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The Emergent Basis of Expert Trust”

Igor Douven’ Nikolaus Kriegeskorte*

Abstract

Goldman (2001) asks how novices can trust putative experts when background knowledge is scarce.
We develop a reinforcement-learning model, adapted from Barrett, Skyrms, and Mohseni (2019), in
which trust arises from experience rather than prior expertise labels. Agents incrementally weight
peers who outperform them. Using a large dataset of human probability judgments as inputs, we
simulate communities that learn whom to defer to. Both a strictly individual-learning variant and a
reputation-sharing variant yield performance-sensitive deference, the latter accelerating convergence.
Our results offer an empirically grounded account of how communities identify and trust experts
without blind deference.

Keywords: agent-based modeling; expertise; reinforcement learning; social epistemology; testi-
mony; trust.

1 Introduction

Goldman (2001, 2021) raises the question of how a novice faced with a putative expert may come to trust
the expert’s testimony. He offers a range of strategies (e.g., examining track records, and attending to
disciplinary consensus or argumentative strength) that the novice could use. However, he also notes that
these strategies rely on background information that will not always be available to novices. This raises
the problem of blind trust, which is the concern that a novice may sometimes have to accept putative expert
testimony in the absence of any good reason to think that the so-called expert is trustworthy.

Not all agree that this is properly called a problem. According to Burge (1993), Foley (1994, 2001), and
others, accepting testimony on the basis of an expert’s say-so can be justified, for—they claim—we are
prima facie entitled to accept what someone asserts, unless given reason to doubt. But in typical cases in
which we seek expert advice, we need more than a mere “absence of reason to doubt” before following the
advice. Goldman speculates that at least sometimes the “more” could come from inductive inferences we
draw concerning someone’s testimonial trustworthiness, but Coady (1992) and others (including Burge
and Foley) seem right that we often lack sufficient evidence to warrant such inferences.

This paper approaches the problem of how to come to trust experts from a different angle. Rather
than beginning with labeled experts and asking how we might recognize them or recognize those whose
advice we should heed, we show how the status of expert may emerge from epistemic interactions not
involving any inductive reasoning. Our goal is to thereby provide a unified answer to both the question of
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how to justify trusting certain experts and the question of how experts come to be recognized as such in
the first place. To achieve this goal, we recruit an agent-based model developed by Barrett, Skyrms, and
Mohseni (2019), who show how epistemic networks can, through trial and error, “self-assemble” in ways
that benefit all their members.

We adapt and extend this model in several ways. First, we apply it to a large empirical dataset of
probability assignments by hundreds of participants to hundreds of statements with known ground
truth. This allows us to define the actual epistemic reliability of each agent not by stipulation (as Barrett
and colleagues do), but by empirical performance. Second, we compare two variants of the model, one
in which each agent privately reinforces its own successful interactions, and one in which the agents
collectively create a shared pool of reputational information reflecting their aggregated experiences.
Finally, in neither variant of our model can agents observe nature at all; they are strictly dependent on one
another. By contrast, Barrett and colleagues allow both observation of nature (success tied to epistemic
reliability) and communication (success tied to social reliability).

We find that, over successive rounds of interaction, agents increasingly defer to those with greater
overall expertise (operationalized in terms of classification correctness and Brier score, calculated from
their performance on the entire dataset). Even without explicit reasoning or track record evaluation, the
model reliably amplifies the influence of the more epistemically successful agents. When reputational
information is pooled—as is done in one version of the model—this effect becomes even stronger, leading
to a further improvement in epistemic performance of the community as a whole and a more accurate
convergence on its epistemically most successful members. The model thus offers an empirically grounded
account of how trust in expertise can emerge from simple, local learning mechanisms. Importantly, the
trust that arises in this model is not blind, but is earned through interaction, even if agents themselves
are not reasoning about track records or other truth indicators.

The remainder of this paper is organized as follows. Section 2 starts by describing Barrett et al.’s
model and then introduces our model, in its two variants. Section 3 describes the dataset of probability
assignments that we ran our model on and also states the details of the agent-based simulations that
we performed. Section 4 presents the results of these simulations and discusses their philosophical
implications. In Section 5, we conclude by stating limitations of our current approach and mentioning
avenues for future research.

Before starting, we should emphasize that our aim in this paper is purely descriptive: to show how
performance-sensitive deference can emerge from simple reinforcement-style learning without explicit
reasoning about reliability or track records. This complements—but does not settle—the normative
question of when such trust is justified. Barrett (2024) argues that Humean custom can bootstrap
“learning how to learn,” where simple reinforcement guides the adoption of more sophisticated rules
without presupposing rational justification (see also Douven 2025). Our results fit that picture: local
reinforcement suffices for communities to center reliable members, even if normative justification
requires further argument (e.g., meta-inductive defenses, in the manner of Schurz 2012, 2019).

2 Modeling reinforcement and recognition

Reinforcement learning (RL) is a branch of machine learning in which agents learn to make decisions by
interacting with an environment and receiving feedback, often as rewards or penalties, for their actions
(Roth & Erev 1995; Erev & Roth 1998; Sutton & Barto 2018; Haas 2022). Gradually, agents adjust their
behavior to favor actions that in the past led to better outcomes, thereby learning an effective policy. RL
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has numerous known applications, for example, in robotics (e.g., Haarnoja et al. 2018), autonomous
driving (e.g., Tesla’'s FSD v12), medical decision-making (Coronato et al. 2020), and training large language
models (Havrilla et al. 2024; DeepSeek-AI 2025; Xu et al. 2025). Most famously, DeepMind used RL to
train its AlphaGo program, which defeated the world champion Go player in 2016 (Silver et al. 2016).

Here, we are interested in an application developed by Barrett, Skyrms, and Mohseni (2019), which
implements RL in an agent-based model to study the self-assembly of epistemic networks through
local interaction dynamics. We build on this model to address the research questions mentioned in
the introduction—how experts can be identified and how trust in them can emerge through simple
interactions, without the need for blind trust or track record keeping. We first describe Barrett et al.’s
model and then detail our specific adaptations and extensions.

The core idea of Barrett et al.’s model is that agents build up dispositions to consult one another
through trial-and-error learning. In their setup, each agent is equipped with an “urn” containing identi-
fiers for all agents, itself, and for nature. Observing nature succeeds with probability equal to an agent’s
epistemic reliability, and communication succeeds with probability equal to the social reliability (which may
be set to 1in the perfect-communication case). Each round, the agent draws a ball from its urn to decide
whether to consult nature directly or to ask an agent for their belief. If the result of the consultation
(or observation) is successful—that is, if it leads to a true belief (which is taken to be revealed to the
agent)—the agent reinforces the chosen action by adding to the urn another ball with the same name on
it as on the ball that was drawn. Over time, successful sources of information (whether nature or specific
agents) become increasingly likely to be consulted again, resulting in the emergence of a social network
with weaker and stronger connections (with strength determined by consultation frequency).!

Note that the learning process in Barrett et al.’s model is local and nondeliberative. Agents do not
reason about who is reliable or maintain explicit beliefs about the accuracy of others. They simply reinforce
what works. But while simple, doing so helps them group into social networks in which less reliable
inquirers defer to those who, through repeated success, have proven to be good informants. Most notably,
by forming these networks agents tend to become more epistemically successful than they would have
been if they acted on their own.

The model we develop in this paper is inspired by Barrett et al.’s approach but departs from it in
important respects, both theoretical and methodological. First, we replace the abstract and randomly
assigned reliabilities of Barrett et al’s agents with empirical performance data drawn from a large
experimental dataset. In this dataset, hundreds of participants assigned probability judgments to
hundreds of factual statements whose truth values are known to the experimenters (see Sect. 3). From
these judgments, we calculate each participant’s overall classification correctness and average Brier score
across all statements, providing concrete, empirically-grounded measures of their epistemic reliability.
The agents in our model are “copies” of these participants (in that the agents each reflect all the judgments
of a different participant), so that we simulate interactions among agents whose behavior is grounded in
real-world human data rather than among agents with stipulated probabilities.

Second, our model focuses exclusively on social deference rather than on the choice between observing
nature and consulting others. In Barrett et al.’s model, each agent faces a decision between gathering new
evidence (observing nature) and consulting a peer. In our setting, the data do not include independent

U'This urn learning model follows the reinforcement tradition of Roth—Erev, in which choices that “worked” are reinforced by
increasing their sampling weight, and where the process is non-Markovian in that it aggregates the entire history of successes
(Roth & Erev 1995; Erev & Roth 1998). In the Sutton-Barto approach (Sutton & Barto 2018), by contrast, RL typically tracks value
functions or policies over explicit state—action spaces. Human and animal learning often exhibits the former (simpler) kind of
RL (Schultz, Dayan, & Montague 1997; Niv 2009).

https://doi.org/10.1017/psa.2025.10186 Published online by Cambridge University Press


https://doi.org/10.1017/psa.2025.10186

evidence-gathering actions. Rather, each agent is associated with a fixed set of responses to factual
statements (as determined by the aforementioned dataset), and learning is simulated by agents using the
urn mechanism to choose whose judgment to defer to on a given claim. Unlike the agents in Barrett et
al’s model, our agents do not pass along beliefs they acquired from third parties. Each reinforcement
step compares the same claim: an agent’s own probability versus a consulted agent’s probability, with
reinforcement to the better of the two.

Third, we add to the model the ability to mark reputation via a collective urn. In Barrett et al.’s model,
each agent has a private urn, which is strictly updated on the basis of the agent’s own interactions. In our
second variant, we allow the contents of the urns of all agents to be merged into a collective urn from
which each agent samples. This pooling simulates a form of social reputation building, allowing agents
to benefit from the experiences of others and not just their own. An agent who is widely trusted and
performs well will appear frequently in the collective urn, increasing their chances of being consulted
even by agents who, so far, have not interacted with them. In other words, successful agents not only get
reinforced by individual agents, but also acquire a reputation within the group.?

In short, while the logic of reinforcement remains central, our model extends Barrett et al.’s framework
along three dimensions: (i) by grounding agent performance in empirical data; (ii) by isolating social
dynamics; and (iii) by adding reputation marking. The resulting model, in either variant (with and without
reputation marking), is simple, yet allows for an empirically grounded study of how expert trust might
emerge from epistemically basic social interactions.

3 Experimental setup

To test how expert trust may emerge from social interaction, we simulate a sequence of peer selection
processes based on real-world human judgment data. Here, we describe the dataset on which the
simulation is based, the mechanics of agent interaction, and the metrics used to assess the degree to
which the model successfully identifies and reinforces the most epistemically reliable agents.

Data are from the study reported in Stinson et al. (2025).> They consist of the probability judgments
from 376 participants (all US citizens) of 1,200 general knowledge claims (e.g., “The first handheld calcula-
tor was built before 1975,” “Mexico was the main trading partner of the US in the 1990s”), half of which are
true and half false. More specifically, the claims were so chosen that they fall into six categories (history,
geography, science, sports and leisure, social sciences and politics, arts and entertainment), with 200
claims per category (100 true, 100 false). They were evaluated in six online sessions, in each of which
participants rated 200 unique claims, presented in randomized order. (See Stinson et al., 2025, for a
more detailed description of the data and the experimental procedure.)

Before running the simulations, we calculated two key global performance metrics for each of the 376
participants based on their probability assignments to the 1,200 claims: (1) classification correctness,
which is the proportion of claims where the participant’s probability assignment interpreted as a binary
prediction (true if > 0.5 and false otherwise) matched the actual truth value of the claim; and (2) the
average Brier score, which is the mean squared difference between the participant’s assigned probabilities
and the claims’ actual truth values (O for false, 1 for true). Figure 1 shows density plots of the distributions

2We like to think of this pooling operation as a minimal, tractable proxy for common ways in which communities share
reputational information, such as leaderboards, citation indexes, and other publicly accessible quality indicators; but other
interpretations are possible as well.

3Stinson et al.’s (2025) study is concerned with different ways of aggregating probabilities and not related to our current
topic.
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Figure 1: Distributions of overall epistemic performance. Classification correctness (left) and average Brier scores
(right) for the 376 agents, calculated across all 1,200 claims.

of these overall scores for all participants (for detailed statistics, see the Supplementary Materials). It
should be stressed that these scores are not directly accessible to agents during the simulation but serve
only as our external benchmarks for epistemic success.

In the simulation, each participant becomes an agent, and for any of the 1,200 claims, the probability
an agent assigns to that claim represents the response it would give if consulted by another agent and
asked how probable, according to the consulted agent, the claim is. Each agent has an urn that plays a role
in how they select others to consult. Initially, the urn contains one instance of every agent’s ID (including
the agent’s own), indicating a uniform prior disposition to consult any agent. As agents interact, the urn
is updated via reinforcement: successful consultations increase the frequency of the consulted agent (i.e.,
of their ID) in the urn, making them more likely to be drawn again in the future.

The simulation proceeds in discrete rounds (up to 1,000 in our analyses). In each round, every agent (1)
randomly selects a factual claim from the dataset; (2) draws an agent (the “informant”) from an urn; (3) the
Brier score of both its own probability assignment and the consulted informant’s probability assignment
for the selected claim is computed (after the true answer for that claim is revealed for the purpose of
this comparison); (4) reinforces success: if the informant’s Brier score for that claim is lower (i.e., better)
than its own, the consulting agent adds another instance of the informant’s ID to its private urn. If’its
own score was better or equal, it adds another instance of its own ID to its private urn. In the individual
learning variant, agents sample informants from their own private urns throughout. In the reputation
marking variant, the contents of all private urns are pooled into a collective urn at the start of each round,
and agents sample their informants from this shared collective urn.

Algorithm 1 shows the pseudocode for the variant with reputation marking. That for the simpler,
individual learning variant is obtained by omitting the collective pooling step (lines 10-12) and having
each agent k sample directly from its own urn Agents[k].urn (in line 15). It should be emphasized that the
score_history and self score containers (lines 7-8 and updated in lines 21, 24, and 27 of the pseudocode)
store Brier scores only for the purpose of our data analysis (see Sect. 4); past scores are never accessed or
used by the agents themselves.*

#*Readers interested in the full computational details of the simulations are referred to the Julia code in the Supplementary
Materials.
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Algorithm1 Agent-based reinforcement learning with collective reputation

: procedure COLLECTIVEURNSIMULATION(Np, N¢, Ny, Ratings, TruthValues)

> Np: number of participants; Nc: number of claims; Ng: number of runs; Ratings: N¢ X Np matrix of participant

ratings; TruthValues: Nc-element vector of truth values of claims <
Initialize Agents « array of Np Agent structures
forifrom1to Npdo > Initialize each agent
Agents[il.id « 1
Agents[i]l.urn « list containing integers from 1 to Np > Initially, urn contains all agent IDs once
Agents[i].score_history «— empty list > For analysis: agent’s actual Brier scores
| Agentsli].self _score «— empty list > For analysis: Brier scores if agent were fully self-reliant
for run from 1 to Ny do > Main simulation loop
CollectiveUrn « empty list
forifrom1to Np do > Pool all tickets from individual urns
L Append all elements of Agents[il.urn to CollectiveUrn
for k from 1 to Np do > Each agent k makes a decision
claim_idx < RANDOMINTEGER(1, N¢) > Select a random claim
informant_id < RANDOMSAMPLE(CollectiveUrn) > Sample informant from collective urn
truth « TruthValues[claim_idx] >0orl
rating_own « Ratings(claim_idx, Agents[k].id]
rating_select «— Ratings[claim_idx, informant_id]
score_own < (rating_own — truth)> > Brier score for own judgment
score_select « (rating_select — truth)* > Brier score for selected informant’s judgment
Append score_own to Agents[k].self _score > For analysis
if score_select < score_own then > Selected informant was better
Append informant_id to Agents[k].urn > Reinforce selected informant
Append score_select to Agents[k].score_history > For analysis
else > Own judgment was better or equal
L Append Agents[k].id to Agents[k].urn > Reinforce self
L Append score_own to Agents[k].score_history > For analysis
return Agents > Final state of all agents (urns, score histories)

The main question we are aiming to answer is whether agents who are epistemically more successful
(according to their overall classification correctness and Brier scores on the full dataset) come to be more
frequently consulted. We use both measures of overall success. More specifically, to evaluate whether the
model identifies the most successful agents, we calculate, after each round, the correlation between an
agent’s consultation frequency—how often they have been consulted by others, up to the given round—
and their overall classification correctness, as well as the correlation between consultation frequency
and their overall average Brier score. Note that for classification correctness higher is better while for
average Brier scores lower is better. Thus, high positive correlation with classification correctness and
high negative correlation with average Brier scores indicate that the most epistemically successful agents
are also the most trusted. In addition to this, we track the relative centrality of experts versus that of
non-experts by identifying the five most and the five least successful agents and compare how often, on
average, each group is consulted by others.

Finally, to assess the added value of the reputational mechanism, we compare simulations using only
individual urns with those in which there is a collective urn. For each variant of the model, we compute
mean correlation values over multiple simulation runs (N = 1000) and test whether the differences are
statistically significant using two-sample t-tests, also reporting Cohen's d values for effect size.
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4 Results

To address the question of the emergence of expert trust, we start by examining the model variant
where agents learn strictly from their own interactions, updating only their private urns. We already
saw the distribution of epistemic success scores on the full dataset 0f 1,200 claims in Figure 1. Figure 2
illustrates for a single, typical simulation run the evolution of the correlation between agents’ consultation
frequency and their pre-calculated, overall epistemic performance. As the number of runs increases,
the correlation between how often an agent is consulted and their overall classification correctness
steadily rises, here approaching approximately .81 toward the end. Conversely, the correlation between
consultation frequency and overall average Brier score becomes increasingly negative, reaching about
—0.53 in this run. This indicates that the simple reinforcement mechanism, even when localized to
individual experience, enables the community to gradually identify, and hence to consult more frequently,
its more epistemically successful members.

For the same simulation, the left panel of Figure 3 visualizes the relationship between an agent’s
overall classification correctness and their final consultation frequency after 1,000 runs, and the right
panel does the same for average Brier scores; LOESS smoothers are added to highlight the trends, showing
a strong positive trend on the left—agents scoring better on classification correctness tend to be selected
more often—and a negative one on the right, indicating that agents with higher average Brier scores tend
to be selected less often.

This trend of increasing deference to better-performing agents is also evident when comparing
explicitly defined groups. Figure 4 tracks the average number of times the top 5 most expert and bottom 5
least expert agents are consulted by others, where expertise is understood both in terms of classification
correctness (results shown in left panel) and in terms of average Brier scores (right panel). On both
interpretations, the experts and non-experts are consulted with increasing frequency over the 1,000
runs, but the former come to be consulted much more frequently than the latter, resulting in a clear and
widening gap emerging between the two groups.

Consultation frequency & correctness Consultation frequency & Brier score
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Figure 2: Evolution of performance-sensitive deference in a single simulation run (individual learning model).
Correlation between agents’ consultation frequency (up to the current run) and their overall classification correctness
(left) and overall average Brier score (right), across 1,000 runs. Higher positive correlation with correctness and
higher negative correlation with Brier score indicate better identification of expertise.
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Figure 3: Relationship between overall epistemic performance and final consultation frequency after 1,000 runs
in a single simulation (individual learning model). Left panel showing consultation frequency versus overall
classification correctness; right panel showing consultation frequency versus overall average Brier score (with
smoothers added to highlight trends).

Figure 5 illustrates this process of developing consultation preferences over time, focusing on a small
subset of agents (to avoid clutter). More specifically, it presents a series of snapshots of the evolving con-
sultation network at different stages of the simulation, where each panel focuses on the top 3 consultation
choices made by 10 randomly preselected agents (which in the simulation that was used to produce the
figure happened to be agents 36, 62, 78, 138, 170, 191, 218, 226, 237, and 329). Nodes (circles with IDs)
represent individual agents, with node size proportional to the agent’s global reputation, that is, how
many times they have been reinforced as a good informant by any agent in the entire community up to
that simulation run. Arrows indicate a directed consultation preference, an arrow from agent A to agent

Classification correctness Average Brier score
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Figure 4: Emergence of expert—non-expert distinction in a single simulation run (individual learning model).
Average number of times the top 5 (solid light-gray lines) and bottom 5 (dashed dark-gray lines) performers are
consulted by others over 1,000 runs. Performance is based on overall classification correctness (left) and overall
average Brier score (right). (NB: For Brier scores, lower is better, so “top 5” here means lowest 5 Brier scores.)
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Figure 5: Snapshots of the evolving consultation network (individual learning model, single simulation run). Each
panel shows the top 3 consultation choices made by 10 preselected agents at different simulation stages. Node
size is proportional to the agent’s global consultation frequency by all other agents. Arrows indicate directed
consultation preference from a pre-selected agent. (Colors facilitate distinguishing among agents but are otherwise
meaningless.)

B meaning that A (one of the 10 preselected) frequently chose agent B as a better informant. (Node colors
serve only to distinguish individual agents.) The progression from one panel to the next shows how, from
initially more diffuse interactions, patterns of deference emerge, with connections increasingly forming
around more “popular” (frequently reinforced) nodes. We see, for instance, how at the end of the process
agents 62, 191, and 218, which were among the preselected agents, are in the same clique, because agent
191 was among the agents most frequently consulted by agent 218, and agents 62 and 218 both frequently
consulted agent 240 (which was not included in the preselection).

Although it is clear that a network forms, it is yet to be determined whether it does so to good eftect.
That it actually benefits agents can be seen in Figure 6, which shows the average difference, at each
run, between the 50-run rolling mean of Brier scores agents would have achieved if they had always only
consulted themselves (this is what is stored in the self _score container in Algorithm 1) and the 50-run
rolling mean of the Brier scores they actually achieved (which are stored in the score_history container).
Note that the improvement that comes from trusting others and building a network is most pronounced in
the initial segment of the 1,000 runs, but even though it then diminishes somewhat, it remains substantial.
The reason why the improvement is greatest at the start is that consulted agents get reinforced when they
do better on a selected claim than the agent itself. This doing better will sometimes just be a lucky hit, of
course, in which case the agent may reinforce another agent whose overall scores are actually worse than
its own, meaning that later selections of that agent—which are now more likely to occur—may not help
the agent to improve its actual score over its “self score.”

SIt is to be noted that these consultation networks are not guaranteed to be optimal: simple reinforcement can “satisfice” (in
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Figure 6: Average epistemic improvement from social learning in a single simulation run (individual learning
model), showing the 50-run rolling mean (+ SEM across agents at each run) of the difference between agents’ Brier
scores if relying on self-judgment (“self score”) and their actual achieved Brier scores through consultation.

Turning now to the impact of shared reputational information, we investigate this by comparing the
individual learning model with the collective urn model, in which (it will be recalled) agents sample from
a pooled urn reflecting the aggregated reinforcement history of the entire community. We ran 1,000 full
simulations (each lasting 1,000 runs) for both models.

The top row of Figure 7 shows the average correlation (averaged over the 1,000 simulations) between
consultation frequency and overall classification correctness (left) and overall average Brier score (right),
for both the individual (red solid lines) and collective/reputational (blue dashed lines) urn models. Both
panels show that the collective urn model leads to a faster convergence on epistemically successful agents.
Absolute differences may not seem large for classification correctness or average Brier scores, but two-
sample t-tests performed after each run reveal that they were virtually always significant. Moreover,
calculating Cohen’s d values also after each run shows that the effect of adding reputational marking
actually tends to be very large, as can be seen in the bottom row of Figure 7. (Conventionally, Cohen’s d
values above 0.8 count as large.)

These results demonstrate that while simple individual reinforcement learning can lead to the emer-
gence of trust in more competent peers, the introduction of a mechanism to share reputational informa-
tion significantly improves the speed and accuracy of this process. The community as a whole becomes
better at identifying its most reliable epistemic members when individual learning experiences about
who to trust are made publicly available.

the sense of Simon, 1982) on locally good but suboptimal patterns (e.g., a chain where an intermediate node is preferred over a
still more reliable node). With some tuning, one may be able to prove convergence toward optimal structures in our setting by
adapting results on reinforcement learning (see, e.g., Beggs 2005). We leave such theorems to future work and here focus on the
descriptive emergence of performance-sensitive deference.
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Figure 7: Impact of reputation on identifying expertise. Top row showing average correlation (+ SEM across 1,000
simulations) between agent consultation frequency and overall classification correctness (left) and overall average
Brier score (right), over 1,000 runs, for models with individual urns (red solid lines) and collective urns (blue dashed
lines). Bottom panels show corresponding effect sizes (mostly very large here) for the difference between the two
models (green markers indicate p < .01).

5 Conclusion

We studied the emergence of expert trust through simple reinforcement learning mechanisms by adapting
an agent-based model from Barrett, Skyrms, and Mohseni (2019) and applying it to a large dataset of
probability judgments. Our findings show that communities can develop patterns of trust in their more
epistemically competent members without evaluating track records or having access to background
information on reliability, or in fact without any member ever having to trust another member blindly.
We showed that even in a model of strict individual learning, where agents only reinforce choices
based on their private interaction outcomes, a significant correlation emerges between an agent’s overall
epistemic performance (their classification correctness and average Brier score on the full dataset) and
how frequently they are consulted, meaning that epistemically more competent agents become more
central in a dynamically forming network. This addresses a fundamental question that arises about
expert trust, which even precedes how novices might choose among already identified “putative experts,”
to wit, how certain individuals may come to be recognized as expert-like resources in the first place.
Furthermore, introducing a mechanism for sharing reputational information—by pooling individual
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reinforcement histories into a collective urn—had a clear positive impact on the speed and accuracy of
this process of expertise identification.

Most importantly, while admittedly abstracting from many complexities of real-world expert assess-
ment, our model offers an empirically grounded, bottom-up account of how expert trust can emerge
without recruiting any sophisticated cognitive machinery. The trust that emerges is not based on explicit
inductive reasoning about past success rates by individual agents, but is an indirect outcome of a simple
behavioral reinforcement process, akin to habit formation.

Most work in network epistemology, particularly the agent-based modeling tradition, has centered
on questions of the division of cognitive labor and the optimal structure of communication networks.
Researchers have asked, for example, how a community of scientists should distribute their efforts
among different research programs to maximize collective success; what the ideal level of connectivity
is in a scientific community; and how different communication structures affect a group’s ability to
converge on the truth (Zollman 2007; Weisberg & Muldoon 2009; Rosenstock, Bruner, & O’Connor 2017;
O’Connor & Weatherall 2019; Seselja 2021; Ferrari, Lammers, & Wenmackers Forthcoming). Our work,
in contrast, addresses a question that is arguably prior to these concerns, viz., how the very networks
of trust and deference that underpin scientific collaboration and communication emerge to start with.
One avenue for future research would be to combine our model of emergent trust with existing models
of the division of cognitive labor and then investigate how the dynamic formation of trust networks, as
modeled in our paper, affects a community’s ability to solve complex problems or efficiently explore an
“epistemic landscape.” Such a combined model could help us answer whether communities that are good
at identifying and trusting their most competent members are also more successful at allocating their
cognitive labor effectively.

Reinforcement learning encompasses a great number of algorithms (see Sutton & Barto 2018), many
of them more sophisticated than the one we adapted from Barrett and colleagues’ work. Future research
could consider using more complex (though still relatively simple) algorithms and conduct behavioral
experiments to compare the ability of different such algorithms to model the emergence of expert trust.
For example, in Figure 6 we saw how emerging reliance on others helps to improve the epistemic positions
of agents, but also that this improvement decreases somewhat over time. As explained, that is because
agents also tend to carry along some “dead wood” in their urns: peers who are, overall, epistemically
inferior to an agent may nevertheless be reinforced by that agent when a claim is selected on which,
coincidentally, the peer happens to do better. One could think of a further adaptation of the Barrett et
al. model that allows agents to get rid of such dead wood, for instance, by endowing them with a second
urn to which they add a ball with an ID from a peer occurring in their first urn each time that peer is
sampled and thus consulted on a given claim but then turns out to have a higher Brier score than the
agent itself. Once a peer has (say) three balls with its ID occurring in the second urn, the agent could
purge the peer from the first urn (whether completely—by removing all balls with that peer’s ID—or only
partially—by removing some balls—if there is a difference). Note that such an adaptation would still not
engage agents in any form of inductive reasoning, nor would it introduce a need for blind trust at any
point.

There are other ways in which our approach could be refined. For instance, the current model (in
either variant) does not look at the costs of consultation, or ways in which agents might argue for their
positions or disclose their evidential sources—which might all figure in a decision whether or not to
reinforce an agent. Addressing such issues would require the introduction of richer agent structures,
which is a possibility we flag here only to set it aside as work for another day.
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Meanwhile, our findings offer a proof of concept that simple and local learning rules may suffice to
allow a basis for expert trust to emerge within a community of interacting agents. Nothing said in the
foregoing goes against the main gist of Goldman’s work on experts nor, to our knowledge, against that of
any other main account of expertise. In particular, if there is a set of “putative experts” already in place,
laypeople (or novices) may well want to decide which expert’s advice to follow (in case not all experts agree)
on the basis of the experts’ track records and other quality indicators, as recommended by Goldman (2001,
2021) and others (e.g., Schurz 2012, 2019; Friedman & SeSelja 2023; though see Huang Forthcoming for
critical discussion). What we hope to have offered is an approach to expertise that complements existing
accounts, by highlighting how communities of initially undifferentiated agents—no one has been labeled
as a putative expert yet—can self-organize into networks that effectively identify and place central their
most capable members, and where all trust involved is earned and not blind.
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