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Abstract

Access to correct information is not sufficient for learning. One must still encounter it, evaluate it, assign
sufficient credit to its source, and allow that information to modify one’s own knowledge. We study this
chain with an agent-based model built from the MOVICI experiment. The 96 agents inherit characteristics
from 96 real participants. The model distinguishes two learning pathways—Web information search and
debate—as well as several stages between available expertise and effective learning. The first episode
reproduces the main orders of magnitude observed in MOVICI: search yields a factual gain of about 1.4
points out of 20, whereas a single debate produces no substantial average gain. Subsequent episodes are
generative experiments repeated up to 50 times, with 30 Monte Carlo replications for the main scenarios
and the same-agent counterfactual. Two results dominate. First, in an information environment that
continues to expand, a small differential associated with socioeconomic resources produces a growing
absolute gap in knowledge stock, while the gap in knowledge density remains much smaller. Second, the
simulated cooperative regime barely improves raw expertise recognition; instead, it mainly increases
receptivity to partners in general. Agents give more weight to more knowledgeable partners, but also to
less knowledgeable ones. This openness reduces missed corrective opportunities and increases factual
knowledge acquisitions, while also increasing some losses; the advantage in net knowledge balance is
therefore more variable. An ablation that neutralizes the credit-to-influence link removes the main social-
learning advantage, whereas an ablation that preserves mean receptivity but removes differential
allocation across partners leaves the mechanism largely intact. The model thus suggests that epistemic
inclusion can improve without an equivalent improvement in social-calibration accuracy, and that small
structural or interactional differences can generate cumulative trajectories when repeated.

Keywords: agent-based model; epistemic vigilance; epistemic credit; social receptivity; information search;
debate; cumulative advantage; metacognition; social learning.

1. Introduction

Much of what we know comes from others. We learn from books, search engines, teachers, colleagues,
and people close to us. This dependence makes the accumulation of knowledge possible. It also creates a
simple problem: correct information may be available without being recognized, weighted, or used.

Epistemic vigilance refers to the mechanisms by which people evaluate information and the sources that
convey it (Sperber et al., 2010). Such vigilance is not limited to deciding whether a source is reliable. At least
four operations should be distinguished: identifying who appears benevolent and competent, assigning
that person credit, giving weight to what they say, and then integrating—or not integrating—their
information.

Research on groups has long shown that the presence of expertise does not guarantee its use (Hinsz et al.,
1997; Hollingshead, 2000). The sociology of status likewise shows that recognized competence and
influence can be shaped by social characteristics independent of objective performance (Berger et al.,
1972; Foschi, 2000; Ridgeway, 2014). The central problem is therefore less ‘who knows?' than ‘how does
available knowledge become a resource for others?’

The MOVICI experiment provides a setting in which to study this problem. Participants first search for
information on the Web and then debate in small groups. Their factual knowledge increases after search.
After a single debate, the average factual gain is close to zero. The cooperative or competitive context is
nevertheless associated with differences in how partners are evaluated. Most importantly, participants who
direct their competence judgments more accurately toward partners who are objectively more
knowledgeable show greater factual progress.



A short experiment cannot reveal what these mechanisms produce after dozens of episodes. This is where
the agent-based model becomes useful. It is not intended to predict exactly what would happen after fifty
real debates. Rather, it asks a mechanistic question: what follows from repeatedly applying local rules that
are compatible with the observed data? This approach belongs to the tradition of generative explanation
(Epstein, 1999) and empirically grounded agent-based modelling (Windrum et al., 2007; Stefanelli & Seid|,
2017; Banisch & Shamon, 2024).

Our question is therefore: how can small differences in opportunities to learn and in the credit assigned to
others become cumulative? We examine information search, debate, and their sequence separately. We
also test which mechanisms are necessary for the resulting patterns and whether the effect of the social
regime depends on better discrimination among experts or on more general receptivity to others'
contributions.

2. Theoretical Framework: Learning from a Socially Structured World

2.1. Two Learning Pathways

The first pathway is learning from documents. Individuals must encounter information, devote attention to
it, evaluate it, and integrate it. Previously acquired knowledge facilitates some forms of processing and can
also reduce the cost of understanding new information.

The second pathway is learning through communication. It adds another difficulty: content arrives
together with a human source. The learner must therefore evaluate both what is said and the person who
says it. CAVL describes this situation as vigilant learning: cognitively resource-bounded, guided by prior
knowledge, and dependent on cues about sources and the social context (Vayre et al., 2026d).

The model also distinguishes objective knowledge from each person'’s estimate of their own competence.
This distinction matters. Metacognitive judgments can be informed by actual performance, but also by
cues of familiarity or fluency that are not always diagnostic (Nelson & Narens, 1990; Koriat, 1997). Online
search can, in particular, increase the feeling of knowing faster than information is actually retained in
memory (Fisher et al., 2015).

2.2. Structural and Interactional Embeddedness

We use the term structural embeddedness when opportunities to learn depend on unequally distributed
resources: time, equipment, familiarity with tools, digital skills, networks, or educational experience. In the
model, the socioeconomic indicator is a simplified representation of these differences in conditions of
existence. It is never interpreted as an intrinsic cognitive capacity.

This interpretation is consistent with research on digital inequalities. That literature shows that disparities
concern not only material access, but also skills, uses, and the benefits obtained from technologies
(Hargittai, 2010; Helsper, 2012; van Deursen & Helsper, 2015; Scheerder et al., 2017).

We use the term interactional embeddedness when the local situation changes how information from
others is processed. The partners who are present, their visibility, their way of interacting, and the group's
goal structure can all alter the credit they receive. This idea is compatible with Granovetter’s (1985)
approach to embeddedness: decisions are neither purely individual nor wholly imposed by an abstract
structure; they acquire meaning within concrete relationships.

2.3. Cooperation, Competition, and Goal Structure

The manipulation draws on social interdependence theory. In the cooperative condition, success is
presented as shared. In the competitive condition, relative performance among participants is more
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salient. When goals are positively interdependent, another person’s contribution can help each participant
achieve their own goal. When goals are negatively interdependent, another person’s relative success can
become strategically ambivalent (Johnson & Johnson, 2009).

This interpretation also connects with research on achievement goals. A mastery-oriented context makes
revision and error more compatible with learning, whereas a performance-oriented context makes social
comparison more central (Dweck & Leggett, 1988; Ames, 1992; Elliot & McGregor, 2001). Work on
sociocognitive conflict shows more directly that mastery goals favour content-focused regulation, whereas
performance goals favour more relational forms of regulation centred on relative competence (Darnon et
al., 2006; Sommet et al., 2014). MOVICI does not, however, measure these individual goals. We therefore
use this literature to interpret the experimental framing, not to attribute a measured motivational state to
each participant.

2.4. Epistemic Credit and Misallocation

We define epistemic credit as the value assigned to a person as a source of knowledge. Assigning
substantial credit to a competent person can facilitate learning. By contrast, assigning too little credit to
someone who is more knowledgeable than oneself can mean losing an opportunity for correction.

The model therefore measures epistemic credit misallocation relative to objective competence. This
concept is narrower than epistemic injustice. Testimonial injustice requires an unfair credibility deficit
produced by prejudice or by a relevant social relation in the receiver's judgment (Fricker, 2007). Recent
methodological work emphasizes the need to distinguish empirically between a credibility deficit,
prejudice, and the causal link between them (Arcila-Valenzuela & Paez, 2024). The current model does not
directly represent stigmatized social categories. Moreover, its main index is intentionally directional: it
targets the underuse of available corrective expertise rather than all symmetric errors in credit calibration.

Perceived competence can also depend on imperfect social cues. Displayed confidence, dominance, or
prestige can increase a person’s influence without directly measuring objective competence (Price & Stone,
2004; Anderson & Kilduff, 2009; Cheng et al., 2013). This distinction justifies separating actual competence
from recognized competence.

2.5. What the Model Adds to Existing Simulations

Several agent-based models have already formalized epistemic vigilance. Butler et al. (2019, 2020) study
deliberation and opinion diffusion with agents able to resist insufficient arguments. Reisinger et al. (2023)
model plausibility, criticism, and gullibility. Laskowski et al. (2023) and Rybnik et al. (2023) also examine
source competence and cooperation.

MOVICI-CAVL differs through four complementary choices. First, the outcome to be explained is a change
in factual knowledge, rather than only an opinion or decision. Second, the model explicitly separates a
partner’'s actual competence, the competence attributed to that partner, the epistemic credit assigned to
them, the effective weight of their information, and the learning that follows. Third, agents are initialized
from real participants and the first episode is anchored to empirical signatures from MOVICI. Fourth,
subsequent episodes extend these rules over time, and ablation tests distinguish mechanisms that are
necessary from regularities that are merely associated. This combination of empirical anchoring,
mechanistic decomposition, generative extension, and ablation tests is the model's specific contribution to
the social-simulation literature.



3. Empirical Basis: The MOVICI Experiment

3.1. Protocol

MOVICI includes 96 participants: 49 in the cooperative condition and 47 in the competitive condition.
Participants first answer a 20-item factual-knowledge questionnaire on animal proteins. They then conduct
approximately twenty minutes of open Web search. After recalling and evaluating the sources and
arguments encountered, their knowledge is measured a second time. Participants then debate for twenty
minutes, evaluate their partners, recall and assess arguments, and complete the factual questionnaire a
third time. Table 1 summarises how this experimental sequence is translated into the model.

Debate groups contain two, three, or four participants. Condition assignment was not strictly randomised.

Table 1. From the Human Experiment to the Model

Time point

Before search

What the participant does

20 factual questions + self-estimated
knowledge

What the model retains

Initial knowledge and self-estimate

Web search

Open search for approximately 20
minutes

Information exposure and direct
learning

After search

Recall, evaluation, second factual
questionnaire

Updated knowledge state and self-
estimate

Debate Discussion under cooperation or Partner evaluation, assigned credit,
competition social influence
After debate Partner evaluation, recall, third factual Final observed state

questionnaire

3.2. Empirical Results Used

Information search produces a mean gain of 1.396 points out of 20 between the first and second
measurements (Vayre et al., 2026a). Initial knowledge remains the main predictor of subsequent
knowledge. A socioeconomic indicator also makes a positive contribution, whereas the future debate
condition has no robust effect before the interaction.

The contrast between the second and third measurements is -0.229 points out of 20 and is not significantly
positive (Vayre et al., 2026b). A single debate therefore produces no substantial average factual gain. The
condition is, however, associated with differences in social evaluation. Participants in the cooperative
condition report, in particular, higher perceived benevolence and better self-calibration; the analyses also
converge on greater under-crediting in the competitive condition. Because condition assignment was not
strictly randomised, these human differences are used as observational constraints rather than as causal
estimates.

One result is particularly important for the model. A partner’s objective competence predicts very little of
the competence attributed to that partner on average. Yet participants who allocate their competence
judgments more strongly toward partners who are objectively more knowledgeable show greater factual
progress. To measure this allocation quality, we transform the competence ratings assigned to partners
into relative weights that sum to 1. We then calculate the partners’ mean factual score using those weights.
A positive score means that the evaluator concentrates more attention on the more knowledgeable
partners. A one-standard-deviation increase in this index predicts a +0.295-point increase at the final
measurement, controlling for the previous knowledge level (p =.021; N = 73; 22 debates). Table 2
summarises the empirical results used to calibrate or check the model.
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Table 2. Empirical Results That Constrain or Evaluate the Model

MOVICI observation Main value Role in the model

Gain after search +1.396/ 20 Sets the order of magnitude for direct
learning

Effect of socioeconomic level after positive; standardised b =.472, p=.016 | Introduces a small repeated

search opportunity/efficiency differential

Effect of future condition on search not robust; p = .440 No direct cooperation bonus during
search

Gain after a single debate -0.229/20; p=.176 Debate should remain close to zero in
episode 1

Cooperation and perceived strong positive effect; p <.001 Social context changes partner

benevolence evaluation

Allocation of competence toward the +0.295 points per SD; p =.021 Better credit orientation is associated

best partners with more learning

4. The Agent-Based Model

This section follows the ODD protocol, widely used in JASSS. ODD stands for ‘Overview, Design concepts,
and Details’ (Grimm et al., 2020). We therefore present the model’'s purpose, agents, and sequence of
operations first. The equations and parameters follow. This allows readers to understand the general logic
before moving into the formalization.

The Model in 30 Seconds

Each agent represents a MOVICI participant. Agents possess factual knowledge and an estimate of their own competence.
During search, they encounter information and may acquire or lose factual knowledge. During debate, they evaluate
partners, assign them more or less credit, and then give more or less weight to what those partners know. The model
repeats these episodes to observe what accumulates. Cooperation and competition never award knowledge points directly:
they only change how partners and the self are evaluated.

4.1. Purpose of the Model

The model seeks to explain how two short-term mechanisms can generate long-term trajectories: first,
small repeated differences in opportunities to learn during search; and second, repeated differences in the
credit and receptivity assigned to partners during debate. The first episode is anchored in MOVICI.
Episodes 2 to 50 are generative virtual experiments rather than chronological forecasts.

4.2. Agents and Information Environment

The model contains 96 agents. Each agent inherits data from a real participant: factual responses, self-
estimated knowledge, a socioeconomic indicator, and selected indices describing visibility and relational
style during debate.

The information environment initially contains 20 facts corresponding to the 20 questionnaire items. We
examine two environments. In the fixed world, no new facts appear. In the renewed world, 3 new facts are
added from the second episode onward; their difficulty is drawn from the distribution observed in MOVICI.
After the first empirically anchored episode, both environments use the same exposure budget. The
comparison therefore distinguishes learning in a finite world from learning in an information environment
that continues to expand.



4.3. An Information-Search Episode

Simulated search comprises two successive regimes. The first episode provides empirical anchoring: the
calibrated transition kernel is applied to the 20 initial items to remain directly comparable with MOVICI.
From the second episode onward, FIXED and RENEWED use the same limited-exposure engine: each agent
has ten information encounters per episode; in RENEWED, up to two may be reserved for newly introduced
facts. Encounter reliability is set to 0.80 as a scenario assumption, not as an empirical estimate of Web
reliability. Table 3 summarises this sequence.

Table 3. Sequence of an Information-Search Episode

Step What happens

1. Anchoring / world update In episode 1, the 20 MOVICI facts form the full pool. From
episode 2 onward, RENEWED adds new facts; FIXED remains
at 20 facts.

2. The agent encounters facts Episode 1: the calibrated kernel is applied to the full pool.

Episodes 2-50: ten encounters per agent in both FIXED and
RENEWED; up to two are reserved for new facts in
RENEWED.

3. The encounter may be reliable or misleading From episode 2 onward, an encounter is reliable with
probability 0.80. This value is a scenario assumption, not an
estimate of Web reliability.

4. The agent may acquire or lose a fact A reliable encounter can produce an acquisition; a
misleading encounter can produce a loss. Probabilities
depend on prior knowledge, socioeconomic level, fact
difficulty, and an information-vigilance state.

5. The agent revises the self-estimate The estimate depends on the previous self-estimate, new
knowledge, and a navigation index based on search-engine
results pages.

4.4. A Debate Episode

Debate adds a social layer. Partners do not automatically transmit what they know. A partner's information
must first receive enough credit to affect learning. A social update can lead to an acquisition (0—1) when
the partner possesses a fact the agent lacks, but also to a loss or erroneous revision (1-0) when a heavily
weighted partner does not possess a fact currently held by the agent. Table 4 summarises the sequence.

Table 4. Sequence of a Debate Episode

Step What happens

1. Group formation Agents are grouped only with others from the same
condition. The main scenario reproduces as closely as
possible the observed distribution of groups of 2, 3, and 4.

2. Partner rotation In the main scenario, partners rotate at each episode. Fixed
partners are tested separately as a robustness check.

3. Evaluation of each partner Each agent estimates partners’ competence and
benevolence. These evaluations depend on observed cues
and on the cooperative or competitive condition, plus a
stochastic component.




Step What happens

4. Credit assignment Perceived competence and benevolence are combined to
obtain the value assigned to the partner as a source of
knowledge.

5. From credit to influence Partner credit is compared with the agent’s self-estimate.

The more a partner is credited relative to the self, the more
weight their information receives.

6. Possible fact transfer For each directed evaluator-partner relation, one fact is
drawn from the available world. Partner weight modulates a
possible factual acquisition (0—1) when the partner has the
fact and the agent does not, or a possible loss (1-0) when
the agent has the fact but a heavily weighted partner does
not.

7. Self-model update The agent also revises their estimate of their own
competence. Under cooperation, factual knowledge re-
anchors this estimate more strongly.

4.5. What Cooperation and Competition Change

The difference between cooperation and competition is restricted to specific social mechanisms. It does
not directly change the probability of knowing a fact. In the model, the social regime changes partners’
perceived competence, their perceived benevolence, and the way the agent updates their self-estimate.
Factual consequences can arise only afterward, if these differences alter epistemic credit, the weight
assigned to partners, and thus the use of their information.

This construction translates a hypothesis from social interdependence theory: cooperation makes using
another person’s contribution more compatible with the group goal, whereas competition makes
performance comparison more salient (Johnson & Johnson, 2009). It is also consistent with work showing
that social motivation directs the search for and use of information in groups (De Dreu et al., 2008), that
performance goals favour relational forms of conflict regulation (Darnon et al., 2006; Sommet et al., 2014),
and that a cooperative or competitive mindset changes the effect of social comparison on self-evaluation
(Colpaert et al., 2015). We do not assume, however, that each participant has a measured mastery or
performance goal.

4.6. Sequencing Search and Debate

In the coupled scenario, each cycle begins with search and is followed by debate. The debate therefore
uses the knowledge and self-estimate that were just updated by search. In the renewed environment, new
facts are added during search; they are not added a second time during debate.



Agent state

* known facts
« self-estimate
* social resources

Information search

* encounters facts
« learns or loses
* revises self-estimate

Debate

« evaluates partners
+ assigns credit
* weights information

* knowledge

Cumulative outcomes

* self-calibration
* use of expertise

In the coupled scenario: search first, then debate. The cycle can be repeated.

Figure 1. General logic of the model. The first search episode anchors the model to MOVICI; subsequent episodes use a limited

exposure budget. Debate adds source recognition, epistemic credit, receptivity, and information weighting before a possible

acquisition or loss of a fact.

4.7. Measuring the Use of Expertise
We use several complementary indicators that answer

different questions. In particular, we distinguish

expertise recognition, mean epistemic credit, the weight assigned to more- or less-knowledgeable
partners, the use of corrective opportunities, and calibration errors. Code variable names are deliberately
kept out of the main text and are provided in the Appendix for replication. Table 5 defines these indicators

in plain language.

Table 5. Main Social Indicators

Question

Measure in plain language

Does the agent know who is more knowledgeable?

Accuracy in ranking partners by their actual competence.

How much credit does the agent assign to partners?

Mean credit assigned to others as sources of knowledge.

Does the agent give more weight to genuinely better
partners?

Mean weight assigned to partners who know more than the
agent.

Does the agent use available corrective opportunities?

Share of potential corrective knowledge that actually
receives weight.

How many corrective opportunities are missed?

Complement of the preceding measure.

Is credit misallocated?

Mean of three directional errors: (1) missed corrective
opportunities; (2) a credit-rank reversal when a partner is
more knowledgeable; (3) underweighting a more
knowledgeable partner. Over-crediting less knowledgeable
partners is measured separately.

Does the agent also give weight to less knowledgeable
partners?

Mean weight assigned to partners who know less than the
agent; a diagnostic of general receptivity and potential over-
crediting.




4.8. Mathematical Formalization with Intuitive Interpretation

The preceding subsections are sufficient to understand the model’s logic. We now provide the equations
used in the RStudio package. The essential point is where the numbers come from. They are not all chosen
in the same way. Some coefficients are estimated directly from MOVICI. Others are calibrated to preserve
an empirical signature when the model is extended. Finally, a small number of parameters are modelling
conventions and are therefore examined through sensitivity analysis.

Where Do the Coefficients Come From?

Factual search. The constants, the effect of knowledge level, the socioeconomic effect, and the effect of fact
difficulty come from a logistic calibration of item-level transitions observed in MOVICI. The small
socioeconomic effect is therefore not chosen to manufacture long-term divergence: it is fixed from episode
1 and then repeated without retuning.

Metacognition. The coefficients linking the previous self-estimate, factual knowledge, and the share of time
spent on search-engine results pages come from a regression estimated on the 96 participants. In MOVICI,
subjective change tracks factual gain only weakly, and a greater relative amount of time on results pages
predicts higher subjective knowledge at controlled factual knowledge. This exploratory result is compatible
with the ‘illusion of knowledge’ described by Fisher et al. (2015), without by itself demonstrating a general
illusion in MOVICI (Vayre et al., 2026a).

Debate. The effects of condition, partner visibility, and relational style on perceived competence and
benevolence are estimated from MOVICI's dyadic evaluations. Persistence in the self-estimate and its re-
anchoring by knowledge under cooperation are also estimated from MOVICI. By contrast, the contribution
of benevolence to credit (0.169) is a calibration parameter retained from earlier ABM development, and the
scale transforming the credit gap into weight (1.0) is a modelling convention. The RStudio package
explicitly tests sensitivity to the former parameter (0; 0.169; 0.338) and to the credit-to-weight scale. These
parameters should therefore not be presented as coefficients directly estimated in the experiment.

Three notations are sufficient to read the equations.

Three Notations to Know

g(x) =1/[1 + exp(-x)] transforms any score into a probability between 0 and 1. z(x) simply indicates a value’s position
relative to the sample mean, in standard-deviation units. Finally, I_coop is an indicator: it equals 1 under cooperation and 0
under competition.

(1) P(learn a fact) = g[-0.3975 + 0.0527-z(knowledge) + 0.1357-z(socioeconomic level) + 0.9881-fact ease +
0.1400-z(vigilance during search)]
In plain language. For a fact encountered during search, learning becomes slightly more likely when the
agent has more prior knowledge, when socioeconomic resources are more favorable, when the fact is
easier to learn, and when the agent’s information-vigilance state is more favorable. These coefficients
come from item-level calibration on MOVICI. The socioeconomic coefficient is small in episode 1; the
simulation experiment examines what its repetition produces.

(2) P(lose a known fact) = g[-0.7216 - 0.2155-z(knowledge) - 0.1357-z(socioeconomic level) - 0.9881-fact
ease - 0.1400-z(vigilance during search)]

In plain language. The model also allows loss or incorrect integration. The preceding factors then act in
the opposite direction. The coefficients in this equation are calibrated using the same item-level transition
data as the learning equation.
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(3) next self-estimate = bound[1,4](2.3646 + 0.2797-z(previous self-estimate) + 0.1810-z(current
knowledge) + 0.1289-navigation index + noise)

In plain language. The agent does not reassess competence from scratch. The previous judgment
matters, current knowledge matters, and the share of time spent on search-engine results pages provides
an additional cue. All three coefficients are estimated from MOVICI. The last captures the exploratory
association between relative time on results pages and subjective knowledge, controlling for factual
knowledge (Vayre et al., 2026a).

(4) partner's perceived competence = 0.1580 - 0.0127-visibility - 0.4093-Icomp + 0.3714-visibility-Icomp +
noise

In plain language. Perceived competence depends on a visibility index observed during debate and on
condition. These coefficients are estimated from MOVICI's dyadic evaluations. The interaction indicates that
visibility does not play the same role under cooperation and competition.

(5) perceived benevolence = 0.3652 + 0.0880-relational style - 0.7447-Icomp + noise

In plain language. Perceived benevolence depends on a relational index observed in the exchanges and on
condition. The strong negative competition term reproduces the empirical result that perceived benevolence
is substantially higher in the cooperative condition (Vayre et al., 2026b).

(6) credit assigned to partner = perceived competence + 0.169-perceived benevolence

In plain language. Epistemic credit combines perceived competence and perceived benevolence. The
coefficient 0.169 is not directly estimated in the final dyadic regression; it is a calibration parameter
retained from model development. Its function is to allow a relational component, weaker than the
competence component, to contribute to credit.

(7) partner weight = g[(partner credit - self-estimate) / 1]

In plain language. The same partner does not receive the same weight from every agent. If the partner’s
credit exceeds the agent's self-estimate, that partner’s information receives greater weight. The
transformation scale is fixed at 1 by convention and then varied in the sensitivity analysis.

(8) P(learn from partner) = P(learn content) x partner weight

In plain language. A partner may possess relevant information without that information being integrated.
Social weight acts as a gate for uptake and revision. The credit-to-influence link is tested through an
ablation that fixes every partner's weight at 0.5. This intervention is a causal-necessity test within the
model; by itself, it does not identify the causal mechanism in the human participants.

(9) next self-estimate = 0.7446-previous self-estimate + 0.1295-z(knowledge)-Icoop + 0.6297-noise

In plain language. The self-estimate is persistent. The coefficients 0.7446 and 0.1295 are estimated in a
constrained model fitted to MOVICI. Under cooperation, factual knowledge contributes to re-anchoring
self-evaluation; under competition, this direct term is fixed at zero in the retained specification. This
asymmetry corresponds to the empirical differences in self-calibration observed across conditions (Vayre
et al., 2026b).

(10)expertise-use efficiency = Z(corrective opportunities x partner weight) / (corrective opportunities)

In plain language. In the implementation, the corrective opportunity offered by a partner is the positive
difference between that partner’s knowledge stock and the agent's. It is zero when the partner does not
11



know more. Expertise-use efficiency is the mean of these gaps weighted by the weight actually assigned
to the partner. The missed-opportunity rate equals 1 minus this efficiency.

(11)epistemic credit misallocation = mean[missed corrective opportunities; credit-rank reversals;
underweighting of a more knowledgeable partner]

In plain language. The composite index combines the three errors defined in Table 5: missed corrective

opportunities, credit-rank reversals, and underweighting of a more knowledgeable partner. It is
computed only when the comparison is defined. The index is intentionally directional: it measures
underuse of available corrective expertise rather than all possible calibration errors. Over-crediting a less

knowledgeable partner is tracked separately; it can constitute miscalibration and increase some losses,
but it is not in itself a credibility deficit suffered by the over-credited partner. The main index therefore

does not, by itself, measure epistemic injustice.

5. Simulation Experiments
The model description and the simulation experiment are distinct. The model defines the rules; the

experiments below define the situations in which those rules are run. This distinction is important for
interpreting the results correctly.

5.1. The Six Main Scenarios

We cross three learning modes with two types of information environment, yielding six scenarios. Each
scenario is repeated 30 times with different random draws. The same 96 agents are re-created from the
MOVICI data at the beginning of every replication. Table 6 presents the six main scenarios.

Table 6. The Six Main Scenarios

Learning mode

Fixed world

Renewed world

Question

information in a world of 20
factual-knowledge items

distributed in the population
to maintain new
opportunities for social
learning

Search only 20 facts available throughout | 3 new facts per cycle from Does learning saturate when
the simulation episode 2 onward the world is finite? Does it
continue when new
information appears?
Debate only Partners exchange New facts are added and Can effects that are weak in

the short run become
cumulative?

Search then debate

Search followed by debate
on the same updated state

Search adds new facts;
debate then uses that world
without a second expansion

Does search-based learning
change dependence on
others’ contributions and the
self-model?

In the renewed debate-only scenario, new facts must be distributed somewhere in the population;
otherwise no agent could transmit them. These exogenous additions are not counted as social learning. To
measure learning produced by debate, we count only acquisitions minus losses generated through

exchanges among agents.
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5.2. What an Episode Means

An episode is not a day, week, or year. It represents an abstract occurrence of the process under study: one
search, one debate, or one search followed by one debate. We observe episodes 1, 5, 10, 15, 20, 25, and 50.

Long-run results therefore describe the shape of repeated dynamics, not a chronological forecast.

5.3. Group Composition and Partner Rotation
In the main debate simulations, agents remain in their empirical condition: 49 under cooperation and 47
under competition. Groups are formed separately within each condition. In the empirical distribution, 17
participants belong to groups of 2, 35 to groups of 3, and 44 to groups of 4. Because groups must also be
separated by condition, the closest feasible partition is 16, 36, and 44 participants, respectively. Partners
are then recomposed at each episode.

5.4. Same-Agent Counterfactual Comparison
A population comparison can conflate contextual effects with initial differences between people. We
therefore add a stricter computational intervention. Each agent is simulated twice from exactly the same
initial state: once under the cooperative regime and once under the competitive regime. Random draws
are paired as closely as possible between the two versions. The resulting difference therefore isolates the
causal effect of the mechanisms that the model makes regime-dependent, conditional on the formalized

architecture.

This comparison is limited to the renewed debate-only and search-then-debate scenarios. It does not claim
to reconstruct all behavioural mediations that might occur in the human experiment, nor does it
retrospectively turn MOVICI into a randomised trial. In this article, causal language is reserved for
interventions performed within the model; human differences between conditions remain observational

constraints.

5.5. Mechanism, Robustness, and Sensitivity Tests
We conduct four mechanism-removal or mechanism-neutralization tests. Each modifies one specific rule
and reruns the simulation. These interventions identify which components are necessary for the model

result and distinguish general receptivity from differential allocation across sources. Table 7 summarises

the four tests.

Table 7. Mechanism-Removal Tests

Test

Remove the socioeconomic search
effect

What is removed or neutralized

The small coefficient associated with
socioeconomic resources is set to zero

Question

Does the cumulative knowledge gap
disappear?

Remove relational memory

Evaluations of a partner are no longer
averaged with previous encounters

Does the dynamic depend on a
persistent dyadic relationship?

Remove the credit — influence link

All partners receive a fixed weight of
0.5, regardless of the credit assigned to
them

Does social credit still produce a
learning advantage when it can no
longer change influence?

Neutralize differential credit allocation

Each evaluator's mean partner weight
is preserved, but that same weight is
assigned to all of their partners

Does the effect arise from general
receptivity to others or from fine-
grained allocation across sources?

We also conduct two social-robustness checks: fixed partners instead of rotating partners, and groups of
four for all agents. Three targeted sensitivity analyses separately vary the rate at which new information
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arrives, the strength with which the credit gap is transformed into weight, and the contribution of
benevolence to credit. To limit computational cost, these extensions are repeated five times per variant,
whereas the main scenarios and same-agent counterfactual are repeated 30 times. This strategy prioritizes
targeted mechanistic tests over an exhaustive sweep of all parameters (Thiele et al., 2014).

5.6. Why 30 Replications?

A simulation contains stochasticity, so two otherwise identical executions may produce slightly different
values. We repeat the main scenarios 30 times and summarise variation across these replications.
Simulation replications are never treated as 30 additional human participants. Monte Carlo quantiles
describe variability across simulated worlds; they are not confidence intervals for a human population. We
also examine the stability of estimates across 10, 20, and 30 replications.

6. Empirical Anchoring and First-Episode Checks

We distinguish two uses of the MOVICI data. A calibration value is used directly to set a model mechanism.
A structural check is used differently: it verifies that the model does not produce a result that is clearly
incompatible with the experiment. This distinction avoids presenting a value used in model construction as
independent validation. Table 8 compares the human data with the first simulated episode.

Table 8. Comparison of Human Data and the First Simulated Episode

Signature MOVICI Simulation, episode 1 (V)

Factual gain after search +1.396 +1.423 Calibration

(/20)

Factual gain after debate -0.229 +0.039 Structural check
(/20)

Raw effect of socioeconomic | +0.562 +0.525 Calibration

level after search

Effect of +0.284 -0.110 Structural check
cooperation/competition
condition on learning during
information search

Effect of cooperation on +0.410 +0.406 Calibration
perceived competence

Effect of cooperation on +0.712 +0.774 Calibration
perceived benevolence

Differences are small for the main calibration targets. The post-search gain is +1.396 in MOVICI and +1.423
in the simulation. The aggregate socioeconomic effect is +0.562 in the data and +0.525 in the simulation,
whereas the elementary SES coefficient was calibrated at the item-transition level. Condition-associated
effects on perceived competence and benevolence are also close. The gain after a single debate remains
close to zero in both cases, although its direction differs. The human effect of future debate condition on
search, used only as a structural check, is not reproduced and was not robust in MOVICI.

The supplementary analysis of functional expertise allocation is also reproduced in the replication scripts: a
one-standard-deviation improvement in allocation predicts +0.295 points of final knowledge, controlling for
prior knowledge (CR2 p =.021; N = 73; 22 debates).
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7. Simulation Results

7.1. Search Saturates in a Fixed World and Continues in a Renewed World

In the fixed world, agents learn progressively and then approach a plateau. Mean gain is +1.423 facts at the
first episode, +4.392 at the fifth, +5.989 at the tenth, +7.215 at the twenty-fifth, and +7.420 at the fiftieth.
Agents then master, on average, about 82% of the 20 available facts. Table 9 presents the full trajectories
for the six scenarios.

In the renewed world, the same exposure engine does not saturate in the same way. Mean gain reaches
+7.184 at the fifth episode, +14.827 at the tenth, +37.805 at the twenty-fifth, and +76.448 at the fiftieth. At
that point, agents know an average of 85.448 facts, or about 51% of the available information environment.
The FIXED/RENEWED comparison therefore holds the exposure budget constant after episode 1; what
changes is whether new information can continue to enter the environment.

Table 9. Net Knowledge Gain or Cumulative Social Learning by Scenario

Scenario 1 5 10 25 50
Search, fixed 1.423 4.392 5.989 7.215 7.420
world

Search, renewed 1.423 7.184 14.827 37.805 76.448
world

Debate, fixed 0.039 0.142 0.256 0.531 0.782
world

Debate, renewed 0.039 0.144 0.242 0.543 1.105
world

Search then 1.445 4.391 5.949 7.154 7.373
debate, fixed

world

Search then 1.445 7.232 14.899 37.897 76.601
debate, renewed

world

7.2. A Small Socioeconomic Differential Produces Cumulative Advantage in an Expanding Information
Environment

In the renewed environment, the knowledge-stock gap associated with socioeconomic level is already
positive in the first episode: +0.525 facts. It then increases steadily: +0.852 at episode 5, +1.241 at episode
10, +2.607 at episode 25, and +4.946 at episode 50. The search-then-debate scenario produces an almost
identical trajectory. Relative to the size of the world, the density gap is much smaller but remains positive,
increasing from about +0.026 in the first episode to +0.030 in the fiftieth. Table 10 reports effects on stock
and density jointly.

Together, these results clarify the form of cumulative advantage. The model does not show unlimited
proportional divergence within a closed stock. Instead, it shows that a small differential in opportunity or
efficiency, repeated in an information environment that continues to expand, generates a growing
absolute knowledge gap while maintaining a much smaller relative differential. This assumption is
substantively plausible for scientific and digital environments in which new knowledge continually
becomes available. When the socioeconomic coefficient is set to zero, the SES effect on knowledge stock at
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episode 50 becomes -0.124 in search alone and +0.218 in the coupled scenario, with Monte Carlo quantiles
broadly including zero; density effects likewise become close to zero.

Table 10. Evolution of the Knowledge Gap Associated with Socioeconomic Level

Scenario Episode 1 5 10 25 50

Renewed search -

SES effect on 0.525 0.852 1.241 2.607 4.946

stock

Renewed search -

SES effect on 0.0262 0.0266 0.0264 0.0283 0.0296

density

Renewed coupled

- SES effect on 0.528 0.882 1.299 2.612 4.991

stock

Renewed coupled

- SES effect on 0.0264 0.0276 0.0276 0.0284 0.0299

density

No SES effect - — — — — -0.124 stock;
search, episode -0.0007 density
50

No SES effect - — — — — +0.218 stock;
coupled, episode +0.0013 density
50

Reading. The absolute gap widens in a renewed world, whereas the relative density gap remains much
smaller. Ablating the socioeconomic coefficient almost completely removes this gradient. The model also
contains weak cognitive recursion: previously acquired knowledge slightly facilitates subsequent
acquisition and reduces the probability of loss.

7.3. A Single Debate Produces Little Learning, but Repeated Debates Can Accumulate

Debate remains far less powerful than search for factual-knowledge learning. After one episode, the mean
social-learning gain is +0.039. In the fixed world, cumulative net learning reaches +0.782 by episode 50. In
the renewed world, it reaches +1.105. The important result is not that debate becomes a massive source of
knowledge. Rather, a very small effect in each episode can nevertheless accumulate when partners and
corrective opportunities are renewed.

7.4. In the Model, the Cooperative Regime Mainly Increases Social Receptivity

The same-agent counterfactual provides the clearest test. At episode 50, imposing the cooperative rather
than the competitive regime hardly improves agents’ ability to rank partners by their actual competence:
the cooperation-minus-competition difference is -0.012 and fluctuates around zero across replications.
Table 11 gives the complete trajectory; Figure 2 summarises several differences at episode 50.

By contrast, the cooperative regime strongly increases the mean credit assigned to partners (+0.531). It
increases the weight assigned to more knowledgeable partners (+0.163), but also the weight assigned to
less knowledgeable partners (+0.133). The effect is therefore primarily an increase in social receptivity
rather than an improvement in raw expertise detection. This openness increases the share of corrective
opportunities that are actually used (+0.161), reduces the missed corrective opportunity rate (-0.161), and
lowers the directional epistemic credit misallocation index by 0.238.

Factual consequences emerge slowly and must be separated into acquisitions and losses. The cooperative
advantage in cumulative acquisitions grows from +0.014 in the first episode to +1.257 at episode 50, but
cumulative losses also increase by +0.841. The mean net balance at episode 50 is therefore only +0.416 and
varies more across replications (Monte Carlo quantiles: -0.427 to +1.131). The most robust conclusion thus
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concerns receptivity, use of corrective opportunities, and acquisitions rather than a guaranteed advantage
in final knowledge stock.

Table 11. The Same Agent Simulated under Cooperation and Competition

Cooperation -

competition
difference

Monte Carlo 2.5-
97.5% quantiles
at episode 50

Correct expertise
recognition

+0.046

-0.007

+0.020

-0.012

[-0.140; +0.1071]

Mean credit
assigned to
partners

+0.545

+0.525

+0.529

+0.531

[+0.478; +0.591]

Weight assigned
to more
knowledgeable
partners

+0.112

+0.149

+0.164

+0.163

[+0.122; +0.209]

Share of corrective
opportunities
used

+0.114

+0.149

+0.166

+0.161

[+0.121; +0.211]

Missed corrective
opportunity rate

-0.114

-0.149

-0.166

-0.161

[-0.211; -0.121]

Epistemic credit
misallocation

-0.162

-0.214

-0.237

-0.238

[-0.327;-0.147]

Cumulative
acquisitions

+0.014

+0.213

+0.577

+1.257

[+0.612; +1.815]

Weight assigned
to less
knowledgeable
partners

+0.098

+0.089

+0.116

+0.133

[+0.090; +0.177]

Cumulative losses

+0.009

+0.116

+0.389

+0.841

[+0.551; +1.377]

Cumulative net
balance

+0.005

+0.097

+0.188

+0.416

[-0.427; +1.131]
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Same agent simulated under cooperation and competition (episode 50)
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recognition to partners more knowledgeable opportunities misallocation
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Figure 2. Effects of the simulated social regime at episode 50. Positive values indicate higher values under cooperation;
negative values indicate lower values. Error bars represent the 2.5% and 97.5% quantiles across Monte Carlo replications, not
confidence intervals for a human population.

7.5. Ablations Distinguish Influence, General Receptivity, and Differential Allocation

The first test preserves differences in credit while preventing that credit from changing partners’ actual
influence: every partner receives a fixed weight of 0.5. At episode 50 of the debate scenario, cooperative
credit remains higher (+0.544 in these ablation runs), but the advantage in corrective-opportunity use
becomes exactly zero. The +1.257 acquisition advantage in the full model becomes -0.073 on average. In
the coupled scenario, a small acquisition difference remains (+0.219), but the specific credit-to-weight
channel is likewise neutralized. The intervention therefore establishes the internal necessity of the credit-
to-influence link for the main social-learning advantage in debate.

A second ablation preserves each evaluator's mean receptivity to others but assigns that same mean
weight to all of their partners. It therefore removes differential allocation across sources without removing
general social openness. At episode 50 of the debate scenario, the cooperative acquisition advantage
remains +1.244, expertise-use efficiency remains +0.172, and the reduction in misallocation remains -0.263.
Fine-grained differentiation among partners is therefore not necessary for the main mechanism: a large
share of the cooperative effect comes from general receptivity to others' contributions.

Finally, removing relational memory also leaves the main result largely intact: at episode 50 of the debate
scenario, the cooperative advantage remains about +0.165 for corrective-opportunity use and +1.238
acquisitions in the five extension runs. With rotating partners, persistence of a specific dyadic relationship
is therefore not necessary for the main mechanism. These ablations establish causal dependencies within
the model; they are not independent causal evidence for the human participants.

7.6. Results Are Robust to Several Scenario Changes

The qualitative conclusions remain similar when all groups contain four agents or when partners remain
fixed. They also retain the same direction when the strength of the credit-to-influence link is varied.
Sensitivity to the benevolence contribution is particularly informative: even when this contribution is set to
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zero, the cooperative advantage in corrective-opportunity use and acquisitions remains; increasing it
mainly strengthens the magnitude of receptivity. The rate at which new information enters the
environment logically changes final knowledge stock and the size of the absolute SES-associated gap,
without altering the general mechanism.

The main estimates change little between 20 and 30 replications. For example, the socioeconomic gap in
knowledge stock at episode 50 changes from +5.009 to +4.946; the cooperative reduction in misallocation
changes from -0.231 to -0.238; expertise-use efficiency from +0.156 to +0.161; and the credit advantage
from +0.532 to +0.531. The central results are therefore stable between 20 and 30 replications in this
version of the model.

7.7. Search Re-Anchors the Self-Model

In the renewed world, final knowledge stock in the search-then-debate scenario is almost identical to
search alone: 85.601 versus 85.448 facts on average. Debate therefore does not add a second massive gain
when document-based search is already strongly renewing knowledge. This proximity does not mean that
debate has no effect; rather, it indicates that social acquisitions and losses largely offset each other at the
level of final stock.

The coupling does, however, change metacognition. After fifty debates without search, the self-model
difference between the cooperative and competitive regimes is -0.234. When each debate is preceded by
search, this gap falls to -0.012. In the ABM, information acquired through document-based search
therefore regularly re-anchors self-estimation and limits the divergence generated by the social context.

8. Discussion

8.1. The Central Problem Is Converting Expertise into Learning

MOVICI and the model converge on one point: the presence of a more knowledgeable person is not yet a
learning resource. Their contribution must be encountered, receive enough credit, and that credit must be
able to change how their information is used. This distinction is consistent with several findings from the
learning and group literatures. Groups can fail to pool information that is already available (Stasser & Titus,
1985). Conversely, shared experience can improve performance by facilitating recognition and use of
members' expertise (Littlepage et al., 1997), and perceptions of relative expertise shape what is learned
and remembered in work relationships (Hollingshead, 2000).

The most instructive human result is the coexistence of two facts. On average, objective competence is
poorly reflected in perceived competence; yet participants who direct their judgments more strongly
toward partners who are actually more knowledgeable show greater progress. The simulation adds an
important nuance: when the same agent is exposed to both formalized social regimes, the cooperative
regime improves raw expertise recognition very little but strongly increases credit and receptivity toward
others. It gives more weight to more knowledgeable partners, but also to less knowledgeable partners.
The cooperative mechanism is therefore less an improvement in discrimination than a reduction in the risk
of overlooking a potentially corrective contribution.

This result does not imply that all cooperative learning is weak. Meta-analyses find positive average effects
of cooperative learning on achievement (Kyndt et al., 2013). But the factual benefits of argumentation are
not automatic: Wecker and Fischer (2014) show that interventions can improve argumentation without
producing an equally clear gain in domain knowledge. Here, greater receptivity produces more
acquisitions but also more losses. The ablation of the credit-to-influence link clarifies the functional
condition: a difference in credit does not produce the main cognitive advantage if it no longer changes the
effective use of information.
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8.2. Cumulative Inequalities: Connections with Economics and Sociology

The socioeconomic result has a familiar form in the literature on accumulation. A small initial or repeated
advantage can itself become a resource for later gains. In the economics of skill formation, Cunha and
Heckman (2007) describe self-productivity and dynamic complementarity: skills acquired at one stage can
increase the returns to subsequent learning. Heckman and Mosso (2014) situate these mechanisms within
inequalities in development and mobility. In our model, previously acquired knowledge slightly increases
the probability of learning new facts and slightly decreases the probability of losing them, adding weak
cognitive recursion to the repeated opportunity differential.

Sociology describes a related logic through cumulative advantage. Merton (1968) shows how advantages
can reinforce themselves in scientific careers. DiPrete and Eirich (2006) generalize the mechanism to
inequality production. In the learning sciences, Stanovich (1986) described a ‘Matthew effect' in reading.
The model directly reproduces none of these institutions and does not assume a closed information stock.
It shows a minimal form of cumulative advantage in an expanding environment: a small SES-associated
differential, repeated as new information becomes available, generates a growing absolute gap in
knowledge stock. The density gap remains much smaller but does not disappear. When the SES coefficient
is removed, both gradients become close to zero.

This dynamic is also consistent with research on digital inequalities. Differences in the benefits derived
from technologies persist beyond material access and are associated with differences in skills, uses, and
social resources (Hargittai, 2010; van Deursen & van Dijk, 2011; Helsper, 2012; van Deursen & Helsper,
2015; Scheerder et al., 2017; Robinson et al., 2015). The model provides one possible micro-dynamic: in an
environment where the amount of accessible information itself continues to grow, small repeated
differences in the chances of exploiting that information can sustain a modest relative differential while
producing an increasingly large absolute knowledge gap.

8.3. Credibility Deficits, Status, and Epistemic Injustice

The model’s epistemic credit misallocation is not yet epistemic injustice. To speak of testimonial injustice in
Fricker's (2007) sense, one would need to show that a credibility deficit is linked to prejudice or to a relevant
social relation. The current model does not directly introduce gender, race, disability, or a stigmatized
status as a cause of credit. Moreover, its main index is directional: it measures the risk of underusing
available corrective expertise. Over-crediting a less knowledgeable source is tracked separately as a
calibration error or potential receptivity cost, not as an injustice suffered by the over-credited person.

The model nevertheless provides a mechanistic chain that can be connected to this literature. Goffman
(1963) shows how stigma changes expectations and interactional treatment. He does not provide a theory
of epistemic credibility, but his analysis helps explain how a socially discredited identity can shape the
reception of a person even before their content is evaluated. Link and Phelan (2001) further emphasize the
combination of labeling, stereotyping, separation, status loss, and discrimination under conditions of
power.

Expectation states theories provide a more direct link to competence. Status characteristics can create
performance expectations that subsequently organize participation and influence (Berger et al., 1972;
Kalkhoff & Thye, 2006; Ridgeway, 2014). Foschi (2000) likewise shows that different standards can be
applied when attributing the same competence. Experiments holding qualifications constant document
evaluation disparities related to motherhood (Correll et al., 2007) and gender in science (Moss-Racusin et
al., 2012). Research on epistemic exclusion further shows that women faculty and faculty of color report
greater devaluation of their scholarly contributions (Settles et al., 2022).

A future extension could therefore represent a structural credibility deficit simply: at equal objective
competence, a given social status would repeatedly lower perceived competence or assigned credit. The
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existing chain predicts what may follow: less weight assigned to the source, more missed corrective
opportunities, and eventually divergent learning trajectories. The present results also add another
possibility: a more receptive regime can reduce the risk of under-crediting without necessarily improving
calibration accuracy. Such a dynamic could limit some mechanisms of epistemic exclusion, but this
extension remains to be tested and is not inferred from the current MOVICI data.

8.4. Cooperation, Competition, and the Strategic Value of Others

The difference between cooperation and competition is first consistent with research on interdependence,
motivated information processing, and sociocognitive conflict. Social motivation shapes what group
members seek and use as information (De Dreu et al., 2008). Performance goals favour regulation centred
more on relative competence and self-assertion (Darnon et al., 2006; Sommet et al., 2014). A competitive or
cooperative mindset also changes the effect of social comparison on self-evaluation (Colpaert et al., 2015).
In the ABM, these differences are represented as changes in social evaluation and the self-model, never as
a direct knowledge bonus.

Economics provides a more distant analogy. In tournament models, rewards depend on relative rank
rather than absolute performance alone (Lazear & Rosen, 1981). MOVICI is neither a labour market nor a
monetary tournament. The analogy concerns only the following property: when success depends more
strongly on relative position, information provided by others can change in strategic value. The results
nevertheless suggest that the cooperative contrast is not reducible to better source ranking; it mainly
affects willingness to let others’ contributions influence the agent.

8.5. Receptivity, Calibration, and Epistemic Inclusion

The central debate result leads us to distinguish three properties that are often conflated. Expertise
recognition concerns the ability to identify who knows more. Credit calibration concerns the fit between
objective competence and assigned credit in both directions: under-crediting and over-crediting. Epistemic
inclusion, in the functional sense used here, refers more modestly to whether others’ contributions have a
sufficient chance of being heard and of changing information processing. In the model, cooperation can
improve this inclusion without improving raw recognition and while generating more over-crediting.

This trade-off is not necessarily irrational. A socially generous heuristic can be locally miscalibrated yet
functionally effective in an environment where some partners possess corrective information. The ablation
that preserves mean receptivity while removing differentiation across partners reinforces this
interpretation: the main advantage in factual-knowledge acquisitions remains. Cooperation therefore
mainly reduces the risk of failing to listen to available expertise; it guarantees neither perfect expert
selection nor a net knowledge gain at every horizon.

8.6. Human-Machine Learning and Trust Calibration

MOVICI Web search is mediated primarily by a search engine that algorithmically ranks access to sources
and only secondarily by generative artificial intelligence. The protocol therefore cannot be equated with
systematic use of generative Al. Moreover, the connection with the present results mainly concerns
metacognition. In MOVICI, factual gain and change in subjective knowledge are weakly associated. In
addition, a larger share of time spent on search-engine results pages predicts higher subjective knowledge
when factual knowledge is controlled. This exploratory association suggests that a cue of access or
familiarity can feed the feeling of knowing without exactly tracking factual knowledge stock (Vayre et al.,
2026a).

This result is consistent with Fisher et al. (2015), who show that online search can inflate estimates of
internal knowledge, and with Sparrow et al. (2011), who show that information availability changes what is
remembered. In the simulation, this mechanism is represented modestly: self-estimation depends on
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actual knowledge but also on a navigation cue. The coupling result is complementary: when search
regularly precedes debate, divergence in self-estimation between the two social regimes becomes almost
null. This is a result of the simulated scenario, not a demonstrated general property of all online search.

The literature on trust in automation (Lee & See, 2004) and on algorithm aversion or appreciation

(Dietvorst et al., 2015; Logg et al., 2019) therefore becomes relevant to a future extension in which an
algorithmic source would itself be evaluated, credited, and weighted as a partner. It does not provide
direct validation of the current Web-search scenario.

Table 12 summarises these connections. It does not present external studies as numerical validations of
the model. The comparison concerns the form of mechanisms and regularities.

Table 12. Connections between Simulation Results and Research in Economics, Sociology, and the Learning

Sciences

Simulation result

A small socioeconomic
differential becomes
cumulative in an expanding
world

Comparable research

Cunha & Heckman (2007);
DiPrete & Eirich (2006);
digital-inequality literature

What is comparable

A repeated advantage can
produce a growing absolute
gap even when the relative
gap remains more modest

Limit

The model is neither an
economic human-capital
production function nor a
real longitudinal survey;
world expansion is a
theoretical assumption

Objective competence and
credit can diverge

Berger et al. (1972); Foschi
(2000); Ridgeway (2014);
Podolny (1993)

Status, reputation, or
expectations can shape
influence beyond objective
quality

MOVICI does not directly
manipulate these statuses

A credit deficit can produce
missed learning
opportunities

Goffman (1963); Link &
Phelan (2001); Settles et al.
(2022)

Social devaluation can
durably alter the reception of
a person and their
contributions

The current model contains
no stigmatized identity

The cooperative regime
mainly increases social
receptivity

Johnson & Johnson (2009);
De Dreu et al. (2008); Darnon
et al. (2006); Colpaert et al.
(2015); Lazear & Rosen
(1981)

Goal structure can alter
willingness to listen to and
integrate others’
contributions without
necessarily improving expert
detection

MOVICI does not strictly
randomize condition; the
causal result concerns the
simulated regime

Credit has cognitive effects
only if it changes effective
influence

Stasser & Titus (1985);
Littlepage et al. (1997);
Hollingshead (2000)

Available expertise improves
performance only when it is
recognized and actually
mobilized

The necessity test is internal
to the model; external
studies support only the
mechanism'’s plausibility

Search re-anchors self-
estimation

Fisher et al. (2015); Sparrow
et al. (2011); Lee & See (2004)

Technical environments can
change memory, the feeling
of knowing, and dependence
on external sources

The current scenario models
Web search; it does not yet
simulate generative Al as a
partner

Epistemic inclusion can
improve without better
calibration

Johnson & Johnson (2009);
De Dreu et al. (2008);
literature on expertise use

Greater general receptivity
can reduce missed corrective
expertise while also
increasing over-crediting

The model does not yet test
a stigmatized status or
testimonial injustice in the
strong sense

8.7. What the Model Can Explain

The value of the model lies not only in reproducing plausible curves, but especially in the ability to
intervene on a mechanism and observe what disappears. Removing the credit-to-influence link shows that
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social credit cannot generate the main learning advantage in debate if it no longer changes uptake.
Conversely, neutralizing differential allocation across partners while preserving mean receptivity leaves the
effect largely intact: general receptivity is therefore sufficient for a large part of the mechanism. Removing
the small socioeconomic effect, in turn, eliminates the cumulative gradient. These tests establish falsifiable
dependencies within the model without being presented as independent causal validations in humans.

This logic follows the idea of generative explanation: specify explicit local rules, check their compatibility
with relevant observations, and then study what they produce when repeated (Epstein, 1999; Windrum et
al., 2007).

9. Limitations

The model is built from a predominantly student sample and a single debate topic. Its parameters should
not be interpreted as universal constants of human learning.

The cooperative versus competitive condition was not strictly randomised. Human differences between
conditions should therefore remain described as observational associations. The same-agent
counterfactual isolates the effect of changing social regime within the ABM, conditional on the formalized
mechanisms; it does not retrospectively turn the experiment into a randomised trial.

The model strongly simplifies knowledge. A fact is either known or unknown. The semantic structure of
arguments, emotions, rhetorical strategies, and the full distinction between private belief and public
expression are not represented.

The renewed world is a theoretical experiment. Three new facts per episode correspond to no natural unit
of time. Large values at episode 50 should be read as conditional consequences of repeated rules, not as
forecasts of how many facts a student would actually learn. The stock/density comparison is precisely
intended to distinguish absolute accumulation from the relative share of the world mastered.

Finally, the 30 Monte Carlo replications quantify the model's internal stochasticity but do not propagate the
full sampling uncertainty of coefficients estimated from the 96 participants. Sensitivity analyses in the
RStudio package are deliberately targeted at a small number of modelling conventions or scenario
parameters (world growth, the credit-to-weight scale, and the contribution of benevolence) in order to
keep the package computationally tractable. Extensions are run for five replications per variant and should
be read as qualitative mechanism checks rather than as a global analysis of parameter uncertainty.

Epistemic credit misallocation is not a direct measure of epistemic injustice. Testing such an extension
would require explicitly manipulating or measuring social statuses, stereotypes, and their effects
independently of objective competence. Likewise, over-crediting less knowledgeable partners is
interpreted here as a calibration error or possible cost of receptivity, not as an injustice toward the over-
credited person.

10. Data, Code, and Reproducibility

The RStudio package, scripts, frozen parameters, minimally necessary pseudonymized data, ODD/ODD+D
description, variable and output dictionaries, automated tests, and scripts reproducing the results are
prepared for OSF deposit. The package distinguishes a FAST mode for technical verification from a
STANDARD mode for publication results. The permanent link and DOI will be added in the submitted
version. The archived version number provides traceability across code, results, and manuscript.
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11. Conclusion

The model starts from a simple idea: having knowledge around oneself is not yet learning. Several steps lie
between available expertise and changes in one’s own knowledge: encountering information, recognizing
the source, assigning it credit, giving it weight, and integrating what it contributes.

Information search produces knowledge directly. In a renewed world, a small differential associated with
socioeconomic resources repeats and generates cumulative advantage: the absolute stock gap grows
strongly while the density gap remains much smaller. Debate produces far less net learning in the short
term but changes how information from others is used. In the counterfactual simulations, the cooperative
regime barely improves raw detection of who knows more. It mainly increases receptivity to partners in
general: more weight is assigned to more knowledgeable partners, but also to less knowledgeable
partners. This openness reduces missed corrective opportunities and increases acquisitions, while also
increasing some losses; its advantage for net knowledge stock therefore remains more variable.

These results connect two forms of embeddedness. Structural conditions distribute opportunities to learn
in an information environment that may continue to expand. Interactional situations locally determine how
strongly others' contributions can weigh on knowledge revision. States produced in one episode become
the starting point for the next. The model thus shows that greater epistemic inclusion can emerge without
an equivalent improvement in calibration accuracy, and that small structural or interactional differences
can become trajectories when repeated.

Appendix A. Correspondence with Code and Replication Parameters

This appendix lists the technical names required for replication. They are omitted from the main text to
preserve readability.

Table A1. Readable Article Labels and Names Used in the Files

Concept in the article Name in the code

Knowledge stock KnowledgeStock

Share of the information environment mastered KnowledgeDensity

Self-estimated competence SelfCredit_z

Recognized partner expertise RecognizedExpertise

Perceived benevolence BenevolenceSignal

Credit assigned to partner OtherCredit

Effective partner weight PartnerWeight

Share of corrective opportunities used ExpertUseEfficiency

Missed corrective opportunity rate MissedCorrectiveOpportunityRate
Epistemic credit misallocation EpistemicCreditMisallocationIndex
Human functional expertise-allocation index ExpertiseAllocationGain

Weight assigned to less knowledgeable partners WeightLessExpert

Rate of overweighting less knowledgeable partners OverweightLessExpertRate
Cumulative acquisitions CumulativeLearningAcquisitions
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Concept in the article Name in the code

Cumulative losses CumulativeLearningLosses

Cumulative net balance CumulativeLearningBalance

Table A2. Selected Central Parameters. The OSF Configuration File Contains the Full List.

Parameter Value Role

Socioeconomic effect per search 0.1357 Small repeated learning differential
transition

Effect of fact ease 0.9881 Easier facts are easier to acquire
Effect of information vigilance 0.1400 Contribution of the information-

weighting state

Persistence of self-estimation 0.7446 Inertia of the self-model across debates
Knowledge re-anchoring under 0.1295 Additional link between knowledge and
cooperation self-evaluation under cooperation
Contribution of benevolence to credit 0.1690 Relational component of credit

assigned to others

Credit = weight scale 1.0000 Strength of the transformation from
relative credit to influence

Longitudinal search exposure budget 10 Same exposure capacity in FIXED and
RENEWED from episode 2 onward

Probability that a search encounter is 0.80 Scenario assumption for episodes 2-50
reliable
Sensitivity of benevolence contribution | 0; 0.169; 0.338 Targeted robustness test of the social
mechanism
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