in the previous chapter.

7.3 Evolutionary Computing and Optimal Group Learning

The optimization technique used in the following is again a form of agent-
based optimization. Recall from chapter 6 that in this technique, different
types of agents are thought of as representing different solutions to a given
problem and that these solutions are scored with respect to the relevant ob-
jective or objectives. From those scores we derive the agents’ fitness levels, on
the basis of which, in a next step, we select agents either deterministically or
stochastically in order to retain them or allow them to reproduce (or both)
to form a new population, which then enters into a new competition for
survival and reproduction. As previously mentioned, this process of compe-
tition, selection, and reproduction can be repeated several times until some
predetermined criterion is met.

The evolutionary computing used is slightly more complicated than that
used in chapter 6. Rather than individual agents, we consider groups of agents,
where these groups differ by having adopted different epistemic principles of
the kind examined in the previous sections. One could consider groups whose
members use (partly) different epistemic principles in order to investigate
whether such epistemic in-group diversity might carry evolutionary advan-
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tages, but the groups that I looked at consisted of agents who all assumed the
same set of epistemic principles.

Sometimes in evolutionary computing, the predetermined stopping crite-
rion is a minimally acceptable fitness level to be attained by some agent (or
more generally, by some solution to the target problem). For our present
concerns, there does not appear to be such a minimal fitness level that could
be set a priori. We would /ike groups to get to the truth immediately and
unexceptionally, but that is an unrealistic goal to attempt. What s a realistic
goal is not clear from the outset but rather something that one would hope to
learn from the simulations. So I decided to use the most straightforward stop-
ping criterion to be found in the evolutionary computing literature, to wit,
stopping after a fixed number of generations. However, the number I chose—
fifty—was established on the basis of some pilot runs that suggested that this
number of generations would suffice to achieve satisfactory convergence, in
that solutions in the fiftieth generation would deviate only slightly from each
other. (This was confirmed by the actual runs carried out, as subsequently
described.)

Although all evolutionary algorithms build on the same ideas of variation
and selection, they can differ greatly in their details, most notably concerning
the extent to which they rely on the basic evolutionary operations of crossover,
mutation, and selection as well as the extent to which such operations are
applied stochastically or deterministically. In the previous chapter there was
no mutation involved, and there was no crossover involved either, in the sense
that there was no “mixing” of “genetic” material. In place of crossover, there
was a simple copying operation: the so percent best doctors were selected in
each round and allowed to move on to the next generation, together with an
identical copy of them. The algorithm I used for the simulations reported
in this section involved selection and crossover, detailed subsequently, and
to a lesser extent, mutation. In this algorithm, selection proceeded determin-
istically but crossover and mutation proceeded stochastically. Selection was
done on the basis of speed and accuracy, the latter operationalized in terms
of the average Brier score incurred by a group and the former in terms of the
first time a majority of the group assigned a high probability (understood as a
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probability above .9) to the true hypothesis.'® Both criteria factored equally
in determining fitness values.

The simulations that I ran were similar to those reported in Douven and
Wenmackers in that the agents in any one group received binomial data from
a common source, where the data one agent received were independent from
those received by any other agent. In this situation each agent repeatedly
flips her own coin even though all coins have the same (initially unknown)
bias, and the shared task of the group is to find out what that bias is. For
concreteness, I describe the data in the following as the outcomes of coin flips.

More exactly, the algorithm used consists of the following five steps:

Step 1. Create a starting population of groups each consisting of fifty agents,
such thatall combinations of update rules (Bayes’s rule, EXPL, Good’s
rule, and Popper’s rule), distances (Euclidean, Manhattan, and KL
divergence), and pooling methods (linear pooling, geometric pool-
ing, and harmonic pooling) are represented by exactly one group,
yielding a total of thirty-six groups; for the groups consisting of non-
Bayesian updaters (users of EXPL, Good’s rule, or Popper’s rule),
choose randomly per group an explanatory bonus value from the
standard uniform distribution; and for each group, choose randomly
a value for ¢ (i.e., the “peer radius”) also from the standard uniform
distribution.

Step 2. For every agent in every group, generate a sequence of soo coin flips,
where all coins have the same randomly chosen bias (the choices
limited in the same exact way as in Douven & Wenmackers, 2017, so
that all possible biases are multiples of 0.1). Let agents update their
probabilities after each toss according to whichever combination
of rules their group has adopted, using the generalized HK model
described previously, and after each update, calculate Brier scores for
all agents." Also, register after each update the percentage of agents

10. Talso experimented with different scoring rules and different threshold values. These
experiments did not lead to any noteworthy qualitative differences. Comparing forms of
abductive reasoning with Bayesian reasoning using different stopping rules (see footnote 1o in
ch. 4) is left as an avenue for future research.

11. To forestall misunderstanding, it is to be noted that the agents in the model all belong
to the same group, so that the algorithm enables only intragroup communication and not
intergroup communication.
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who assign a probability greater than .9 to whichever the true bias
hypothesis is in this run. For each group, repeat this scoring process
twenty-five times; so choose anew a bias for the coins, let the agents
update on soo coin flips, and score each agent with respect to accuracy
(Brier score) and speed (probability greater than .9 assigned to the
truth), and keep doing this until all agents have gone through twenty-
five such rounds of scoring. Then calculate the group’s average Brier
score (i.e., the total Brier score incurred by the group’s members
averaged over the twenty-five runs) and also the average toss number
after which a majority of agents in the group assign a probability
greater than .9 to the truth (the average being over the twenty-five
runs).

Rank the thirty-six groups in the population twice, once according to
their average Brier score and once according to their average speed (ex-
pressed in terms of steps needed to achieve truthcloseness), with lower
ranks being better in both cases. Then add up the ranks and select the
eighteen groups with the lowest resulting sums (following, e.g., Baker,
1985). Draw (with replacement) from these “fittest” groups eighteen
pairs, and then select randomly and independently from each pair an
update rule, a distance, and a pooling method; draw a value for the
explanation bonus ¢ from a normal distribution truncated between o
and 1 inclusive with as mean the mean of the ¢ values of the members
of the pair and as standard deviation the standard deviation of the ¢
values of the whole previous generation; and determine the value for
in exactly the same way. Put the results of these selections together to
obtain eighteen new “offspring” groups.

Form the next generation of groups by conjoining the eighteen best
groups from the parent generation and their offspring (another eigh-
teen groups) formed as explained in step 3.

Iterate steps 2—4.

Figure 7.5 shows a schematic representation of the given steps.

I have two comments on this algorithm. First, as mentioned, selection

occurs deterministically while variation occurs stochastically. Given the way

the values of ¢ and ¢ are picked for the offspring, an element of random
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Figure 7.5: Schematic representation of how the evolutionary algorithm cre-
ates a new generation of groups. (Solid arrows suggest that groups move from
one stage to the next, and the dotted arrow suggests that although the groups
themselves do not move to a next stage, their genetic material does.)

mutation is built into the variation part. In the piloting stage of the present
research, I experimented with stochastic selection as well, in particular with an
algorithm in which a group’s rank on the basis of the scoring determined its
chances of being selected for producing offspring. Because this did not lead to
results qualitatively different from those obtained with deterministic selection
but did slow down the computations quite a bit, I went for deterministic
selection in the full simulations.

Second, these simulations, too, were conducted using the Julia language.
Appendix E explains how to obtain and use the code for the simulations.
Readers are encouraged to go through the code in the notebook and to ex-
periment with it; doing so should further enhance understanding of the
simulations. The code will also allow readers to try out variant update rules,
distances, and aggregation functions. For example, the distances that T used
are from the Distances. j1 package for Julia, which currently supports a
total of twenty-seven distances, a number of which are certainly plausible
options for determining peerhood (e.g., the Jensen—Shannon divergence and
the Hellinger distance).

As said, one run consisted of an evolutionary sequence of fifty generations
in which except for the starting generation, each generation was the result
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of the process described in steps 2—4. The plan was to start by conducting
fifteen runs and to continue with additional runs depending on how much
variance was found in the first fifteen.

Turning now to an evaluation of the results that were obtained, one can
get a first impression of them from Figures 7.6 and 7.7. These figures show
the outcomes from a single, randomly chosen run. Figure 7.6 consists of three
series of fifty stacked histograms, each histogram showing the percentage of
tokens of each update rule type (top plot), distance type (middle plot), and
pooling type (bottom plot) present in the corresponding generation. It is
clear from this figure that after nineteen generations, all groups agree on a best
combination of update rule, distance, and pooling method, to wit, EXPL,
the Euclidean metric, and harmonic pooling. Figure 7.7 shows that there is
great agreement among the groups about the best values for ¢ and ¢, which
are both in the higher range. Figure 7.8 shows that how the population of
groups evolves has a noticeable impact on how accurate they are on average,
as well as on how fast they are on average.

Whereas the aforementioned figures show the results of a randomly se-
lected run, very similar results were obtained in the other runs. Notably, there
appeared to be a strong convergence not only in that all runs showed all groups
to endorse, after twenty to thirty generations, a combination of EXPL, the
Euclidean metric, and the harmonic pooling method, but also in that in each
run all groups came to hold values for both ¢ and ¢ typically in the vicinity
of .9. More specifically, pooling the results from all runs, I found, averaging
over all last-generation groups, a ¢ value of .94 (+ 0.04), and an ¢ value of .91
(+ 0.05). These values hardly differ from the average values of the top groups
in the last generations from the fifteen runs: .95 (+ 0.03) for ¢, and .89 (+ 0.07)
for e. In view of these results, I refrained from conducting runs in addition to
the fifteen with which I started.

To see the effect that the evolutionary process had on the criteria of interest,
note that the average total Brier score incurred by the groups in the first
generation was 6,468.19 (+ 730.07) whereas that incurred by the groups in the
last generation was 616.08 (+ 114.59). This amounts to an average Brier score
per agent of 129.36 for first-generation groups, and 12.32 for last-generation
groups. Similarly, the first toss number at which a majority of agents in a
group assigned a high probability to the truth was, on average, 153.60 (£ 6.20)
for groups in the first generation, and 31.47 (+ 1.16) for groups in the last
generation.
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Figure 7.7: Average bonus and ¢ values for the fifty generations in the same
run that generated the data shown in figure 7.6; shaded bands indicate one
standard deviation from the mean.

To bring the significance of the overall outcome into further relief, one
can run the fitness-level determining procedure used in the evolutionary com-
putations on a group of noninteracting Bayesians (agents updating via Bayes’s
rule but not letting themselves be influenced by the opinions of their peers)
and, for comparison, on a group of agents that has adopted the setting that
came out best in the foregoing, so a combination of EXPL as an update rule,
with ¢ = 0.95; the Euclidean metric for determining peerhood, with e = .89 as
determining the criterion for peerhood; and the harmonic pooling function
for aggregating probability functions. For either group, (1) draw a random
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Figure 7.8: Average total Brier scores and average first toss after which the
majority assigns a high probability to the truth, for the fifty generations in the
same run that generated the data shown in figures 7.6 and 7.7; shaded bands
indicate one standard deviation from the mean.
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bias hypothesis; (2) generate for each agent her own sequence of 500 tosses
with the drawn bias; (3) let each agent consecutively update on those tosses
and, for those in the second group, also take into account her peers’ opinions
in the way prescribed by the said epistemic principles; (4) register the Brier
scores for each agent after each update; (5) register the first toss after which a
majority of the group assigns a probability above .9 to whichever bias hypoth-
esis was drawn in step (1); and (6) repeat the foregoing five steps twenty-five
times just as in the evolutionary computations. I ran these simulations ten
times, in which the average total Brier score was 3,798.82 (+ 347.43) for the
Bayesians and 524.91 (£ 59.57) for the group using the “best” settings and
in which the average toss at which a majority assigned a probability above
.9 to the truth was 118.58 (+ 10.00) for the Bayesians and 29.90 (+ 4.12) for
the other group. In other words, by using the settings that the evolutionary
computations showed to be optimal, a group can, in the type of situation
considered here, on average achieve a more than sevenfold increase in accuracy
and at the same time an almost fourfold increase in speed relative to a group
of strict Bayesian updaters.

7.4 Optimal Group Learning in Action

There are a great many variations one could consider in the framework devel-
oped in the foregoing. In this section, I want to look at a variation that puts the
simulations reported in the previous chapter in a social perspective. Instead
of single doctors, consider teams of doctors, each team being, for example,
fifty strong. All doctors in a team are independently gathering evidence about
one and the same patient whose life they are jointly trying to save. Suppose
that a team decides to intervene precisely if a majority of its members assign a
probability above .9 to the same hypothesis. Teams are evaluated in the same
way individual doctors were evaluated in the simulations presented in chap-
ter 6. In particular, they are evaluated on the basis of treating one hundred
patients, where the relevant score is the average probability that a patient they
treat will live. Here, I look only at the kind of environment in which that
probability comes from a Weibull distribution. Interested readers may wish
to use the code in the Jupyter notebook belonging to this section to explore
a Gamma environment (or other environments, by modeling probability of
death via still other probability distributions).
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Figure 7.10: Average bonus and ¢ values for the fifty generations in the same
run that generated the data shown in figure 7.9; shaded bands indicate one
standard deviation from the mean.

To see whether we can make epistemic recommendations to such teams,
we rerun the evolutionary procedure described in the previous section. We
keep everything the same, except, as said, how the teams are scored (average
survival probabilities in place of speed and accuracy). Figures 7.9 and 7.10
show the outcomes of a randomly selected simulation. This simulation is
representative of the lot at least insofar as Popper’s rule is again the overall
winner: Of the 36 X 15 = 540 groups in the last generations, 276 consisted
of Popperians, 193 of EXPL users, and 71 of Bayesians, groups using Good’s
rule never making it until the end. This is in line with what we found in
chapter 6 for individual doctors in a Weibull environment. And identical to
what we found in the previous section, all groups in all simulations came to
use the harmonic pooling method. As for distances, the outcome is different
now: whereas in the previous simulations all last-generation groups used
the Euclidean metric, in the new simulations this is so for only 180 of the
last-generation groups, the other groups using either the KL divergence (252)
or the Manhattan metric (108). Taken over all last-generation groups in all
simulations, the average bonus value assigned by last-generation groups is .49
(+0.16) and the average ¢ value is .52 (+ 0.03).

To emphasize once again the importance of social aspects to learning,
I mention that averaged over all simulations, the probability that a patient
would live went up from .78 (+ o0.01) in the first generation to .95 (+ 0.01)
in the last. Compare this with the fact that in the simulations presented in
the previous chapter, in which patients were treated by individual doctors,
the average probability for the last generation that a patient would live was
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only .87 (+ 0.02). In real life, there is a reasonable expectation that a patient’s
chances of survival will go up when they are looked at by several doctors
instead of just by one. But that is at least partly because we would expect each
of the doctors to bring her or his own expertise, complementing that doctor’s
colleagues’ expertise. Nothing of this kind is involved in our simulations.
That we can nevertheless expect a better outcome from a group of doctors
can be explained only by the fact that they learn in part by taking the opinions
of their colleagues into account.

Further details can be obtained from the Supplementary Materials. For
now, I note that the new results buttress the main message of this book that
abduction is nota rule that s to be followed mechanically but rather designates
a mode of reasoning that needs to be filled in depending on the situation,
where it may require skill to find the best fill-in for any given case. We see
here in particular that it may matter to how we ought to reason abductively
whether we are acting completely on our own or are part of a group and revise
our opinions not only on the basis of evidence that we receive directly from
the world but also in response to the opinions of other group members.

7.5 The Upshot

This chapter continued the comparison among update rules begun in chap-
ter 6, specifically pitting Bayes’s rule against various probabilistic versions of
abduction. It did so as part of a broader research question, to wit, whether
we can recommend best epistemic practices to groups of agents who inde-
pendently receive evidence from a common source. To address this question,
we again used the method of agent-based optimization, and more specifically
an evolutionary algorithm, although now the units of selection were groups
of agents, where the agents within any one group could communicate with
each other and thus impact each other’s belief states. Assuming that a group
is interested in striking the best balance between speed and accuracy, and
making certain assumptions about the evidence-generating process, it was
found that one can make a clear recommendation in the form of a unique
combination of update rule, distance measure, and pooling method, together
with an indication of the optimal range for the ¢ and ¢ values, the former
indicating the explanatory bonus and the latter willingness to count others as
peers.
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This result was reached by assuming that speed and accuracy mattered
equally. As said, however, this assumption is not guaranteed to hold. In some
situations, we may be willing to sacrifice quite a bit of accuracy for the benefit
of greater speed, whereas in other situations the opposite may hold. The code
that was used for the simulations and that is in the Supplementary Materials
allows interested readers to verify that giving different weights to speed and
accuracy can lead to vastly different outcomes. For instance, rerunning the
simulations with all the weight given to accuracy consistently led to a com-
bination of Popper’s rule, the Euclidean metric, and geometric pooling as
the optimal combination, with values for ¢ and ¢ in the mid-to-high range.
Apart from the relative importance of speed and accuracy, the evidence in the
simulations also had properties that do not hold generally—for instance, if
the data really concern coin tosses, one might be more likely to encounter
biases close to .5 than ones more to either extreme—and varying the evidence-
generating process can affect the outcomes as well. All this is underpinned by
the simulations reported in the previous section, in which as in the simula-
tions presented in chapter 6, we focused not on speed and accuracy directly
but rather on survival probabilities, and we let those determine, indirectly,
which trade-off between speed and accuracy to choose. This led to results
concerning best combinations of epistemic principles that were different from
those obtained in section 7.3.

As discussed in the previous chapter, cognitive psychologists working on
theories of ecological rationality have generally rejected as an illusion the idea,
cherished by philosophers, that rationality can be captured by a number of
universally valid principles and have argued that we can understand the notion
of rationality only if we take into account (1) the various ways—biological
and cognitive—in which humans are limited; (2) the environments in which
humans are to operate and to interact; and (3) the goals that humans have in
those environments. Biological, cognitive, and environmental constraints can
all vary greatly from one individual to another and even from one moment
to another. As explained earlier, this led Elqayam, Gigerenzer, and others
to conclude that whether someone reasons or acts rationally depends on
whether the reasoning or behavior helps the person to achieve whatever goal
she pursues in whichever environment she is in, given the cognitive resources
available to her in that environment. These researchers were concerned with
the rationality of individuals, not of groups, but the results from this chapter
suggest that their proposal makes sense at the group level as well.
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The upshot is that we caz make recommendations for how to organize
research groups epistemically, but these recommendations will depend on
what type of phenomenon or process the group is studying and on what
the aim of a group is. In view of the aforementioned work on ecological
rationality, a stronger conclusion could not have been expected. And as for
the overarching topic of this book, we have seen further evidence that it can
make a lot of sense to urge the members of groups to reason abductively (in
some form or other), and more sense than to recommend Bayes’s rule. Again,
this is not to discredit Bayes’s rule, but rather to push back against the claim
that violations of that rule necessarily indicate epistemically irresponsible
behavior.






8

An Abductive Response to the Skeptic

We should be careful to get out of an experience only the
wisdom that is in it—and stop there; lest we be like the cat
that sits down on a hot stove-lid. She will never sit down on a
hot stove-lid again—and that is well; but also she will never
sit down on a cold one anymore.

—Mark Twain, Following the Equator

8.1 The Skeptical Challenge

Explanationists faced the challenge of showing that reasoning abductively in
a way that conflicts with Bayesian reasoning could ever be rational. In the
previous chapters, I have addressed that challenge at some length by showing
arguments that allegedly demonstrate the irrationality of abduction to be
seriously flawed and, on the positive side, by showing that abduction, although
perhaps not universally recommendable, is sometimes an ecologically rational
mode of reasoning.

There are still some open issues, however. We demonstrated the ecological
rationality of abduction in computer simulations. What about abduction in
the real world? In section 3.5, we saw that the participants in the experiments
reported in Douven and Schupbach (20152) tended to be more accurate as
they gave more weight, in updating, to explanatory considerations. That is
some evidence for the real-world value of abduction. We also discussed some
successes of abductive reasoning in section 2.1. Showing that abduction is a
reliable mode of inference in a broad range of contexts, in that judgments of
explanatory superiority reliably point in the direction of the truth in those
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contexts and hence that giving weight to such judgments often tends to make
us more accurate, might just be a matter of going beyond anecdotal evidence
of the kind examined in section 2.1 and launch a systematic empirical investiga-
tion. For instance, it would probably not be very complicated to see whether
the extent to which medical doctors rely on explanatory considerations in
their work correlates with their success rates, a project that could show the
real-world significance of the findings reported in sections 6.3 and 7.4.

There is an additional hurdle, mentioned in section 6.2, which is espe-
cially pressing because it concerns the question of whether it is rational to
reason abductively in contexts in which philosophers have hoped that abduc-
tion could make a decisive dialectical difference. I refer to contexts in which
abduction is supposed to break a deadlock due to underdetermination by the
evidence, as explained in section 2.3. To revisit the hurdle in these contexts,
consider that while scientific realists like to claim that Thomson was led to
the discovery of the electron via abductive reasoning—the existence of the
electron best explained the phenomena he had observed in his cathode tube
experiments—antirealists deny realists the right to speak of a discovery here.
And antirealists will not be impressed by our argument for the ecological
rationality of abduction, because as they would rightly point out, that argu-
ment did not concern the kind of abduction relevant to the realism debate.
Indeed, it did not concern any debate in which abduction is supposed to
justify existence claims going beyond what at least one party to the debate
holds that we have direct epistemic access to.

In this chapter, I aim to show how we can defend abduction in a context
in which such a defense is arguably hardest to accomplish, to wit, in the debate
about Cartesian skepticism, according to which we must remain agnostic
about the existence of an external world. After all, in that debate one faces an
opponent who is unwilling to grant one almost anything, unlike, for instance,
in the debate with the scientific antirealist, in which it is typically possible
to find some common ground that one might then hope to leverage in an
attempt to convert one’s opponent.

More specifically, Cartesian skeptics (henceforth simply “skeptics”) are
typically opposed to admitting as evidence anything that goes beyond the
purely phenomenal, and equally typically, they disown the use of any infer-
ential principles, including any form of abduction, that might enable one to
move from premises about the phenomenal alone to a conclusion about the
external world. Not all nonskeptics may find this troublesome. Although
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the aforementioned facts may stand in the way of a resolution of the skep-
ticism debate, which I understand to require that the debate be settled in
a way that is acceptable to both parties involved, those facts need not bar
an argument against skepticism. Supposing a less restrictive conception of
evidence than the skeptic’s or stronger rules of inference than she is willing to
countenance may enable one to argue on empirical grounds for the external
world hypothesis. Such an argument may leave the skeptic cold and therefore
may not bring any nearer a resolution of the debate, but if we nonskeptics
can convince or reassure ourselves of the tenability of our own position, then
what further good is there to be gained by convincing ozhers of it? As Psillos
observed (see section 6.2), in philosophy the goal is not always to convince
one’s opponent and can instead be to justify one’s position to one’s own
satisfaction. Philosophy is not politics."

The chief aim of this chapter is to show that a resolution of the debate
becomes possible once it is recognized that the skeptic embraces overly restric-
tive and ill-motivated positions vis-a-vis both evidence and inference, and that
more reasonable alternatives are available and that embracing those alterna-
tives will crucially, and inter alia, allow us to commit to abductive reasoning.
Naturally, for this aim it will be imperative to make clear that these alternatives
should appear more reasonable from the skeptic’s point of view. A secondary
aim is to show that the main aim is likely to be more important than may
appear to those who believe that all the nonskeptic should care about is an
argument against skepticism; as I argue, whether or not nonskeptics need
no more than such an argument, it is quite unclear that they are in a better
position to give one than to give a resolution of the skepticism debate.

Focusing on the latter aim first, I begin in section 8.2 by considering two
well-known arguments against skepticism that rather explicitly do not seck
to resolve the debate, and by arguing that one of them assumes a conception
of evidence and the other a conception of inference that the skeptic can rea-
sonably reject, and that should seem problematic even from the nonskeptic’s
perspective. In section 8.3, I argue that the skeptic’s views on evidence and
inference are problematic as well, however, and I propose alternative views
that differ from both the skeptic’s and those supposed by the aforementioned

1. For other examples of this line of thinking see Pryor (2000) and Byrne (2004). In
Pryor’s terms, it is enough for nonskeptics to pursue the “modest anti-skeptical project,” which
requires that we “establish to our satisfaction that we can justifiably believe and know such
things as that there is a hand” (Pryor, 2000, p. 517).
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arguments but that should by anyone’s lights appear more reasonable than
either. Finally, section 8.4 presents a convergence result showing that given
those more reasonable views, it is at least in principle possible to resolve the
skepticism debate.

8.2 Mooreans and Russellians against the Skeptic

To see that an antiskeptical argument is not automatically pointless if it pre-
supposes a more liberal conception of evidence than the skeptic’s, recall
G. E. Moore’s (1962) famous “proof of an external world.” A common ini-
tial reaction to this argument is that in it Moore is begging the question by
assuming that he has perceptual evidence of his having two hands. But note
that one may admit this yet insist, as some argue Moore himself does, that
by making the said assumption he is no more begging the question against
the skeptic than the skeptic is begging the question against her opponent by
assuming that our evidence is limited to the purely phenomenal. Suppose that
this can be successfully maintained. Then the least Moore’s argument would
seem to yield is a kind of standoft between the skeptic and the nonskeptic.
And given that to many the skeptic so clearly seems to have a winning hand—
undeservedly, it is typically added—it would be a remarkable achievement to
show that the skeptic in any case does not win the debate (even if he does not
lose it).*

Some nonskeptics might want to go further and claim that considerations
of question-begging should not detain us here. All that matters, they might
say, is that the premises and presuppositions of Moore’s argument are accept-
able to the nonskeptic; whether Moore is begging any skeptical questions
or whether, if he does, this is offset by the skeptic’s begging nonskeptical
questions in turn, is neither here nor there. To these nonskeptics’ eyes, Moore
has offered us a successful argument against skepticism, and it is none the
worse for failing to persuade the skeptic.

2. Epistemic conservatives could even argue that inasmuch as the one position is as good
(or bad) as the other, dialectically speaking, the sensible thing for us to do is not to abandon
what we believe anyway—namely, that we do have lots of interesting knowledge, including
knowledge of an external world—in favor of a position that no one has ever seriously held (as
opposed to temporarily entertained for philosophical purposes). But epistemic conservatism
is controversial; see, e.g., Christensen (1994) and Vahid (2004).
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Much the same could be said about the Russellian response to skepticism,
which argues for the external world hypothesis on the basis of this hypothesis’s
explanatory power.> The best explanation of our perceptual experiences and
of the complex patterns and regularities manifest in those experiences is that
the apparent causes of our experiences—mostly external objects—typically
are their 7eal causes. Therefore, we are justified in believing that there is
an external world. The response assumes, patently, that the external-world
hypothesis zs the best explanation of our experiences. Some authors seem to
think of this assumption as immediately compelling. Others, most notably
Laurence BonJour and Jonathan Vogel, have argued for it extensively—and
quite ingeniously, to my mind.* While this is not to say that the assumption
is entirely undisputed, I am willing to grant it here.> Note that this is far from
enough to settle the skepticism debate. The Russellian response also relies
on some qualitative version of abduction, and why should skeptics want to
sanction abduction in any of its forms? Even so, the Russellian response is
not necessarily a failure. It, too, might achieve a standoft between the skeptic
and her opponent, and for reasons previously mentioned, that would be of
considerable significance.

Some might even think that whether the Russellian response achieves
a standoft is immaterial; what is important is simply that the argument is
acceptable from a nonskeptical perspective, however many skeptical issues it
may beg and however few nonskeptical issues the skeptic may have to beg in
order to defend herself against it (if she has to beg any at all).

But it is not at all obvious that the Moorean and the Russellian responses
to the skeptic are successful in either of the senses just explained, that is,
whether they yield standoffs with the skeptic or at least arguments that are ac-
ceptable from a nonskeptic’s viewpoint. In fact, the following considerations
give some grounds for thinking not merely that the skeptic has more right
to her position regarding evidence than the Moorean has to hers, as well as
more right to reject certain forms of abduction, or indeed any form, than the
Russellian has to endorse abduction generally—which seems to preclude that

3. I call it “Russellian” because the first response of this type (or at least the first T know
of) is to be found in Russell (1912, ch. 2). More elaborate and refined versions of it have been
propounded since, however; see, for instance, Harman (1973, chs. 8, 11), Goldman (1988, ch. 9),
Vogel (1990, 2005), and chapter s, written by BonJour, of BonJour and Sosa (2003).

4. See Vogel (1990, 2005) and BonJour and Sosa (2003, ch. s).

5. Sosa (1997, pp. 413—414), for one, disputes it.
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the foregoing arguments yield standoffs—but also that the Moorean and Rus-
sellian positions, and concomitantly the Moorean and Russellian responses to
skepticism, should, upon reflection, be unappealing to the nonskeptic herself.

Whereas the skeptic may grant that we have an instinctive trust in our
senses, she will deny that our instincts are worthy of trust on this point, and
she can seemingly do so without having to commit herself to any implausibly
strong assumptions. In particular, her denial need not involve anything as
strong as the principle that we ought to have good reasons for trusting our
senses, or perhaps even know that they are trustworthy, before we can trust
them. To defend her claim, the skeptic could make do with what appears to be
arather minimal and unproblematic assumption, namely, that it is perfectly all
right for us to trust our senses, provided that we have no reasons for doubting
their trustworthiness. After all, she will have no difficulty pointing to such
reasons. For example, we probably all have had conflicting experiences of
the sort in which what at one moment appeared to be a bent stick the next
moment appeared to be a straight one, or in which what at first appeared
to be a sheep later appeared to be a rock. Such experiences fall far short
of establishing that our senses are untrustworthy: trustworthiness does not
require infallibility. Yet even the Moorean will have to concede that they do
give us some reason to doubt our senses’ trustworthiness and concomitantly
the admissability of sentences such as “I have two hands” as possible evidence
reports.

Note, that the skeptic can thus grant a lot to nonskeptics. For instance,
nothing seems to prevent her from concurring with Crispin Wright (1991)
that barring evidence against it, we have an unearned warrant to believe the
hypothesis that sensory perception is reliable. Also, she can treat that hypoth-
esis “liberally” in Jim Pryor’s (2004, p. 354) sense, meaning that the hypothesis
can be among the conditions that justify one defeasibly in believing a given
proposition A even if one lacks antecedent justification for the hypothesis, al-
though, importantly, evidence against the hypothesis would undermine one’s
defeasible justification for 4. So, it seems that a skeptic who argues along the
lines suggested in the text is not threatened by antiskeptical responses—such
as Wright’s and Pryor’s but also Alex Byrne’s (2004)—which proceed on the
assumption that the skeptic must be assuming that if we are to know anything
via perception then we must antecedently know, or at least be antecedently
justified in believing, that perception is reliable. As may be noted, I am as-
suming that Wright and Pryor would count the reasons for doubting the
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trustworthiness of our senses as (possibly inconclusive) evidence against the
hypothesis that our senses are trustworthy. Although they do not discuss
in any detail the matter of possible counterevidence, they would seem hard-
pressed to give a generally acceptable account of evidence on which reasons
of the kind mentioned in the text do 7ot count as evidence against the said
hypothesis. (On the popular Bayesian conception of evidence, which we also
assume in the following sections, it would seem near to obvious that those
reasons count as evidence against that hypothesis.)

Again, basically the same that was just said about the Moorean response
can be said with respect to the Russellian response. It has happened more than
once that I have assumed something because it furnished the best explanation
for things that I knew to be the case only to find out later that the assumption
was false. I am not an exception in this respect, I am sure. In fact, similar
failings of abduction are known from the history of science. In section 2.1, we
discussed that although from the viewpoint of nineteenth-century astronomy
the small deviation from Newtonian predictions of Mercury’s orbit around
the sun was best explained by assuming the existence of a yet-to-be-discovered
planet, that planet never was discovered, and the deviation is now generally
thought to be explained by the General Theory of Relativity as due specifically
to the curvature of space-time. Could Russell or anyone else be said to have
as much right to endorse a mode of inference whose reliability has come to
appear at least somewhat questionable as the skeptic has a right to disavow
that rule? In order to back up a negative answer to this question, all the skeptic
would have to assume is a principle according to which it is all right to reason
abductively, as long as no reasons for doubting abduction have arisen.

At this juncture, some might want to reply that there is an inconsistency
in the skeptic’s position because she can raise her concerns about the reliability
of sensory perception and abduction only by presuming sensory perception to
be reliable. (“How else could she claim with any confidence that our senses as
well as abduction at least sometimes fail us?”) This would be wrong, however.
As to sensory perception, note that one can register to have had conflicting
perceptions without being able to sort the veridical ones (if such there be) from
the nonveridical ones; that there were conflicts between them is enough to
aver that at a minimum, they cannot all have been veridical. As to abduction,
suppose that sensory perception is ot reliable. Then that itself is a failure
of abduction. For if, as the Russellian assumes, our perceptual experiences
are best explained by assuming that their apparent causes are their real causes,
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then abduction justifies us in believing that sensory perception is reliable
(that is precisely what the reliability of our senses amounts to—that typically
the apparent causes of our perceptual experiences are their real causes). So,
the reliability of abduction is called into question either way, whether it is
assumed that sensory perception is reliable or whether it is assumed that
sensory perception is not reliable.

A more sensible reply would point to the fact that, as we have briefly
noted, occasional failures are compatible with reliability (just not with infalli-
bility). Thus, to start with abduction, it might be that, its registered failures
notwithstanding, this rule is reliable. Some externalists might hold that if
abduction is in fact reliable, then inferring to the best explanation is 7pso facto
a legitimate procedure even in the face of doubts with regard to the rule’s
reliability. I am not sure whether this hard-nosed kind of externalism has any
actual sympathizers. If it does have them, then I would expect this to be due to
the fact that some believe it to be our only hope for resisting skepticism. As it
follows from this chapter that this is not so, I set aside the designated external-
ist position without a hearing. That is not necessarily to embrace internalism;
for all I need to assume, it may be epistemically unassailable to infer to the
best explanation even lacking any reason whatever to believe that abduction is
reliable. Nor is it necessarily to say that once failures of the rule have come to
our attention we can nevermore utilize it, or at least not legitimately so. What
I do think is that on any plausible epistemology, be it internalist or externalist,
once such failures have come to our attention, we face the task of showing,
or at least making plausible, that these failures are mere accidents and not
symptoms of a systematic defect before we can utilize abduction or utilize it
again. But how to do this?

It seems that unless we somehow define truth in terms of (best) explana-
tion—an option that we have already rejected—the only way to show that
abduction is reliable, if it is, is by means of an empirical argument. At first
glance, such an argument may not seem too hard to come by. Are we not
often enough in a position to verify a conclusion that we had previously
reached on the basis of explanatory considerations? Newton was rzght about
the Dutch having beaten the British. Le Verrier was right about what caused
the perturbations in Uranus’s orbit. I and doubtless many others were rzght
about the head and the headless body found in Jackson belonging together.
These conclusions had all been reached abductively. Most of the pertinent
evidence may in fact be of a more humdrum type. Suppose that you conclude
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that your neighbors are back from vacation, as that would best explain the
presence of their car in the driveway. If soon afterward you see them busy
in the garden, it is very tempting to classify this as a success of abduction,
lending some credibility to the hypothesis that abduction is a reliable mode
of inference. Still further support for that hypothesis could easily accrue from
a more systematic examination of applications of abduction.

There is a problem, however, that we already noted in the introduction to
this chapter. As we can now put the problem, it is that an inductive approach
as just sketched relies on a Moorean conception of evidence. And so far it is
still an open question whether the nonskeptic can embrace that conception
with as much right as the skeptic can reject it.

Some may think that an empirical argument for abduction need not
rely on a Moorean conception of evidence. Indeed, it seems that we could
restrict our evidence to sense data (or impressions or appearances or something
else) and use abduction to arrive at predictions about future sense data. For
instance, given that it appears to me that my neighbors’ car is in their driveway,
I predict that it will soon appear to me that I am seeing my neighbors. If time
and again such predictions are borne out, then would that not be enough to
warrant the conclusion that abduction is reliable? The problem is that this
would at most warrant the conclusion that abduction is reliable when it is
applied to sense data statements for obtaining justification in further sense
data statements and not that abduction is reliable when it is applied to sense
data statements for obtaining justification in external world statements. And
eventually we want the latter.

To return, then, to the question of whether the nonskeptic has as much
right to rely on a Moorean conception of evidence as the skeptic has to reject
it, I expect that with respect to our senses’ reliability, too, all but perhaps
the most radical externalists will agree that once doubts about that reliability
have arisen, we face the task of showing, or at least making plausible, that our
senses are in fact reliable before we can rely on them or rely on them again.
Naturalized epistemologists have long been urging that on this matter we
turn to psychologists for assistance, and it seems that so far no one has been
able to come up with a more promising idea. But in trying to answer the
question of whether sensory perception is reliable, psychologists make claims
of the following sort (and now I am exaggerating but not essentially so): “I
put up my hands ten times before the subject’s eyes and in all cases it seemed
to the person that there were hands before her.” That research practice is
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perfectly warranted from their viewpoint because they are not engaged in a
debate with skeptics. From our present philosophical viewpoint, however,
the practice is zor warranted: by judging that we put up our hands before
the subject we are unarguably relying on our senses, which is to violate the
previously stated principle that in the face of doubts about their reliability we
should suspend such reliance. That is to say that by admitting the said kind
of claims as evidence we are begging the question, not just against the skeptic
but against all except perhaps advocates of the variety of externalism that I
have set aside for our purposes.

The foregoing considerations exhibit a seemingly telling asymmetry be-
tween the skeptic and the Moorean and also an asymmetry between the skeptic
and the Russellian. They show that the skeptic can raise doubts about the
Moorean conception of evidence as well as about the Russellian conception of
inference, that her opponents will have to acknowledge as such and that, for
all they have hitherto shown, cannot be removed in a non-question-begging
way; and for all that we have been told so far, the Moorean and Russellian are
not in a similar position to discredit the skeptic’s positions regarding evidence
and inference. That seems enough to conclude that the skeptic has a greater
right to her positions vis-a-vis evidence and inference than the Moorean and
Russellian have to theirs—on a7y reasonable understanding of what it is for
a party to have greater right to a position than another party has to a con-
trary position. As a result, it seems hard to maintain that the Moorean and
Russellian responses to skepticism succeed in realizing a standoft with the
skeptic. Moreover, given that, as we have said, anyone except (perhaps) the
most extreme externalists may be expected to concur that once doubts about
the reliability of our senses or of abduction have arisen they must first be
removed before we can rely (or rely again) on these faculties, and given that so
far no one has been able to think of a way for removing such doubts that does
not assume the Moorean or Russellian conceptions of evidence and inference,
respectively, it seems that these conceptions of evidence and inference, and
thereby the Moorean and Russellian responses to skepticism, should appear
highly problematic even from the perspective of the nonskeptic.

For all we presently know, what goes for the Moorean and Russellian
conceptions of evidence and inference goes for every other nonskeptical con-
ception of evidence or inference that anyone might ever seriously consider. As
aresult, it is far from clear whether there could be 47y conceptions of evidence
and inference that in the final analysis the nonskeptic, but not the skeptic
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would be comfortable to adopt. It thus seems that nonskeptics cannot be
quite so confident as some of them appear to be that there exist any successful
arguments against skepticism that do not at the same time resolve the debate.

What 7s clear is that if both skeptics and nonskeptics are left with the
skeptical conceptions of evidence and inference as their only options, then we
must all end up being skeptics. For it has been long known that starting from
these conceptions, one just has too slender a basis for the construction of any
successful argument for the external world. AsI further argue, however, other
conceptions of evidence and inference are available—conceptions that should
seem preferable to all hands, including the skeptic.

8.3 Evidence, Inference, and Expert Functions

If the registered fallibility of our senses should be of epistemic significance and
should discomfit the Moorean position vis-a-vis evidence, one still wonders
how it could motivate the skeptic’s drastic retreat to a sense data conception of
evidence. In fact, the Moorean and the skeptical responses to recorded failures
of our senses both seem disproportionate. Once such failures have come to
our attention, we cannot, contra the Moorean, simply ignore them and go
on trusting our senses undeterred. But by distrusting our senses altogether
or at least by effectively treating them as though they are to be distrusted,
skeptics seem to err in the opposite direction; they seem to overreact. Speaking
figuratively, paraphrasing this chapter’s epigraph, it seems that the skeptic,
unlike the Moorean, is willing to get out of the experienced failures of our
senses the wisdom that is in them. Unfortunately, she does not stop there;
rather she is like the cat who once sat on a hot stove-lid and now will never
again sit even on a cold one.

By way of analogy, consider how ordinary people react when they realize
that their memories have betrayed them, that something they seemed to re-
member with great clarity was actually false, such as when they were certain
that they had attended some party but then later discovered that they simply
could not have been there. I think that no reasonable person ever concluded
on the basis of such failures that she would better remain agnostic about
everything she seems to recollect from memory. Nor, however, is it likely that
after she has been confronted with its fallibility, such a person would go on
trusting her memory in exactly the same way or to exactly the same extent as
she did before that event. What such failures are likely to occasion in her, I



232 Chapter 8

believe, is a sense of caution vis-a-vis her memories, a kind of metacognitive
awareness that her recollections are not fully dependable. I, for one, do trust
my memory, but due to experiences of the aforementioned kind I do not trust
it 100 percent but only about 95 percent. That does not make me an agnostic
about my recollections, although it does mean that for me they no longer have
the status of infallibility that I once thought could be accorded to them.

The skeptic may be expected to respond with something like the following:
“Evidence ought to be absolutely infallible: anything accepted as evidence
should be guaranteed to be true. This requires a sense data conception of
evidence, for our senses may betray us but we cannot go wrong in judging
how things appear to us. So ’'m not overreacting: cats that want to be sure
that they will never sit on a hot stove-lid again do well not to sit on any stove-
lids.” To the best of my knowledge, however, no skeptic has ever succeeded in
producing a convincing argument for this absolute infallibility requirement.
It might be asserted that the requirement is plausible on intuitive grounds
alone, so that no argument for it is needed. Yet the intuition (if it is one) seems
hardly decisive on its own.

For consider that another intuition that we have about evidence is that
evidence ought to be informative and useful to at least some extent. Why
invest the huge amounts of time, effort, and money in gathering evidence that
we do invest, when we get nothing useful in return? This means trouble for
the skeptic if Hans Reichenbach is right that the requirement that evidence
be informative (however minimally) is at odds with the requirement that
evidence be infallible. As most other logical empiricists, Reichenbach had
long thought that the only sentences that we could not wrongly judge to be
true, and therefore the only sentences that could serve to report evidence, were
of the sort of “I have the impression of there being a table in front of me.”
But in Experience and Prediction (Reichenbach, 1938) he came to reconsider
this view, and in chapter 3 of that book he argues convincingly that it is fa/se
that we cannot be mistaken about such sentences and that we can make our
“basic statements”—the sentences that we accept as evidence reports—totally
secure only by making them devoid of any content and thereby depriving
them entirely of any use they might otherwise have. At bottom, the problem
as Reichenbach describes it is that in making the judgment that I have the
impression of there being a table in front of me, I am relying on my memory
in classifying the impression as being that of a table. I am thereby implicitly
comparing it with previous impressions I have had. But my memory may be
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confused, and the type of impression that I am now having might yesterday
have made me judge that I was having the impression of there being a chair,
or whatever, in front of me. As my judgment that my memory is not right
now confused in this way is fallible, so is my judgment that I am currently
having the impression of a table. To circumvent this problem, Reichenbach
points out, one would have to stop classifying one’s impressions in ways which
rely on one’s memory, but in so doing one’s evidence would become utterly
uninformative.®

Skeptics could retort that whereas the preceding may show that the re-
quirement of infallibility cannot be maintained unimpaired, we can still insist
that evidence should be as secure as is compatible with the requirement that it
should not be entirely useless. She could then claim that because, for instance,
“It appears to me that there is a table in front of me” is not entirely empty of
content but is more secure than “There is a table in front of me,” the atten-
uated requirement still favors the skeptical position regarding evidence over
the Moorean one.

However, conceding that a trade-oft will have to be made between certi-
tude and informativeness almost automatically invites the question whether
we should not be willing to sacrifice a little more certitude for some additional
informativeness. The intuitively plausible answer might seem to be yes, but
then the problem is that we will somehow have to balance the different values
involved, and that it is unclear how to do this in a principled way.

This much does seem clear: if we were fully convinced that our senses
are reliable, then it would be eminently reasonable for us to admit “I have
two hands” and similar sentences as possible evidence reports, just as the
Moorean does, because thereby we would seem to be making an excellent
deal in which a little loss of certitude is traded for a significant increase in
informativeness. If by contrast we were fully convinced that our senses are
untreliable, then it would be eminently reasonable for us to restrict the possible
evidence sentences to sense data statements or some such, just as the skeptic
does, because thereby we would seem to get a lot of certitude at the cost of no
significant loss of informativeness.

As intimated previously, however, we must be honest enough in our
response to the skeptic to admit that there are reasons to doubt the reliability

6. Foramorerecent and more general argument for the unreliability of our introspective
judgments, see Schwitzgebel (2008).
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of our senses. Acknowledging as much seems incompatible with being fully
convinced that our senses are reliable—at least as long as we have not been able
to neutralize those reasons. On the other hand, whereas the registered failures
of our senses may be sufficient to shake our instinctive trust in our senses,
they hardly suffice to establish that our senses are unreliable. As a result, at
the present stage of inquiry it would be as unreasonable to be fully convinced
of the reliability of our senses as it would be to be fully convinced of their
unreliability. What to do in this situation?

Someone might conceivably be able to devise a method that would allow
us to choose in a principled manner between, for instance, “I have two hands”
and “It appears to me that I have two hands” as possible evidence reports,
depending, perhaps among other things, on our degree of conviction that
our senses are reliable. Although it is, before the actual specification of such
a method, hard to say anything definitive about it, I suspect that it could
never be wholly satisfactory because however we should opt according to the
method, it would always seem that in going along with the skeptic we would
be according the registered failures of our senses too much weight, whereas
in going along with the Moorean we would be according them too little. Be
this as it may, a satisfactory solution to our problem does seem to be available.
Here, I propose an account of evidence that allows us to assume a sort of
middle position between the skeptic’s and Moore’s, and thereby to get out of
the registered fallibility of our senses only the wisdom that is in it and stop
there.

The proposal makes use of the notion of uncertain evidence. Let £ be
some sentence that according to the Moorean can report evidence, such as the
sentence “The sun is out.” Then e is the sentence “It appears that £,” that is,
in the present case the sentence “It appears that the sun is out.” Now suppose
that it comes to appear to you that the sun is out. Then, presumably, if you
were a Moorean, you would take £ to report your evidence. If instead you
were a skeptic, you presumably would take ¢ to report your evidence. But how
should you express the evidence that you are receiving if you think—as, we
said, would be reasonable to do—that the Moorean is not being quite sensitive
enough to the fallibility of our senses but the skeptic is being oversensitive
in this respect? The following would seem a natural suggestion in that case:
“T'am uncertain about what exactly the evidence is I am receiving. Were I a
Moorean, I would say that it is that the sun is out, but were I a skeptic, I would
say that it is that it appears that the sun is out.” Abbreviate this “uncertain
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evidence report” (as we may call it), or any other to the same eftect, by “E/e.”
The important question now is how such a report could be useful and, more
specifically, how one could learn anything from it.

The proposed answer to this question draws on the machinery of Bayesian
epistemology. As discussed, Bayesians hold that we ought to accommodate
new evidence via the rule of conditionalization, which dictates that a person’s
new probability for a given sentence 4 after she has come to learn another sen-
tence B (and nothing else) be equal to her earlier probability for 4 conditional
on B. The rule is silent about how to proceed with the kind of uncertain evi-
dence considered here. However, two relatively recent additions to Bayesian
epistemology help us on this point.”

The first is the theory of expert functions as developed by, among others,
Haim Gaifman (1986) and van Fraassen (1989). In van Fraassen’s presentation
of the theory, the central definitions are the following:

Definition 8.1 Let Pr be person P’s probability function. Then q is said to be
an expert function for P concerning family F of sentences iff; for all A € F,
Pr(4 | g(4) = x) = «.

Notice that it follows from this and the standard ratio definition of conditional

probability that if 4 is an expert function for P concerning f, then for all
A,B € F:Pr(4 | B) =q(4 | B).

Definition 8.2 Let persons Py, . .., P, have probability functions Pr,,..., Pr,.
Then Py, ..., P, constitute a panel of experts for person P on F iff there are
Sfunctions q and w such that (1) q is an expert function for P in the sense of

7. Because considerations similar to those that led us to doubt both the Moorean and
the skeptical conceptions of evidence led Jeffrey to the generalized rule of conditionalization
that now goes by his name (see section 3.2), one might think that Jeffrey’s rule could be of
help in solving the problem at hand. Perhaps it can; see the first appendix in Douven (2005s).
However, the theory of expert functions subsequently appealed to allows us to state a rule
for updating on uncertain evidence that s mathematically very similar to Jeffrey’s rule but
has a bit more structure; and the extra structure enables us to relate an update on uncertain
evidence directly and in a seemingly natural way to the probability that is most directly related
to the uncertainty of the evidence, namely, the probability that sensory perception is reliable.
Another reason for preferring the theory of expert functions to Jeffrey’s rule has to do with
unity of presentation. As shown further on, the theory of expert functions can be utilized to
model one’s accounting for explanatory considerations in learning from evidence when one is
uncertain about how much weight to give to such considerations; I do not see how Jeftrey’s
rule can be used for that.
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definition 8.1, and (2) w is a weight function such that g(4) = Y7 w(P;) Pri(4)
forall 4 € F.

To say that w is a weight function is to say, first, thatw(P;) > ofors = 1,...,n,
and, second, that ) w(P;) = 1. In principle, this function could stand
for anything, although it is most naturally interpreted as measuring person
P’s confidence that the respective expert is right about the sentences in F; for
instance, if w(P;) = w(P;)/2, then she trusts in expert £; only half as much as
she trusts in expert 7.

A consequence of definition 8.2 is that whereas P’s probability for 4
conditional on B (for arbitrary 4, B € ) will be some average of the various
Pr;(4 | B)’s, it will in general not be the average as weighted by the weight
function w but one weighted by some other weight function wg, which may
difter from w, as B may provide evidence for or against the expertise of the var-
ious members. (Naturally, the functions zeed not differ: B may be irrelevant
to the question of the members’ expertise.)

The second addition to Bayesian epistemology that we need consists of
so-called counterfactual probabilities, which were proposed by philosophers
of science in the 1980s in the context of what is now commonly known as
“the problem of old evidence.” Roughly, the problem is that as a simple con-
sequence of the probability calculus, no data that are already known at the
time that a theory is conceived can confirm that theory, which seems intu-
itively wrong. To do justice to our intuitions, various authors have proposed
that confirmation by known data is to be measured relative not to our actual
probeabilities but to the counterfactual probabilities that we would have had
if the data had been unknown to us.® To see what role counterfactual prob-
abilities play in our account, suppose that it appears to you that the sun is
out. Even though you are unsure, we still assume, how to express the evidence
you are receiving, it seems not difficult at all to determine your probability
for a given 4 conditional on your present evidence £/e on the counterfac-
tual supposition that you endorse a Moorean conception of evidence nor to
determine your probability for 4 conditional on £/¢ on the counterfactual
supposition that you share the skeptic’s standpoint regarding evidence. Let us
use “m(4 | E/e)” to designate the former, and “s(4 | £/¢)” to designate the
latter. Because you share neither the Moorean nor the skeptical standpoint

8. See, e.g., Horwich (1982) and Howson (1984); also Sprenger and Hartmann (2019,
ch.s).
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regarding evidence, these are not actual probabilities but counterfactual ones.
In a sense, this is like having at hand expert opinions from two experts who
hold radically different views about which sentences are suitable for reporting
evidence. The obvious idea now is to apply the theory of expert functions
to these counterfactual probabilities and make your conditional probability
Pr(A4 | E/e) for A given E/e a weighted average of m(A | E/e) and s(A | E/e).

The next question is how the weights are to be determined. A plausible
suggestion is that the weights should reflect your confidence in the reliability
of sensory perception. Specifically, it seems that to the extent that you believe
sensory perception to be reliable, you will agree with the Moorean on what
can be accepted as evidence and concomitantly think it correct to set Pr(A4 |
E/e) = m(A | E/e). Equally, to the extent that you believe sensory perception
to be unreliable, you will agree with the skeptic that evidence is restricted
to the phenomenal and concomitantly believe it to be correct to set Pr(A4 |
E/e) = s(A | E/e). So, if we call the hypothesis that sensory perception is
reliable “RSP,” the natural thought is that the weights should be determined
by your probability for RSP. If we want to follow strictly the theory of
expert functions, we cannot simply let the weights be Pr(RSP) and Pr(—=RSP):
according to this theory we should be sensitive to the fact that new evidence
may alter the confidence that you have in the “experts.” This requirement is
satisfied by letting Pr(RSP | £/¢) and Pr(—RSP | E/¢) be the weights. Thus,
on the current proposal conditional probabilities on uncertain evidence of the
kind that we are considering are to be determined by the following formula:

(81) Pr(d | E/e) = Pr(RSP | E/e)m(4 | E/e)
+ Pr(=RSP | E/e) s(4 | E/e).

Once it is clear how to determine probabilities conditional on uncertain
evidence, we can conditionalize on such evidence.

Naturally, (8.1) cannot be fully general, for it cannot provide a way for
determining one’s probability for RSP conditional on some piece of uncertain
evidence. This may seem to be a problem, given that we need such conditional
probabilities in order to apply (8.1). But the problem is only apparent. We
proposed to formulate uncertain evidence reports in the way that we did
because we wanted to have a type of evidence that does not presuppose an
answer, one way or the other, to the question of the correctness of RSP. It
seems that precisely because of this deliberately built-in neutrality as regards
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RSP, pieces of uncertain evidence cannot be telling either for or against that
hypothesis. That is to say, it seems that we can set Pr(RSP | E/¢) equal to
Pr(RSP) for all uncertain evidence £/e (and thus also set Pr(=RSP | E/¢)
equal to Pr(—=RSP)). I should add that even if this easy solution were unavail-
able, (8.1)’s not being entirely general could not be held against it, at least not
if we accept the theory of expert functions. For we cannot defer to experts
for all our opinions; eventually we will have to provide answers ourselves to
such questions as how we should weigh the various experts relative to one
another and whether it would not be better to consult an additional expert.
But this could not be a valid objection to the theory: that we are not always in
a position to consult experts does not make expert advice less valuable when
it can be had.

Because the preceding account of learning from uncertain evidence may
seem fairly abstract, I briefly illustrate it with the aid of an example which also
prepares for the use that we subsequently make of (8.1).

Example 8.1 Call the hypothesis that abduction is a reliable mode of infer-
ence “RABD.” I now show how uncertain evidence may affect one’s prob-
ability for RABD, provided that one accepts (8.1). To that end, let Pr be
a given person’s probability function, where this person accepts (8.1) and
where m and s are the probability functions of her imaginary “Moorean”
and “skeptical” experts, respectively; just for purposes of illustration, say that
Pr(RSP) = Pr(RABD) = .5, m(RABD) = .7, and s(RABD) = .3. Fur-
thermore, let £/e be the following evidence report: “Were I a Moorean, I
would express the evidence that I am presently receiving as ‘My neighbors are
home’; were I a skeptic instead, I would express it as ‘It appears to me that my
neighbors are home’.” Now suppose that our person had earlier deemed that
the presence of the neighbors’ car in their driveway, or at least the seeming
presence of the seeming neighbors’ seeming car in the seeming driveway, was
best explained by the supposition that they were home. Then, we may assume,
at least from her imaginary Moorean expert’s viewpoint, £/e counts as a suc-
cess of abduction and thus as supporting RABD: application of the rule has
led, or would have led, the person to conclude that her neighbors are home,
and now, from the said viewpoint at least, the evidence vindicates that conclu-
sion. Say that m(RABD | E/¢) = .8. From the viewpoint of the imaginary
skeptical expert, on the other hand, £/e will at least not be negatively relevant
to RABD: that her neighbors appear to be home may not confirm what the
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person had earlier judged to be the best explanation of the seeming presence
of their car in the driveway—namely, that the neighbors z7e home—Dbut the
evidence certainly does not show that conclusion to be false nor, we may
assume, does it render the conclusion less likely. For simplicity, say that, from
the skeptical expert’s viewpoint, the evidence is irrelevant to RABD, that is,
s(RABD | E/e) = s(RABD). Finally, for the reason given in the preceding
paragraph, we may set Pr(RSP | £/¢) equal to Pr(RSP). Thus, if our person
comes to accept £/¢ and conditionalizes on it, then her probability for RABD
will go up from .5 to .55, for P(RABD | E/e) = Pr(RSP | £E/e) m(RABD |
E/e) + Pr(=RSP | E/¢) sS(RABD | E/e) = .5 X .8 +.5 X .3 = .55. ¢

Next let us turn to the question of the confirmation-theoretic status of
abduction. Just as conceding to the skeptic that the Moorean conception of
evidence cannot be maintained is not automatically to concede that only sense
data can qualify as evidence, so conceding to her that the Russellian position
vis-a-vis abduction cannot be maintained is not to concede that explanatory
factors can play no role whatever in our inferential practices. With respect to
the role of such factors, a middle position would seem to be desirable as well.
To endorse abduction categorically would, in light of its registered failures,
seem reckless. Yet to reject it wholesale would seem an ill-motivated move,
for in light of much that has been discussed in previous chapters it is hard to
escape the impression that explanatory considerations can guide us toward
the truth frequently enough. It appears that the tools that we used in the
preceding also allow us to state the desired middle position with respect to the
question of which confirmation-theoretic role we are to grant to abduction.

In chapter 4, we saw that, contrary to what most Bayesians hold, updating
probabilities by dint of conditionalization is compatible with assigning bonus
points for explanatory reasons. The trick, we explained, is to account for ex-
planatory relations between sentences when one determines one’s conditional
probabilities; by doing so, one can coherently (i.e., non-Dutch-bookably) give
weight to explanatory considerations in updating probabilities. In chapter 4,
this point was illustrated by means of EXPL, but in the meantime we have
encountered other probabilistic versions of abduction as well. We also saw
that even if abduction came with Dutch-bookability, it still would not follow
that abductive reasoning makes us irrational. That would be so only if there
could be no compensating advantages. And as was amply shown, there can
be such advantages.
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Here, I will not make any assumptions about how weight is given to
explanatory considerations. Indeed, if you believe that there is a meaningful
way to bring explanatory considerations to bear on the determination of
priors—contrary to what was suggested in section 1.2.2—then you could
assume that that is how explanatory considerations are taken into account in
the following.

That we can rationally, even coherently, give weight to explanatory consid-
erations does not mean that we must or will give weight to such considerations.
Realistically speaking, whether we will want to assign a role to explanatory
considerations will depend on how confident we are that such considerations
guide us toward the truth. Someone convinced that they do point us to the
truth will presumably want to assign bonus points on the basis of explanatory
considerations (how big a bonus she will want to assign will depend, among
other factors perhaps, on how strong in her view the connection between
truth and explanation is). On the other hand, someone who thinks that
although they may perhaps be of pragmatic concern, explanatory consider-
ations are unrelated to truth, will in determining probabilities not want to
take them into account at all. But what is one to do if one is convinced only
to some intermediate degree that explanatory considerations and truth are
related in a way that would make giving the former a confirmation-theoretic
role a prudent epistemic policy?

Suppose that you want to determine your probability for a hypothesis A
conditional on evidence £, where you believe that /7 explains £ better than any
rival hypothesis. Now try to imagine what probabilities you would assign to A
given £ were you to be fully convinced that explanatory considerations reliably
guide us toward the truth, respectively were you to be fully convinced that
such considerations are at best of pragmatic interest. Itis not too unrealistic to
suppose that you can come up with the requisite counterfactual probabilities;
designate them by “R(H | £)” and “S(H | E),” respectively. We can again
think of these as constituting a panel of experts in the sense of definition 8.2,
consisting of a “Russellian” expert who in determining probabilities gives full
weight to explanatory factors, and a “skeptical” expert who in doing the same
disregards them completely. Unsurprisingly, then, the proposal is that you
make your actual probability for / conditional on £ a weighted average of the
counterfactual conditional probabilities R(H | £) and S(H | E), where for
obvious reasons this time the weights are your probabilities for the reliability
of abduction and its negation, respectively, both conditional on E (for the
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reason explained in the comment on definition 8.2). Thus, on the current
proposal your conditional probability for / given E is given by

(8.2) Pr(H | E) = Pr(RABD | E)R(H | E)
+ Pr(=RABD | E) S(H | E).

For basically the same reason that (8.1) could not be entirely general, (8.2)
cannot be entirely general either. In the case of (8.1), it seemed plausible to
think that Pr(RSP | £/¢) = Pr(RSP) for all £/e. A parallel assumption for
RABD would seem unwarranted, though: (8.2) is not restricted to evidence
that is formulated in a special way so as to guarantee neutrality regarding
RABD’s truth. Sometimes it will be clear, or can be readily assumed, that
there is no explanatory connection between RABD and the evidence; this
will be so for our applications of (8.2) in the following. But if not, then in
determining the probability of RABD conditional on the evidence you are
left to your own devices. For reasons already pointed to, that is no defect
of (8.2); not all our opinions can come from experts anyway.

By way of further comment on (8.2), note that the question of the status
of this rule is orthogonal to the question of whether we admit only sense data
statements as evidence, or also uncertain evidence reports, or even statements
such as “T have two hands.” Whether one thinks that only sense data state-
ments are admissible or whether one also wants to admit “T have two hands”
and its ilk, (8.2) will permit one to give weight to any possible explanatory
connections between one’s evidence and the hypothesis or hypotheses one is
interested in, where the exact weight reflects one’s confidence that explanatory
power is a mark of truth; in the former case, the variable £ will merely have a
narrower range than in the latter.”

9. But how is one to proceed in case there is an explanatory connection between a
hypothesis and some uncertain piece of evidence, which would seem to require the involve-
ment not only of an imaginary Russellian expert and an imaginary expert skeptical about
the confirmation-theoretic significance of explanatory considerations, but also of a Moorean
expert and one skeptical about the reliability of sensory perception? Neither (8.1) nor (8.2)
provides for the possibility of a consultation of all these experts together. However, in Douven
(2005, p. 276) it is shown that (8.1) and (8.2) can be plausibly combined in a single rule, which
does provide for the said possibility. Yet for our present purposes such a (more complicated)
combined rule can be dispensed with, as we are interested only in explanatory connections
between a certain hypothesis—RSP, as it happens—and certain sense data statements. To
account for these connections, (8.2) suffices.
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To end this section, let me also briefly illustrate by means of an example
how (8.2) works in practice.

Example 8.2 Consider a person who accepts (8.2). Say that this person has
probability function Pr with the associated expert functions R and &, and
say that Pr(RSP) = Pr(RABD) = .5, R(RSP) = .7, and S(RSP) = .3. Let
E report some pattern in the person’s sense data; for instance, let it be the
sentence “I am currently having sensorimotor and tactile experiences as if am
typing on a keyboard, auditory experiences of soft clicks as if keys are being
struck, and visual experiences as if letters pop up on my computer screen.”
This is a sentence that both the Moorean and the skeptic may be supposed
to admit as a possible evidence report. Further, the person takes £ to be
best explained by the hypothesis that her senses reliably inform her about
her surroundings. Indeed, what better (simpler, more straightforward) ex-
planation could there be for the occurrence of the pattern than that things
actually are as they appear to be, that is, that the person is really typing on
a keyboard?" That means nothing for the person’s imaginary expert skep-
tical about explanatory considerations; so, (RSP | £) = S(RSP). But
things look quite different from the perspective of her imaginary Russellian
expert, who is fully convinced of the confirmation-theoretic significance of
explanatory power. Given that RSP best explains £, the expert’s probabil-
ity for RSP conditional on £ exceeds her unconditional probability for that
hypothesis, specifically R(RSP) = .8. Finally, the person deems £ irrelevant
to RABD, that is, Pr(RABD | E) = Pr(RABD). Then, similar to what we
had in example 8.1, we find that Pr(RSP | £) = Pr(RABD | E)R(RSP |
E) + Pr(=RABD | E) S(RSP | E) = .55. Hence, if the person comes to
learn £ and subsequently conditionalizes on it, her probability for RSP will
increase from .5 to .ss. ¢

10. Many similar examples can be distilled from Vogel’s 1990 paper as well as from Bon-
Jour’s rather extensive catalog of characteristics of sense data that seem best explained by RSP
(in BonJour & Sosa, 2003, pp. 88-91).

1. Are these experiences not already explained by assuming that her senses are zow
correctly informing her about her surroundings? They are, but we are after the best explanation,
and potential explanations are to be assessed, among other things, on the basis of their scope
or generality. On this basis, the hypothesis that her senses #ypically inform her correctly about
her surroundings is to be preferred to the much less general hypothesis that her senses zow
inform her correctly about her surroundings.
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8.4 How to Resolve the Skepticism Debate?

I will now show that if we accept the middle positions regarding evidence
and abduction presented previously, then, given some very weak further
assumptions that no party to the skepticism debate should find disputable, a
resolution of this debate becomes possible, at least in principle.

The hypotheses in which we are interested are RSP, which states that
our senses are reliable, and RABD, which states that abductive reasoning
is reliable. The main thing to be shown is that someone whose probability
function satisfies certain (weak) constraints and who accepts both (8.1) and
(8.2) may come to assign a high probability to both RSP and RABD. Exam-
ple 8.1 shows how, assuming (8.1), RABD may be confirmed by uncertain
evidence of a particular type, and example 8.2 shows how, assuming (8.2),
RSP may be confirmed by evidence reporting certain patterns in a person’s
sense experiences. What may not be immediately obvious from those exam-
ples and what the following will make clear is that, given the use of both
(8.1) and (8.2) and supposing that there will be “enough” evidence of the kinds
encountered in the examples for us to arrive at probabilistic conclusions about
RSP and RABD that are strong enough to allow for the refutation of skep-
ticism, the initial probabilistic assumptions about evidence and hypotheses
(and their interrelations) can be exceedingly weak.

The person that we consider has an initial probability function Pr with
associated imaginary expert functions m, s, R, and &, as introduced in the pre-
vious section. Our first assumption is that the person herself as well as all her
imaginary experts assign positive initial probabilities to both RSP and R ABD;
in other words, forallp € {Pr,m, ,R, S} and H € {RSP,RABD}:

(83) p(H) > o.

Note that this is compatible with the person’s finding initially vastly more
probable that our senses are not reliable than that they are, and also with her
finding initially vastly more probable that abductive reasoning is not reliable
than that it is; she may in fact be nearly certain of the unreliability of both
(but not entirely certain). I should also note that neither (8.3) nor any further
assumption to be made is incompatible with the person’s (and her imaginary
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experts’) assigning a very high prior probability to, for instance, “We are brains
in a vat,” and a very low one to the external-world hypothesis.™

The second assumption concerns the various pieces of evidence our per-
son comes to know in the course of her investigations.

(8.4) Insofar as the evidence that becomes available to our person is rele-
vant to the hypotheses at issue, it can be represented as a sequence
o each of whose elements is either a piece of uncertain evidence
that is relevant to RABD—using our earlier notation, we designate
these elements by “E;/¢;” ( € N)—or a sense data statement that is
relevant to RSP—these elements are denoted by “E” (7 € N).

Informally, the idea is that the pieces of uncertain evidence all qualify as
successes of abduction at least from the perspective of a Moorean; so among
them could be the uncertain evidence report called “£/¢” in example 8.1. The
E!, on the other hand, all report patterns in our sense experiences that are
best explained by supposing that our senses reliably inform us about our
surroundings; among them could be, for instance, the evidence sentence
called “£” in example 8.2. If 7 < j, then E;/e; comes before E;/e;in o, and
similarly for £7 and E/. Apart from these, no assumptions need to be made
about the ordering of the elements of ¢.

The remaining assumptions make more precise how the elements of &
bear on RSP and RABD relative to Pr and the various expert functions. To
state these assumptions, I adopt the notational convention that if among
the first m + 7z elements of ¢ there are 7 evidence reports of the sort that
we indicate by “E/” and 7 of the sort that we indicate by “E;/e;,” then, with
p € {Pr,m, 5, R, S}, p is p updated, consecutively, on the first m + n
elements of 7, in the order in which they appear in the sequence. So if, for
example, o should begin

(Ei/er, Exles, E, Esles, E ey, EL, EL, E, ...,

then pJ is the result of updating p consecutively on the first two elements
of o, and pz the result of updating it consecutively on the first seven elements.
To give a slightly more concrete example (supposing still the same beginning

12. However, as can easily be verified, given assumptions (8.3), (8.4), and (8.5), she could
not coherently assign probability o to the external-world hypothesis (nor could her imaginary
experts).
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of 7), S}(RSP | E +) is the probability assigned by the person’s imaginary
expert skeptical about explanation to RSP conditional on £ after the person
has come to know the first seven elements of o.

The third assumption is that no element of 7 is from the perspective of
any of the imaginary experts negatively relevant to either RSP or RABD, that
is to say, forp € {m, s,R, S}, H € {RSP,RABD},and all £, , E, /¢, € ¢

(85) PITNH | EL) > i U(H)
Py (H | Eyey) > pit (H).

Given that, informally, we think of the £ as reporting experiences that are best

explained by RSP, it would seem plausible to assume that at least R, (RSP |

E)) > R, (RSP) for all E;,. Similarly, because we think of the E,/¢; as

successes of abduction from the standpoint of the Moorean, it would seem

plausible to assume that m)* (RABD | E,/e,) > m)" (RABD) forall £,/e,.

Nevertheless, for the result we are aiming at, the weaker (8.5) is enough.
Next, we have that for all £, £, /e,

(8.6) R7 (RSP | E,) > G (RSP |E.);
m” (RABD | E,/e,) > s . (RABD | E,/e,).

This will be immediately obvious from our description of the elements of
o in relation to RSP and RABD, as perceived by the various experts; that
description in effect seems to warrant >’s instead of the >’s, but again the
weaker assumption suffices.

A turther assumption is that for all £, , E, /¢,

(8.7) Pr" (RSP | E,/e,) > Pr) (RSP);
P (RABD | E,) > Pr""'(RABD).

It is reasonable to suppose, as previously stated, that pieces of uncertain evi-
dence are probabilistically irrelevant to RSP; the > in the first part of (8.7) is
merely to make the assumption as weak as possible. As to the second part, note
that it is perfectly conceivable that evidence that is at least from a Russellian
perspective explanatorily relevant to RSP, such as the £’s in o are supposed
to be, is from any perspective completely irrelevant to RABD; in any event
there is no reason to suppose that such evidence, or at least some such pieces
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of evidence, should be negatively relevant to RABD. Take our example, “I
am currently having sensorimotor and tactile experiences as if I am typing on
a keyboard, auditory experiences of soft clicks as if keys are being struck, and
visual experiences as if letters pop up on my computer screen.” One would
seem hard-pressed to give an argument to the effect that this sentence, or any
sentence like it, is bound to be negatively relevant to RABD, or at least that
by supposing otherwise we would be begging skeptical issues.
The last two assumptions are

(8.8) lim R (RSP | E,) = 1
and
(8.9) lim m)” (RABD | E,/¢,) = 1.

Thatis, we assume that, as the person comes to know more and more elements
of ¢, her imaginary Russellian expert’s probability for RSP converges to 1 and
her imaginary Moorean expert’s probability for RABD converges to 1 also.
Because these assumptions are clearly more substantive than the previous
ones, I want to emphasize that the skeptic should have no difficulty granting
them, for they are still exceedingly weak. To see just how weak, note that, for
instance, (8.9) assumes that iz the infinite limit (and not necessarily sooner)
after our person has come to know infinitely many pieces of evidence a// of
which (and not merely some, or most, of which) report from a Moorean
perspective (and not necessarily from anyone else’s perspective) successes of
abduction and zone of which report from any (and not just some) perspective
failures of abduction, the imaginary Moorean expert will be certain of RABD
conditional on any further such piece of evidence (for all we are supposing,
the imaginary skeptical expert’s corresponding probability may well be no
higher than her initial probability for RABD). What could one be denying,
by making this assumption, that the skeptic might hold dear? Similar remarks
apply to (8.8).2

The link between these assumptions and the skepticism issue is established
by the following theorem, which is proved in appendix D:

13. I would expect the Humean skeptic to find both (8.8) and (8.9) disputable. She
presumably would think that any Bayesian ought to choose an initial probability distribution
guaranteeing that no claim not entailed by any finite conjunction of evidence sentences can
have its probability altered in the course of her (the Bayesian’s) coming to know more evidence.
A fortiori, it would from a Humean perspective not be reasonable for the Russellian to become
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Theorem 8.1 If (A1)-(8.9) hold, then

lim Pr(RSP) = lim Pr(RABD) = 1.
From an epistemological point of view, what happens in the infinite limit may
seem to be of academic interest at best. Note, though, that by the definition
of a mathematical limit, it follows from theorem 8.1 that

Corollary 8.x If (8.3)-(8.9) hold, then for any c such thato < ¢ < 1

(1) there are E, Ej/e; € o such that for all E, /e, € o withn > | and all
E) € o withm > kit holds that Pr]}(RSP) > ¢, and

(2) thereare E},, Ey/ey € o such that for all Eyy/e,y € o withn” > 1" and
allE}, € o withm' > k' it holds that Pr:l'f/(RABD) > C.

So, given some threshold value such that probabilities exceeding it qualify as
high, it follows from theorem 8.1 that if (8.3)—(8.9) hold, then after the person
has come to know some fin:te initial segment of ¢ it will be, and remain, highly
probable to her that sensory perception is reliable and also highly probable
that abduction is a reliable mode of inference.

How does this result bear on skepticism? Suppose, for now, that RSP
does become highly probable to me and that that justifies me in believing
RSP. Then, assuming that I am justified in believing how things appear to
me, I am justified in believing that (1) my senses reliably inform me about
my surroundings, and hence things generally are as they appear to be in my
perceptual experiences, and (2) most or even all of my perceptual experiences
appear to be of an external world. Together beliefs (1) and (2) justify my belief
that there exists an external world. The same conclusion is warranted on the
supposition that I become justified in RABD, still assuming the explanatory
superiority of the external-world hypothesis. Thus, supposing the conditions
of theorem 8.1 to be satisfied, we can become justified in believing that there
is an external world, along two different routes, in effect.

increasingly confident in RSP as she comes to know more and more elements of 7, nor would
it be reasonable for the Moorean to become increasingly confident in RABD under the same
circumstances. So, by assuming that the external-world skeptic is willing to grant (8.8) and (8.9),
and thus to grant that learning from experience is possible at least for the Russellian and the
Moorean, Iam effectively assuming that the external-world skeptic is not also a Humean skeptic.
Again, I take this assumption to be justified in light of Schurz’s work on meta-induction
(Schurz, 2019).
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I assumed that high probability would be enough for justification. Ac-
cording to some authors, that is indeed the case."* But most nowadays take
Henry Kyburg’s (1961) so-called lottery paradox to show that the connection
between probability and justification cannot be so straightforward. Many
of these authors believe that high probability is only zearly sufficient for jus-
tification and that some defeater has to be added to the condition of high
probability to keep the lottery paradox at bay (e.g., Korb, 1992; Pollock, 199s;
Ryan, 1996; Douven, 2002b; Olin, 2003). There is no agreement among them
about what this defeater should come to, but they do generally agree that it
should apply as selectively as possible to the type of propositions that engender
the lottery paradox (such as, most typically, propositions to the effect that a
given ticket in a particular lottery is a loser). As neither RSP nor RABD is of
this type, these authors would probably grant that our result shows that we
can become justified in believing these hypotheses.”

As mentioned in section 2.2.2, the connection between probability and
justification may actually be still more complicated than philosophers have so
far believed. But even in the worst case, in which we cannot infer anything
about the justificatory status of a statement however probable it is (barring,
I suppose, its being certain), the nonskeptic would still seem to have gained
the upper hand if RSP and RABD had been shown to be highly probable.
What is left of the pull of skepticism if we are in a position to claim that, in all
likelihood, there is an external world?

I end with a number of comments on the previous result. First, I have
tried to be as minimalistic as possible in choosing the inferential machinery
to be used in the debate against the skeptic. Specifically, I assumed Bayes’s
rule, the theory of expert functions, and counterfactual probabilities. Might

14. See, among others, Kyburg (1961), Klein (1985), and Foley (1992).

15. Depending on one’s account of knowledge, this may suffice to show that we can
come to know that in all likelihood there is an external world (supposing that there 7). I
will not argue for this claim here, however, as it should be enough to persuade the skeptic to
show that, starting from probabilistic assumptions she should find unobjectionable, we can
become justified in believing that there exists an external world (perhaps it is already enough
to show that this can become highly probable to us). And according to Wright (1991), it is
justified belief in, rather than knowledge of; an external world that is at stake in the skepticism
debate. Specifically, he maintains that “[k]nowledge is not really the proper central concern of
epistemologico-sceptical enquiry. . . . We can live with the concession that we do not, strictly,
know some of the things we believe ourselves to know, provided we can retain the thought that
we are fully justified in accepting them” (p. 88). In the same vein, see Russell (1912, ch. 2), but
see also Nagel (2014, ch. 2) for a dissenting opinion.
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the skeptic still object that I have thereby been loading the dice against her? I
do not see how. Of course, the Humean skeptic might complain about the
use of Bayes’s rule in particular, but the foregoing addressed the Cartesian
skeptic, who, we may assume, is perfectly comfortable using Bayes’s rule to
make inferences about future sensory experiences.I6 Similarly for the theory
of expert functions and for the concept of counterfactual probability: I can
think of no reason why either should be objectionable from the skeptic’s
viewpoint or why adopting one or both of them would, in itself, tip the scale
in favor of the nonskeptic. These elements were needed for formalizing views
of evidence and inference that are different from those held by skeptics and
that the skeptic might want to reject. But I have done my best to argue that the
new proposals are more reasonable than the skeptic’s views on these matters
and should appear as such also to the skeptic.

Second, it cannot be stressed enough that we do not have a resolution of
the skepticism debate here. We have no more than stipulated the existence
of the sequence ¢ with its specific connections to the person’s probability
function. One may wonder how sensible it is to suppose that if we were to do
the empirical research required for a resolution of the skepticism debate, the
data would turn out as favorably for the nonskeptic as is required for our result
to apply. It may be said that while perhaps it is sensible to suppose that by far
most of our experiences are best explained by assuming that our senses are
reliable and also that a systematic investigation of the success rate of abduction
would reveal that this mode of reasoning mostly serves us well, & contains
only nonnegative evidence for our hypotheses RSP and RABD and that this
is too much to assume. First, however, note that the preceding is compatible
with there being finitely many pieces of evidence negatively relevant to either
RSP or RABD (orboth), aslong as it is assumed that after the last such piece of
evidence has become known to her, our person and her imaginary experts still
assign some positive probability to both RSP and RABD. Second, I strongly
suspect thatin particular (8.5) can be relaxed so as to permit occasional negative
evidence to pop up even in the long run while still allowing us to derive the
requisite convergence result. Third, and most importantly, it should not be
forgotten that the claim that I am making in this section is very much an
in-principle claim: it is in principle possible to resolve the skepticism debate
empirically, that is, to settle it in a way that should be acceptable to all parties.

16. As for the Humean skeptic, I would once more refer her to Schurz (2019).
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To the extent that at the beginning of this chapter such a resolution seemed
impossible in principle, the result obtained here should still count as a step
forward.

Third, while the convergence result may very well describe how we non-
skeptics actually come to rely on our senses as well as on abductive reasoning
and thereby come to be nonskeptics, the result is in the first instance meant
to have normative implications. In sections 8.2 and 8.3, reasons were given
for preferring the middle positions regarding evidence and inference to the
traditional “extreme” positions regarding these matters (both the skeptical
and the nonskeptical positions). Further, supposing these middle positions
and a number of very weak assumptions which, I have argued in this section,
should seem reasonable to all parties involved, and supposing “favorable” data,
a convergence result could be stated to the effect that accumulating evidence
will justify us in believing that our senses are reliable as well as in believing
that abduction is a reliable mode of inference. And that, as was also argued, is
enough to justify us in believing in the existence of the external world. Hence,
if the data turn out favorably, then it follows from the result that we oxght to
be non-skeptics regarding the external world.

Fourth, Wright (1985) and others have argued against Moore’s proof of
an external world that although Moore does have justification for “I have two
hands,” this justification does not transmit to “There exists an external world,”
even if we assume the entailment of the latter sentence by the former to be
known. The reason for this transmission failure is that, to these authors’ eyes,
Moore must be antecedently justified in the conclusion of this argument if
he is to have justification for “I have two hands.” If they are right, then even
if justification is closed under known entailment, that still does not mean
one’s justification for certain premises justifies one in believing a conclusion
that is known to follow from these premises. Whether they are right is still a
matter of controversy.”” Be this as it may, Wright’s and others’ appraisal of
Moore’s argument is irrelevant to the two arguments that, I claimed, justify
us in believing that there is an external world if assumptions (8.3)-(8.9) hold.
Consider that the empirical argument that in that case would justify us in
believing RSP and R ABD merely assumes that we assign a positive probability,
which may otherwise be as small as one likes, to the external-world hypothesis.
It would certainly be wrong to say that the external world hypothesis has

17. See, for instance, Pryor (2004) for some incisive criticisms.
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been assumed in an argument if, for all the argument must suppose, that
hypothesis’s probability may be vanishingly small.

Finally, and most relevantly to our overarching concern, it has been seen
how, from minimal assumptions, we can defend abduction in a way that makes
it useful in the kind of context in which philosophers had hoped it would
be useful. The skepticism debate may well provide the most challenging of
these contexts, given that (as said) there is really not much one can start from
without begging any issues. In particular, while the skeptic might be happy
to admit abduction to make inferences about sensory impressions, she might
object to the use of abduction in order to infer the existence of objects and
processes causing, but not reducible to, such impressions. That would seem to
make the prospects of an empirical defense of abduction bleak. But taking on
board conceptions of evidence and inference that, I have argued, should make
sense to all parties, it was seen how we can more or less simultaneously build
confidence in the reliability of our senses and in applications of abductive
reasoning that let us infer the existence of real objects and processes.

This same construction can be reapplied in the scientific realism debate,
which provides an only slightly less challenging context than that of the skep-
ticism debate. Scientific antirealists are typically willing to grant the existence
of observables—anything that can be seen with the naked eye—but regard
any claim postulating unobservables as a case of epistemic overreach. For in-
stance, van Fraassen (1985) has raised skeptical concerns about realist readings
of micrographs, in particular about taking such micrographs as evidence for
the existence of bacteria, viruses, molecules, and other such things. According
to him, there is no non-question-begging evidence showing that our current
microscopes are veridical. But few realists have been swayed by his arguments.
The following excerpt from an interview with Ronald Giere expresses a widely
shared realist sentiment:

An overall kind of nonrealism or antirealism I find very hard to even
take seriously. I know people do it. But look at electron microscope
pictures of chromosomes, of DNA—we have pretty nice pictures of
DNA! The overall idea that there is an observational realm and that
we should not go beyond that I think is just not tenable. (Giere in
Callebaut, 1993, p. 171)

However, even though most people with some background in science will
be sympathetic to Giere’s view, it would seem prudent to be at least initially
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somewhat more cautious in our interpretations of micrographs. In the case
of perception, we all have first-hand evidence of its fallibility, evidence which,
we said, should make us wary of going along with Moore’s proof of the
external world even if it should not make us side with the skeptic. Although
not as generally known, however, there is also evidence showing that modern
microscopes are not completely trustworthy and that, for example, procedures
used for preparing specimens can produce various sorts of artifacts, some
of which can go unrecognized for quite some time, perhaps even forever
(Rastogi et al., 2013). So here, too, a kind of intermediate position between
van Fraassen’s and Giere’s would seem the more reasonable one, at least as a
starting point.

Then, in order to test empirically whether abduction is reliable also when
we infer, or become more confident in, the existence of certain unobservable
kinds of entities postulated by best-explaining theories, we can imagine having
at hand an expert deeming microscopes at least somewhat trustworthy, next
to an expert who instead shares van Fraassen’s view on microscopes. And also
parallel to what we had before, we have our pair of experts holding different
views on the reliability of abduction as applied to unobservables. The rest
then unfolds as it did previously. Suppose that using some type of micro-
scope, we “discover” a virus that had earlier been postulated on explanatory
grounds. That would constitute evidence for the reliability of abduction from
the perspective of the expert who believes microscopes to be at least somewhat
trustworthy. Similarly, Hacking (1981, pp. 144-145) points out that when we
study blood cells both by means of a low-resolution electron microscope and
by means of a fluorescent microscope—types of microscopes that exploit dif-
ferent physical principles—the visual outputs we get from these microscopes
tend to be very similar. As he rightly remarks, that would seem best explained
by assuming that these types of microscopes are veridical and thus would
constitute evidence for that assumption at least from the perspective of the

expert who has some confidence in the reliability of abduction.®

18. For further details, see Douven (2005).
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I have aimed to rectify what I see as persistent misunderstandings about, as
well as a general underappreciation of, a mode of reasoning that, evidence
indicates, forms an important part of our cognitive tool box: abduction,
which gives special weight to explanatory relations, as when, for instance, the
appreciation that our evidence makes perfect sense in light of one hypothesis
but not so much in light of its rivals raises our confidence in the former at the
expense of our confidence in each of the latter.

That does not mean that there is literally a single rule of abduction that
people can apply wherever and whenever they are able to make judgments of
explanation quality. I have argued that critics are basically right when they
contend that abduction is a slogan but wrong to deem this a shortcoming.
Deductive logic offers a set of domain-general and topic-neutral rules, and
perhaps this made many think that the rules guiding our nondeductive rea-
soning must be of that kind as well. On the other hand, chapter 6 looked at
a psychologically oriented theory of rationality that makes it from the start
reasonable to expect that the rules for nondeductive reasoning will zor hold
uniformly. Even more generally, the Encyclopedia Britannica (2006) circum-
scribes intelligence as the “ability to adapt effectively to the environment.”
While this is only one among many definitions of intelligence around, most
would agree that the said kind of adaptability is at least a key characteristic of
human intelligence. And this, too, should make it unsurprising if people are
found to reason in ways that can be fine tuned depending on the environment
so as to more readily pick up the inductive cues provided by that environment.
I'looked at rules of inference that appear to have that feature, and those rules
were seen to do better than Bayes’s rule in environments that were nothing
out of the ordinary. The rules, while context specific, were tied together by
the slogan that explanation guides inference.
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If you had heard about abduction before you read this book, what you
heard was probably mostly critical. Current thinking about how we ought
to respond to new information, how we should revise our beliefs or degrees
of belief in light of new evidence, is so strongly dominated by Bayesian con-
firmation theory that the idea that we are better served, even if perhaps only
sometimes, by any mode of reasoning that could go against Bayesian tenets
may be taboo to many. Bayesians have nothing against abduction as a kind of
assistive tool, a helper function for determining priors perhaps, or (sometimes)
likelihoods, but to the extent that abduction conflicts with Bayesian dogma,
we should avoid it like the plague.

Bayesians have been quite explicit about the doom that awaits abductive
reasoners: they make themselves vulnerable to exploitation, and they make
their degrees of belief unnecessarily inaccurate. Worse yet, they do so willingly,
or at least they could have figured out a priori that those things were going to
happen! If that is not a token of irrationality, what is?

At first blush, the arguments for these claims can easily seem unassail-
able, supported even by proofs. On closer scrutiny, however, those proofs do
not appear to connect so well to Bayesian allegations of irrationality on the
part of, for instance, abductive reasoners. That is because, in arguing for the
broader claims, Bayesians sneaked in some assumptions that the friends of
abduction need not sign up to. We saw that if we think of update rules as pack-
aged together with other epistemic principles and also with decision-theoretic
principles, then there are ways to reason abductively free of charge, meaning
that, for instance, you can assign bonuses for best explanations and still avoid
Dutch books. That such additional principles are irrelevant and thus can
be ignored, or that there must be something amiss with the ones that make
for a non-Dutch-bookable combination with abduction, has been assumed
by Bayesians without argument. Similarly, their inaccuracy-minimization
argument assumes, again without any support, that the one and only sense
of inaccuracy minimization that should matter to questions of epistemic
rationality is that of expected next-step inaccuracy minimization. Moreover,
Bayesians present the latter argument as being purely epistemic, assuming,
again without argument, that scoring is completely free of pragmatic encroach-
ment. As if that were not enough, we found that, for independently plausible
ways of measuring inaccuracy, the claim is false to begin with.

Apart from all that, the dynamic Dutch book and inaccuracy-minimiza-
tion arguments would still have been successful only had they shown that
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using EXPL or any other non-Bayesian update rule incurs costs to no benefit.
But the most that they have shown is the “incurs costs” part and not the “to
no benefit” part. As said, I strongly doubt that the dynamic Dutch book
argument shows much of interest at all. However, cutting the Bayesian some
slack (e.g., by granting that the Brier score is the only correct way of measuring
inaccuracy), at least the inaccuracy-minimization argument could be said to
accomplish something, viz., shifting the burden of proof to those wanting
to maintain the rationality of forms of non-Bayesian updating, making it
incumbent on them to show that there are, or at least can be, benefits to such
updating procedures.

That is what I have sought to do, using various probabilistic instances
of abduction. The main point of chapters 6 and 7 was to show that in some
contexts the use of such rules has clear advantages over the use of Bayes’s
rule. I very much doubt that what I have shown generalizes to each and every
context. Indeed, we showed in section 7.4 that sometimes Bayes’s rule did
best in a context of social learning, where teams of doctors were evaluated
on the basis of their ability to save their patients’ lives. From my perspective,
that is perfectly fine. My goal has emphatically 7oz been to show that the
widespread popularity that Bayesianism enjoys is completely undeserved;
adopting Bayesian norms may be the right thing to do in certain contexts.
As I putitin section r.2.1, what is misguided is Bayesian smperialism, which
deems any deviation of those norms a token of irrationality. In chapter 6, I
embraced insights from Elgayam, Gigerenzer, and others, who have argued
against a universalist conception of rationality and in favor of a more local
and contextual notion that makes room for a plurality of normative criteria.
Rationality, in this view, requires a match between, on one hand, a subject’s
epistemic or practical behavior and, on the other, her goals, her cognitive
capacities, and the environment in which she finds herself.

A caveat about the probabilistic versions of abduction that have featured
in the foregoing: no claim has been made to the effect that these rules are
realistic in any way, that they are actually being employed by people, or that
they are at least idealizations of rules that we actually employ. Some of the
rules—in particular Good’s and Popper’s rules—were loosely inspired by the
findings from Douven and Schupbach (2015b), which showed that Good’s
and Popper’s measures of explanatory strength came close to capturing human
judgments of explanatory strength. It does not follow from this, however, that
people use Good’s or Popper’s rule to accommodate new evidence, which in
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turn does not imply that these rules cannot at least sometimes serve as useful
approximations of actual human reasoning. It would certainly be worth
conducting further experimental work to investigate the extent to which
these rules are able to accurately predict people’s deviations from Bayesian
reasoning. That work might suggest versions of explanation-based update
rules that are more realistic than EXPL, Good’s rule, or Popper’s rule. If these
to-be-discovered rules can be formalized—admittedly, a big 7/ —we might be
able to investigate their normative status much in the way in which we put
EXPL and the other rules to the test in chapters 6 and 7. But, as intimated at
the start (section 1.2.1), I am committing neither to the descriptive adequacy
nor to the normative correctness of EXPL or any of the other explications of
abduction that featured in the foregoing. In the present work, these abductive
rules serve only dialectical purposes. In particular, they were introduced
to help make two main points: (1) that abductive reasoning can in some
contexts outperform Bayes’s rule in ways that are of immediate importance
to us; and (2) that the exact form of abductive reasoning on which we should
rely may differ from one context to the next, so that there can be no single
best formalization of abduction to which we can turn irrespective of the
circumstances. The choice for EXPL was primarily motivated by the fact that
it had been used in one of the main a#tacks on abduction, making it seemingly
safe to choose the same explication in a defense of abduction. Good’s and
Popper’s rule were, as said, introduced as variants of EXPL to make the point
that different contexts may call for different explications of abduction; those
rules were inspired by empirical findings about how real people update their
probabilities, but without the ambition to capture real updating behavior.!
For those interested in pursuing follow-up research aimed at providing
more realistic versions of abduction, I note here that there is no shortage of al-
ternative explications of abductive reasoning that prima facie merit some atten-

1. Thus I take Climenhaga’s (2017b) critique that EXPL and the other probabilistic
versions of abduction that we considered may lead to trouble when simultaneously applied at
different levels of explanation to be misguided, not only because, as said (and as pointed out in
various previous publications), I consider none of those formulations a definite statement of
a possible realistic instance of abduction, but also because, even more importantly, different
levels of explanation may create different contexts, and there is no reason to hold that whichever
explication of abduction is best suited for one level of explanation must also be best suited for
any other level of explanation. (Climenhaga does say at various junctures that he believes that
it is preferable to have only one version of abduction, without however providing an argument
for this claim.)
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tion. One could not only consider different measures of explanatory goodness
but also related measures, notably measures of coherence (see section 1.2.1) and
measures of the degree of competition among hypotheses (Schupbach & Glass,
2017; Glass, 2021a). Moreover, contributions to the debate about explanatory
reasoning tend to be noncommittal regarding theories of explanation—as this
book has also been—and in general there has been little contact between the
debate about rational updating and the debate about explanation. It might
be worth investigating whether the various proposals concerning explana-
tion that have been made in the philosophy of science can be compared in
the kind of settings developed in chapters 6 and 7. For instance, might a
suitably formalized causal model of explanation (perhaps building on Pear],
2000) do better in the sort of simulations reported in those chapters than
an equally suitably formalized unificationist model (perhaps building on the
aforementioned measures of coherence)? It would be an interesting finding if,
for example, inferring to the best causal explanation turned out to be generally
more successful, or in some contexts more successful, than inferring to the
best unifying account.

Jeftrey (1992) famously argued that Bayesian epistemology should not be
conceived as providing a set of rules that apply mechanically and universally
but rather as providing tools whose proper handling requires experience and
skill. Indeed, he thought of Bayesian reasoning as constituting an a7¢: “the
art of judgment.” The view on abduction that I have advocated in this work
is very much in the same spirit except that it presents the art as being even
more encompassing: we also have to be able to pick the, or a, right updating
rule for any given context. That may sometimes be Bayes’s rule, but it can
also be some version of abduction.

Scientific progress has to an important part been due to the fact that we
have been able to devise better ways of obtaining data about the world. But, to
repeat from chapter 1, it has also been due to the fact that we have learned more
about what we can snfer from the data that we have obtained: that we have
learned more about how to learn. We have not just expanded our knowledge;
we have improved how knowledge is being expanded. To my eyes, becoming
clearer about our inferential practices, in particular about the confidence that
these practices permit us to have in our beliefs, constitutes progress—scientific
progress, even if perhaps not of the most glamorous kind. I have tried to
contribute to this progress by, I hope, removing some misconceptions of
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abductive reasoning and by showing that, in the right hands and when used
judiciously, it can be a powerful tool.

My main concern has been to make a positive case for abduction as a
mode of nondeductive reasoning in its own right, not subservient to this or
that confirmation theory. Given the dominance of Bayesianism, however, this
book may well be seen as a critique of that position. So, in closing, I want to
be still a bit clearer about how, in my view, the two accounts relate to each
other and what I would regard as helpful responses from Bayesian colleagues
and what as unhelpful responses.

Although not concerned with abduction, Giere (1988) voiced serious
misgivings about Bayesianism, and he did so largely on the same grounds that
motivated the advocates of ecological rationality. Most centrally, he argued
that people cannot possibly obey Bayesian norms given their limited capacity
to gather, memorize, and process information. This consideration led Giere
to reject Bayesianism altogether and to adopt in its stead a Simonian satisficing
account of rationality.

It has always appeared to me, however, that there is a tension between
Giere’s unqualified rejection of Bayesianism and the version of the so-called
semantic view of theories that he offers in the same book, a version that many
still regard as the best on offer. According to the semantic view, scientific
theories should not be thought of as axiomatic systems, connected to the
world via certain bridge principles, but rather as sets of models. Giere con-
vincingly argues that there is an important element missing from the standard
presentation of the semantic view, to wit, the observation that theories also
comprise hypotheses postulating similarity relations between the models that
they define and certain worldly systems. To present a theory is to present a set
of models and to point out which parts of those models reflect which parts
of reality to what degree.

While I share many of Giere’s qualms about Bayesianism—even if these
only lead me to reject Bayesian imperialism—I still believe that precisely his
version of the semantic view allows for a more favorable assessment of Bayesian-
ism than it receives in Giere (1988). For in spite of all the criticisms, one could
still argue that Bayesianism offers a set of models of reasoning—models for
synchronic and diachronic belief management and for decision making—that
notonly allow us to represent with some degree of precision important aspects
of how people do behave cognitively but also captures to some extent our
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pretheoretical ideas about what it is to behave in cognitively appropriate ways
(e.g., how to choose wisely).

Clearly, though, this is not to say that there is no room for improvement.
If Bayesianism captures important aspects of our reasoning to some extent, but
we are able to capture those aspects more accurately or more comprehensively
by acknowledging the role that explanatory considerations sometimes play
in reasoning, then that is progress. If it turns out that by attending to such
considerations we sometimes get more of what we want from our reasoning
than if we were pure Bayesian agents, then the same proposal is also closer
to describing our pretheoretic normative thinking about rationality. The
proposal made in this book, at least insofar as it pertains to graded beliefs, is far
from a radical departure from Bayesianism. It emphasizes the importance of
explanation to reasoning, but it could be rightly remarked that from a neutral
perspective the update mechanisms that we looked at, which are sensitive to
explanation quality, are but relatively minor deviations from Bayes’s rule. At
an abstract level, the endeavor undertaken in the foregoing is perhaps best
thought of as an attempted de-idealization (McMullin, 1985) or concretization
(Nowak, 1980) of an existing account of rationality, meaning that we try to
pass from certain idealizations to less idealized assumptions and thereby to
get closer to an account of rationality for real people. That is how I hope to
have improved on Bayesianism.

Paul Moser (1990, p. 6) urges specifically with respect to decision theory
that “adequate principles of rational decision making should be psychologi-
cally realistic relative to actual human decision making.” The present work
has been written in the conviction that the same holds, mutatis mutandis, for
theories of rationality generally and that our efforts should be geared toward
making such theories more responsive to human psychology, in particular
to cognitive limitations. We can acknowledge as much without abandoning
the project of conceiving a normative theory of rationality. Indeed, it would
seem that on/y a theory of rationality that attends to human psychology can
have normative force, inasmuch as the time-honored principle that “ought”
implies “can” would be totally empty if “can” were not to refer to what is
possible for actual human beings to accomplish.

To be sure, theorizing may become hopelessly difficult if we try to do
away with idealizations altogether. But our goal can and should still be to
see which of the idealizations that we are making can be replaced by more
realistic assumptions while nonetheless retaining a theory that boh accurately
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describes people’s belief management and decision making and reflects our
main pretheoretical convictions regarding rationality. This goal is not fostered
by taking on board more and crasser idealizations just to shield one’s preferred
theory from refutation.* In this light, my recommendation to Bayesians
wanting to object to the criticisms that this book levels against the dynamic
Dutch book and inaccuracy-minimization argument is to refrain from taking
on board assumptions that would bring us further away from a theory of
rationality for real people, for instance, assumptions that require cognitive
capacities entirely unlike any we ordinary mortals possess.

For instance, in section 4.2, I compared Bayes’s rule with an instance
of EXPL by letting two players compete in a game in which they asserted
what they thought was the true hypothesis as soon as that was subjectively
highly likely to them. The inspiration for this came from a remark by Frank
Jackson about high subjective probability warranting assertion. Bayesians
might refuse to go along with that idea and propose instead that we should
assert something only if doing so maximizes expected utility. Accordingly,
they might say that my comparison was unfair, for a true Bayesian would
never have agreed to play by the rules that I was assuming.? It seems to me,
however, that the just-mentioned Bayesian account of assertion can at best
pertain to artificial, computationally unconstrained agents and certainly not
to us. The flow of our conversations would be seriously disrupted if we had to
constantly perform the computations that the Bayesian account of assertion
would demand from us.

Similarly, Bayesians could respond to my critique of their inaccuracy
minimization argument, which as I said focuses on next-step inaccuracy, by
trying to extend it to cover the accuracy or epistemic utility of @// future
updates. In doing so, they might have to suppose that we can envision all
possible data streams that we might receive and all possible decisions that we
might have to make after the receipt of each piece of data, that we can estimate
how much inaccuracy or epistemic utility will matter to us at any particular

2. Exactly what idealizations we are willing to make may also depend on context. If
accepting a couple of extra idealizing assumptions makes your theory much more powerful
or elegant, then for some purposes that may be fine. At other times, you may be willing to
sacrifice some computational power or elegance for the sake of making your theory more
realistic or more predictively accurate.

3. Richard Pettigrew raised this objection in personal communication, for which I

thank him.
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moment in time, and perhaps more.* But why not? Fantasize away—there is
a market for philosophical fiction!

Perhaps not all Bayesian colleagues have an interest in developing a theory
of rationality for 7eal people or see any value in trying to connect with the
extant psychological literature on human reasoning. Cognitive limitations are
hard to model formally and may be even harder to generalize, given that they
can differ from one individual to another. Thus, attending to such limitations
could come in the way of an activity that many philosophers like so much,
to wit, formal model building. If that comes with the price tag of having to
accept some highly unrealistic assumptions, then so be it.

But not all Bayesians are alike. In section 1.2.1, I referred to Lycan’s typol-
ogy of explanationist positions, going from a weak form according to which
abduction is & (possibly derivative) mode of rational nondeductive reasoning
to a very strong form according to which it is ultimately the only rational
mode of reasoning. As mentioned there, my favored form is closest to the
intermediate position that Lycan calls “Sturdy Explanationism,” according to
which abduction is a fundamental mode of rational reasoning, but not neces-
sarily excluding the existence of other modes of rational reasoning. Whereas
I am not aware of work trying to delineate types of Bayesianism along these
same lines, a typology much like the one that Lycan proposed for explana-
tionism would make sense and might be fruitful for Bayesianism as well. In
particular, there would seem a clear place for what could be called “Sturdy
Bayesianism,” according to which Bayesian reasoning is both fundamental
and rational but not necessarily the only such form of reasoning. If I am not
mistaken, there are already Bayesian philosophers of science who appear to
conceive of Bayesianism as providing valuable tools for modeling important
parts of scientific reasoning and human reasoning more generally, rather than
as a universal theory of rationality (e.g., Sprenger & Hartmann, 2019; Vassend,
2019, in press; Sprenger, 2020).> I cannot speak for these philosophers and I

4. For instance, they might suppose this to undercut the first objection to Briggs and
Pettigrew’s (2020) argument that was raised in chapter 4, footnote 17.

5. Some statisticians in the Bayesian camp definitely seem to qualify as sturdy Bayesians.
For instance, Gelman and Shalizi (2012, 2013) have argued that while we are often well advised
to analyze our data using Bayesian statistical techniques, in bringing the results of such analyses
to bear on our theories we are not committed to Bayesian practices. Indeed, Gelman and
Shalizi (2012, 2013) advocate a hypothetico-deductive approach at the level of theory choice.
However, as Borsboom and Haig (2013) argue in their commentary on Gelman and Shalizi
(2013), this is a place where one might more fruitfully want to invoke abduction. Furthermore,
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do not know whether they would want to be identified as sturdy Bayesians,
but my impression—and hope—is that they would be prepared to seriously
consider abduction as a possible further valuable tool for studying rational
reasoning. In section 1.2.2, we saw that Lipton, Psillos, and others argued
that explanationism is compatible with Bayesianism. In doing so, however,
they were happy to go along with Bayesianism’s imperialist aspirations and
sought to show how explanationism might be able to effectively serve those. By
contrast, Sturdy Bayesianism is evidently compatible with the brand of expla-
nationism defended in this book in a way that does not make one subservient
to the other.

This book will have accomplished its mission not if all readers agree with
each and every argument I have given—a most unlikely event to happen—
but if philosophers and psychologists of reasoning find some motivation in
it to start considering abduction as being at least worthy of more attention
than it has been given in the last twenty-five years or so. Abduction could
certainly benefit from such increased attention. We looked at formal models
of abduction, both in an individual and in a group setting, but—to repeat—
those were only toy models, serving strictly dialectical purposes. We identified
as an important avenue for future research the task of devising models that
connect more closely to how actual people, or groups of actual people, update
on newly acquired information. To the best of my knowledge, all the relevant
data available at the moment was reviewed in chapter 3—and clearly, that was
not a whole lot of data. My hope is that we will see further experiments of the
kind reported in that chapter and that the outcomes of these experiments will
help to refine our models of abduction, which in turn will suggest further
experimental work, and so on.

there is nothing that would prevent sturdy Bayesians from taking on board Lipton’s idea that
abductive reasoning may help us fix our priors or Psillos’s idea that Peircean abduction may be
invoked to narrow down the number of theories that are candidates for further exploration
(for both ideas, see section 1.2.2). Thus, Bayesian statistics may be supplemented by abduction
in a variety of ways.
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Proof of Theorem 4.1

In the situation considered in both van Fraassen’s and our dynamic Dutch
book example in chapter 4, we had a set of mutually exclusive and jointly
exhaustive hypotheses /,,. .., H, such that, for all 7, Pr(H;) > o. We further
had evidence statements £, ... . , E,,, which were independent conditional on
any of the hypotheses. We compared two methods for calculating the probabil-
ities of conjunctions of those evidence statements, the special multiplication
rule

(SMR)  PEA-onE) = )| [ PrlH) P | ),

=1 j=1

and the more general method
(GM) Pr(E,A---ANE,) =

m n m
D PH(H)PHE, | Hy) x [ | D) Pr(H | Ey A+ A By Pr(E; | Hy),

Jj=2 i=1
The claim to be proven then was that

Theorem 4.x SMR and GM are equivalent methods for calculating Pr(E, A
< AEp), with 1 < k < m, if and only if conditional probabilities are calculated
according to Bayes’s theorem.

Proof: Sufficiency is easy; we prove necessity. For simplicity, we consider
only the case where we have two hypotheses /A, and A, that are assumed
to be jointly exhaustive and mutually exclusive, and two outcome events
E, and E, that are independent in the previous sense; the generalization is
straightforward.
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If we calculate conditional probabilities not according to Bayes’s theorem
but according to the formula representing some probabilistic updating rule at
variance with Bayes’s rule (such as EXPL, or Good’s rule, or Popper’s), then
forallz: 1 <7 <mandk: 1 <k < mthereisag such that

Pr(H;) X Pr(E} | H;)

Pr(H; | E) = S, Pr(Hj) x Pr(E; | H))

+ g(*[_]u E/e))

where ¢(H;, Ep) = - Zj#g(l-l},Ek), and it is not the case that ¢(H,, E;) = o
for all 7, & (for then our updating rule would no longer be at variance with
Bayes’s rule). Suppose, toward a contradiction, that SMR and GM are equiv-
alent. Then in the case that we consider, the following equations must hold:

Pr(E, | H,) P(E, | Hy) Pr(H,) + Pr(E, | H,) Pr(E, | H,) Pr(H,) =
= [Pee) P, | £+ Pr() PrE, | EL)|
[P 1)) P, | Hy) + P, | E,) PHE, | HL)]
= |pete) Pr(E | £ + P PeE | H)|

Pr(H,) Pr(E, | H,)
(Pr(HI) Pr(E, | Hy) + Pr(H,) Pr(E, | H.)

; g(HI,EI)) X PHE, | H,) +

Pr(H,) Pr(E, | H,)
(PY(HI) Pr(E, | Hy) + Pr(H,) Pr(E, | H,)

+ g(HZ,EI)) X Pr(E,|H,)

Pr(H,) Pr(E, | H,) Pr(E, | H,)
Pr(H,) Pr(E, | H,) + Pr(H,) Pr(E, | H,)

+ ¢(H, | E) P(E, | Hy)| +

Pr(H,) Pr(E; | H,) Pr(E, | H.)
| Pr(#,) Pr(E, | H,y) + Pr(H.) Pr(E, | H,)

+ g(H, | E;) Pr(E, | Hz)]

P

—

() P{E, | H) PlE, | H)) +
) PE | 1) (PE1) P, | £1) + Peit) ot | )|+
Pr({L) Pi(E, | H) Pr(E, | Hy) +

B PE | 1) (PE) P, | £+ PiE) P | 1) |-

Because (1) g(H,, Ey) = —-¢(H,, E,), and (2) Pr(E, | Hy) # P{(E, | H,),
it must be that g(H,, E,) = g(H,,E,) = o. That means that Bayes’s rule
and the non-Bayesian rule do not disagree over Prg (H;). However, we can
interchange £, and £, and then it follows by parity of reasoning that they
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cannot disagree over Prz (H;) either. This contradicts our assumption that
the rules are at variance with each other. Consequently, SMR and GM are
not equivalent. [
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Proof of Theorem 5.1

Recall that the weights of a VS rule (as defined in ch. s) are all positive and add
up to 1, and that they are said to reflect truthlikeness in a minimally adequate
sense precisely if hypotheses are assigned weights as a function of their distance
from the truth, with hypotheses farther from the truth being assigned larger
weights than hypotheses closer to the truth.

Theorem s.x Every VS rule whose weights reflect truthlikeness in a minimally
adequate sense is improper.

Proof: Without loss of generality, consider a hypothesis partition of three
hypotheses, H,, H,, and H;. Then, for an arbitrary VS rule U and a given
person’s probability assignment p = (p;, p,, p5) to the aforementioned hy-
potheses, with p; the probability assigned to H;, this person’s expected U
score for a probability assignment p*to the same hypotheses is given by the
function

Ep[@(p*)] = PI (wII(I —PT)Z + wu(]’i)z + wSI(p:)Z)
+ PZ(wIZ(PT)Z + w,, (1 _pi)z + waz(]):)z)
+ 15 (w3 (P)) + way () + w5 (1 = p})?).

Also without loss of generality, assume that the hypotheses are ordered by
their distances from each other, with /, being equally far from 4, and H;,
and A, and H, being twice as far from each other as they are from H,. Then
Wiy = Wiy, Wy = Wy, Wyy = Wy, and wy, = w;,, so that we can simplify
notation by defining w, = w,, = wy3;w, = w,; = Wy33 Wy = Wy = Wygs
w, = w;, = wy,;and wg = w,,. For U to be proper, it must hold that
arg minp*Ep [‘U(p*)] = p, for any distribution p on {H,, H,, H,}. To see
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whether this holds, we use the method of Lagrange multipliers. Specifically,
where f(p*) = p} + p; + p;, we must find values for p7, p;, p}, and A such that
VE,[U(p")] = AVf(p*) and f(p*) = 1. Calculating the first-order partial
derivatives of Ep[U(p*)], we find

(0/0p)Ep[U(p™)] = —2wipi(1-p7) + 2w3p5p; + 20,0075
(0/0p)Ep[U(p™)] = —2wp,(1-p;) + 2wapip, + 20,0535
(a/ap:)Ep[@(p*)] = —2wpy(1 —p:) + 2w3p1p: + zw4pzp:.

Because Vf(p*) = 1, we have (0/0p;)E,[U(p*)] = A forall/ < 3. Soin
particular, expanding the partial derivatives in pj and p; and dividing both
by 2, we have

>k * * * * *
—Wip WP Pt wspsp twpep = —wWiPs +w1p3p3 +w3PIP3 +w4plp3’

and hence

Wipipy + WyPs Py + WPy = WiPs Py = Wipr Py = WPspy — Wiy +Wip; = O.

Suppose that ‘U is proper, so that E, [U(p*)] reaches its minimum if p, = p7,
P2 = p5,and p; = p. Then there must be values for the w; such that

Wipy" + Wipspr + WyPspr — Wips” — Wipips — WyPrps — Wips + Wipy = O

However, factoring the left-hand side yields

(Pr = p3)(-wi + wipy + wyp, + wips).

This equals o if and only if either (1) p, = p, or (2) w, = w,, where the latter
follows from the fact that the condition that the right-hand factor equals o
can be rewritten w,(1 - p; - p;) = w,p., in conjunction with the fact that
the p; sum to 1. Because, as said, for U to be proper, it must hold for all p
that arg minP*]Ep [‘U(p*)] = p, we may pick a p such that p, # p,, thereby
violating condition 1. Regarding condition 2, note that whichever precise
values the w; assume, w, must be smaller than 1/3 (given that it is assigned to
the supposed truth) and w, must be greater than 1/3 (given that it is assigned to
the two hypotheses supposed false). Consequently, on the supposition that U
is proper, we can minimize Ep, [‘U(p*)] subject to the given constraint precisely
if the truthlikeness weights assigned by the rule do 7oz reflect truthlikeness in a
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minimally adequate sense. By assumption, the weights do reflect truthlikeness
in a minimally adequate sense. Given that we made no further assumptions
about U, it follows that every VS rule is improper if it assigns truthlikeness
weights in a minimally adequate fashion. |

Remark: This proof proceeds by constructing a specific counterexample
involving three hypotheses that are assumed to stand in specific relations of
truthlikeness to each other. To see that this assumption does not undermine
the generality of the proof, we note that the said relations are perfectly possible
according to all modern measures of truthlikeness. (See p. 140 for references.)
As a matter of fact, one can think of the example presented in chapter
concerning the possible grades (A, B, or C) a given student may receive as
instantiating exactly the relations of truthlikeness that are assumed to hold
in the counterexample. It is also to be noted, however, that not 2// known
measures of truthlikeness will suffice for the purposes of the proof. Most
famously, Pavel Tichy (1974) discovered that on Popper’s (1963) measure all
false theories are equally far from the truth, contrary to what Popper had
hoped to achieve with his measure.
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Proof of Theorem s.2

In this appendix we prove

Theorem 5.2 Let S be the standard unit (n — 1)-simplex, let p and p* range
over vectors in S, and let m: S — S be defined as follows:

mip) = argmin Y > pwy(3y - p})*
-

=1 j=1

with é\lj the Kronecker delta, and with w; >0 forall i, j, and 3 /}‘1=1 wi = 1.
Then (1) there is a p* € S such that m(p*) = p*; and furthermore (2) there is
only one such p*, and (3) it depends only on the w;.

Proof: Clause 1 follows from Brouwer’s (1911) fixed-point theorem, which (in
one version) states that every continuous function from a simplex onto itself
has a fixed point. It does not follow from Brouwer’s theorem that the fixed
point is unique.

To prove clause 2, then, one first verifies that the function that is being mini-
mized at each step on the way to the fixed point has the Hessian

Z(leu""'""]’nwln) o o
o Z(PIWZI +"‘in2n) o

o o Z(lem o Pulny,)

This is a diagonal matrix, so its eigenvalues are the diagonal elements, which
given the constraints on the p; and w;;, can be seen to be all necessarily positive.
Therefore, the Hessian is positive definite everywhere, and given that a simplex
is a convex set, it follows that the function that is minimized is strictly convex,
and hence the minimum it reaches is unique. So, at each step toward the fixed
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point, a unique minimum is reached. As a result, the minimum reached at
the fixed point is unique as well.

For clause 3, finally, note that at the fixed point the function that is being
minimized is of the form

m(p) = > > piwy(dy - ).

=1 j=1

Because the fixed point p* is a minimum, it holds that Vi *(p*) = 0. We
obtain a system of 7 polynomial equations with 7 variables and with the w;;
as coeflicients by setting (0/0p;)m™(p*) = o, for all 7 < n. This system has
a unique solution (in virtue of the first two clauses), which is bound to be
strictly in terms of the coefficients. [ ]
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Proof of Theorem 8.1

In this appendix we prove

Theorem 8.1 [f(8.3)-(8.9) hold, then

lim Pr(RSP) = lim Pr(RABD) = 1.

m,n— 00 mM,n—> 00

Proof: One first verifies by a routine induction on 7 + 7 that p)'(H) is a
monotonously nondecreasing function on ¢ for p € {Pr,m, s, R, S} and
H € {RSP, RABD}. Note that because all these functions are bounded,
they converge, and so their limits exist. Further observe that it is a direct
consequence of (8.1), the rule for determining probabilities conditional on
uncertain evidence, that, for any 4, if (1) Pr(RSP | E/e) > Pr(RSP) and
(2) m(A4 | E/e) > s(A4 | E/e), then

(Da) Pr(4|E/e) = Pr(RSP)ym(A | E/e) + Pr(=RSP)s(A | E/e).
It follows from (D.1) and assumptions (8.6) and (8.7) that, for all , m € N

(D.2) Pr)’ (RABD | E,/e,) >
Pr" (RSP)m;’ (RABD | E,/e,) + Pr," (-RSP)s," (RABD | E,/e,).

Next note that, by (8.2), (8.5), and (8.7), we have for some & > 1 that

P (RSP) > Pr(RABD | E,)R" (RSP | E},) +
Pr”}(~RABD | E},) " /(RSP | EJ,).
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Together with (D.2), this yields

Pr” (RABD | E,/e,) >
P H(RABD | EJ,)R” (RSP | EL,) +
P (=RABD | E},) & (RSP | EJ,)
m” (RABD | E,/e,) + Pt (=RSP)s” (RABD | E,/e,).

Expanding yields

" (RABD | E,/e,) >

P {(RABD | EJ,) R /(RSP | Ej,)m’ (RABD | E,/e,) +

P {(=RABD | E},) & (RSP | E,) m (RABD | E,/c,) +
Pr” (—|RSP) * (RABD | E,/e,).

Rearranging then yields

(D3) Pr)) (RABD | E,/e,) -
P ‘(RABD|E YR H(RSP | E,)m” (RABD | E,/e,) >
Pr”}(=RABD | E,) &7 (RSP | E,)m" (RABD | E,/e,)+
Pr” (~RSP)s” (RABD | E,/c,).

Now note that, by the limit rule for subtraction

(D.4)  lim [Prnm_I(RABD | En/e,) -

P} (RABD | E},)R7 (RSP | E},)m" (RABDlEn/en)] -
lim Prn_I(RABD | E./ey) —

msn—

lim [Pr (RABD | E,)R"H(RSP | E,)m’ I(RABDlEn/en)],

Myn—> 00
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and that, by the limit rule for products

(D:s)
im [Pr:f_‘k‘(RABD | EL)R™H(RSP | EL)m” (RABD | E,/e,)| =
lim Pr"-'(RABD | E,) x lim R" RSP |EL) x

lim m” (RABD | E,/e,).

m,n—>00

Given assumptions (8.8) and (8.9), (D.s) simplifies to

(D.6)
lim [P (RABD | E,,)R”(RSP | E,)m” (RABD | E,/e,)| =

m,n—>00

lim Pr” '(RABD | E;).

m,n—00

And from equations (D.3)—(D.6) we obtain

(D) lim [Pr;”_I(RABD|En/en)—PrZ1_‘kI(RABD|E,’n)] >

m,n—>00

lim [Prn”‘_‘k‘(—'RABD | E,) & (RSP | EL)m? (RABD | E,/e,) +

Mm,n—> 00

PeZ (-RSP) 5[, (RABD | £,/e,)|.
Because Pr)'(RABD) converges, we have

(D.8)  lim [Pr;"_I(RABD|En/e,,)—Pr;”_‘kI(RABD|E,’n)] - o

M,1—> 00

From (D.7) and (D.8) it follows that

lim [Pr;”_‘k‘(—'RABD | E,) &7 (RSP | E,)m" (RABD | E,/e,) +

m,n—00

Pr” (=RSP)s” (RABD IEn/en)] = o

Hence it must be that both

(D.9)
lim [Pr;":kl(—‘RABD | E,,) &7 (RSP | E.,) m"  (RABD IEn/en)] =0

M,1—> 00
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and

(D.10) lim |[Pr;” (-RSP)s)" (RABD | E,/e,)| = o.
Because, first, by (8.9) it holds that lim,, , . M. (RABD | E,/e,) = 15
second, &/(RSP | E;)) is monotonously nondecreasing; and third, by
(8.3) it holds that S3(RSP) > o, we have lim,, ,—co &7 (RSP | E})) # o.
Therefore, (D.9) can only be the case if

lim Pr'(-RABD | E;) = o

m,n—>00

and so
lim Pr’” "(RABD | E) =1,

m,n—>00
that is, because Pr}’(R ABD) is monotonously nondecreasing,

(D.m) lim Pr(RABD) = 1.

M,1—>00

And it follows from (D.10) and thatas §}*  (RABD | E,/e,) is monotonously
nondecreasing and $3(RABD) > o, lim,, ,—c $,-,(RABD | E,/¢,) # o,
that

lim Pr;’ (-RSP) = o

and hence that
lim Pr) (RSP) = 1,

M n—> 00

that is,

(D.r2) lim Pr)/(RSP) = 1.

m,n—00

Finally, from (D.11) and (D.12) we get

lim Pr(RABD) = lim Pr)(RSP) = 1,

Myn—>00 mM,n—> 00

which had to be proved. ]



APPENDIX E

Using Julia

Chapters 6 and 7 relied heavily on computer simulations. All those simula-
tions were conducted in Julia, a new, free, and open-source computer language,
distributed under the MIT license. Julia is a general-purpose language geared
toward high-performance computing. It was originally developed at MIT by
Alan Edelman with a team of colleagues, post docs, and doctoral students;
now it has contributors from around the globe. Three of the main developers
were awarded the James H. Wilkerson Prize for Numerical Software for their
contributions to the creation of Julia. Importantly, Julia is written almost
entirely in Julia, so that once you have mastered Julia, you are also able to un-
derstand (and if needed, adapt) the code for all predefined Julia functions and
for the Julia packages. This is very different from languages such as Python or
R, large parts of which are written in C or C++.

You should be able to follow the arguments in this book without even
switching on your computer. Nevertheless, I recommend that you do have a
look at Julia and maybe even try your hand at the code for the simulations that
I am making available. According to the mathematician Gregory Chaitin,

the computer changes epistemology, it changes the meaning of “to un-
derstand.” To me, you understand something only if you can program
it. (You, not someone else!) Otherwise you don’t really understand it,
you only think you understand it. (Chaitin, 2006, p. xiii)

I could not agree more. Because Julia is so new, I am assuming that most
readers will not be familiar with it. I therefore start with a brief introduction to
the language, focusing on the elements of the language that are most essential
to the simulations.

If you have heard about Julia previously, then probably you have heard
about its speed, which is generally seen as one of Julia’s main selling points. In
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many applications, one should not be overly concerned about one’s code not
being optimally fast: as computer scientists like to say, your own time is more
valuable than the computer’s time. Indeed, that performance is not always
important is especially true now that we can run computations in the cloud for
little money. In my experience, though, sometimes speed really does matter.
Especially in the exploratory stage of one’s research, when the code is still
being developed and bugs easily slip in, it can be helpful to see the outcome
of a computation guickly. It may just take too much of one’s patience if it
takes hours to get some first results that might indicate whether the ideas one
is pursuing have merit or not. Even when one is happy with one’s code and
deems it ready to go—if it takes a week to run in the cloud, then that will cost
you more than just a little money. Depending on the software one uses, a week
may be a realistic expectation for the simulations that were reported in this
book. When Sylvia Wenmackers and I were working on our joint 2017 paper,
we wrote the simulations mentioned in chapter 7 in Mathematica. That code
could then be run only on a supercomputer to which we had institutional
access at the time. Even on that computer, the simulations took four days to
complete. Running the same simulations, now written in Julia, on my own
desktop machine (which, admittedly, is quite a beefy machine, with twelve
physical and twenty-four logical cores) takes under half an hour." The Julia
website (https://julialang.org/) exhibits interesting benchmarks, comparing
Julia with a host of other languages, including Mathematica, R, and Python,
and showing that, for some common computational operations, Julia is at
least one hundred times faster than each of those other widely used languages.

What makes Julia a fantastic language to work with is not simply its speed
but rather the combination of speed and user-friendliness. Languages like C,
C++, FORTR AN, and some others are fast as well, sometimes even still a bit
faster than Julia. But all these languages have a steep learning curve, and even
professional programmers working in them on a daily basis tend to spend a
fair amount of their time debugging code, simply because it is so easy to make
mistakes in these languages. Julia code is very different in this respect. While
Julia code can run as fast, or nearly as fast, as code written in the aforemen-
tioned languages, it looks almost like pseudocode, and users of Mathematica,

1. In fairness, it should be mentioned that Sylvia Wenmackers and I used Mathematica
8, the most recent version being Mathematica 12. T have limited experience with the latter, but
it is clearly more performant than the older version that we used.
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Python, or R should have little difficulty familiarizing themselves with Julia
and can become productive in the language within a day or two.

I started using Julia in mid-2017, when it was still in beta; to be precise, I
started using version o.s.2. Julia 1.0 was released in August 2018, the current
version (November 2020) being 1.5.3. Over those years, T have not encountered
any downside of using Julia. To be sure, precisely because the language is so
new, its “ecosystem” is still not quite at the level of Python’s or R’s, both of
which have been around for decades. For instance, there are not nearly as many
packages for Julia as exist for Python or R, and many of the Julia packages are
still in beta. But, first, itis just a matter of time for Julia to catch up, and second,
there are easy ways to call Python and R from within Julia, which allows one
to use any Python or R package also in Julia, subsequently explained. The
available documentation for Julia, in print or online, is also rather limited still.
That situation, too, will soon improve. Besides, the community of Julia users
is very friendly, and I have received valuable help by asking questions on the
main online forum for Julia (https://discourse.julialang.org/).

There are free services that allow you to run Julia in the cloud (e.g.,
Google’s Colab, and NextJournal), but if you are serious about giving Julia
a try, then I recommend that you install it on your own computer. Details
about how to install Julia (which are different for different operating sys-
tems) can be found on the download page from the Julia language website:
https://julialang.org/downloads/. There are various ways to interact with Ju-
lia. It is possible to run Julia from within the terminal, but I have mostly been
using either Microsoft’s Visual Studio Code editor or JupyterLab, both of
which are free and open-source and easy to set up (although details depend on
the operating system). Recently, I have also come to enjoy using Pluto, which
is a new, also free and open-source, technology that was especially developed
for Julia and which can be installed via Julia’s package manager (see below).

Language Basics

Two key elements of virtually any computer language are what one may gener-
ally refer to as containers and control flow elements. The former are where you
store, at least for a while, your data or the outcomes of your computations;
the latter are elements that let you automate repetitive tasks, which is the kind
of operation that many people most immediately associate with computers.
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The most common type of container in Julia, and in many other languages,
is the so-called array. In Julia, arrays can have any number of dimensions.
Perhaps it is easiest to think of a two-dimensional array as the most basic
case. Such an array is characterized by its number of rows and its number of
columns. But if we have a series of such two-dimensional arrays, we may want
to store them together in one container. Provided that they have the same
number of rows and columns, that is possible, namely, by putting them in a
three-dimensional array, the first two dimensions still being rows and columns,
and the third dimension being an enumeration of the two-dimensional arrays
that we brought together. And, of course, if we want to store a number of
three-dimensional arrays together, we can do that as well (given that they
have the same dimensions), namely, in a four-dimensional array (arrays with
more than two dimensions are also referred to as “tensors”). And so on. Julia
recognizes Vector as shorthand for a one-dimensional array and Matrix as
shorthand for a two-dimensional array.

To give an example, the code rand(3, 4) createsa 3 X 4 (i.e., three rows
by four columns) array of random floating point numbers (or floats) between
o and 1 inclusive:*

julia> rand(3, 4)

3x4 Array{Float64,2}:

0.481211 0.205386 0.968688 0.239485
0.385465 0.691358 0.295478 0.215576
0.911691 0.224254 0.984399 0.541366

We can similarly create a 3 X 4 X 2 array of random floats between o and 1
inclusive:

julia> rand(3, 4, 2)

3x4x2 Array{Float64,3}:

[+, &, 1] =

0.190611 0.656259 0.556281 0.858714
0.0814072 0.164408 0.954222 0.92906

2. Although modern technology still will not let yox run a Julia session within this book,
it will let 72¢ do so. Well, sort of. I can run Julia from within the document that will eventually
be typeset into this book, thanks to Geoffrey Poore’s wonderful pythontex package (Poore,
2015). What Jooks like a Julia prompt actually 75 a Julia prompt, and everything printed in sans
serif immediately below a prompt is actual Julia output.
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0.83987 0.974812 0.474558 0.0514526
[:, :, 2] =

0.765418 0.750336 0.0654037 0.476914

0.834557 0.95696 0.0157077 0.491732

0.39551 0.831768 0.428758 0.279625

Think of this as having created two two-dimensional arrays (of size 3 X 4) that
are then stored together in one container.

From the output above, it can already be seen that Julia is a #yped language.
For instance, the line immediately below rand(3, 4, 2) indicates that this
code outputs an array containing 64-bits floats and that this array has three
dimensions. You do not have to pay any attention to types while working
in Julia. However, doing so often pays off in terms of performance. One
reason why Julia is fast is that it has a clever way of reserving chunks of your
computer’s memory to store whatever values are going to be computed when
your code is executed. Generally speaking, code runs much faster if the data it
has to retrieve is stored orderly in a contiguous chunk of memory. To know
in advance how much memory must be reserved, the compiler needs to know
the type of the data that are going to be stored in it. For instance, if it has
to store a thousand 64-bit floats it needs more space than if it has to store a
thousand 32-bit integers.

In Julia, we access specific entries in an array, or slices of it, by index-
ing, much in the way in which this is done in R, Python, and many other
languages.> Suppose that we have a two-dimensional array

julia> ar = rand(3, 4)
3x4 Array{Float64,2}:
0.160707 0.569687 0.797983 0.760631
0.922007 0.57953 0.358656 0.0114223
0.286155 0.796654 0.456668 0.698085

Then

julia> ar[2, 3]
0.3586560380995427

returns the entry in the second row, third column, and

3. However, Python users should keep in mind that Julia is not o-indexed but (like R)
1-indexed.
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julia> ar[:, 4]

3-element Array{Float64,1}:
0.7606313907554907
0.011422317555960682
0.6980853689654172

returns the whole fourth column of the array, and

julia> ar[1, :]

4-element Array{Float64,1}:
0.1607070692312922
0.569687258606496
0.7979833103099228
0.7606313907554907

returns the first row in its entirety. Similarly, we can get chunks of ar by using,
for example,

julia> ar[2:3, 1:3]

2x3 Array{Float64,2}:
0.922007 0.57953  0.358656
0.286155 0.796654 0.456668

which returns from rows 2 and 3 the numbers that are in columns 1 to 3. The
same principles apply no matter the dimensionality of the array. To work with
arrays, you have to know a bit about how to permute their dimensions (e.g.,
via the permutedims function), how to reshape them more generally (e.g., via
the reshape function), how to apply functions to specific dimensions (row-
wise or column-wise, e.g., via the mapslices function), how to concatenate
two or more arrays (e.g., using hcat or vcat), how to find or select specific
values or values meeting some criterion, in an array (e.g., using findall or
findfirst or filter), and so on. I will not cover these issues here. In general,
with the help of the internet, you should have no difficulty figuring out how
to perform whichever operation you would like to perform on an array.
Computers can repeat an operation over and over again, thousands of
times, hundred thousands of times, millions of times, and more, and they can
do so fast, or in any event much, much faster than we ever could. In most
simulations, and certainly in the ones that we reported, that is exactly what a
computer is needed for. There is no step in any of those simulations that we
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could not have calculated by hand. But if we had had to do that for each step,
this book would never have come into existence. We could not have calculated
all the steps of our simulations in our life time, no matter the effort we would
have been willing to make. To define such repetition procedures, we need
control flow elements.

An especially important automated repetition procedure, often used in
the simulations, is the for loop. In such a loop, we go through a range of
values, and for each value, run whichever procedure in which we are interested.
There are variants, such as while loops, that repeat a procedure while some
prespecified condition holds. If you come from R, you may be inclined to
think that for loops are to be avoided for being relatively slow, and that
instead one should use so-called vectorized code, where, roughly, a function
is mapped over a vector, or an array, or another structure. That is not true in
Julia, however: for loops are in general fast, and faster than vectorized code
(although almost anything in Julia is fast, including vectorized code; but for
loops are normally still a bit faster).

In the following code, we first pre-allocate a vector (i.e., a one-dimensional
array) that can contain 1,000 integers and then use a for loop to fill it with the
squares of the integers from 1 to 1,000. We time the code via the @time macro.

julia> v = Vector{Int64}(undef, 1000);
julia> @time for i in 1:1000; v[i] = i"2; end
0.000025 seconds (1.47 k allocations: 22.922 KiB)

Using vectorized code, we can create the same vector as follows:

julia> @time v = [ i”2 for i in 1:1000 ];
0.019676 seconds (41.84 k allocations: 2.221 MiB)

But this is clearly slower and also allocates more memory.

If one needs very precise measurements, one should use the @bt ime macro,
or for more informative output the @enchmark macro, from the package
BenchmarkTools.j1.# (See the subsequent explanation on how to install and
load packages.) To see this in action, we show an even faster way to square the

4. Using the @time macro (but not the @btime or @benchmark macro), one can verify
that the first call to a function always takes a bit longer than subsequent calls. The reason is
that although Julia feels like an interactive language (you type some code, e.g., in a Julia session
running in the terminal, or in a Jupyter notebook, and it will immediately execute), it really is
a compiled language, like C, C++, FORTR AN, and many others. However, whereas these
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first thousand positive integers. This defines a vector containing just these
integers and then squares each of them in place, meaning that the vector gets
replaced by another vector containing the squares of the first thousand positive
integers. That does not require any moving around of data in memory, which
makes this a very fast operation:

julia> @benchmark v = (1:1000).72
BenchmarkTools.Trial:
memory estimate: 7.94 KiB
allocs estimate: 1

minimum time: 738.293 ns (0.00% GC)
median time: 810.732 ns (0.00% GC)
mean time: 1.055 ps (14.74% GC)
maximum time: 7.697 ps (87.11% GC)
samples: 10000

evals/sample: 164

We see that, on my computer, this takes just about one microsecond, on
average. That makes this way of creating v about eighteen times faster than
the for loop that we used above.’ (For details on how to use this package, see
the information at https://github.com/JuliaCI/BenchmarkTools.jl.)

Here is an example of a while loop:

julia> i = 1; while i < 5; println(i); global i += 1; end
1
2
3
4

We first set 7 equal to 1 outside the loop and then increment it by 1 each time
we go through the loop. In each iteration, we want the value of 7 in that
iteration to be printed.

more traditional languages require the user first to compile an executable of his or her code,
Julia does what is called “just-in-time compilation,” meaning that, for instance, a function gets
compiled just before it is needed for the first time. All further calls to the function make use of
the compiled code that was created on the first call and that also got stored then.

s. This was actually determined using the @btime macro, not via the @time macro
reported in the text above.
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Another important class of control flow elements is conditional state-
ments. Suppose we want a program to output the value of some variable x if
that value is greater than 0.95 and else want it to output 7. One way that we
can get this done in Julia uses the so-called ternary operator:

julia> x = rand()
0.5020104104255427
julia> x > 0.95 ? x : ™
nm = 3.1415926535897...

(Note, incidentally, that Julia understands Unicode!) Another way to achieve
the same result uses the ifelse operator:

julia> ifelse(x > 0.95, x, m)
n = 3.1415926535897...

There are still further conditional operators in Julia; see subsequent discussion
and the Supplementary Materials.

At least in the simulations, what we want the control flow elements to
help us do is perform mathematical operations on synthetic data. Julia’s
notation of mathematical operations is fairly standard, for instance:

julia> 2 + 3
5

julia> 2 * 3
6

julia> 2°3

8

Boolean evaluations and set-theoretic operations are also fairly standard:®

julia> a = 12 < 3
false

julia> b =3+ 4 <7
true

julia> a & b # conjunction operator
false

6. Julia interprets anything following the # symbol as a comment and does not try to
evaluate it.
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julia> a || b # disjunction operator
true

julia> 'a # negation operator
true

julia> [2, 3] n [2, 5, 6]
l-element Array{Int64,1}:
2

julia> [2, 3] u [2, 5, 6]
4-element Array{Int64,1}:
2

3

5

6

julia> [2, 3] ¢ [2, 5, 6]
false

julia> 3 € [2, 5, 6]
false

julia> 3 ¢ [2, 5, 6]

true

You can also define your own functions:

julia> f(x) = sin(x) + sqrt(x)

f (generic function with 1 method)
julia> f(4)

1.2431975046920718

Multiline function definitions must be prepended with function and must
end with end. For instance, the following function defines Bayes’s rule specifi-
cally for the kind of data that we use in our simulations:

function bayes rule(probs, toss)
likelihood heads = 0:1/(length(probs) - 1):1
likelihood tails = reverse(likelihood heads)
if toss ==
(probs .* likelihood heads) ./ dot(probs, likelihood heads)
else
(probs .* likelihood tails) ./ dot(probs, likelihood tails)
end
end
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Suppose that probs is your current probabilities for a set of jointly exhaustive
and mutually exclusive hypotheses about the bias of a given coin and that
toss is the outcome of a given toss. Then the function looks at whether
the outcome was heads (coded as 1) or tails (coded as o in our simulations,
though any value other than 1 would have done) and then, if the former, first
multiplies your probabilities with the likelihoods bestowed on heads by the
various hypotheses and then renormalizes them (by dividing each by the dot
product of your probabilities and the likelihoods for heads) or, if the latter,
does the same but now with likelihoods for tails replacing likelihoods for
heads.”

Note the use of the period before the multiplication and division oper-
ators: that ensures that those operators are broadcasted, meaning that they
apply element-wise (e.g., your probability for the hypothesis that the coin has
a bias of x gets multiplied with the likelihood of the outcome on zhat bias
hypothesis) and do not try to multiply, respectively divide, two whole vectors
(which in the first case would throw an error and in the second would give
the wrong outcome).

Broadcasting is also very convenient for selecting and replacing elements
that have certain properties. For example, the following shows where in the
array ar defined previously we find the elements greater than .s:

julia> ar .> .5
3x4 BitArray{2}:

06 1 1 1
1 1 0 0
06 1 0 1

We can select those,

julia> ar[ar .> .5]
7-element Array{Float64,1}:

7. To make the dot product available, we must load the LinearAlgebra. j1 package. It
is also to be noted that the definition of Bayes’s rule in the Jupyter notebooks contained in the
Supplementary Materials looks a bit more complicated, but that is just because, thus defined,
it is more convenient for how we set up the simulations. (The definition in the notebooks is
also type annotated, as are all other definitions used for the simulations. Sometimes, using
type annotations makes your code more performant, but more often, it has no influence on
performance. Even then, I like to use type annotations, simply because they help me remember
what kind of input or inputs a function expects.)
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.9220074819252688
.569687258606496

.5795303164581178
.796653818790771

.7979833103099228
.7606313907554907
.6980853689654172

©O © © © © © ©

which we may for instance want to do if we need to add them up:

julia> sum(ar[ar .> .5])
5.124578945811484

Or perhaps we want to replace them all by some other value:

julia> ar[ar .> .5] .= 5;

julia> ar

3x4 Array{Float64,2}:

0.160707 5.0 5.0 5.0

5.0 5.0 0.358656 0.0114223

0.286155 5.0 0.456668 5.0

And broadcasting together with the negation operator makes it easy to omit
particular elements of a vector, or to omit rows or columns of an array. For
instance,

julia> ar[l:end .!=2, l:end .!=3]
2x3 Array{Float64,2}:

0.1607067 5.0 5.0

0.286155 5.0 5.0

tells Julia to return ar, but with the second row and the third column removed.
Using the feature that Julia is a typed language, we can overload functions:

julia> g(x::Int64) = x~3

g (generic function with 1 method)
julia> g(x::Float64) = sqrt(x)

g (generic function with 2 methods)
julia> g(3)
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27
julia> g(16.0)
4.0

In Julia jargon, there are now two methods associated with g. Which method
is called depends on the type of the input argument.

In Julia, you can even define your own types, which are then on a par
with Julia’s built-in types. Suppose that we define

julia> struct my type; a::String; end

which introduces a new type, my_type, which has one field that can contain a
string.8 Then we could add a further method to the ones already defined for
g, for instance,

julia> g(x::my_type) = "Hello, " * x.a
g (generic function with 3 methods)

Then if
julia> s = my type("Alice and Bob");
the function g allows us to greet our friends Alice and Bob:

julia> g(s)
"Hello, Alice and Bob"

(The type and method serve merely illustrative purposes here: I cannot think
of any reason why one would want to introduce either.) This feature also
enables multiple dispatch, which we briefly discussed in chapter 1.

It was already mentioned that Julia uses packages (or libraries). These
contain functions that serve special purposes. Some of those packages are pre-
installed, but most are not and must be installed via the package manager. For
instance, to install the Distributions.j1 package, press the ] key and enter
(and execute) add Distributions. (To leave the package manager, press the
backspace key.) To use a package in a session, you must explicitly load it. For in-
stance, to load the Distributions. j1 package, enter using Distributions.

8. While type annotations are often optional in function definitions, as mentioned in
footnote 7 in this appendix, in type definitions it is strongly recommended to annotate the
field or fields, as this will help the Julia compiler to optimize the assembly code.
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To repeat, at the time of this writing, a number of packages are still in beta,
which means that later versions may introduce breaking changes. Often,
package developers then include deprecation warnings, telling you how to
update your old code—often, but not always, which can lead to frustrat-
ing experiences, as can (at the moment) dependency issues and some other
quirks.”

Two packages that deserve special mention are RCall.jland PyCall.jl.
The first allows you to call R from within Julia, the second, from within
Python. (They require R and, respectively, Python to be installed on your
computer.) For instance, the following lines of code perform an ANOVA test
using R’s aov function:

julia> using RCall
julia> u = rand(100);
julia> v = rand(100) .+ 0.1;
julia> w = rand(100) .- 0.1;
julia> x = repeat(1l:3, inner = 100);
julia> @rput u; @rput v; @rput w; @rput x;
julia> R"summary(aov(c(u, v, w) ~ as.factor(x)))"
RCall.RObject{RCall.VecSxp}
Df Sum Sq Mean Sq F value Pr(>F)
as.factor(x) 2 2.369 1.1844 15.9 2.76e-07 ***
Residuals 297 22.127 0.0745

Signif. codes: 0 “***’ 0.001 ‘**’ 0.01 ‘*'" 0.05 *." 0.1 * ' 1

Here, the calls to rand(160) create vectors of one hundred random floats
between o and 1 inclusive. To create v, we add o.1 to each random value in
the generated vector, by broadcasting the + operator (if we used + instead
of .+, we would be trying to add o.1 to a vector, which makes no sense and
accordingly would throw an error), and similarly for w. The vector x is to serve
as our predictor. Then the @rput macro is used to make u, v, w, and x available
to R. The use of PyCall. jlis similar, for instance,

julia> using PyCall
julia> math = pyimport("math");

9. You can ignore warnings because they will not prevent your code from running.
Errors cannot be ignored; they have to be fixed, or your code will not run.
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julia> math.sqrt(2)
1.4142135623730951

To use R or Python packages from within Julia, these must first be installed
via the package managers for those languages (so, using install.packages
for R and pip or conda for Python).

As a final general comment, I should mention how easy parallel com-
puting is in Julia. Parallel computing leverages that nowadays virtually all
computers have more than one core. Even computers with twenty-four or
more cores have become relatively affordable. For the simulations we ran, hav-
ing multiple cores available helped to speed up computation tremendously.
In these simulations, various procedures are repeated over and over again,
each time starting from a somewhat different random configuration, the re-
sults from the various runs then typically being averaged in some way at the
end. Julia makes it very easy to divide those runs over different cores, which
can then run the requisite computations in parallel, so that, for instance,
if your computer has twenty-four cores, running twenty-four simulations
takes about as long as running just one simulation (the former will take a
bit longer because of the overhead associated with parallel computation).
There are different ways to set up parallel computations in Julia, and which
is best depends on details of the computations to be executed. I refer here
to the highly readable part on parallel computing in the Julia manual, at
https://docs.julialang.org/en/v1/manual/parallel-computing/, which also
contains all the information about the macros and functions for parallel com-
puting used in the notebooks in the Supplementary Materials.

Statistics in Julia

R is a computer language specifically for statistical computing. Whatever
type of advanced statistical analysis you may want to conduct, there will be
at least one dedicated R package for it. Julia is still comparatively limited in
this respect. However, for all the standard types of analysis, there are excellent
packages available, including Statistics.j1, StatsBase.j1, Bootstrap.jl,
HypothesisTests.j1,GLM.j1,Lathe.j1,and the previously mentioned pack-
age Distributions.jl. In fact, Douglas Bates, the main developer of the
tme4 package for R, has switched to Julia precisely because it is so much faster
than R and has written the excellent MixedModels. j1 package, which was
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used for the analyses reported in section 3.4, which readers can try out in
the corresponding notebook in the Supplementary Materials. Turing. j1is
a probabilistic programming package currently under active development
but already excellently suited for running a rich variety of Bayesian statistical
analyses. For any kind of analysis that is not yet available in Julia, you can call
the requisite R package via RCall. j1, as just explained. See Nazarathy and
Klok (2021) for more on statistics in Julia.

Optimization

There are a number of packages for optimization. Probably the best-developed
and best-maintained of these is JuMP. j1. This package is an interface to a
variety of different solvers, both open-source and proprietary ones. It does
not provide those solvers itself, so they have to be installed independently.
Which solver is best to use depends on the optimization problem at hand. For
instance, the optimization problem considered in section 5.3 was nonlinear,
for which one can use the Ipopt optimizer, a free and open-source optimizer
that is automatically installed when one installs the Ipopt. j1 package in Julia.
The JuMP. j1 package offers a highly intuitive language for defining op-
timization problems: one defines the variables, the objective function to be
optimized, constraints (if there are any), and then simply solves the resulting
model, indicating the type of optimization (minimization, in our case) one
is after. We illustrate the use of this package by showing how we found the
minimal VS rule penalty for David’s update on evidence £ in section s.3:

using JuMP
using Ipopt

model = Model(Ipopt.Optimizer)

@variable(model, 0 = x[1:3] = 1)

@NLobjective(
model,
Min,
L01(.1(1 - x[11)"2 + .3x[2]172 + .6x[3]72) +
.25(.45x[1172 + .1(1 - x[2]1)"2 + .45x[3]"2) +
L1(.6x[1]17°2 + .3x[2]72 + .1(1 - x[3])"2)

)

@constraint(model, sum(x) == 1)

optimize! (model)
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This actually gives a lot of output, which is why it is suppressed here. You
may want to retrieve the minimum of the objective function specifically by
entering objective_value(model), and similarly for the values of the vari-
ables for which that minimum is obtained, which can be accessed by entering
value. (x) and so on.

To ascertain that Bayes’s rule does minimize expected RPS penalty (as we
saw in the same section), replace the specification of the objective function in

the preceding by
@NLobjective(
model,
Min,
LOL(((x[1] - 1)"2 +
(x[1] x[2] - 1)7°2 +
(x[11 + x[2] + x[3] - 1)72)/2) +
L25(((x[1] - ©)~2
(x[1] + x[2] - 1)"2 +
(x[1] + x[2] + x[3] - 1)"2)/2) +
1(((x[1] - 0)72
(x[1] x[2] - 0)"2 +
(x[1] + x[2] + x[3] - 1)°2)/2)

One section earlier in the same chapter it was shown that Bayesian updates
are not necessarily more accurate than EXPL updates if accuracy is measured
by a VS rule. This involved finding weights that, given David’s probabilities,
made his VS score come out lower if he updated by EXPL than if he updated
by Bayes’s rule. Interested readers can reproduce the result by using the code
below. We first define variables containing the post-update probabilities for
the two rules, for which we load the LinearAlgebra. j1 package:

using LinearAlgebra

bayes = normalize!([.01, .25, .1], 1)
expl = normalize!([.11, .25, .11, 1)

Next we define the corresponding scoring functions:
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function bayes scr(wl, w2, w3, w4, w5)
x = .01(wl*(1 - bayes[1])"2 + w2*bayes[2]72 + w3*bayes[3]"2)
y = .25(w5*bayes[1]7"2 + w4*(1 - bayes[2])"2 + w5*bayes[3]"2)
z = .10(w3*bayes[1]"2 + w2*bayes[2]"2 + wl*(1 - bayes[3])"2)
return x + y + z

end

function expl scr(wl, w2, w3, w4, w5)
X = .01(wl*(1l - expl[1l])"2 + w2*expl[2]72 + w3*expl[3]°2)
y = .25(w5S*expl[1]72 + w4*(1 - expl[2])"2 + w5*expl[3]°2)
z = .10(w3*expl[1]"2 + w2*expl[2]72 + wl*(1 - expl[3])"2)
return x + y + z

end

And finally we define a function to loop through combinations of weights to
find ones (if there are any, and perhaps if we are lucky) that make David incur
alower VS penalty for his EXPL update than for his Bayesian update:

function find weights(iter)

i=1

res = ()

weights = Vector{Float64}(undef, 5)

while i =< iter
v = sort(rand(Dirichlet([1, 1, 11)))
w = sort(rand(Dirichlet([1, 1])))
weights = vcat(v, w)
res = bayes scr(weights...), expl scr(weights...)
if first(res) > last(res)

break
end
i+=1
end
if first(res) > last(res)
return res, weights
else
println("No weights found. Try again!")
end
end

In my experiments, running find_weights(1000) was typically enough to
yield weights of the sought-after kind. In other words, such weights exist, and
apparently it is not difficult to find them.
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If you are curious by how much EXPL can outperform Bayes’s rule, in
principle, we can again use the JuMP. j 1 package to find the weights that will
maximize the difference between the EXPL-update score and the Bayesian-
update score, with the former being lower than the latter. Specifically, the
following chunk of code defines a function that takes weights as input and
then outputs David’s EXPL-update VS score (given the input weights) minus
his Bayesian-update VS score. It then lets the computer look for the weights
that minimize that function:
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model = Model(Ipopt.Optimizer)
@variables(model, begin
0 =w[l:3] =1
0 <v[l:2] =1
end)
@NLobjective(

model,

Min,

(.0L(w[1]*(1 - expl[l])"2 +
w[2]*expl[2]"2 +
w[3]*expl[3]72) +

.25(v[1]*expl[1l]™2 +
v[2]*(1 - expl[2])"2 +
v[1]*expl[3]72) +

1(w[3]*expl[1]7™2 +
w[2]*expl[2]"2 +
wl1]*(1 - expl[3])"2)) -

(.0L(w[1]*(1 - bayes[1])"2 +
w[2]*bayes[2]"2 +
w[3]*bayes[3]72) +

.25(v[1]*bayes[1]"2 +
v[2]*(1 - bayes[2])"2 +
v[1]*bayes[3]"2) +

.1(w[3]*bayes[1]"2 +
w[2]*bayes[2]72 +
wl1]*(1 - bayes[3])"2))
)
@constraints(model, begin

sum(w) == 1

sum(v) ==

wl[l] = w[2]

w[2] = w[3]
v[2] = v[1]
end)

optimize! (model)

Running objective_value(model) on this model shows that the EXPL-
update VS score can at most be o.oo1 lower than the Bayesian-update VS
score; again, run value. (x) to obtain the weights that realize that difference
in favor of EXPL.
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Agent-Based Modeling

The simulations reported in chapter 7 relied heavily on agent-based models.
Such models have become increasingly popular in philosophy and, to some
extent, in cognitive science. Most colleagues working in this field use NetLogo
(Wilensky & Rand, 2015), a language originally designed to introduce children
to computer programming. In this language, the programmer basically tells
turtles how to move and behave. Like Julia, NetLogo is free and open-source.
The language has some other virtues as well (e.g., it is easy to learn, and it
offers an attractive user interface). Nevertheless, I strongly recommend the
use of Julia for agent-based modeling.

That s not just because you might be embarrassed to tell your friends that
you program turtles for a living and would much prefer to say that you use this
cool new language for high-performance computing that has been adopted
by Google, IBM, NASA, Pfizer, and other high-end users. Most importantly,
NetLogo is extremely slow. (What else can one expect from turtles?)

Users of NetLogo may tell you that the lack of speed is not really a prob-
lem, given that one can always move performance-critical parts of the code
to C++, or FORTR AN, or some other compiled language. While that is
true, that one has to take such an extra step is exactly the problem, known as
“the two-language problem,” that motivated the Julia developers. Julia can be
used both for prototyping—designing your program—and for running the
simulations. To repeat, it does so by offering a language that is easy to work
with—as easy as NetLogo and Python—and yet is about as fast as C++.

Getting started with agent-based modeling in Julia has become particu-
larly easy with the advent of the Agents. j1 package (Vahdati, 2019), which
requires from the user no more than a specification of agent and model prop-
erties and then takes care of all the rest (in particular, the running of the
simulations and the gathering of relevant data). The appendix of Douven
and Hegselmann (2021) contains links to various tutorials that help readers
to get started with the package. Itis to be noted, however, that the package
is geared primarily toward ease of use and generality, and only then toward
performance. And while it still allows one to write fast code, I have found
it easier to write highly performant code by starting from scratch, without
using the package. In particular, the code used for chapter 7 does not rely on
Agents. j1. Still, the package offers an excellent starting point for new users.
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Graphics

There is a variety of high-quality graphics packages for Julia. The figures in
this book have all been produced using Gadfly. j1, but I have also had good
experiences with PlotlyJS.j1, and the standard package Plots.j1 yields
publication-quality output as well. Nevertheless, I know of users who came to
Julia from R and prefer to use the ggplot package via RCall. j1, as explained
previously, and also of users who came from Python and have stuck with
pyplot, which can be used in Julia thanks to PyCall.jl. And users with
previous experience with gnuplot may want to have a look at the Gaston. j1
and Gnuplot. j1 packages. Probably, the most powerful visualization package
for Julia is Makie. j 1, which is under rapid development at the time of this
writing but which at least for now offers a less than intuitive user interface (in
my admittedly limited experience with the package).

Running the Simulations

Iam making the code for the simulations available, because, first, as mentioned,
Iam a strong believer in a learning-by-doing approach, which in the present
case means that I believe experimenting with the code to be the best and
fastest way to obtain a good understanding of the simulations that were
reported. In fact, because Julia code is relatively easy to understand, just
reading it will deepen one’s understanding of the simulations. To run the
code, and later possibly alter it, first download it from the following public
GitHub repository: https://github.com/IgorDouven/ABDUCTION git.
There are four Jupyter notebooks in the repository, which correspond to
different parts of the book (as indicated in the titles of the notebooks), as well as
the data from Douven and Schupbach (20152), which are necessary to run the
analysis reported in section 3.4. For instructions on how to work with Jupyter
notebooks, see the documentation on this website: https://jupyter.org. Since
very recently, you can also open, and work with, Jupyter notebooks in Visual
Studio Code, a combination that I have found to offer a wonderful user
experience.


https://github.com/LgorDouven/ABDUCTION.git.
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