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Why Bayesians Polarize: Towards A Unified Approach

David Young
School of Psychological Sciences, Birkbeck College, Malet Street, London, WC1E 7HX UK
Department of Psychology, University of Cambridge, Downing Place, Cambridge, CB2 3EB UK

Abstract

It is widely assumed that when belief polarization occurs —
people updating their beliefs in opposing directions in response
to the same evidence — people’s reasoning must be in some way
irrational. Yet, several authors have shown that Bayesian
reasoning can, theoretically, cause polarization. I provide an
accessible explanation for why Bayesians polarize, unifying
some previous approaches. I elucidate the conditions under
which Bayesian polarization can occur in two scenarios,
providing non-technical explanations, with examples, and
using Bayesian Networks to set up mathematical proofs. I show
how these two scenarios can provide explanations for some
prior documented cases of belief polarization in the literature.

Keywords: Bayesian; polarization; belief; updating; networks.

Introduction

There is confusion about the cognitive underpinnings of
belief polarization, the phenomenon where two observers
who observe the same piece of evidence regarding a
particular hypothesis update their beliefs about the
hypothesis in opposing directions, one becoming more
confident it is true, one becoming more confident it is false
(Bullock, 2009; Jern, Chang, & Kemp, 2014). In particular,
there is debate about whether polarization can be caused by
Bayesian reasoning, with the field historically supposing not.

For example, the most famous empirical example of belief
polarization, Lord et al. (1979), is widely attributed to a form
of procedurally-irrational reasoning called ‘biased
assimilation’ (Baron, 2008; Lord & Taylor, 2009).
Elsewhere, prominent authors claim Bayesianism requires
people exposed to identical evidence to come closer together
in their beliefs (Bartels, 2002; Kahan, 2016), making
polarization de facto incompatible with Bayesian reasoning.

More recently it has been shown that there are
circumstances where belief polarization can be Bayesian
(Bullock, 2009; Cook & Lewandowsky, 2016; Jern et al.,
2014; Mandelbaum, 2019; Olsson, 2013; Young et al., 2025).
Articles which extemporize this perspective carry titles like
“Rational irrationality” (Cook & Lewandowsky, 2016) and
“Belief polarization is not always irrational” (Jern et al.
2014), underscoring the field’s general view of belief
polarization as the product of irrationality.

However, the literature establishing that polarization can
be Bayesian has some limitations. Firstly, it contains internal
conflicts — for instance, Bullock (2009) concludes that it is
not possible for polarization over an “unchanging”
hypothesis, whose state is fixed to occur, yet others, like Jern

et al. (2014), contend it is. Secondly, the accessibility of this
literature is in some cases limited due to its mathematical
complexity. Thirdly, and most importantly, some accounts
fall short of identifying sets of precise conditions which are
sufficient for Bayesian polarization to occur — for example,
Jern et al. (2014) identify three Bayesian Networks which
permit polarization, but, as I will show, these networks must
possess additional properties unstated by Jern et al. for
polarization to be possible.

In this article I aim to communicate clearly and precisely
why it is actually quite easy for Bayesians to polarize, by
presenting two simple and broadly-applicable scenarios in
which it can occur. I unify the approaches of Jern et al. (2014)
and Benoit & Dubra (2019). To maximize accessibility, |
present non-technical explanations of both scenarios, with
examples, as well as mathematical proofs. I conclude by
discussing how some prominent previous cases of belief
polarization could fit into my framework. I hope the evidence
I present will make it easier for others to adjudicate whether
specific cases of belief polarization are compatible with
Bayesian reasoning, or not.

Bayesian Polarization

Bayes’ Rule tells us that when we observe some evidence, E,
that bears upon some hypothesis, H, a true-or-false statement
about the state of the world, we should update our confidence
in H being true in proportion to the likelihood ratio of the
evidence; this is how much likelier we think it is that we
would observe the evidence if H were true than if it were
false, p(EH)/p(E|—H).

Two individuals can polarize upon viewing the same
evidence, then, when they have likelihood ratios which go in
opposing direction, one calculating the likelihood ratio to be
above 1 and so strengthening their in confidence H, the other
calculating the likelihood ratio to be below 1, and weakening
their confidence.

Bayesian Networks can help us understand when this is
possible. A Bayesian Network is a model of a reasoning
problem which is parameterized so as to contain the
information necessary for users to perform Bayesian
inference to estimate, probabilistically, the states of some
variables given observations of others (see Pearl, 1988; Pearl
and Russell, 2002). Bayesian Networks contain information
about so called parent-child relationships, where parent
variables influence the states of child variables, depicted in
the form of arrows (directed edges) drawn from parents to
children. These arrows are intuitively suited to modelling
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Figure 1: The structure of a Bayesian Network where belief polarization in response to a single piece of evidence can
occur due to a crossover interaction. A. Diagram of the network in the form of a directed acyclic graph (DAG). B. The
properties of the Conditional Probability Table; P(E=Eogs) refers to the probability of the evidence node occupying its
observed state, conditional upon the state of the Moderator variable and the state of the Hypothesis.

causal relationships but can also model purely correlational
probabilistic dependencies. Conditional probability tables
encode information about these relationships by specifying,
for every child node, the probability of it occupying each of
its different possible states for every possible combination of
its parents’ states. A large literature uses Bayesian Networks
to model how human reasoners learn from evidence across a
variety of contexts (Bhui & Gershman, 2020; Botvinik-Nezer
et al., 2023; Fenton et al., 2013; Harris et al., 2013, 2016;
Lagnado et al., 2013; Madsen, 2016, 2019; Young et al.,
2023, 2025; Young & de-Wit, 2025).

Suppose we use the Bayesian Network in Figure la, to
model a case where our interpretation of the evidence with
respect to some hypothesis is affected by a Moderator, M. For
simplicity’s sake, I will assume all the nodes are binary,
having only two possible states — True and False for H, X and
Y for M, and since we observe E to be in one particular state,
we do not need to worry about what its states are.

Crucially, the value of M affects our calculation of the
likelihood ratio of £ with respect to H, because both p(E|H)
and p(E|~H) have to be calculated as sums of the likelihood
of E for both of M’s states, weighted by the probability of M
occupying each state. That is, the likelihood ratio is equal to:

p(EIH,M = X)p(M = X) + p(E|[H,M =Y)p(M =Y)
p(E|-H,M = X)p(M = X) + p(E|-H,M =Y)p(M =Y)

People with different priors for M, then, will have different
likelihood ratios, and in certain cases, ones with opposing
directions. Scenario #1 and Scenario #2 refer to broad types
of reasoning problem which can be captured with a Bayesian
Networks that has sufficient properties for this to occur.

Previous Approaches

My approach unifies two previous approaches, while
adding some greater specificity and simplifying some
elements. The Bayesian Network in Figure 1a is identical to
one of the Networks Jern et al. (2014) identify as capable of
causing belief polarization, which they call Network “vi’. I

label their node ‘7’ as M and characterize it as a ‘Moderator’,
which helps to illustrate its role. The Scenario #2 is a
variation on this network that Jern et al. (2014) did not
discuss. In contrast to Jern et al. (2014), I show that the
properties of the conditional probability table for £ are crucial
for determining whether belief polarization is possible.

I also draw on Benoit & Dubra (2019), who show Bayesian
polarization can occur when an “ancillary matter” affects
how the evidence should be interpreted. I capture “ancillary
matters” using the variable M, providing a firm
computational definition. Importantly, the condition which I
will establish must be fulfilled for a Bayesian Network to
allow belief polarization in Scenario #1 is identical, besides
labelling, to one of the conditions Benoit and Dubra identify
as necessary for Bayesian belief polarization — namely, using
their nomenclature, that a signal is “equivocal” (see p. 1678-
1679). My contribution is to provide a substantially simpler
proof of this, to offer a different and perhaps clearer way of
understanding the point by situating it within the Bayesian
Network framework, and to differentiate this kind of
polarization from Scenario #2 cases, where observers receive
two pieces of conflicting evidence, which is a distinction
Benoit and Dubra do not make.

Scenario #1

Non-Technical Explanation

Scenario #1 occurs when the relationship between the
evidence we observe, E, and the hypothesis we are interested
in, H, is affected by some kind of Moderator variable, M,
which changes whether E is more likely to occur when H is
true or when H is false. If we think £ is more likely to be
observed when H is true, we will regard it as positive
evidence, but if we think £ is more likely to be observed when
H is false, we will regard it as negative evidence. Thus, if two
people have different beliefs about M, one can regard the
evidence as positive evidence while the other regards it as
negative, causing polarization. I provide three examples of
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polarization occurring in this way, each taken from a different
broad class of cases where Scenario #1 can arise.

In the first class of cases, ‘Taste’ cases, we seek to make a
valence judgment about whether something is good or bad
after observing that it possesses a particular characteristic.
The Moderator simply affects whether we regard the
characteristic as indicating goodness or badness. For
example, if we learn that our favorite musician is about to
release a ‘country’ album, whether or not we believe the
album will be good or bad will be affected by our belief about
whether country music is good or bad. Thus, a person who
thinks country music is good is likely to increase their
confidence the album will be good, but a person who thinks
country music is bad will increase their confidence the album
will be bad. This is the most basic way a stimulus can be
“polarizing” — people simply have different beliefs about
whether its characteristics make it good or bad.

In the second class of Scenario #1 cases, ‘Trade-Off” cases,
we again seek to make a valence judgment about something
after learning about a characteristic that it possesses. This
characteristic has both good and bad implications, and the
Moderator is whether we judge the good to outweigh the bad,
or vice versa. For example, suppose we learn that a zoo
located very close to where we live is extremely cheap. This
has the good implication of making it more affordable, but
also the bad implication that the zoo may not be able to afford
adequate security measures to prevent dangerous animals
from escaping, potentially endangering us. Two people
considering whether the proximity of the zoo is a good or bad
thing can therefore polarize upon learning about its cheap
cost — someone who values the greater affordability but
assumes the security risks are minimal will increase their
confidence it is good, but someone who has little interest in
going anyway but worries an under-funded zoo will shirk on
security will increase their confidence it is bad.

In the third class of cases, ‘Knowledge’ cases, a difference
in the knowledge possessed by two people can lead to
polarization when some piece of background knowledge is
critical to determining the direction of the evidence. For
example, suppose you are at a dinner party with two friends,
one of whom hates fish. You learn the host is planning to
serve ‘Bombay duck’. You, assuming Bombay duck to be a
dish containing duck, increase your confidence that your fish-
hating friend will enjoy their meal. But your other friend,
knowing that Bombay duck actually contains fish, increases
their confidence that the friend will dislike their meal.

Technical Explanation

The defining feature of Scenario #1 is that a Bayesian
Network of the problem structure consists of an interaction
between the hypothesis-under-consideration H (with states
‘True’ or ‘False’) and a Moderator M (with states X and Y),
which influences the state of the evidence variable, E, with a
crossover interaction. By crossover interaction, I mean that
the state of M changes whether the probability of £ being in
its observed state is greater when H is true or when it is false;
this means that the state of H with the highest likelihood given

E’s state differs depending on the state of M, and thus £ can
provide positive or negative evidence for H being true
depending on our prior for M. Figure 1 shows the structure of
this Bayesian Network and defines the properties of its
conditional probability table.

To prove that Bayesian Networks with these properties
allow for belief polarization to occur, I will show that the
direction of updating can be either positive or negative
depending on the observer’s prior for M.

To make the equations less cluttered, I let p(M=X) = m,
where 0 >m > 1 (I prevent m = 0 and m = 1 as in these
cases, the observer would have no need to consider M as a
variable, knowing its state for certain, and so it is not the case
that they would be using the Scenario #1 network). As Figure
1b shows, our critical property is that either a/c > 1 and b/d <
1,ora/c <1 and b/d> 1.1 begin by assuming a/c > 1 and b/d
< 1. The likelihood ratio governing how much a person

updates in response to the evidence is:
am+b(l—m
cm+d(1l—m)

Positive updating occurs when LR > 1. We can therefore
deduce the conditions under which the value of m will lead to
positive updating as follows:

am+ b(1—m)
onrda—m ! (1.2)
am+b(1l—m)>cm+d(1l—m) (1.3)
(a—cym>(d—-b)(1—m) (1.4)
e 09

Since a/c > 1, a — ¢ is positive, and since b/d < 1,d — b is
positive too. This means (d — b)/(a — ¢) is positive and non-
infinite, and since 0 > m > 1, m/(1 — m) must also have a
positive non-infinite value. Therefore certain values of m will
satisfy this inequality, leading to positive updating.

But other values of m will lead to negative updating for the
same values of a, b, ¢, and d. Negative updating occurs when
LR < 1. Therefore suppose the inequality was flipped from
the start in Eq. 1.2; since the inequality does not change from
Eq 1.2 to Eq 1.5, we know that following the same logic will
result in the condition for negative updating being:

m d—>b

1-m

(1.6)
a—c

Again, since the only restriction on the values of both
quantities in this equation is that they are positive and non-
infinite, it will always be possible for certain values of m to
satisfy this inequality. Therefore, depending on a person’s
prior for M, it will be possible or them to update in either
direction. In the special case where d — b = a — ¢, positive
updating will occur when m/(1 - m) > 1, i.e., when m > 0.5,
whereas negative updating will occur when m < 0.5. In other
cases, the critical value of m will be different. Effectively, (d
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Figure 2: The structure of a Bayesian Network where belief polarization in response to two pieces of evidence, one
positive and one negative, can occur due to an attenuating interaction. A. Diagram of the network in the form of a
directed acyclic graph (DAG). B. The properties of the Conditional Probability Table; P(E=POS) and P(E=NEG) refer,
respectively, to the probability, for each evidence node, of it occupying a positive and negative state, conditional upon
the state of the Moderator variable and the state of the Hypothesis.

- b)/(a - c) acts as a threshold which determines the direction
of updating depending on whether m/(1-m) is greater or
lesser.

The Obverse Case

What about when a/c <1 and b/d > 1?7 Now we obtain the
opposite end results: when Eq. 1.5 is satisfied, negative
updating occurs; when Egq. 1.6 is satisfied, positive updating
occurs. This is because, if we proceed from Eq. 1.2 as before
to establish the conditions under which positive updating
occurs, when we reach Eq. 1.4 and try to proceed further by
dividing both sides by a — ¢, this quantity is negative, which
requires us to flip the inequality, meaning we end up with Egq.
1.6. Similarly, if we began with the inequality flipped in Eg.
1.2 to establish the conditions under which negative updating
occurs, we would end up having to flip the inequality at the
equivalent point, leading to Eq. 1.5. So, updating can still
occur in either direction, but the rule governing which
direction is reversed.

The Null Case

We can also see that polarization will not be possible for
this structure of Bayesian Network un/ess there is a crossover
interaction in the conditional probability table as defined.
There cannot be a crossover interaction if either a/c =1 or b/d
=1.Ifa/c =1, a - c =0, meaning (d — b)/(a — c) is undefined
and so neither Eg. 1.5 or Eq. 1.6 can be satisfied. If b/d =1,
b = d, meaning (d — b)/(a — ¢) = 0 and Eq 1.6 cannot be
satisfied. In either case, it is not possible for there to be values
of m which can satisfy both inequalities. The other way in

which a crossover interaction does not occur is if both a/c and
b/d> 1, or both a/c and b/d < 1. In both cases, either a — ¢ or
b —d is negative, meaning (d — b)/(a — c¢) has a negative value,
and so Eg. 1.6 cannot be satisfied.

Thus, when there is no crossover interaction, for any given
set of parameters a, b, ¢, and d, updating will only be possible
in one direction.

Scenario #2

Non-Technical Explanation
In Scenario #2, people receive two pieces of evidence for the
same hypothesis, one positive and one negative. For each
piece of evidence, there is a moderating factor which affects
its strength. Two people can then polarize when one’s beliefs
about the moderating factors mean they regard the positive
evidence as stronger than the negative evidence, leading to a
positive net update, but the other sees the negative evidence
as stronger than the positive, leading to a negative net update.
As a specific example, suppose two people read two
newspaper articles about whether a politician is guilty of a
scandal, one arguing for their guilt, one arguing for their
innocence. How strongly they update in response to each
article will be influenced by their past experience of the
newspapers’ reliability in commenting on political matters. If
one person has typically found the newspaper arguing for the
politician’s guilt to be more reliable than the other, they will
become more convinced of their guilt; but if the other person
has typically found the other newspaper to be more reliable,
they will become more convinced of the politician’s
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innocence. Thus, the two people polarize due to their
differing perceptions of the newspapers’ reliabilities.

Technical Explanation

The defining features of Scenario #2 are that a Bayesian
Network of the problem structure contains two pieces of
evidence, each of which is the product of an interaction
between the hypothesis-under-consideration H and a
moderating factor M, where each interaction creates an
attenuating interaction in the conditional probability table.
By attenuating interaction, I mean that for one state of M, the
degree to which E is likelier given H than —H is reduced,
altering the strength of the evidence as our belief in M
occupying that state increases (this also includes cases where
the state of M reverses whether E is likelier given H or —H,
as the strength of the evidence in its nominal direction is
reduced). This allows some people to weight the positive
evidence more than the negative, but for others to do the
opposite, polarizing. The structure of the network and the
properties its conditional probability tables must have are
shown in Figure 2. We can see from Figure 2a that the
structure of the Bayesian Network is effectively two of the
Bayesian Networks from Figure la joined together at the A
node; notably, Jern et al. (2014) did not propose networks
with this structure.

To prove that Bayesian Networks with these properties can
allow for polarization, I show that the direction of updating
depends on the relative strength of the observer’s priors for
the Moderator variables. To make the equations less
cluttered, I let p(Mp = X) = m,, and p(My = X) = my, neither
of which can equal 0 or 1, as before.

The likelihood ratio for the positive evidence, LR, is:

mpa + (1 —mp)b
LR, = P P

2.1
mpc + (1 — mp)d @D

Similarly the likelihood ratio for the negative evidence,
LRy, is:

myc + (1 —my)d

LRy (2.2)

B mya + (1 —my)b

As Figure 2a shows, it can either be the case that a/c > b/d
or a/c < b/d. 1 will start with the case where a/c > b/d. This

gives a condition to which we will return shortly:
ad —bc >0 (2.3)

To get positive updating, LRp X LRy > 1, and therefore:

mpa+ (1 —mp)b mya+ (1 —my)b

2.4

mpc+ (1 —mp)d = myc+ (1 —my)d @4
Expanding and simplifying, we find:

admp(1 —my) + bemy(1 —mp) > 2.5)

admy(1 —mp) + bemp(1 — my)

(ad — bc)mp(1 —my) > (ad — bo)my(1 —mp)  (2.6)

Now we can simplify this further by dividing both sides by
ad — bc, which Eq. 2.3 shows is positive. Therefore we do not
need to reverse the inequality in this case, giving:

mp(1 —my) > my(1l —mp) (2.7)

mp —mpmy > my — MpMmy 2.8)

mp > my 2.9

So positive updating occurs when

mp > my .As for negative updating, we can see that this will
occur when mp < my. This is because to establish the
conditions under which negative updating occurs, we would
start with LRp X LRy < 1, giving:
mpa + (1 —mp)b
mpc + (1 —mp)d

mya + (1 —my)b
myc + (1 —my)d

(2.10)

Which is just Eg. 2.4 with the signed reversed. Following
the same logic as before then, since the sign does not flip
between Eq. 2.4 and Egq. 2.9, we know we will end up with:

@.11)

Therefore, what determines the direction of updating is
very simple: is the person’s prior for p(Mp = X) greater than
p(My = X), or vice versa? These cases lead to positive and
negative updating respectively.

The Obverse Case

We began the preceding proof by assuming that a/c > b/d,
but we can also have an attenuating interaction when a/c <
b/d Like with Scenario #1, flipping over this inequality just
means that the conditions for positive and negative updating
are reversed. With a, b, ¢, and d parameters that have this
property, positive updating occurs when Egq. 2.11 is satisfied,
whereas negative updating occurs when Eq. 2.9 is satisfied.

To see why this is the case, we need to first establish that,
since a/c < b/d, Eq. 2.3 is not true, rather:

ad —bc < 0 2.12)

Thus, to understand when positive updating takes place, we
can follow from Eq. 2.4 to Eq. 2.6 as before, but when we
divide both sides by ad — bc, must flip the inequality since
this is a negative quantity, giving not Eq. 2.7, but rather:

mp(1 —my) < my(1l —mp) (2.13)

Which simplifies to Eq. 2.11, mp < my. Similarly, if we
began with Eq. 2.10 to understand when negative updating
occurs, we would have to flip the inequality at the same
juncture, leading us to £q. 2.9, mp > my.

The Null Case
If there is no attenuating interaction, polarize cannot occur.

In this case, a/c = b/d, meaning:
ad —bc=0 (2.14)

This means we cannot update either positively or
negatively, because we cannot move from Eq. 2.6 to Eq. 2.7,
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as dividing by ad — bc would require dividing by 0, which we
cannot do.

More Complicated Cases

To simplify matters, in the preceding cases both
Moderators My and Mp shared a set of common parameters,
and their conditional probability tables were mirror images.
In the Supplementary Materials, I show that in cases where
they have different parameters, polarization can still occur as
long as both Moderators have attenuating interactions
(https://osf.io/rhbgd/?view_only=d77e¢48ce8ad5496199cbc4
eaeea5ad09).

Discussion

There are two easy-to-imagine scenarios where sufficient
conditions are in place for Bayesians to polarize. These
Bayesians agree about the structure of the problem they are
reasoning about, and the conditional probabilities which
describe the relationships between the variables involved, but
they update in opposing directions — polarize — due to
differences in their prior beliefs about moderating variables
which affect how the evidence is interpreted.

The two scenarios suggested here can provide theoretical
Bayesian explanations for a number of well-known cases of
belief polarization in the literature. For example, to explain
why Lord et al. (1979) found that providing mixed evidence
for-and-against the effectiveness of the death penalty as a
crime deterrent led both people who initially doubted its
effectiveness and those who initially believed in its
effectiveness to report that it had strengthened their views,
we can view this as an example of Scenario #2. The
moderating factor here could have been the reliability of the
sources, as evidence from less-reliable sources should
naturally attenuate the strength of the source’s evidence.
Whichever side participants initially took, they likely had
previous experience that people who took the same view of
the death penalty as them tended to be more reliable than
people in the opposing camp, as the attitudinally-congruent
source group’s claims would have, in past experiences,
appeared more plausible in light of their pre-existing views
(see Collins et al., 2018). Since pro-death penalty claims are
more likely to be made by people who support the death
penalty, and vice versa, people can probabilistically infer that
the evidence which conflicts with their view is more likely to
come from an unreliable source, leading people to weight the
attitudinally-consistent information more heavily, creating
polarization. Indeed, this explanation is quite similar to one
suggested by Jern et al. (2014), where participants might
down-weight the attitudinally-inconsistent claims due to
perceived bias of the source.

Furthermore Young et al. (2025) have empirically
demonstrated that when people are exposed to conflicting
claims made by two source groups, and have reason to regard
one group as less reliable (in this case because their members
were more inter-dependent), this can cause belief polarization
between people who disagree about which group is less
reliable. This is a case of Scenario #2 polarization.

An example of Scenario #1 polarization can be found in
Benoit and Dubra (2019)’s explanation of the polarization
observed by Plous (1991), who found that telling people
about an incident where a nuclear power station narrowly
avoided going into meltdown caused people who initially
thought nuclear power unsafe to view it as less safe, but for
those who initially thought it safe, to view it as even more
safe. They point out that the ‘near miss’ has both negative
implications — dangerous events can and do occur — and
positive ones — nuclear plants have robust and reliable safety
protocols. Thus, people who disagree about whether the
positives outweigh the negatives can update in opposing
directions — this then is Scenario #1 example of the ‘Trade-
Off” class. Moreover, they point out that how people evaluate
this trade-off is likely to have influenced their view of similar
near-miss incidents in the past, leading those who prioritize
the negative implications to doubt nuclear safety, and those
who prioritize the positive implications to have faith in
nuclear safety, which explains why it was the former who
updated negatively and the latter who updated positively.

Of course, I have no empirical evidence that the Scenario
#1 and #2 Bayesian networks explain these cases; I can
merely point out the logical plausibility. One piece of
evidence, however, comes from Cook and Lewandowsky
(2016), who proposed a Bayesian network that could explain
polarization over climate change evidence, which has the
form of a Scenario #1 network; their US participants
perceived a crossover interaction in the conditional
probability table, and polarization occurred. Future studies
could systematically test whether polarization does occur
when people perceive the reasoning problem they face to
have the form of a Scenario #1 or #2 network and the
conditions I have identified are satisfied.

My two scenarios, and the example cases of them given,
can help researchers determine if a Bayesian explanation for
a given example of polarization might be plausible. The
computational specificity afforded here offers greater clarity
on this matter than exists currently in the literature — I go
beyond Jern et al. (2014) by identifying specific conditions
that must be satisfied regarding people’s priors and the
conditional probability tables, and I go beyond
Mandelbaum's (2019) attempt to differentiate between
Bayes-compatible and Bayes-incompatible cases of
polarization by providing computational rather than purely
verbal arguments. However, my framework cannot be used
as a foolproof guide, as the explanations for Bayesian
polarization offered here are not exhaustive — there are other
scenarios where polarization may be possible. Indeed, Jern et
al. (2014) show that belief polarization can occur in two other
kinds of network, which future work can investigate.
Therefore, it should be noted that a case of polarization which
cannot be modelled as arising from either Scenario #1 or #2
might still be Bayesian.

My hope is that future work will build on the framework
established here to provide a clear, exhaustive, and
empirically-validated explanation of why Bayesians polarize.
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