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I ntroduction

Some arguments we find convincing, others we do not. Is such an evaluation
simply amatter of arbitrary preferenceor can rational justificationsfor such choices
be given? Can there be such athing as anormative theory of argument strength? It
is the contention of this paper that such atheory is not only highly desirable, but
also possible. Specifically, our recent work on the fallacies (Oaksford & Hahn,
2004; Hahn & Oaksford, in press;, Hahn, Oaksford & Bayindir, 2005; Hahn,
Oaksford & Corner, 2005; and see al so, independently, Korb, 2004), has sought to
develop ageneral account of thefallacies based on Bayesian probability. Theresults
of this, we will argue, give some hope that Bayesian probability might be able to
provide a general, normative theory of argument strength. In how far this will be
possible, of course, currently remains unclear. The question can only fully be
addressed by actual demonstration of the account’s adequacy in a wide range of
circumstances; consequently there is a wealth of further research to be done.
Here, we seek only to provide an argument for why investment in this project
seems worthwhile. This argument has four main parts. In the first part of the
paper we outline general considerationsasto why anormative account of argument
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strength would be desirable. In the second part, we give a brief overview of our
resultsto date, in order to establish the case that a Bayesian theory looks at least in
contention. In the third, and main, section we draw out the particul ar properties of
Bayesian probability that we think make a specifically Bayesian account of argument
strength attractive. Finally, some arguments against a Bayesian approach that have
been voiced in the argumentation literature are addressed, and it is argued that the
seeming limitations of Bayesian probability arein fact strengths.

1. Why a normative theory of argument strength?

Two obvious answers dominate here: first, such atheory isof inherent theoretical
interest and, second, it is of obvious applied importance. Interest in standards of
rational inference and hence argument has, in oneway or another, motivated research
on logic for much of its history (see Prakken & Vreeswijk, 2002 for an overview
of recent work concerned with natural language argumentation). Within the last
decades, numerous authors have come to doubt that logic could provide an

appropriate standard against by which to judge argument strength (e.g., Hamblin,
1970; Heysse, 1997 Johnson, 2000; also Boger, 2005 for further references).

Logic'sperceived failures havefuelled therise of diaectical and rhetorical theories
(see e.g., Slob, 2002 for discussion). These theories have focussed on properties
of discourse, not the evaluation of the inherent qualities of sets of reasons and
claims. Nevertheless, proponents of such theories have frequently sought to use
discourserulesto evaluate at |east some classes of arguments, in particular classic
fallacies, asgood or bad (e.g., Walton, 1995; van Eemeren & Grootendorst, 1992,
2004). In this sense, a preoccupation with argument strength has remained even
here. On the theoretical side then, whether or not an adequate theory of argument
strength is possible, and what it would look like, is a longstanding theoretical

question demanding resol ution.

At the same time, the applied importance of a theory of argument strength is
obvious. In complex societies such as ours argumentation plays a central role.
This hasled not only to a burgeoning literature concerned with ‘ critical thinking’
anditsteaching (e.g., McPeck, 1981; Siegel, 1988; Bowell & Kemp, 2002; Woods,
Irvine & Walton, 2004), it has also motivated the devel opment of domain specific
theories of argumentation, for examplein law (for overviews see, Neumann, 1986;
Feteris, 1997). Argumentation in applied settingswould be directly affected by the
development of a suitable normative theory of argument strength and the capacity
for rational resolution it would provide.

Somewhat less obviously, the question of a normative theory of argument
strength isrelevant also to those pursuing aternative, seemingly opposed pathsin
the form of consensus theories (e.g., Alexy, 1989; van Eemeren & Grootendorst,
2004 for examples). For one, relativeto “right or wrong”, “ consensus” istypicaly
only second best. The reason researchers default to consensus theories, whether
inthe domain of theories of truth or in the domain of argumentation, is becausethe
ultimate prize, anormativetheory of content, seems unattainable. Were anormative
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theory of content available, it isthat theory wewould look to for conflict resolution.

Infact, therel ationship between anormative content theory of argument strength
and consensus theories of argumentation is more complex. Inevitably given their
focus on a non-content based outcome characteristic —consensus- these theories
tend to have a strong emphasis on procedure. The rules and norms they posit are
rules of engagement: proponents can only put forward claimsthey actually believe
(e.g., Alexy, 1989), proponents must justify claimswhen challenged (van Eemeren
& Grootendorst, 2004) and so on. Crucially, the need for procedural rulesremains
even where objective standards of content evaluation exist. Even where the goal
becomes ‘truth’, ‘the best perspective’ or the ‘ strongest position’ there will still be
rules of engagement that will make that outcome more or lesslikely to occur (see
also Goldman, 1994). Silencing opponents by force, for example, is undesirable
not just with regards to consensus, but also because the suppression of arguments
in discourse means that the potentially strongest argument might not be heard.
This means the insights of researchers developing consensus theories are unlikely
to become obsol ete. Some reorientation and adjustment to specific rules of discourse
would likely be necessary were a normative theory of content to supplant the
emphasis on consensus, but normative theories of content and procedural theories
ultimately pursue complimentary goals (Goldman, 1994; Hahn & Oaksford, in
press), both of which have an important role to play.

Finally, a normative theory would provide an organizing framework for
descriptivework. This may seem counterintuitive at first, but attemptsat scientific
description of human argumentative behavior within cognitive science, and
particularly within cognitive psychology would benefit hugely from a normative
theory around which to structure research.

Normative theories of behavior and thought provide standards against which
actual human performance can be compared. For one, this provides aready set of
questions for descriptive research to address- specifically, how far do human
beings match up to these standards and where specifically do they fall short.
However, normative standards &l so play avital roleininterpreting and understanding
human behavior. For a cognitive scientist, complete explanation encompasses
several, mutually informativelevelsof description (Marr, 1982). Human cognition
as acomputational processisto be understood at the hardware level that governs
how a processis actually implemented, at a representational or algorithmic level
that characterizes the procedures involved, and at the highest level, the so-called
computational level, through ageneral characterization of the problem the cognitive
processis seeking to address. Though these level s constrain one another, they also
exhibit some degree of independence.! Because of this degree of independence,
the task of explaining any computational system is not complete before all three
levels have been addressed. Normative theories have an important role to play in
computational level explanation, particularly sowithinthe so-called rational analysis
of behavior (e.g., Anderson, 1991; Chater & Oaksford, 2000; Oaksford & Chater,
1998a; Chater & Oaksford; 1999a). Rational analysis seeks to understand human
behavior as an approximation to someideal behavior, typically as an adaptation to



4  Ulrike Hahn & Mike Oaksford

some environmentally posed problem. Rational analysis seeks to characterize a
problem faced by the cognitive system, develop what would bethe * best’ solution,
and then to determine the extent to which system behavior can be seen to be an
approximation of that solution, even though it might fall short in certain
circumstances. Consequently, normative theories can form part of functional ‘why’
questions in the analysis of behavior which are essential to the understanding of
purposeful behavior.

These considerations are exemplified by the enormous success of the
psychological literatureson “ naive statistics’, decision-making and logical reasoning
(seee.g., Kahneman, Slovic & Tversky, 1982; Holyoak & Morrison, 2005). Inall
three cases, clear normative theories have prompted obvious research questions
with regards to the extent to which human beings conform to normative
considerations. Thishas not only led to considerableinsight into what humans can
(and cannot) readily do and informed our understanding of human rationality; by
provoking explanation of seeming deviations from normative theoriesit has aso
led to theories about mechanism and process, that is, theories about the specific
cognitive means by which reasoning in these contexts is achieved. Though these
areas are not complete, they are, by the standards of psychology, fairly “mature’
and developed areas of research. It does not seem unreasonable to suppose that
the lack of a clear normative theory of argument strength is one of the reasons
why the wider psychological study of argumentation is underdeveloped by
comparison.

Experimental research in this area is currently fragmented across a variety of
individual specialist domains. There is, on the one hand a wide literature on
‘persuasion’ which has, by and large, examined non-strength related circumstances
intheir influence -typically specifically on attitudes (see e.g., Maio & Haddock, in
press, or Johnson, Maio & Smith-McLallen, in press, for an overview). Thereis
also, in addition to the logical reasoning literature, a much more narrow literature
examining severa kindsof inductive arguments (e.g., Osherson et al, 1990). Finally,
there are a few studies that have been informed by a broadly pragma-dialectic
perspective (Neuman, 2003; Neuman & Weizman, 2003; Neuman, Weinstock &
Glasner, in press; Weinstock, Neuman & Tabak, 2004; Rips, 1998, 2002) as well
as abody of developmental research (for areview see Felton & Kuhn, 2001).

All of these have proceeded in virtually complete isolation from one another
and there is nothing even remotely like an integrated account to be had (but see
Rips, 2001 and Oaksford & Hahn, in press, for integration of at least some of
these). A normative account of strength could serve to link these different bodies
of research, as well as generate novel testable predictions of its own.

There is reason to believe that a specifically probabilistic, normative account
would be particularly useful here. In parallel to our development of a normative
theory, we have begun a program of experimental research involving the fallacies
from aBayesian perspective (Oaksford & Hahn, 2004; Hahn, Oaksford & Bayindir,
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2005), and thiswork has natural connectionsto the literature on belief and attitude
change under the header of the* subjective probability model’ which have yet to be
explored (e.g., Allen & Kellermann, 1988; Allen, Burrell & Egan, 2000; Hample,
1977, 1978, 1979; McGuire, 1960; Wyer, 1970, 1974; Wyer & Goldberg, 1970).
We detail the (normative) Bayesian reconstruction of fallaciesin the next sectionin
order to motivate further the desirability of a Bayesian account.

2. Why might Bayes provide a theory of argument strength?

Support for the ideathat Bayesian probability could provide anormative theory of
argument strength comes from the fact that it has successfully been used to explain
aconsiderablerangeof fallacies, in that it captureskey intuitions about therelative
strength of arguments. In conjunction with Bayesian probability’s pedigree as a
normative framework , this suggests it might be able to supply the long-desired
formal treatment of thefalacies (Hamblin, 1970). Thiswork can be seen asproviding
aformal explication of the epistemic account of the fallacies (e.g., Siegel & Biro;
1997; Ikuenobe, 2004). Because this work is published elsewhere, we provide
only abrief overview here.

Oaksford and Hahn (2004) first sought to explain through a Bayesian account
arguments from ignorance such as

(1) Ghosts exist, because nobody has proven that they don't.

Individua argumentsare composed of aconclusion and evidencefor that conclusion.
Both conclusion and evidence have associated probabilities which are viewed as
expressions of subjective degrees of belief. Bayes theorem provides an update
rule for the degree of belief associated with the conclusion in light of the evidence.
Argument strength, then, on this account is a function of the degree of prior
conviction, the probability of evidence, and the relationship between the claim and
the evidence -in particular how much more likely the evidence would be if the
clamweretrue.

A Bayesian account captures, among other things, the difference between positive
and negative evidence and allows one to capture the intuition that the positive
argument (2a) is stronger than the negative argument (2b):

(2a) Drug A istoxic because a toxic effect was observed (positive
argument).
(2b) Drug A isnot toxic because no toxic effectswere observed (negative
argument, i.e., the argument from ignorance).

However, (2b) too can be acceptable where alegitimatetest has been performed,
ie,
If drug A weretoxic, it would produce toxic effects in legitimate test.
Drug A has not produced toxic effects in such tests.
Therefore, A isnot toxic.
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Demonstrating the relevance of Bayesian inference for negative vs. positive
argumentsinvolves defining the conditionsfor alegitimatetest. Let e stand for an
experiment where atoxic effect is observed and - e stand for an experiment where
atoxic effect is not observed; likewise let T stand for the hypothesis that the drug
produces a toxic effect and =T stand for the aternative hypothesis that the drug
does not produce toxic effects. The strength of the argument from ignorance is
given by the conditional probability that the hypothesis, T, is false given that a
negative test result, e, is found, P(=T|-€). This probability is referred to as
negative test validity. The strength of the argument we wish to compare with the
argument from ignorance is given by positive test validity, i.e., the probability that
the hypothesis, T, istrue given that apositive test result, e, isfound, P(T|€). These
probabilities can be calculated from the sensitivity (P(e]T)) and the selectivity
(P(=€|=T)) of the test and the prior belief that T is true (P(T)) using Bayes
theorem:

_ P(e| T)P(T)
PTle = s empm+rema-ray ©
o7 5 = PEITDI=PM)

PE|T)a-PM)+PEMPTM P

As Oaksford and Hahn (2004) argue, sensitivity and selectivity, for a wide
variety of clinical and psychological tests are such that positive arguments are
stronger than negative arguments. The reason we consider negative evidence on
ghosts (1) to be so wesak is because of the lack of sensitivity (ability to detect
ghosts) we attribute to our tests as well as our low prior belief in their existence
(seeaso Hahn et al, 2005 and Hahn and Oaksford, in press, for further discussion
and anaysisof different kinds of argumentsfrom ignorance). The Bayesian account
rendersthistextbook example as an argument that occupies the extreme lower end
of the argument strength range as a consequence of the specific probabilities
estimates involved. The argument isweak because of these aspects of its content,
not because of its logical structure or particular role in a discourse (cf., Walton,
1996) and other arguments with the same structure and discourse function can be
perfectly convincing. In other words, the Bayesian analysis tackles what has been
alongstanding problem for the fallacies, namely that most types of fallacy seem
prone to a proliferation of exceptions that seem more or less acceptable. The
Bayesian account allows oneto distinguish * good’ argumentsfrom ignorancefrom
less compelling ones, providing an explanation for why they are good or bad.

Hahn and Oaksford (in press) also provide a Bayesian treatment of slippery
slope arguments which as consequentialist arguments are captured using decision
theory (Savage, 1954; on decision theory and consequentialist argument see also
e.g., Lumer, 1997). According to Bayesian decision theory, choosing an action in
theface of an uncertain future should be based on an eval uation both of the utilities
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we assign to possible future outcomes and the probabilities with which we think
these outcomes will obtain. This normative framework can be applied to textbook
slippery slope arguments such as

(5) We should not ban private possession of automatic weapons, because
doing so will be the first step on the way to a communist state.

This argument seems weak, because the subjective probability of such a ban
indeed setting in motion achain of eventsthat will ead to the outcome * communi st
state’ seems so incredibly low. Yet at the same time, there is evidence from legal
history that ‘ slippery slopes’ have, infact occurred (Lode, 1999), and, in everyday
life, the mechanisms behind them are exploited through techniques such as ‘foot
in the door’ advertising (e.g., Freedman & Fraser, 1966). In general, the more
thereisareal chance of afeared outcome occurring the stronger a slippery slope
argument will be. Hence, in

(6a) Legalizing cocainewill lead to an increase in heroin consumption.

(6b) Legalizing cannabiswill lead to anincreasein heroin consumption.

thefirst argument (a) seems more compelling. That the degree to which one cares
about the outcome, its utility, al'so plays arole can be seen from the examples

(6¢) Legalizing cannabiswill lead to an increase in heroin consumption.

(6d) Legalizing cannabiswill lead to anincreasein listening to reggae
music.

where, assuming that both listening to reggae music and heroin consumption are
equally likely, (c) seems the far stronger argument. By varying both utility and
probability, perfectly acceptable examples of slippery slope arguments can readily
be generated (see for examples also Corner, Hahn & Oaksford, 2006).

Hahn and Oaksford (in press) also provide a Bayesian analysis of the
argumentum ad populum or “appeal to popular opinion” (on this see aso, Korb,
2004) and the argumentum ad misericordiam, which uses an appeal to pity or
sympathy for argumentative support. In Hahn, Oaksford and Bayindir (2005) the
Bayesian account is extended to a treatment of circular arguments, and we say
more on these bel ow.

Thistreatment of informal argument fallacies complements earlier research by
Oaksford and Chater that has argued in detail that awide range of seeming *logical
errors’ inconditional and syllogistic reasoning are perfectly acceptable when viewed
from a probabilistic perspective, that is, widespread intuitions are rendered more
accurately by switching from logic to probability theory as a normative standard
(Oaksford & Chater, 1994, 1996, 1998b, in press; Chater & Oaksford, 1999b).

Finally, Korb (2004) has also argued that a Bayesian approach could explain
fallacies such as the appeal to authority and hence provides a framework for
understanding ordinary arguments that is well worth devel oping.
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The use of Bayesian probability to distinguish between warranted and
unwarranted conclusions in the context of these fallacies is an attempt to develop
a‘reduction of fallacy theory’ in Lumer’s (2000) sense in that systematization and
explanation of thefallaciesis derived from ageneral normative theory. In contrast
to past emphasis on deduction asthe appropriate epistemol ogical principle/standard,
however, the Bayesian approach |eadsto arather different evaluation of individual
fallacies, thelogical standard tendsto lead to very ‘all or none' evaluationswhereas
the probabilistic account allows and explains graded variation among instances of
the same structure.

Because Bayesian probability provides aformal framework for distinguishing
between warranted and unwarranted conclusions in the context of the fallacies,
we think it has considerable potential for advancing epistemic approaches to
argumentation (seee.g., Siegel & Biro, 1997; Goldman, 1997, 2003). Though we
are optimistic in this regard, we do not wish to claim that the definitive, long-
desired (seee.g., Hamblin, 1970) formal treatment of thefallacies hasbeen provided
in detail; for this, it will be necessary to demonstrate how Bayesian probability
capturesthe bulk of thetraditional list of fallacies (see Hahn & Oaksford, in press,
for further discussion of the key issues here). Even less do we wish to claim that
Bayesian probability has in any way been established as a sufficient theory of
argument strength. For the current context we wish to claim only that some success
inexplaining thefallacies can bereported and that this successlends some credibility
to theideathat a general, normative, Bayesian theory of argument strength might
one day be forthcoming.

Clearly, this goal has not yet been achieved. What we wish to argue for in the
remainder of this paper is why the pursuit of a specifically Bayesian theory of
strength strikes us as worthwhile.

3. Why a Bayesian theory?

In this section, we discuss some of the main assets of the Bayesian approach,
which we think would make it particularly desirable as a normative theory.
Firstly, the Bayesian approach treats probabilities as expressions of subjective
degree of belief not as an objective property of statements and their relationship to
theworld asisthe casefor frequentist interpretations of probability. Thisisimportant
inthe context of argumentation, because many of the thingswe argue about involve
singular events—for example, whether or not Oswald killed JFK (seealso Hahn &
Oaksford, in press). Assigning single event probabilities only makes sense from a
Bayesian subjective perspective; it is meaningless on a frequentist interpretation.?
Thefact that probabilities aretaken to be expressions of subjective degree of belief
also makes it particularly natural to interpret them as the degree of conviction
associated with a claim. That conviction can be a matter of degree, not just a
binary true or false, is fundamental for an adequate treatment of the fallacies. In
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particular thetreatment of circular arguments has been hampered by binary notions:
Arguments involving self-dependent justification are frequent in science yet they
are hopelessly rendered viciously circular and hence unacceptable by any account
that conceives of statements put forward in an argument as only true or false (see
Hahn, Oaksford & Corner, 2005 for detailed discussion; and more on this below).
Anall or nonenotion of dissent or assent to aclaim hasalso led to an overexpansion
of the nation of the burden of proof (see Hahn & Oaksford, subm.), suggesting,
among other things, an explanation for why arguments from ignorance are poor
that is vacuous in practice (see Hahn & Oaksford, in press; Hahn & Oaksford,
subm. for detailed discussion).

Furthermore, the Bayesian formalism allows usto distinguish readily between
the ultimate conviction with regards to a claim that an argument brings about—
expressed asthe posterior probahility assigned to that claiminlight of the evidence—
and the degree of change that a reason effects (one way of measuring the latter is
the likelihood ratio, see Hahn, Oaksford & Corner. 2005; Oaksford & Hahn, in
press). Thisisimportant because the ultimate degree of conviction brought about
inan argument isinfluenced, on the Bayesian account partly by the prior conviction
associated with the claim. Consequently, we want to evaluate arguments not just
with regards to how convinced they make us, but also with regards to how much
they made us change our beliefs. This notion of degree of change (or ‘force’ of an
argument) isimportant in the eval uation of argument strength, for example, because
it allows one to explain why direct premise restatements (“ God exists, because
God exists") make poor arguments even though they are deductively valid (see
Hahn, Oaksford & Corner, 2005)—a tension that has puzzled philosophers for a
long time. Theahility to quantify changealowsusto seeclearly that such arguments
bring about no change in convictions whatsoever. This makes them maximally
ineffective as arguments and consequently maximally poor.

That prior beliefs influence argument strength on the Bayesian account, of
course, introduces a degree of relativity into the evaluation of arguments. We
would arguethat the degree of relativity afforded by the Bayesian approach isboth
essential and just right.

The important role aBayesian analysis assigns to prior belief is an instance of
a fundamental aspect of argumentation—the nature of the audience, which has
been assumed to be a crucial variable for any rational reconstruction of
argumentation (e.g., Perelman and Olbrechts-Tyteca, 1969; Goldman, 1997).
Audiencerelativity hasthe consequence that afallacy for one person may not be a
fallacy for someone el se because their prior beliefs differ. Ikuenobe (2004) makes
the same point using the argument that all cases of killing aliving human being are
bad and abortion is a case of killing a living human being, therefore, abortion is
bad. Thisargument may provide adequate proof for someonewho aready believes
that afetusisaliving human being. However, for someone who does not believe
this proposition, this argument is weak or provides inadequate proof for the
conclusion.
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Crucially, however, therelativity introduced by Bayesian priors does not mean
that “anything goes’. For one, the subjectivity introduced by priors does not mean
that objectively true states cannot be reached. Individual Bayesian estimators can
be more accurate than their frequentist counterparts, as judged by the criteria of
the frequentist, even though they are biased estimators. For example, comparing
Bayesian and frequentist estimators for a population mean, the Bayesian posterior
mean will have the smaller error over the range of values that are realistic for that
population mean (see, e.g., Bolstad, 2004). Furthermore, the well-known
convergence properties of Bayesian updating mean that where enough suitable
data are available, posteriors will eventually converge on the appropriate values
regardless of priors. This latter result holds true, of course, only if the priors are
not already ‘certain’, that is, 0 or 1. In this case, no amount of data can bring
about further change. This allows one to capture the fact that some degree of
“openness to change” or basic willingness to consider an argument is necessary
for it to take an effect. At the same time it means that one does not lose the
possibility of certainty associated with logical necessity and proof.

For many argumentsin everyday life, of course, there will be neither proof nor
huge amounts of data. Here, priorswill matter and it should be seen asavirtue that
they do. In the numerous argumentative contextswherethere ssimply isn’ t sufficient
mutually agreed evidenceto bring people’ s beliefsin to alignment “with the facts”
the Bayesian approach canreflect the diversity of opinion and | egitimate disagreement
that will remain.*

However, because Bayesian probability imposes constraints on the rational
assignment of degrees of belief, the possibility of agreement and disagreement are
constrained both within and across agents. The relative degree of conviction a set
of different reasons brings about, for example, will be the same for two agents
even where they differ in their priors with regards to the claim in question unless
they also disagree about properties of the reasons themselves. In other words,
evenif weend up differentially convinced asaresult of initial differencesin priors,
we can agree on the relative strength of arguments; where we do not do so, we
must differ in other waysthan just our priorsfor that disagreement to be rational .®

Moving onfromtherelativity (or not) afforded to argumentation by aBayesian
approach, a further important asset is the probabilistic notion of relevance (see
aso in the context of argument strength Korb; and, more generally, Pearl, 1988,
2000 for detailed discussion). ‘ Conditional independence’ offersadynamic notion
of relevance, that changes asinformation is added or deleted to a database and the
conditional independence axioms have been found to correspond to intuition about
informational relevance in a variety of contexts (Pearl, 1988). Whether this is
ultimately good enough, of course, remains to be seen. However, should more be
required, some entirely new, asyet unknown account of relevance will likely have
to bedevised. It aready seems comparatively clear that accounts of argumentative
relevance that rely purely on logical consequence are unlikely to do justice to the
concept of relevancerequired by atheory of informal argument. Similar arguments



A Normative Theory of Argument Srength 11

have been made with respect to relevance logics (Anderson & Belnap, 1975). The
concept of relevance goesbeyond logical entailment, even relevant entailment. For
example, it isrelevant to whether an animal has palpitations that it has a heart but
this is due to the causal structure of the world not the logical relations between
propositions (Oaksford & Chater, 1991; Veltman, 1986). In short, existing theories
of argumentation that transmit plausibilitiesvialogical consequencerelations seem
unlikely to capture al the ways in which relevance relations are established in
argument.

Our argumentsin favor of a Bayesian approach so far have sought to identify
characteristics that seem well attuned to the needs of argumentation. We conclude
our survey of reasons why a specifically Bayesian theory of argument strength
would be desirable with two more general considerations: the well-established
normative standing of Bayesian probability and its connection with other bodies of
research.

The most obvious consideration in devel oping anormative theory isthe extent
towhichitsnormativity isindeed accepted or guaranteed. The normative standard
of probability theory meetsthisrequirement. Thereisanintuitiverational justification
that underpins probability theory: Reasoning probabilistically isrational if onewants
to avoid making bets one is guaranteed to lose. Furthermore, there is a well-
defined formal calculus which guarantees that this rational principle is respected.
The theory can deal with a huge range of hypotheses—whether these be discrete,
multivalued, or continuous—and has been devel oped to deal with awidevariety of
circumstances, such as uncertain or cascaded evidence. However, Bayesian
conditioning, which is at the heart of the approach, follows directly from the three
basic axioms of probability theory and the notion of conditional probability. That
its assumptions are so minimal also lies at the heart of the finding that attemptsto
develop new and different formalisms frequently turn out to be ‘probabilities in
disguise’ (on this issue see e.g., Cox, 1946; Horvitz, Heckerman & Langlotz,
1986; Heckerman, 1986; Snow, 1998; see also, Pearl, 1988 and Howson & Urbach,
1993 for further references). Consequently, we follow Pearl’s (1988, p. 20) view
on whether it is necessary to supplant probability theory, “...we find it more
comfortable to compromise an ideal theory [i.e., probability theory] that is well
understood than to search for a new surrogate theory, with only gut feeling for
guidance.”

Thefinal benefit of the Bayesian approach then, isthat it connects research on
everyday argument with a number of different bodies of research. At the level of
normative theory, our Bayesian approach trades on similar approachesto scientific
inference (e.g., Howson & Urbach, 1993; Earman, 1992), which, following other
authorsin the area (Kuhn, 1993), we have suggested can be extended naturally to
informal argument. Thisisadvantageous not only because of the potential theoretical
unification, but also because alot of hard work has already been done. The Bayesian
approach to scientific inference has received much scrutiny and criticism (e.g.,
Miller, 1994; Sober, 2002); not all of thisisequally relevant to everyday argument
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(specifically, the subjectivity inherent in the Bayesian approach might, to some, be
more palatable in non-scientific contexts), but a wealth of important issues have
already been well worked through and can be received into studies of argumentation.
One example of this is the issue of priors and ignorance that we will return to
below.

Within psychological research on human behavior, finally, the Bayesian approach
links up with the ever-increasing body of evidence that suggests that much of
human cognition is, in one way or the other, probabilistic. Theories and datarange
from Bayesian accounts of vision (Knill & Whitman, 1996), through language
acquisition and processing (e.g., Bates & MacWhinney, 1989; MacDonald, 1994),
to many aspects of higher level cognition (e.g., Oaksford & Chater, 1998b). An
emerging picture, here, suggeststhat humans are probabilistic beings.® A probabilistic
account of argument evaluation receives support from this ‘ character’ argument.

4. Limitations of a Bayesian Approach

Theintention in this paper isto highlight the merits of a Bayesian approach, not a
comparative evaluation with possible competitors, not least because that set itself
isnot closed. However, it would be wrong to compl ete a discussion of aBayesian
approach to argumentation without drawing attention to the fact that Bayesian
principles have been subject to criticism. Because theinterest in Bayesian principles
in areas such as statistics and also the philosophy of science has been intense,
these criticisms have been well-discussed and many issues have more or lesswell-
developed replies. For an excellent overview the interested reader is referred to
Howson and Urbach’svolume on scientific reasoning (1993). Werestrict ourselves
here to two issues that have found their way into the literature on argumentation.

First is the idea that what we know, or more importantly do not know, makes
the Bayesian formalism unnatural. Walton (2004, pg. 277) and Ennis (2004), for
example, seem to echo an oft heard claim that the assignment of numerical values
to premisesis frequently impossible or unhelpful, in that it requires an exactness
that is not available in most cases.

Thisdlightly missesthe point of subjective probabilities: they are expressions—
through the use of non-extreme values—of the indefiniteness of one's knowledge
and are introduced precisely because of uncertainty. The argument, by contrast,
makes it seem as if one not only has to know that one is uncertain, but also that
one has to know to a precise degree how uncertain (see also Howson & Urbach,
1993 pg. 87). Whileit istrue that some number has to be specified, the resolution
with which that number is specified can vary according to context and sensitivity
analysis can be used to determine how much precision the problem at hand requires
(on sensitivity analysis see e.g., Gill, 2002). Exactly the same appliesto the use of
real numbersin measuring physical, everyday quantities. In many contexts, it will
simply beirrelevant to the required outcome not only whether a measurement was
5.687 or 5.689cm but also whether it was 5.5 or 5.7cm, or even 5 or 6cm. In
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practice, one will always be restricting oneself to certain points of the scale, and
what these are will be determined by context.

Likewise, even though a specific point value probability has to be specified,
thereis nothing to stop one, in agiven context, restricting one's use of the scale to
5 different points, for example 0.1, 0.25, 0.5, 0.75, 0.9 which one might take to
correspond to the verbal descriptors ‘very unlikely’, ‘unlikely’, '50/50 chance’,
likely’, and ‘almost certain’—or any other such set of numbers by which to express
broad increments. Alternatively, one can define and useintervalsover thescale. As
long as these intervals are small, one gets a generalization of the classic calculus
which is simply defined over interval values rather than point values (see e.g.,
Walley, 1991; for abroader overview and discussion see also Parsons, 2001). Itis
also interesting to note here that peoples attitudes toward imprecision in the
specification of probabilities seems to contain an asymmetry. In experimental
contexts it has been found that while people prefer to express probabilities with
verbal descriptors and the crude distinctions they afford, they actually prefer to
receive numerical probabilities (e.g., Wallsten et al., 1993); so it does not actually
seem to be the case that numerical expressions of probability are inherently
‘unnatura’.

Theissue of indefinitenessin one's degree of uncertainty leads on naturally to
the case of maximal indefinitenessin theform of completeignorance. Becausethe
Bayesian treatment of complete ignorance is one of the most widely cited
‘shortcomings’ of Bayesian probability, it seems useful to also discussit here. The
Bayesian way to represent ignorance about a range of possibilities is to assign
themall equal probability according tothe* Principleof Indifference’. Thisprinciple
states that when we have a number of possibilities, with no relevant difference
between them, they al havethe same probability. Asaway of representingignorance,
indifference makesintuitive sense; however, it readily leadsto seeming ‘ paradox’ .
Asan example, one might takean urn filled with white and colored ballsin unknown
proportions, but the colored balls consist of red ballsand blue ballsin equal number.
According to the Principle of Indifference, our present data—before we have
drawn our first ball—are neutral between its being colored and its being white.
Hence, we should expect it to be white with aprobability of .5. However, if the ball
is colored, then it is either red or blue, and the data are also neutral between the
ball’s being either white or red or blue. Hence, according to the Principle of
Indifference, the probability of the ball’sbeing whiteisonethird. Another example,
thistime concerning agarden plot, is presented by Sober (2002). Once again there
IS no unique way to tranglate ignorance into an assignment of priors. one gets one
answer if one applies auniform prior to lengths of sides of plot and another if one
appliesit to the area of the same plot. Examples of this kind can be generated ad
nauseam (see Howson & Urbach, 1993 for further examples and references).
What then, aretheir implications?

The paradoxes arise because the uniform assignment of probabilitiesislanguage-
or description relative. It isthe primitives of the description that are assigned equal
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probability according to the Principle of Indifference. Terms derived from these
primitives will not themselves necessarily have equal probability. Moreover, they
will not do so for good mathematical or logical reason. If all six numbers of adice
are equi-probable, then the outcome * greater than 1’ will have a5 in 6 chance of
occurring. The seeming paradox occurs, because alternative sets of primitives
giveriseto different probabilities for composite beliefs—but given our ignorance,
the choice between these sets seems arbitrary.

Some have seen these paradoxes as so compelling asto force the devel opment
of aternative theories. Dempster-Shafer theory, for example, isbased on the idea
that the natural way to represent total ignorance is to treat equally all possible
aternatives, whether they are primitive or composite. This would allow one to
have the same degree of belief both in the claim that all six numbers are equally
likely and that * greater than 1" isaslikely as not to occur (see Howson & Urbach,
1993).

TheBayesian responseto thisisthat total ignoranceisnot possible. Specifically
itisnot rationally possible to be uniformly unopinionated about everything. The
probability calculus provides a normative theory for the rational assignment of
belief. From certain beliefs other beliefs will necessarily follow, for example, by
logical consegquence. A rational agent should be committed to these beliefswhether
or not they are held in actual fact or even entertained. There are considerable
constraints on what is arational set of beliefs given no evidence. If | actively—in
ignorantiam—abelieve something about a hypothesisH, then | am forced to believe
something el seabout —H; likewise, if | actively—inignorantiam—believe something
about the perimeter of a property, | have to consistently believe something about
its area. As Howson and Urbach argue, it should be seen as a virtue not a vice of
the theory that it brings out the impossibility of total ignorance so clearly.

The argument based on paradoxes seems compelling because it is so easy to be
unaware of these constraint—whether this is due to a failure of rationality, or a
reflection of thefact that one actually held no beliefs on the topic whatsoever. The
fact that different problem statements can give rise to different answers and that
this discrepancy might seem arbitrary if there is not much to choose between
them should likewise not be seen asafault of theformalism. That different answers
can and will ensue depending on how a formalism is mapped onto a real world
problem is not a unique property of Bayesian inference, but occurs wherever
states of affairs are mapped onto formal models. This problem could be avoided
only if there was one single, unique way to represent the world. In lieu of that, the
problemwill remain, anditistypically not thejob of theformalismitself to determine
which of many possible or even plausible mappingsispreferable. What iscomforting
about Bayesian inference and the so-called ‘ paradoxes’ involving ignoranceisthat
it need not always matter: once balls are drawn from the urn my estimate will
gradually become more and more accurate, whether my prior was 1/2 or 1/3.

The second perceived limitation of the Bayesian approach that can be foundin
the argumentation literature concerns the way argument strength is calculated
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from evidence. An alternative approach to argumentation views arguments as
presumptively acceptable (e.g., Walton, 1996). That is, they are defaults that can
be readily overturned by new information. Walton makes the direct link between
this style of reasoning and the devel opment of non-monotonic logics (e.g., Reiter,
1980, 1985) inAl. InAl knowledge representation, the failureto devel op tractable
non-monotonic logics that adequately capture human inferentia intuitions, has
provided part of theimpetusfor the devel opment of Bayesian probabilistic approaches
to uncertain reasoning. Nonetheless, some alternative approaches have been
developed that explicitly include some measure of the strength of an argument
(Gabbay, 1996; Fox & Parsons, 1998; Pollock, 2001; Prakken & Vreeswijk, 2002).
Moreover, it is thisinclusion that provides these systems with their nice default
properties.

These systems explicitly eschew the idea that argument strength can be
adequately dealt with using the probability calculus. The root of this contentionis
Theophrastus Rule: the strength that achain of deductively linked arguments confers
on the conclusion cannot be weaker than the weakest link in the chain (Walton,
2004). Thisis a condition that cannot be guaranteed by the probability calculus.
Examples that seem to conform to Theophrastus' rule but not to the probability
calculus, have persuaded Walton (2004) and, for example, Pollock (2001), that a
third form of reasoning should be countenanced in addition to deductive and
inductive/statistical reasoning, i.e., plausibilist reasoning.

We addressfirst one of the examples for which probability has been viewed as
inadequate. We then address directly Theophrastus' rule.

Walton's (2004) example concerns negation within the probability calculus
according to which the probability of the negation of a hypothesisH, P(=H), is
constrained to be 1 minus the probability of that hypothesis, P(H). Plausibilist
reasoning based on Theophrastus' rule is necessary because this probabilistic
approach to negation is sometimes inappropriate. Specifically, Walton argues that
in the case of legal argumentation involving evidence, both a proposition and its
opposite can be highly plausible. He writes,

For example, suppose a small and weak man accuses a large and strong man
of assault. The small man argues that it is implausible that he, the weaker
man, would attack a visibly stronger man who could obviously defeat him. In
court, the visibly larger and stronger man asks whether it is plausible that he
would attack such a small man in front of witnesses when he knew full well
that he could be accused of assault. Here we have an argument with probative
weight on one side, but also an argument with probative weight on the
opposed side. The proposition that the large man commited assault is plausible
in light of the facts, but its negation is also plausiblein light of the same facts.
The argumentation in this typical kind of case in law violates the negation
axiom of the probability calculus. (pg. 278)

Fromthisit follows, according to Walton, that adifferent calculusis necessary,
namely onewhereby aproposition can be plausibleinrelationsto abody of evidence
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inagiven case, whereasthe negation of that same proposition can also be plausible
in relation to another body of evidence, and that a contextual and pragmatic notion
of probative evidenceisrequired.

We do not think the example warrants a new form of reasoning. What is going
on hereis simply a case of conflicting evidence. One first receives evidence that
would increase one's posterior degree of belief in the claim, and then receives
evidence that would decrease it. In this sense, one has had evidence both to make
the claim more plausible, and evidenceto reduceits plausibility. However, argument
evaluation must mean that the two sources of evidence are at some point integrated
into afinal, overall assessment. At this stage, they can either cancel each other out,
or one can outweigh the other with the conseguence that one’s final convictionis
shifted in the direction of the ‘weightier’ evidence, though less so than if the
counterevidence had not been received. One does not end up both more convinced
that the small man hit the large one and that he did not.” Unless one views both
bodies of evidence as entirely equal, in which case nothing changes, weighing the
evidence will increase on€’s belief in the one at the expense of the other. Thisis
exactly what the probability cal culusalowsoneto achieve. Thefirst set of evidence
increases one's posterior degree of belief in the claim, the second decreasesit and
Bayesian updating provides the mechanism whereby these beliefs are integrated
into an overall single judgment whether the two sets of evidence are received one
after the other or together.

It is also important here that not all legal claimsinvolve a proposition and its
negation. They might equally involvetwo propositionsthat are mutually exclusive
but not complements. In fact, Walton's example seems at timesto oscillate between
negation and mutual exclusivity in that the small man’s claim that it would be
implausible that he would attack a larger man seems more relevant to a debate
about who threw the first punch as opposed to a debate about whether or not the
large man hit him. In arguing about the first punch, the answer could be the small
man, the large man, both men simultaneously or that nobody hit anybody at all. In
this context, the small man’s claim that the large man hit him first could become
more plausible according to the evidence as could the large man’s claim that the
small man hit him first, because only the sumtotal of the probabilities associated
with the four logical possibilities must equal to one. In other words, one could
become more convinced that one of them hit the other, as opposed to no fight
having taken place at all, but be none the wiser as to which one hit the other first.
Again, Bayesian probability will givethisresult without the need for anew form of
‘plausiblereasoning’.

To conclude our discussion, we provide an example to illustrate why we think
Theophrastus' ruleisnot agood idea. The exampleisdrawn from our treatment of
the fallacies and involves circular arguments. Most circular arguments found in
practice do not involve adirect restatement of the conclusion among the premises,
rather the conclusion formsan implicit assumption, apresupposition, that underlies
theinterpretation of the premisemateria. Hence, theinferenceinvolves sl f-dependent
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justification (also referred to as ‘epistemic circularity’, e.g., Goldman, 2003; see
Hahn, Oaksford & Corner, 2005 for discussion of the previous literature).
Thisisthe case for the classic textbook example,

(7) God exists, because the Bible says so, and the Bible is the word of
God.

However, this is also the case for a huge number of scientific inferences, for
example

(8) Electrons exist, because we can see 3 cm tracks in a cloud chamber,
and 3 cm tracks in cloud chambers are signatures of electrons.

The scientific examplewhich ariseswherever scientists are dealing with entities
that cannot be directly observed seems a perfectly acceptable example of the
classic inference to the best explanation (Harman, 1965; see also, Josephson &
Josephson, 1994). This suggests that self-dependent justification is not inherently
wrong (see also Shogenji, 2000 and Brown, 1993, 1994 for scientific examples).
Our Bayesian account explainswhy (and for whom) the Bible example, which has
exactly the same structure, seems weak and the scientific example acceptable.

Self-dependent justification of thiskind iscaptured through hierarchical Bayesian
inference. Three levels are involved here—the directly observed evidence, the
interpretation of the evidence, and the hypothesis. The observed evidence is the
Bible's claim that God exists and the 3cm tracks seen in the cloud chamber. These
arerelevant to the hypothesis because they areinterpreted as the word of God and
the signature effects of electrons, respectively. Thisinterpretationisitself uncertain
and dependent on the fact that the hypothesisis true. This extra level, however,
does not in anyway preclude Bayesian conditioning on the given observation (see
e.g., Pearl, 1988 for examplesof hierarchical Bayesian inference), and making that
observation will increase our posterior degree of belief in the hypothesis. In the
case of the Bible, thisincrease will typically be slight, because there are numerous
other plausible interpretations of the Bible and its content other than that it is the
direct word of God, and priors, asalways, also affect how convincing the argument
will be. The scientific example will seem stronger simply because (and aslong as)
our estimates of the associated probabilities are different. A Bayesian analysisthen
explains the difference between weak, textbook examples of self-dependent
justification and widespread scientific practice and renders scientific use of inference
to the best explanation acceptable.

By contrast, classical logic fails here (Hahn, Oaksford & Corner, 2005 for
fuller discussion). Because the conclusion must already be assumed as a premise,
and degrees of belief (i.e., ‘truth’) are all-or-none, no self-dependent argument
can bring about any change in conviction. Consequently, all such arguments are
necessarily rendered maximally poor.

Moreover, Theophrastus' rule fails here as well. The interpretation of the
observation statement required for theinference (i.e., that 3cm tracks are signature
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effects of electrons; for example, random smudges on the screen) depends on the
hypothesis in question being true (i.e., trivialy, if there is no such thing as an
electron the 3cm tracks can be whatever they like except an electron’s signature
effect). Thisdependency meansthat the probability of theinterpretation being true
can never be greater than the probability of the hypothesis itself. This follows
directly from thefundamental axiomsof probability theory, becausetheinterpretation
statement, if true, would imply the truth of the hypothesis, and the probability of
any logical consegquence of a statement must be at least as great as the probability
of that statement itself.

In other words, the degree of belief associated with the interpretation statement
will be aweaker (or as weak a) link in the premise materia as the presupposed
conclusion itself. Hence our degree of belief in that conclusion should never rise
according to Theophrastus’' rule. Much of our scientific reasoning and
argumentation would belabelled ‘fallacious' asaresult, and my degree of belief in
electronswould remain the sameregardless of what | observed inthe cloud chamber
experiment or, in fact, whether or not | bothered to conduct the experiment at all.

Thisexample, inour view, also servesto underscore the wider merit of sticking
with awell-established normative cal culusin that trouble free inference procedures
are not that easy to derive, let alone to establish as normatively justified.

5. Conclusion

We have sought to argue here for the desirability not only of normative theories of
argument strength, but also for the desirability of a specifically Bayesian account.
Bayesian probability brings with it a whole host of inherent characteristics and
theoretical connections that make it an attractive candidate framework. Also, its
successin explaining arange of fallacies suggests, to us at |east, that thereis some
chanceitspromise might befulfilled. It ishoped that the case for Bayesian probability
made here will motivate future research aimed at this goal.
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Notes

1A cashregister, asasimple computing device, calculatesatotal sum of cost (computational level
description) as part of the social exchange network that constitutes a ‘sale’ - several possible
algorithmsfor addition are available as proceduresfor the device at the representational level, and
each of these, finally, could berealized in aphysical devicein countlessways.

2 Propensity theory (e.g., Popper, 1959) is another suggested interpretation of the probability
calculus which conceptually allows single-event probabilities, while seeking to maintain a
frequentistsbasis. Onitsproblemssee e.g. Howson & Urbach, 1993, ch. 13for detailed discussion.
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3 Note that thisis by no means a property of all logically valid arguments (Hahn et al, 2005). It
does not apply, for example, to the inference p therefore‘por g'.

4 Ennis (2004) claims that assigning subjective probabilities to statements altogether * wipes out
disagreement’ among people and henceisinappropriate for argumentation, because we can agree
that our subjective views of aclaim differ. However, we do not see how it follows from thisthat
we cannot be motivated to change others' degree of belief to the extent that it does not correspond
to our own, so argument is still both meaningful and possible.

5 Specifically thelikelihood ratio hasto be different.

6 This, of course, does not imply that peoples assessments of probabilities are always entirely
accurate. It does mean, however, that sensitivity to the probabilistic nature of the environment
emerges as a central aspect of computational level description (see section 1). At the sametime,
however, subsequent research has greatly modified some of the early claimsregarding people’s
‘failings with regards to intuitive statistics (e.g., Birnbaum 2004, cf. Tversky & Kahneman,

1974).

"1f one did, one would be prone to (synchronic) Dutch books, that is bets one is guaranteed to
lose. Specifically, inthecasewhereit isclear that either theA hit B or B hit A, becoming both more
convinced in A’s hitting and in B’ s hitting would mean that the degrees of belief assigned to each
of these possihilities could exceed 1. Assume onethought, for example, that therewasa .6 chance
that A hit B, and a .5 chance that it was B that hit A. Assume further oneiswilling to bet in line
with one’s degrees of belief, such that onewill accept up to or equal to one’s‘ degree of belief’ x
$10 for aunit wager that pays $10 if the claim in question turns out to be true. One would then
be happy to pay abookie $6 on A being the hitter, but also to pay $5 on B being the hitter (i.e.,

‘notA"). Regardless of who had actually done the hitting, onewould then lose $1, having paid $11
on acombination of wagers guaranteed to pay exactly $10. By contrast, aslong as degrees of belief
in astatement and its complement sum to one, bets on an event and its complement respecting
those degrees of belief will break even.
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