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Abstract

Agent-based models (ABMs) have become a valuable tool in
social epistemology for addressing a fundamental question:
How should scientists communicate? Yet, ABMs often yield
conflicting results—some suggest that high levels of communi-
cation decrease group accuracy, while others find it beneficial.
Why do models differ so dramatically? We argue that these
discrepancies arise from a simple fact: different models use
different conceptions of “communication,” and model quali-
tatively different phenomena. To demonstrate the effects of
such differences, we integrate three paradigmatic conceptions
of communication from the literature—direct evidence shar-
ing, belief averaging, and testimony exchange—into a unifying
simulation. This allows us to test them under identical condi-
tions. Our findings suggest that communication is generally
beneficial. However, the effects of communication vary signif-
icantly by which conception one adopts, even under identical
conditions. This lack of robustness highlights a critical issue:
outcomes depend heavily on how communication is modeled.

Keywords: Agent-Based Model; Scientific Communication;
Bayesian Inference; Deliberation; Social Epistemology

Introduction

Science is a fundamentally social activity: discoveries are
shared, and results debated, as scientists work collectively to
arrive at true beliefs about target hypotheses. This makes sci-
entific inquiry a prime subject for social epistemology, the
branch of philosophy examining how groups should inter-
act to successfully converge on correct consensus (Kitcher,
1993). Like any social phenomenon, scientific inquiry is
complex and its analysis is challenging. Agent-based models
(ABMs) provide a powerful tool, enabling researchers to sim-
ulate artificial societies and study how individual behaviors
(e.g., communication) shape collective outcomes (e.g., con-
sensus). ABMs of scientific inquiry have been used to address
important topics such as diversity, disagreement, and polar-
ization (éeéelja, 2023). One particularly central and general
question is: How should scientists communicate to collec-
tively develop true beliefs and maximize accuracy? That is,
how often should they communicate, how many peers should
they communicate with, and what should they disclose?
Different ABMs offer conflicting answers. Some suggest
that high levels of communication can lead to poor consen-
sus (Zollman, 2007; Angere & Olsson, 2017) or polarization
(Pallavicini, Hallsson, & Kappel, 2021), while others find
that more communication improves outcomes (Hegselmann,
Krause, et al., 2006). Hence, not only does the original

question—How should scientists communicate?—remain
without a definite answer. The divergent results also raise an-
other question: Why do models differ so dramatically?

This paper addresses the latter question. It argues that dis-
crepancies stem from the very different conceptions of ’com-
munication” encoded in different models. We identify three
paradigmatic communication styles—direct sharing of evi-
dence (Zollman, 2007), averaging of beliefs (Hegselmann et
al., 2006), and exchanging testimony (Olsson, 2011)—and
integrate them into a single simulation to analyze their effects
under identical conditions. This allows us to directly compare
previously incomparable modes of communication. In our
model, agents collect evidence, communicate, and attempt to
determine the truth of a hypothesis across scenarios ranging
from simple to challenging, with varying levels of rationality
and bias.

Our findings reveal that no single communication style is
universally superior; different scenarios favor different ap-
proaches. However, one consistent result is that some type of
communication generally improves inquiry compared to the
absence of communication: either averaging or direct shar-
ing outperform uncommunicative groups, depending on the
context. In contrast, testimony generally reduces group per-
formance, even compared to no communication at all.

We interpret our results as follows: Overall, the model
highlights the importance of communication. However, tes-
timony, as traditionally modeled in the formal literature, ap-
pears too coarse-grained to capture the nuances of efficient
scientific communication. Finally, our findings challenge the
generality of explicit recommendations derived from individ-
ual models: outcomes lack robustness and depend heavily on
how communication is conceptualized. Thus, the strength of
single ABMs lies not in demonstrating how communication”
simpliciter functions, but in exploring how specific types of
communication perform under varying conditions.

What Is Communication? Different Intuitions

Consider a generic scenario: a group of agents deliberate
whether a hypothesis H is true (H) or false (—H). Each agent
forms a degree of belief P(H) € [0, 1] based on two sources
of information: (i) private inquiry, and (ii) communicated, so-
cial information from other agents. A social network, which
represents the community’s structure, determines who can
communicate with whom (cf. Fig. 2). While abstract, this
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framework serves as a template for sophisticated models of
scientific inquiry. Many ABMs adopt this structure, differing
in how they model private inquiry (i) and communication (ii)
(e.g., Olsson, 2011; Hahn, Hansen, & Olsson, 2018; Hegsel-
mann & Krause, 2015; Michelini, Javier, Houkes, geéelja, &
StraBer, 2023; Assaad et al., 2023).

Dynamically, models evolve as follows: each agent con-
ducts a private inquiry and then communicates with their
peers. We can think of private inquiry as performing an exper-
iment, yielding a result with a certain diagnostic value con-
cerning H. How should scientific communication be mod-
eled? While there are many approaches (cf. Seselja, 2023),
we focus on three paradigmatic types that align with intuitive
notions of communication.

First, there is simply the direct transmission of one’s ex-
perimental results. If one agent achieves a result, they will
transmit it unfiltered to their neighbors in the social network.
This also means that receiving agents reevaluate the finding;
it is like sharing “raw data.” Second, there is the averaging of
beliefs: agents communicate by adopting the weighted aver-
age of their own belief and the beliefs of their interlocutors.
One particularly influential view in epistemology, the Equal
Weight View, prescribes agents to adopt the belief that exactly
“splits the difference” (Carey & Matheson, 2013). Lastly,
there is testimony: agents communicate by stating their be-
liefs, such as T believe that H is true.” The sending agent
becomes a source of information; knowing their belief can
serve as direct evidence in favor of H.

Some of the best known ABM frameworks are based on
these intuitions. The next section briefly outlines them,
sketching their main results concerning the central question:
How should scientists communicate?

Models of Scientific Inquiry

ABMs in the philosophy of science have become a large and
fruitful field, making it unfeasible to survey them fully here
(c.f. Douven, 2019; Seselja, 2023; Seselja, 2022). Three
modeling frameworks stand out for both their primacy and
widespread appeal: averaging models, multi-armed bandits,
and Bayesian models of testimony. Each is based on a differ-
ent intuition of communication. !

Among the best-known averaging models are Hegselmann-
Krause (HK) models, or bounded confidence models
(Hegselmann, Krause, et al., 2002; Hegselmann et al., 2006),
which stem from earlier models of consensus formation
(Lehrer, Wagner, Lehrer, & Wagner, 1981). In these models,
agents hold opinions (between 0 and 1) about an intermediate
value 7T that they aim to correctly determine. They communi-
cate with peers whose opinions are within a ”confidence in-
terval” of size € from their own. The average of those beliefs

IThere are many more frameworks, which use entirely differ-
ent concepts and representations, such as those using abstract argu-
mentation frameworks (Borg, Frey, Seselja, & Straf3er, 2017, 2019),
and epistemic landscape models (Grim, 2009; Weisberg & Muldoon,
2009).

within the interval forms the agent’s social evidence compo-
nent. The agent’s final belief is a linear average of this social
component and an evidential, private signal from the world.

In another popular framework, agents share evidence di-
rectly. Bandit models, first developed by Bala and Goyal
(1998) and introduced to philosophy by Zollman (2007,
2010), use one or multi-armed bandits, where each “arm”
represents a theory. Agents test the success rates of these the-
ories by performing experiments ("pulling an arm”), aiming
to identify the theory with the highest expected payoff. They
update their beliefs about the best theory through Bayesian
conditionalization, based on their own outcomes and those
of their link-neighbors in a social network. Here, commu-
nication is direct, and receiving peers reevaluate findings as
though they had produced them themselves.

Another class of Bayesian ABMs, originating with Angere
and Olsson’s (2010; 2011) Laputa model, involves agents ex-
changing testimony about their beliefs: If an agent is suf-
ficiently sure of H, they utter I believe H.” In these mod-
els, testimony takes the form of a binary report on the hy-
pothesis (“yes”/“no” reports). The impact of such reports
is determined by the receiver’s trust in the speaker, which
is estimated through source reliability models (cf. Merdes,
Von Sydow, & Hahn, 2020). The latter is an important task:
perceived reliability determines the informational content of
received testimony—one’s “trust” in the source. Testimony
from a trusted source will be perceived as highly informa-
tive evidence pertaining to the hypothesis, while distrusted
sources are ignored or potentially even “anti-updated” on (cf.
Olsson, 2020). Formal epistemologists have devised many
different Bayesian models of source reliability—originating
with Bovens and Hartmann (2003),> which use Bayesian rea-
soning to compute perceived reliability, taking testimony and
prior beliefs about the hypothesis into account (cf. Hahn,
Merdes, & von Sydow, 2018; Collins, Hahn, Von Gerber, &
Olsson, 2018).

All of these models have been adapted and modified
for various specific applications, many addressing questions
of optimal communication (e.g., Douven & Riegler, 2010;
Riegler & Douven, 2009, 2010; Weatherall & O’Connor,
2021; Michelini et al., 2023; Huang, 2023). Perhaps the
best-known result comes from Zollman’s application of the
bandit model, suggesting that sparsely connected scientific
communities, which communicate less, are more likely to
converge on the optimal theory than more densely connected
ones (though this result has been questioned by Rosenstock,
Bruner, and O’Connor, 2017). The reasoning is that highly
communicative groups may prematurely settle on a subop-
timal consensus, abandoning the exploration of more fruit-
ful strategies. Applications of the Laputa testimony model
show similar results: frequent communication can lead not

2The model in Bovens and Hartmann (2003) does not consider
unreliable sources as anti-reliable, in contrast to the ones used in
Angere (2010); Olsson (2011). For a discussion of the effects of
anti-reliability in ABMs, see Hahn, Merdes, and von Sydow (2023);
Olsson (2020).

4927



Evidence Collection

Averaging

Figure 1: Sketch of the model.

only to wrong consensus but also to pronounced polarization.
This prompts Angere and Olsson (2017) to issue the warn-
ing, “Publish Late, Publish Rarely!”3 in scientific contexts,
lest the network of agents be “spammed” with recycled, low-
quality information (for similar findings, see Hahn, Hansen,
& Olsson, 2020).

This general result—that more communication is
detrimental—seems, at first glance, surprising. It also con-
trasts starkly with averaging models: in those models, more
communication (i.e., averaging) virtually guarantees consen-
sus (cf. Lehrer, 1976), while testimony models tend to pro-
duce more polarization. In the case of HK models, ”(t)he
interplay of both, seeking the truth (...) and a social exchange
process that includes all, may finally lead to a consensus at
least fairly close to the truth” (Hegselmann et al., 2006, p.
7). So here, more communication is better, both in terms of
consensus and accuracy.

Questions and Aim

Why do these models yield such vastly different recommen-
dations? Answering this question is not straightforward: dif-
ferent frameworks are not easily comparable—partly because
they do not model individual inquiry in the same way.* A uni-
fying model is needed to directly compare the impacts of dif-
ferent conceptions of communication: we introduce a model
where (i) private evidence collection is fixed and (ii) the three
discussed styles of communication run in parallel, including a
”no communication” baseline (“shadow agents” from Hahn,
Merdes, & von Sydow, 2024). Every round, agents first col-
lect one piece of evidence each, and then split up into “coun-
terfactual” groups: an averaging group, a testimony group, a
direct-sharing group, and an “off” group (cf. Fig. 1), each
trying to determine whether a central hypothesis H is true or
false under identical conditions.’

With this model, we will explore how each style of com-
munication is affected by different conditions: (a) whether the
problem is hard or easy, i.e., whether the underlying evidence
is conclusive, (b) whether agents are biased, and (c) whether
the network is tightly connected. The goal is to address the

3»Qur study indicates that, as the scientific community becomes
increasingly connected, scholars should (...) be increasingly self-
critical when deciding whether to publish or not, even if this means
publishing late and rarely” Angere and Olsson (2017, p. 24).

4Laputa’s agents receive binary reports from the world, HK’s
agents are continuously “drawn” toward the true intermediate value
7, and bandit agents must make a trade-off between strategies.

>This model setup takes considerable inspiration from Hahn,
Assaad, and Burton (2024), which compares a Bayesian model
of argument exchange (Assaad et al., 2023) to averaging models
(Hegselmann et al., 2002).

questions: why do different models offer different recommen-
dations, and which styles of communication are best suited
for modeling scientific interaction?

A disclaimer: while our model is inspired by the mentioned
frameworks, it is not intended as a precise reconstruction of
any specific one. Nevertheless, our model will reveal com-
monsensical patterns reflective of key insights from the liter-
ature on each framework.

A Unifying Model
Agents, representing scientists, aim to determine whether a
binary hypothesis H is true or false (H or —H). Their degree
of belief, P(H), is shaped by two factors: (i) private inquiry
and (ii) communication. Communication between agents oc-
curs within a social network of symmetrical links. Without
loss of generality, we assume that H is always true.®

(i) Collecting Evidence

Each round, agents perform a test that yields either confirm-
ing evidence (positive result) or negative evidence. We denote
these events as propositions: E; for ”Test i confirms the hy-
pothesis,” and —FE; for ”Test i disconfirms it.” The probability
of drawing E; is determined by the frequency £ € (0.5,1),
and the probability of —E; is 1 — £. This mirrors a binomial
process where each test outcome is independent.”

Starting with P(H) = 0.5, agents update their beliefs via
Bayesian updating. The impact of evidence E; on P(H) is

determined by its likelihood-ratio (LHR): LHR; = P’zg@) 8
We assume that the agents’ perceptions of LHRs match the
true frequencies: they interpret the evidence “correctly.” In
formal terms: P(E;|H) = £. Using Olsson’s Symmetry As-
sumption (2011), we posit that the agents perceive P(E|H) =
P(—E|-H). Hence, the LHR of a positive piece of evidence

is LHR" = X and that of negative evidence is LHR™ =

1-f
l;ff. Formally, the agents collect these pieces of evidence
in their memory (e.g., {E1,...,E,}); their degree of belief is
computed via strict conditionalization on received evidence
P(H|E\,...,E,) (if they have received n results).

Since H is true, frequency f determines how easy the prob-
lem is: if it is closer to 1, not only are most results correct—
they are also weighted more in favor of H. The setup ensures
that, as long as £ > 0.5, agents will, with increasing evidence,
converge to P(H) = 1 in expectation. Lower £ (but > 0.5)
mean that more evidence is needed to converge on P(H) = 1.

To relax the assumption of perfect calibration, we intro-
duce bias: agents’ perceptions of LHRs are distorted by a
bias parameter § drawn from a uniform distribution between
[—0.1,0.1] (inspired by Baccini and Hartmann, 2022). Each
agent k has their own bias J;, which is applied as follows:

%0ur model code, simulation data and analysis scripts
are available on The Open Science Framework (OSF) at
https://osf.io/b2mnj/?2view_only=1leffb76fda504b329%e56e
23794a68fc5 (Please copy the link carefully into your browser).

"The evidence collection protocol is inspired by Huang (2023).

8If LHR; > 1, E; confirms H; if LHR; < 1, E; disconfirms H; if
LHR; = 1, E; is non-diagnostic.
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LHR - ¢%. This skews the computed posteriors in a roughly
symmetrical manner, so that in biased simulations, some
agents systematically undervalue the evidence, while others
overvalue it.?

(ii) Communication

Agents compute their belief P(H) both via private inquiry and
via communication. Each simulation round, they first inquire;
then, in four parallel runs, agents use one of the following
rules, computing distinct “counterfactual” beliefs (cf. Fig.
1): Poff(H)» Pdirect (H)s Paverage (H)s Ptestimony (H)

No Sharing Agents form beliefs based solely on their own
evidence: P,ss(H) = P(H|E1,...,E,).

Direct Sharing Agents transmit the evidence they gathered,
which the receiver adds to their own, as though they had
drawn it themselves. This re-evaluation may be distorted by
bias.

Averaging Agents update their Pyyerqge as a weighted average
of their own, evidential belief and the mean belief of their
neighbors:
Paverage = (X'P(H‘El yeee 7En) + (1 - (X) 'Psocial(H)

where Py,.iq(H) is simply the average belief of one’s neigh-
bors (we take this formula from Hegselmann et al., 2006). In
our baseline model, o0 = 0.5: agents trust the combined belief
of peers as much as their evidence.

Testimony Testimonial reports are binary and represented
as variables: REP* means informant k asserts H,” and
—REP* means "informant k asserts =H”" (cf. Bovens & Hart-
mann, 2003; Merdes et al., 2020). That is, other agents’
reports serve directly as evidence about H. Formally, this
means that agents simply add reports to their memory (e.g.,
{E; ,REP{‘, ..., Eqn,REPX}). Agents conditionalize on this in-
formation: Prestmony (H |E1 ,REP{‘, ...,E,,REPX). To model
literally the idea of testimony as “taking a neighbor’s report
as evidence,” we treat a positive report RE P akin to a positive
piece of evidence E;, with LHR™, and a negative report as a
negative piece —FE;, with LHR™. To express their position,
agents send a positive report if their belief P(H) > 0.5, and a
negative report if P(H) < 0.5. Put differently, agents “trust”
a peer’s testimony as much as a piece of evidence. This is a
simplified version of Laputa’s procedure; since agents do not
dynamically update their “trust” in their neighbors (i.e., the
perceived LHR of a report), they are akin to the fixed-trust
agents in Hahn, Merdes, and von Sydow (2024).10

Dynamics At each time step of the simulation, agents first
collect a piece of evidence (i) and then communicate with
all their neighbors (ii) in one of three ways, updating their

9E.g., suppose a prior P(H) = 0.5 and £ = 0.6; then the unbiased

LHRT = % = 1.5. The unbiased posterior of one positive piece of

evidence E; would be P(H|E;) = 0.6. With a positive bias = 0.1,
the biased posterior is ~ 0.624. For a negative bias 6 = —0.1, it is
~ 0.576.

10We leave explorations of different reliability updates in this con-
text of model comparison for future work.

Figure 2: Social Networks (Watts & Strogatz, 1998).

respective “counterfactual” belief variables. Direct sharing
involves agents passing on their most recently collected piece
of evidence. Testimony sharing has agents send one report
per round. Finally, agents update their beliefs by taking the
weighted average of their neighbors’ beliefs.

Output evaluation

Accuracy is measured using the Brier score (Brier, 1950), a
standard measure used in the literature (cf. Huang, 2023).
The Brier score for agent k is defined as (PX(H) —V (H))?,
where V(H) = 1 if the hypothesis is true. For enhanced
readability, we use the inverted score: BSK = 1— (P*(H) —
V(H))?. Thus, the mean Brier score, reflecting collective
accuracy, is calculated as BS™ = L¥" (1 — (P/(H) —
V(H))?) (for N agents). To contrast the four counterfac-
tual scenarios, we analyze four distinct Brier scores: BS",
BSirect> BSaverage» and BSGl o - A unanimous belief of
P(H) = 1 yields a maximum score of BS™" = 1, whereas
consensus on P(H) = 0 results in BS™" =0, !

Case Study

We simulated groups of n = 10 agents, each drawing and
communicating for 100 rounds per run. Two key variables
were varied: problem difficulty and agent competence. The
frequency of positive, correct evidence (f) ranged from 0.51
to 0.9. With £ =0.51, 100 evidence pieces may not suffice to
reach P(H) = 1, whereas at £ = 0.9, agents can reach correct
consensus even without communication. That is, £ models
the difficulty of the “research question.” Lastly, network con-
nectivity ranged from 2 to 8 neighbors, covering sparse to
nearly fully connected networks (cf. Fig 2). For this paper,
results are averaged over network densities, leaving the anal-
ysis of topology effects for future work.

Unbiased agents

When agents are unbiased and interpret evidence uniformly
and correctly, increasing £ well above 0.5 makes individual
inquiry sufficient for convergence on the true belief P(H) = 1,
even without communication. As shown in Fig. 3, as f in-
creases, the accuracy measure of the "off” group approaches
1. However, direct sharing and averaging significantly en-
hance correct convergence.

Direct sharing better promotes convergence on P(H) even
at lower f values—a predictable outcome. Since the evi-
dence is truth-conducive and agents are unbiased, more ev-
idence naturally improves accuracy. Instead of collecting

"' We also monitored mean beliefs, and the dispersion/polarization
of beliefs (cf. Bramson et al., 2017). This data can be found on OSF.
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Mean Brier Scores by Frequency of Positive Evidence (Unbiased Conditions)

Brier Score Type

Averaging Brier Score

= Direct Brier Score

= Off Brier Score

Mean Brier Score
°

0.40 == Testimony Brier Score

05 06 08 09

0.7
Frequency of Positive Evidence

Figure 3: Unbiased Conditions: (Inverted) Brier scores. A
score of 1 indicates perfect group convergence on the correct
conclusion, i.e., P(H) = 1. Solid lines represent the mean
final scores, averaged across 100 runs for each of four net-
work densities (totaling 400 runs per condition). Each dot
represents the outcome of a single run. What may appear as
continuous purple lines at the top and bottom of the plot are in
fact dense clusters of individual dots, illustrating the extreme
outcomes frequently observed in the testimony condition.

100 pieces of evidence individually, agents collectively ac-
cess 100+ 100 - m pieces, where m represents their number of
link-neighbors.

Next in line for accuracy is averaging. While agents re-
ceive more information through sharing, averaging moderates
beliefs away from extremities. By definition, the mean of n
beliefs is less extreme than the highest or lowest instance. As
a result, averaging slows the collective shift toward a belief
of 1, particularly when some agents believe the hypothesis to
be false and pull the mean belief downward (cf. Hahn, As-
saad, and Burton (2024) for a similar result). This effect is
especially pronounced when f ~ 0.5, where the evidence is
inconclusive. Nevertheless, communication through averag-
ing still guides agents to P(H) more quickly than no commu-
nication at all.

By contrast, testimony performs strikingly poorly. It is
the only sharing rule that produces incorrect consensus, fre-
quently converging on P(H) = 0 despite truth-conducive evi-
dence. This outcome arises from a self-reinforcing, runaway
dynamic reminiscent of an information cascade. Early ev-
idence may lead some agents to believe that P(H) < 0.5,
prompting negative testimony. This, in turn, convinces neigh-
bors that the hypothesis is false, amplifying the cycle. Once
all neighboring agents believe H is false, they reinforce one
another through continued negative testimony. Even if agents
later encounter positive evidence, it is drowned out by re-
peated negative testimony. This is particularly likely in well-
connected networks, where agents receive much more testi-
mony than evidence collected through inquiry.

Mean Brier Scores by Frequency of Positive Evidence (Biased Conditions)
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Figure 4: Biased Conditions: (Inverted) Brier scores. Plot
conventions as in Fig. 3.

Moreover, this runaway effect causes the testimony group
to converge collectively on extreme beliefs—P(H) ~ 0 or
P(H) ~ l—even when the evidence is uncertain (f ~ 0.5).
Testimony fosters overconfidence, making extreme outcomes
highly sensitive to initial conditions. As these outcomes de-
pend on the first “triggering” rounds, the stochastic nature of
the model explains the volatility of testimony’s accuracy, par-
ticularly in areas of inconclusive evidence (cf. Fig. 3).

Biased agents

Now let us examine biased agents: each agent has a noise pa-
rameter that skews their perception of the evidence. Since
these bias parameters are drawn from a uniform distribu-
tion, we can expect roughly equal numbers of positively and
negatively biased agents within the population. When £ is
low—meaning the evidence is not highly diagnostic—biases
have a greater relative impact on the computed posteriors
(P(H|E;), see footnote 9).

As a result, when agents are biased and f is low (e.g.,
within [0.51,0.6]), inquiry alone does not guarantee conver-
gence to P(H) ~ 1. Some agents, systematically undervalu-
ing the evidence, are drawn toward P(H) = 0, as illustrated in
Fig. 4. In this parameter space, direct sharing performs worse
than the “off” group: when biased agents reinterpret shared
evidence, the increased volume of evidence does not neces-
sarily lead to greater accuracy. In fact, more evidence can ac-
celerate convergence toward erroneous beliefs for negatively
biased agents, pulling them more quickly toward P(H) ~ 0.

Among biased populations, averaging, not the “off” group,
performs best. While unbiased agents still interpret evidence
correctly (i.e., according to its true likelihood), the biased
agents’ perceptions act as noisy but independent estimates
of an underlying correct quantity. Averaging these estimates
mitigates individual errors, resulting in a more accurate col-
lective belief. We have hit on the well-known “wisdom of the
crowds” effect (Galton, 1907).
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Lastly, testimony still fares significantly worse: The self-
reinforcing, runaway effect remains dominant, possibly lead-
ing the entire group to an incorrect consensus of P(H) ~z 0—
even when the evidence is very conclusive and the other
groups converge on correct consensus.

Conclusions: What Can We Learn from
Models of Scientific Inquiry?

How to interpret these results? We take them to mean three-
fold: first, they suggest that testimony is an inherently prob-
lematic model of scientific communication. Second, our
model does show that communication can indeed be an epis-
temic benefit: it helps groups converge to true consensus
quicker. However, these benefits hinge on the particular
model design, which determines whether well-known effects
of modeled communication can be leveraged.

Drawing on established models, it is no surprise that we re-
cover paradigmatic effects. Most strikingly, the runaway ef-
fect of testimony-based communication: as explored in Hahn
et al. (2020), our agents, too, can become completely de-
tached from the underlying evidence. As the off” group
shows, even in cases where agents would, through individual
inquiry alone, converge on P(H) = 1, testimony can pull them
towards incorrect beliefs. This effect, being led to believe
something due to social influence that runs counter to one’s
personal information, has been dubbed the “bandwagon” ef-
fect in the Laputa model (2020, p. 1552). However, in our
model, certain conditions hold which do not typically hold
in Laputa: First, it is never the case that agents testify with-
out having received new evidence; they receive evidence each
round. This is something recommended in “Publish Late,
Publish Rarely!” (2017) to improve group competence and
diminish the “recycling” of evidence. Furthermore, agents do
not dynamically update their belief of their neighbors’ relia-
bility, a feature that demonstrably causes group polarization
(Hahn, Merdes, & von Sydow, 2024). Nevertheless, testi-
mony in this simple form diminishes group performance.

There are different reasons why testimony-based commu-
nication can be detrimental: from the perils of trust-updating,
to a missing account of dependencies between sources (e.g.,
Hahn, 2023). Our study suggests simply: disclosing only
”yes”/”no” statements is insufficient for cogent communi-
cation, especially in scientific discourse. Rather, epistemic
agents ought to disclose more fully their beliefs, or the evi-
dence on which they are based. Indeed, this is common prac-
tice: open access, pre-registration of studies and data-sharing
are essential parts of scientific communication. Abstracting
away from these essential aspects renders testimony vulner-
able to detachment from underlying evidence—an outcome
which seems essentially unscientific.

What about the other discussed styles of communication?
Direct sharing does disclose evidence, while averaging fully
discloses agents’ degrees of belief. It depends on the bound-
ary conditions whether these styles of communication fare
better or worse than a ”no communication” group: our study

shows that under different conditions, these styles leverage
well-known effects. If evidence is truth-conducive in expec-
tation, because agents are assumed to interpret it correctly,
then direct sharing, simply increasing access to evidence, is
good. In contrast, if agents are biased in certain ways, then
averaging can help cancel out individual errors in interpreta-
tion, and prove beneficial when direct sharing does not.

But of course, whether or not these effects can be lever-
aged depends on the model setup. This is what we take our
study to show: since different styles of communications are
being modeled as completely different formal mechanisms,
it is unsurprising that they would showcase different effects
and strengths in different conditions. Averaging, direct shar-
ing and testimony are qualitatively different mechanisms, not
to be easily subsumed under a single concept—not to speak
of many styles we have not explicitly modeled here (e.g., the
exchange of arguments, cf. Borg et al., 2019). We could have
set up our model in a myriad of other ways: we could have
drawn the biases differently, have used a multi-armed bandit
to model inquiry or chosen a different representation of the
research problem altogether (e.g., as landscapes, Grim, 2009,
or Bayesian networks, Assaad et al., 2023).

How to proceed? It stands to reason that modelers, who
wish to derive explicit recommendations from their simu-
lations, ought to either argue why their model of commu-
nication is suited for their particular target system (e.g.,
scientific communities), or show that their effect is robust
across frameworks. However, it is generally accepted that
ABMs from social epistemology are meant to provide merely
“how-possibly” explanations, and serve as particularly use-
ful thought-experiments (cf. Reutlinger, Hangleiter, & Hart-
mann, 2018; Mayo-Wilson & Zollman, 2021), rather than for
explicit “how-actually” explanations. Furthermore, testing
effects across different frameworks is being called for (so-
called ”structural robustness analysis,” cf. §e§elja, 2023), and
has, at times, been done (cf. Douven & Hegselmann, 2022).

What, then, can we learn from ABMs? We believe that they
yield how-possibly explanations of the following type: If
communication is conceived of as [concept], then communi-
cation can be detrimental.” They help explore how their par-
ticular conception of communication fares in different condi-
tions. Our particular model suggests the following explana-
tions: If communication is conceived of as testimony, then it
can drown out evidence. If communication is conceived of
as averaging, then it can cancel out biased, noisy perceptions.
And if communication is viewed as direct sharing, it provides
more access to evidence and is likely beneficial when addi-
tional evidence is expected to be truth-conducive. In sum, the
answer to the question "Why do models of scientific com-
munication disagree?” is straightforward: they study distinct,
yet inherently interesting, communication phenomena.
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