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Abstract

It is an inherent part of communication across social networks
that the same evidence can reach us by different paths. This cre-
ates the possibility of inadvertent double counting of evidence.
Recent work has shown that some degree of double counting
seems to be an inevitable part of group deliberation. This makes
it imperative to understand what impact evidence-reduplication
has on beliefs or opinions across social networks. In this paper,
we use agent-based modelling to show how and why double
counting gives rise to polarization.

Keywords: Agent-Based Model; Polarization; Bayesian Infer-
ence; Deliberation; Social Networks

Introduction
When faced with a situation in which multiple sources report
the sighting of a bear in the neighbourhood, it seems intuitively
obvious that our degree of belief or confidence that there is,
indeed, a bear should be different depending on whether these
sources have each independently spotted a bear, or whether
their reports stem ultimately from a further single, underlying
source.

Experimental research has become increasingly interested
in the extent to which lay reasoners are sensitive to this dis-
tinction (Madsen et al., 2020; Pilditch et al., 2020; Whalen
et al., 2018; Yousif et al., 2019). The empirical conclusion
from that body of work, to date, suggests that lay reasoners
show some sensitivity to whether or not evidence sources are
dependent or independent, but fail to reckon fully with the
intricacies that can emerge here.

What has remained obscured in that literature is the extent
to which the problem of evidential dependency is, arguably,
both ineliminable and unsolvable. Evidential dependence is
ubiquitous because we are typically part of wider social net-
works, even where we are ostensibly communicating only in
dyads (Hahn, 2023). Kathy and Priya may be speaking only to
each other in a given moment, but each also has other people
they speak to, potentially about the same topic, and some of
those people, in turn, might be direct contacts.

In short, information exchange across a social network hap-
pens both across direct and indirect paths that link agents
within a wider network. Information flows across all of these
paths to create informational dependence. As the simple ex-
ample of the bear illustrates, a failure to reckon with the fact
that essentially the same information has reached us via mul-
tiple routes will lead to assuming there is more evidence than

there actually is. In effect, unnoticed evidential dependence
creates over-weighting or ‘double counting’.

The first problem in trying to deal appropriately with the
problem of evidential dependence is that in practice we typi-
cally do not know (or even have a way of knowing) the struc-
ture of the wider network across which information flows
(Merdes et al., 2021). More surprising is the fact that—even
if we did—there is no normative tool that would allow us to
calculate the ‘correct’ discounted evidential value. It is clear
that we should somehow make adjustments to the evidential
value in order to account for the dependence, but by how
much, exactly, should we adjust that value?

It turns out that not even an ideal Bayesian agent who knows
the network structure can calculate the impact of dependence
in general. Bayesian Belief Networks were, in fact, designed
precisely to allow normative Bayesian computations for de-
pendent evidence (Pearl, 1988), and are the best tool that
we have. However, recent analysis shows that Bayesian Be-
lief Networks cannot fully capture evidential dependence on
social networks (Pilditch et al., 2025). For one, there is a
mismatch in the semantics of Bayesian Networks in that they
capture the perspective of an external observer, not a node
that is itself within the network. Given that our best tool does
not provide a solution here, there is consequently a deep sense
in which the problem of reckoning with dependence to avoid
double-counting is (currently) unsolvable.

All of this means that there will inevitably be ‘double count-
ing errors’ brought about by communication across social
networks (and with it dependence) which itself is ubiquitous.
This makes it imperative to understand the consequences of
failure to reckon with evidential dependence.

In this paper, we explore those consequences by means of
an agent-based simulation. As we will see, evidential depen-
dence is a powerful source of polarization. This has only been
hinted at in past work (Hahn, 2023). There are no simulations
that provide qualitative and quantitive insight into this phe-
nomenon. This matters because consensus is seen as desirable
across many deliberation contexts (Landemore & Page, 2015).
And there is not only widespread concern about polarization
as a threat to democratic societies (Sunstein, 2018), there is
also a widespread suspicion that changes to our information
environment, in particular the rise of online social media and
its displacement of traditional media outlets, have fuelled in-
creases in polarization.

However, it remains unclear how that might be. In fact,
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most models of opinion or belief dynamics across social net-
works inevitably converge, unless specific disruptive mech-
anisms are added to their trajectory (Bramson et al., 2017;
Mäs & Flache, 2013). Many putative causal factors that could
cause such disruption have been suggested in the literature:
divergent perceptions of source reliability (Henderson & Geb-
harter, 2021; Olsson, 2020), affiliative sorting (Mäs & Flache,
2013), the selective sharing of information (Assaad & Hahn,
2024; Kopecky, 2024), algorithmically induced filter-bubbles
(Pariser, 2011), memory limitations (Singer et al., 2019), di-
vergent perceptions of how the evidence relates to the causal
structure of the world (Jern et al., 2014), and irrationalities
such as motivated reasoning and cognitive biases (Anderson,
2021; Kahan, 2013; Taber et al., 2009).

The potential role of informational dependence (Hahn,
2023) as a factor has entered the discussion only recently.
There have, however, been no attempts to date to explore this
possibility in simulations. The present paper addresses that
gap with agent-based simulations that explicitly manipulate
informational dependence. These make more precise how
and why informational dependence generates polarization.

Modelling of Polarization
Imagine a group of agents collecting and exchanging informa-
tion to deliberate whether a certain hypothesis H is true (𝐻)
or false (¬𝐻). Each forms a degree of belief 𝑃(𝐻) ∈ [0, 1]
about the hypothesis based on the received information. This
scenario, much of the modelling literature assumes, captures
the essential form of real group deliberation and we will make
the same assumption (e.g., Baccini et al., 2023).

Polarization is then understood as belief dispersion induced
by deliberation (cf. Bramson et al., 2017, p. 120). If the group
arrives (more or less) at one degree of belief, we speak of con-
vergence on consensus. All other belief distributions show
belief dispersion of varying degrees. Perfect bi-polarization
(i.e., one half of the group believing 1, the other 0) is the
most extreme case of dispersion, though such perfect splits
are unlikely to obtain in models, and even less so in the real
world. How do computational models reconstruct polariza-
tion among rational agents? As already noted, the literature
contains a plethora of models (e.g., Axelrod, 1997; Hegsel-
mann, Krause, et al., 2002). The specific modelling route
we pursue here involves Bayesian agents. Bayesian reasoning
is an established standard for rational reasoning (Hartmann,
2021), so it constitutes a ‘best case’ starting point. In past
research on polarization, Bayesian models have featured in
two different strands: bandit models and source reliability
simulation models.

Bandit models (Bala & Goyal, 1998) use one or multi-
armed bandits where each ‘arm’ represents a theory. Agents
test these theories’ success rates, aiming to identify the arm
with the highest expected payoff. They compute beliefs about
the best theory through Bayesian conditionalization based on
their own outcomes and those of their neighbours. The stan-
dard two-armed bandit models used in the study of scientific

communication (Zollman, 2007, 2010) do not lead to polar-
ization. Polarization can, however, be obtained by including a
conformity bias parameter (Weatherall & O’Connor, 2021) or
by allowing evidence from disagreeing neighbours to be seen
as increasingly uncertain (O’Connor & Weatherall, 2018).

While agents in bandit models exchange evidence directly,
Bayesian source reliability models involve agents exchang-
ing testimony: agents assert to other agents the truth or fal-
sity of the hypothesis (once their degree of belief exceeds
some threshold) and that assertion itself is (socially obtained)
evidence alongside private evidence (‘from the world’) that
agents collect. Crucially, the evidential value of such testi-
monial evidence rests on perceived source reliability: trusted
sources have greater impact on recipient’s beliefs. Diverging
perceptions of trust may give rise to bi-polarization (Ols-
son, 2020) whereby (typically) a majority converges on the
truth with a stranded minority firmly believing the oppo-
site. Many subsequent studies have explored this approach
(Fränken & Pilditch, 2021; Hahn et al., 2024; Merdes et al.,
2021; Pallavicini et al., 2021) and the underlying drivers of
source reliability (Collins et al., 2018).

The simulations in this paper share the Bayesian approach,
but like bandit models, involve agents (faithfully) sharing ev-
idence, not testimony.

Simulations
For our simulations, we use the NormAN framework (short
for Normative Argument Exchange across Networks, devel-
oped in Assaad et al., 2023—a freely available1 agent-based
simulation environment). NormAN follows on from earlier
models of argument exchange such as Mäs and Flache, 2013.
In it, rational Bayesian agents exchange evidence directly, in-
terpret evidence uniformly (without trust updating), recognize
indexed pieces evidence—so they never double-count any—
and have perfect memory.

Deliberation is based on a set of evidence pieces: each
piece is initialized as ’true’ or ’false’ and points towards
or against the truth of the discussed hypothesis H (e.g.,
{𝐸1,¬𝐸2, . . . ,¬𝐸𝑛}). Agents become aware of the true val-
ues of these pieces of evidence either through individual in-
quiry, or through communication. Communication involves
choosing and directly passing on specific pieces of evidence,
i.e., argument exchange. Most of the work using NormAN
to date has explored the consequences of different commu-
nication rules (Schöppl, 2025; Schöppl & Hahn, 2024). By
contrast, our simulations explore differences in the nature of
the evidence as it presents itself to agents.

In order to study the impact of ‘double counting’ errors
brought about by non-independence it is important that we
start the simulations with independent pieces of evidence.
While the NormAN framework is designed to help study ar-
gument exchange about problems involving complex relation-
ships between individual pieces of evidence (not only argu-
ments for and against, but arguments that relate to each other,

1https://github.com/NormAN-framework/base-model
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such as under-cutters or defeaters, Assaad et al., 2025), this
particular feature is not immediately relevant to the current
investigation. Consequently, we started with model variant
developed by Assaad and Hahn, 2024 that involves random
draws of independent pieces of evidence.2 To that code, we
added the ability to vary the percentage of the evidence that
was indexed, and hence recognisable to agents as (potential)
reduplication.3

Whereas the earlier code indexed all pieces of evidence, our
code allows some pieces of evidence to remain un-indexed.
This means multiple copies of that same piece of evidence
received via communication are not recognized as ‘the same
piece of evidence’. Consequently, rather than updating their
beliefs only once, agents update in response to each copy. In
our simulations, we varied the indexable percentage between
0% (no recognition) and 100% (complete indexing) where
the percentages correspond to the proportion of the unique
arguments that have received an index (rounded to the nearest
integer, with 0.5 being rounded up).

Agents receive evidence in two ways: individual inquiry
or communication with link-neighbours. Since our simula-
tions seek to examine the impact of evidential dependence
via communication, however, we disabled individual inquiry
in our model runs. Instead, we simply initialized the net-
works by providing each agent with their own single piece of
unique evidence. Following Assaad and Hahn, 2024, we used
symmetric evidence sets: each pro-𝐻 item is mirrored by an
equally strong con-𝐻 item, such that the product of their like-
lihood ratios is 1. There are equally many strong arguments
for both sides, randomly distributed among agents. Lastly, H
was initialized as ’true’ (𝐻) with a base rate of 50%.

Over the model run, agents communicate with their neigh-
bours by randomly selecting a piece of evidence from the
evidence they have received so far. While random sharing is
inefficient in as much as the same evidence may be shared re-
peatedly, it is an unbiased sharing rule that—under conditions
of full indexing—means that all agents in a fully connected
network will receive all pieces of evidence, and therefore con-
verge on the same posterior degree of belief if the simulation is
run long enough. It thus provides a useful baseline. Function-
ally, one might take it to map onto communicative contexts
such as posting on social media where one does not know
enough about one’s audience to maintain a stable model of
what they know, so the communication mode is essentially
‘broadcast’.

Agents collect pieces of evidence by adding the respective
truth values to their memory store and aggregate them via
Bayes’ rule (e.g., 𝑃(𝐻 |𝐸1,¬𝐸4)). Each agent starts with the
same prior degree of belief 𝑃(𝐻) = 0.5 (a ‘neutral’ belief,
Baccini et al., 2023). Finally, agents communicate with one
another across symmetrical links determined by the social

2Their model code is publicly available on The Open Science
Framework (OSF) at https://osf.io/8qz9c/?

3Our model code, data and analysis scripts are publicly
available on OSF at https://osf.io/yqaex/overview?view_only=
13e891bd582d49a7869b914a3e53d64c

network. For our simulations we used a generic small world
network (Watts & Strogatz, 1998), with a re-wiring parameter
of 0.1 and degree set by 𝑘 = 2 using the options the NormAN
framework provides.

Our dependent variable of interest was polarization. We
considered two measures, the variance and the absolute av-
erage deviation (AAD) from the mean population belief—as
per Bramson et al., 2017. The results below show the mean
final AAD values of simulation runs (alternative measures are
available on OSF). AAD values range from 0—all agents share
the same degree of belief—to 0.5, where agents are perfectly
bi-polarized: half believe 𝑃(𝐻) = 0, the other 𝑃(𝐻) = 1.
As independent variables, we manipulated network size (the
number of agents) and the indexable percentage, simulating all
factorial combinations of five network sizes (10, 20, 50, 100,
200) and six levels of indexable % (0, 30, 50, 70, 90, 100).
The model was run for 200 time steps. Each combination was
simulated 200 times, for a total of 9000 runs.

Results
Figure 1 shows the results of our basic simulations. The five
panels of Fig. 1 represent different network sizes (N= 10,
20, 50, 100, and 200). Along the x-axis in each panel is the
indexable percentage among the available pieces of evidence.
As can be seen clearly, polarization increases with network
size: for small N, networks mostly converge, for the largest
networks in the simulation, none of them do. This matches the
findings of Hahn et al., 2024 that polarization increases with
network size even for agents in Olsson’s model of testimony,
and for agents that do not engage in dynamic updating of trust.
More importantly, for the present context, is the sharp contrast
between 100% indexable evidence and all other percentages,
regardless of exact level.

To follow up on this drop, we conducted a further simula-
tion under the same conditions, contrasting just 100% versus
99% indexable material. The results of these additional 5000
simulation runs (500 per condition), confirm that the drop is
apparent even at that small increment (see Fig. 2).

In fact, the simulations reveal two separate sources of in-
creased belief dispersion: the increased dispersion for the
larger networks reflects the fact that not all agents have seen
all evidence by the end of the run. As the networks are initial-
ized with one piece of evidence per agent, there is simply more
evidence to distribute, yet the number of neighbours stays the
same. This is seen clearly in the 100% indexable condition
where there is no double-counting. The rate of that increase
fits with the simulations on ‘flooding the zone’ conducted in
the NormAN framework, which find linear increases in the
time to convergence as a function of number of arguments
(Hahn et al., 2025). This contrasts noticeably with the sharp
jump in extremity of polarization seen once double-counting
is introduced. In particular, this includes cases of extreme po-
larization, and includes cases where networks would no longer
converge even if run indefinitely unless they are perturbed by
new evidence or new connections. We illustrate how and why,
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Figure 1: Dispersion (AAD) as a function of indexable evidence and network size. Each point shows the final AAD value from
one simulation run (200 time steps); higher values indicate greater dispersion. Each panel corresponds to one network size
(number of agents). The x-axis shows the percentage of total evidence that is indexable.

Figure 2: Dispersion (AAD) as a function of indexable evidence and network size. Each point shows the final AAD from one
simulation run (200 time steps). Panels correspond to network size (number of agents). The x-axis shows the percentage of
total evidence that is indexable. We compare 99% indexable (orange) to 100% (blue).

specifically, such cases arise in the next section.

Explaining the Effects
The only way our Bayesian agents in the simulation can di-
verge is because they possess different evidence. Fig. 3 shows
the starting conditions of a sample run as seen in the NetLogo
interface. In the top left corner is the distribution of sampled
likelihood ratios, with evidence lending support to the hy-
pothesis coloured in green, and the evidence against coloured
red. There are 10 pieces of evidence in this instance, one for
each of the 10 agents. At time step 0, that is, on intializa-
tion, each agent takes that piece of evidence and calculates
their own posterior degree of belief. That belief distribution
is shown in the histogram of the right hand panel, were each
bar corresponds to one agent. The bottom left hand panel,
finally, shows a histogram detailing how often each argument
has been ’heard’ across the entire population of agents. Each
of the ten bars, from left to right, corresponds to one of the
10 likelihood ratios in the plot above it—all bar heights are
equal, because, at initialization, each piece of evidence has
been heard exactly once.

Fig. 4 then shows how the distribution of number of times

heard has developed after a number of time steps invoving
communication in the model (top row panels) and the resultant
beliefs of the agents (bottom row panels). First, there is now
considerable variation in the number of times each argument
(piece of evidence) as been heard across all agents. However,
the examples have been chosen to illustrate two qualitatively
distinct cases in which that variability can manifest. On the left
hand side is a run where a single piece of evidence in favour
dominates (top left panel). This will push agents collectively
toward one end of the belief distribution (bottom left panel).
On the right hand side is a sample run where there are not only
multiple peaks in that evidence-heard distribution, but peaks
fall across either side of the neutral likelihood ratio 1. That is,
there are peaks both for pieces of evidence for and against.

In this case, beliefs will diverge much more severely as seen
in the corresponding belief distribution below (bottom right
panel). This is because evidence that is double-counted can
make whatever subset of evidence agents possess arbitrarily
diagnostic. These extreme divergences may become stable
in the sense that they will no longer shift over time. This is
because different pieces of evidence are received via different
paths. Those paths will vary in length, giving rise to different
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Figure 3: Simulation initialization: the evidence distribution
in terms of Bayesian likelihood ratios (top left), the initial
distribution of agent beliefs (right), and a histogram of how
often each piece of evidence has been received (“heard”) by
agents (bottom left).

Figure 4: Simulation dynamics: Via deliberation, the distri-
bution of how often each piece of evidence was heard becomes
uneven (top row), yielding different belief outcomes (bottom
row). Left: one pro-𝐻 item dominates, pushing beliefs to-
wards 𝑃(𝐻) = 0. Right: multiple peaks span both pro- and
anti-𝐻 evidence, producing a divided belief distribution.

rates of reduplication, but unless the topology of the network
itself is changed, the relative differences across individual
pieces of evidence will be cyclical as determined by the length
of those paths. In other words, though the numbers of times
each piece of evidence is encountered will continue to increase
over time, the systematic differences between them will remain
(for a visual illustration see Hahn, 2023).

The differences in those times-heard histograms, finally,
rest solely on the network topology in the current simulations
(as agents randomly choose what to share). The only differ-
ence that emerges in final beliefs, and with that polarization,
stems from the fact that, under perfect indexing, each piece of
evidence is used to update an agent’s beliefs at most once. So
the different rates of reduplication are without consequence.

This suggests also that limiting re-sharing only to evidence
that is not recognized as reduplication could only ever further
magnify the pernicious effects of non-independence.

Conclusions
Some degree informational reduplication is a ubiquitous fea-
ture of communication on wider social networks. With no
practical or formal tools at hand to deal with the issue, it is
important to investigate potential group-level effects of double
counting; not least because the type of polarization it creates
is not generated by obviously irrational behaviour: many (for-
mal) explanations trace polarization back to our epistemic
irrationality—cognitive biases (Baccini et al., 2023), intel-
lectual conformity (Weatherall & O’Connor, 2021) and trust
dynamics (Fränken & Pilditch, 2021). Our results suggest
that reasoners can diverge when evidential dependence is in-
troduced by reduplication, even in the absence of blatant irra-
tionalities (cf. Young et al., 2025).

The upshot is that contexts that create evidential dependence
may be those where even idealized reasoners would come to
diverge. Future (formal) work will thus be needed to study
these contexts—for instance, larger networks and opaque on-
line communication structures. Finally, if reduplication is a
driver of polarization, then mitigating polarization may re-
quire the development of measures that reduce the risk of
reduplication and evidential dependence.
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