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Al integration into scientific communities promises accelerated discovery but raises concerns
about detrimental homogenization. We develop an NK landscape model to explore these promises
and risks. We find that non-personalized Al systems that offer uniform guidance yield benefits
only under a narrow conjunction of specific problem structure, practices, and baseline research
capabilities, becoming harmful otherwise. We implement two proposed mitigations: randomization
and personalization. While randomization’s utility remains restricted to decomposable problems,
personalization preserves or enhances diversity, enabling benefits across conditions. Overall, our
results highlight the importance of shifting perspectives in systemic Al evaluations from tool

adoption to institutional adaptation.

1 INTRODUCTION

Artificial intelligence (AI) tools are increasingly integrated across the scientific pipeline,
from hypothesis generation and data analysis to simulating research participants and
automating laboratory procedures. This integration raises both hopes and concerns. On
the one hand, Al integration promises to dramatically accelerate the rate of discovery and
democratize access to high-level capabilities, allowing diverse teams to perform complex
inquiries, and flattening resource or expertise disparities (Gottweis et al. 2025; Hume 2025;
Wang et al. 2023). On the other hand, it has been argued that the widespread adoption
of Al may lead to the formation of epistemic monocultures, reducing the productive
heterogeneity of methodologies with which scientists pursue their work (Burton et al.
2024; Messeri and Crockett 2024).
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In this paper, we develop a simulation model to explore when the adoption of Al tools in
scientific communities may result in such detrimental homogenization, and what strategies
might mitigate this risk. Specifically, we use the NK landscape framework (Kauffman and
Levin 1987) to model scientific problem-solving as a search through complex solution
spaces, and examine how different Al designs affect epistemic success and diversity across
different problem structures.

Our results reveal that the impacts of Al adoption depend critically on problem struc-
ture, system design, and institutional state and norms of epistemic communities. Non-
personalized Al, which recommends uniform best computational practices without ac-
counting for local context, yields benefits only under highly modular problems with
moderate use rates; outside these conditions, it accelerates convergence toward epistemic
monocultures and harms longer term collective performance. We implement two miti-
gation strategies inspired by suggestions in the literature (Fiigener et al. 2021; Jain et al.
2024): randomization, which introduces diversity by sampling from top-performing solu-
tions rather than recommending a single best option; and personalization, which tailors
recommendations to each agent’s specific context. While Randomization’s utility remains
restricted to the same structural conditions as non-personalized Al, Personalization proves
robustly beneficial across problem structures.!

Importantly, our findings suggest that productive Al integration requires more than
tool adoption. For non-personalized systems, the requisite problem modularity is often an
achievement of organizational practices, depending on standardization, established proto-
cols, and divisions of labor, rather than simply an inherent feature of scientific domains.
For personalized systems, effectiveness requires established institutional standards for
documenting and communicating often tacit human and organizational factors that shape
scientific practice, and varies based on how communities adapt their exploratory practices
to complement Al capabilities. We discuss these implications for scientific communities
navigating Al adoption, along with limitations of our approach and directions for future
research.

The rest of the paper is structured as follows. In §2, we review previous work on Al
in science, concerns about monoculture formation, and the NK landscape framework as
Wmological note: we use capitalization to distinguish between Randomization and Personalization as

implemented in our model from the broader possibilities that those concepts may involve.
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an appropriate tool for examining these dynamics. §3 provides the formal details of our
model implementation. In §4 and §5, we present simulation results exploring monoculture
formation and the effectiveness of various interventions. Finally, §6 discusses implications

for scientific practice.

2 BACKGROUND AND RELATED WORK
2.1 Al in Scientific Communities

Al systems are now integrated into every stage of the research pipeline. Recent reviews
highlight how Al systems are now employed to synthesize vast bodies of literature,
formulate novel hypotheses, automate experimental design through "self-driving" labo-
ratories, generate synthetic data—from digital twins in healthcare to simulated research
participants—and even act as automated scientific partners (Gottweis et al. 2025; Lu et al.
2024; Si et al. 2024; Wang et al. 2023; Zhang et al. 2025).2 This widespread adoption
is powered by a diverse set of technical architectures, training paradigms, and opera-
tional principles: transformer-based language models assist with knowledge synthesis,
graph neural networks predict molecular properties, diffusion models generate novel
protein structures, reinforcement learning algorithms optimize experimental protocols,
and computer vision systems analyze microscopy images.

Across this variety in design and application, advocates highlight the shared promise
of Al-driven science to accelerate scientific discovery. Beyond automating routine tasks,
Al systems are seen as facilitating interdisciplinary communication, lowering barriers
to entry, and enabling efficient navigation of complexity. For example, Al systems are
said to “democratize” science by facilitating access to knowledge or capabilities that
previously required deep domain expertise and specialized resources (Dessimoz and
Thomas 2024; Hume 2025). Moreover, emerging “cloud laboratories” and Al-driven ex-
perimental platforms may allow researchers to remotely execute and reproduce complex
experiments (Adam 2024; Lu et al. 2024). By standardizing experimental protocols into
executable code, these systems are said to make complex methodologies accessible to and

implementable by a broader community. Finally, AI tools offer the promise of navigating

2Messeri and Crockett (2024) provide a useful taxonomy of these applications across the research pipeline.
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complex problem spaces by identifying patterns across vast, disparate datasets (Sourati
and Evans 2023; Wang et al. 2023).

2.2 Epistemic Monocultures

Despite these promises, a growing body of literature warns that the widespread reliance
on algorithmic tools may inadvertently reduce the diversity of scientific inquiry in partic-
ular, and institutional decision-making more broadly (Burton et al. 2024; Kleinberg and
Raghavan 2021; Messeri and Crockett 2024). In particular, Messeri and Crockett (2024)
distinguish between two types of such epistemic monocultures: monocultures of knowers
(homogeneity in standpoints from which science is done) and monocultures of knowing
(homogeneity in how science is done). With respect to the latter, which will be our focus
in this paper, they argue that the widespread adoption of Al tools risks producing a mono-
culture by prioritizing quantitative ways of knowing that appear portable and scalable,
but which systematically “strip out the contextual sensitivity and local details” required
for deep understanding (Messeri and Crockett 2024, p. 54).

On Messeri and Crockett’s account, a key driver of this homogenization is the way
in which the technical success of Al tools can obscure their underlying methodological
and theoretical commitments. As Messeri and Crockett observe, the construction of any
quantitative resource or model requires developers to make various choices that inevitably
embed specific assumptions and values into the resulting artifacts. When resource- or
expertise-constrained teams adopt these “high-impact” quantitative artifacts to study
similar questions, however, they often do so without appreciating the crucial import of
those hidden, context-specific choices. This can lead scientific communities to fall prey to
an “illusion of exploratory breadth” (Messeri and Crockett 2024): researchers believe they
are exploring the full landscape of potential solutions, when in reality they are converging

on a narrow subset of hypotheses that are legible to the dominant algorithmic paradigm.

2.3 Modeling the Impact of Al Adoption in Scientific Communities

How should we evaluate the systemic impacts of Al integration in scientific communities in
light of these promises and risks? To address this, we employ the NK landscape framework
as a generalized model of scientific problem-solving (Kauffman and Levin 1987). NK

landscapes have been fruitfully employed in philosophical and social scientific research
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to examine many of the aforementioned factors that arise in the context of Al integration
in science: the complexity of a scientific problem; potential interdependence between
different aspects of a problem (e.g., those amenable to quantitative methods and those
that are not); relative (in)efficiencies of different methodologies; the promises and failure
modes of communication; and the value of diversity and the risks of homogenization
in scientific communities (Gomez and Lazer 2019; Grim et al. 2013; Huang 2024; Lazer
and Friedman 2007; Muldoon 2013; Reijula et al. 2023; Wu 2024; Wu and O’Connor 2023).
Appropriately augmented, we suggest, this framework can offer a productive lens for
understanding the systemic effects of widespread Al adoption on scientific search at a
useful level of abstraction.

Importantly, the abstraction afforded by the framework allows us to draw more gener-
alizable lessons than implementation-specific approaches that can be hampered by the
extraordinary diversity of Al applications and architectures. At the same time, it allows us
to move beyond general concerns about monocultures to explore specific trade-offs, and
the conditions under which the benefits of Al adoption could possibly outweigh its risks.
In the following section, we formally describe the model and how we extend it to capture
issues surrounding Al integration in science. In Section 4, we return to the dynamics of
monoculture formation described by Messeri and Crockett, and use it to motivate our

formalization of Non-Personalized Al systems.

3 GENERAL MODELING FRAMEWORK

In this section, we describe the NK framework and how we extend it to model Al integration
in scientific communities. In doing so, we highlight particular considerations that inform
our investigations of the conditions under which Al adoption can be epistemically harmful
or beneficial. To make the formalisms concrete, we employ a running case study of drug

discovery in public health contexts.

3.1 The NK Landscape and Problem Complexity

Consider research teams developing treatments for a neglected disease. Such teams face
a range of decisions: which molecular features to prioritize in virtual screening, which
machine learning architecture to use for prediction, which animal model to use for

efficacy testing, how to design community engagement for clinical trials, which drug
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administration to prioritize given expectations about patient adherence and healthcare
infrastructure, and more. We can represent each team’s overall scientific strategy as a
binary vector d = (d, ..., dy), where each element encodes a choice, such as whether to
adopt a particular methodological assumption (d; = 1) or not (d; = 0).3

NK landscapes formalize how such decisions jointly determine the “fitness” of a research
strategy, or how well they work together to achieve certain scientific goals. If fitness
contributions of decisions were independent, optimization would be straightforward:
evaluate each decision in isolation, identify the better option, and combine them. Scientific
decision-making is rarely so simple, however. The value of one choice often depends
on others. For instance, adopting certain machine learning tools in healthcare settings
may be beneficial, but only when coupled with appropriate training data and justified
assumptions about the biological mechanisms and patient populations involved (Chen
et al. 2021).

In the NK framework, the parameter K formalizes this interdependence. When K = 0,
decisions do not interact, and contribute independently to overall fitness. Higher values
of K represent increasingly complex landscapes, where the contribution of one choice
depends (on average) on K other choices. In this case, for any focal decision d;, its fitness
contribution changes as a function of those other K decisions.?

The NK model thus captures a central challenge of scientific problem-solving: re-
searchers must navigate a landscape where altering a single theoretical or methodological
commitment can help or hinder depending on their other choices. This explains why
communities may become stuck on local optima: when K is large, local improvements

can mislead researchers about the location of global optima.

SFollowing works on NK modeling, we treat these decisions as binary, without loss of generality.
“Formally, the overall fitness of a given research strategy d = {d;, ..., dy} is given by:

1 N
F(d) =5 ) dildssS(dn)

where S(d;) represents the set of K other decisions in d whose values influence the contribution of d;, ¢;, and
¢; assigns a normalized payoff in [0, 1] to each combination of d; and decisions in S(d;). In our simulations,
landscapes are regenerated for each run, and transformed and normalized so that max f(d) = 1.
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3.2 Epistemic Agents

In practice, research teams’ expertise and resources put constraints on which decisions they
can independently evaluate and modify. In our drug discovery example, a computational
biology team might specialize in virtual screening and molecular optimization, but lack
expertise in clinical trial design or manufacturing scale-up. A global health policy team
might specialize in community engagement and health system integration, but require
external guidance on computational methods. We model this variance in expertise and
resources, by assigning each agent a a specialization set, h,, that consists of a random
subset of H out of the total N decisions.’> The specialization set h, thus represents the
decisions that agent a can explore without external assistance. As H decreases relative to
N, agents face greater pressure to rely on external sources for navigating the full decision

space.

3.3 Social Learning in Networks

One source of external information are others. Specifically, agents can learn from others
to whom they are socially connected.® We model scientific communities as random
networks (Erdés et al. 1960) where each pair of agents is connected with a fixed probability
pedge.7 To ensure that (cluster of) agents do not remain isolated, we create these random
networks under the constraint that they must be connected. Within this network, each

agent engages in social learning with probability pg,c;e;- When doing so, it considers its

SWhile we keep the size of H fixed for a given simulated community, the particular specialization sets differ
between agents.

®The notion of a “neighbor” in epistemic landscapes can be understood differently. Some authors understand
this dynamically in terms of agents’ current location on the landscape. We understand this here in terms of
placement on a static, exogenously defined network structure (Lazer and Friedman 2007).

"Though we do not systematically vary network structure, because our interest is not in the effects of
social learning, we also tested a scale-free Barabasi-Albert network constructed via preferential attach-
ment (Barabasi and Albert 1999), which approximates the skewed connectivity patterns observed in scientific
communities (e.g., in citation networks Price 1965; Redner 2005; Zhong and Liang 2024). However, we find
no observable differences between communities established on random versus Barabasi-Albert graphs. To
simplify the parameter space, we focus on random graphs.
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neighbors and adopts the decision vector of the most successful one, provided that the

solution improves its fitness.®

3.4 The Computational Module and Problem Decomposability

Increasingly, research teams can also depend on Al tools as an external source of infor-
mation. However, not all decisions facing a research team are equally amenable to Al
assistance. In our drug discovery example, while decisions pertaining to data-analysis
pipelines, chemical-property prediction, and simulation of biological processes are in-
creasingly amenable to computational tools, other decisions, such as those concerning
aspects of animal studies, qualitative study design, patient-adherence considerations, and
manufacturing constraints, may involve factors that are less amenable to automation.’ To
model this, we partition decisions into two modules:
(1) Computational module m, = {d, ..., dy}, consisting of decisions where Al tools
can effectively operate.!”
(2) Non-computational module =m, = {dps41, . . ., dn} consisting of decisions outside
AT’s purview.

The relationship between decisions across different modules raises interesting method-
ological considerations that are not simply about the number of dependencies (i.e., K),
but the pattern of those dependencies (Ethiraj and Levinthal 2004; Ganco and Hoetker
2009; Reijula et al. 2023): to what extent can the two modules be treated as separate or
decomposable sub-problems? To make this point precise, for each decision d; € d, let
S(d;) denote the set of K other decisions whose values influence the fitness contribution

of d;. We can distinguish two sets of dependencies:

8In our reported results, we consider psociar = {0.1,0.2}. Sensitivity analyses varying this parameter
reproduce the core findings of Lazer and Friedman (2007): higher pgociqr accelerates short-term gains but
reduces long-run exploration by pushing communities more quickly toward local optima.

°0f course, Al systems might provide suggestions—potentially hallucinatory or unjustified ones—about
a very many things. Here we are taking Al assistance to consist of something stronger akin to providing
agents with the know-how to deliberate about certain decisions and enact change therein, even if those
decisions are not part of their specialization sets.

10We assume that the computational module includes the first M of the N decisions for ease of exposition
and without loss of generality.



® kiy(i): Number of within-module dependencies, given by |S(d;) N m.| + 1, if d; € m,;
and |S(d;) N =m,| + 1, otherwise.!!

® kout(i): Number of out-of-module dependencies, given by|S(d;) N —m|, if d; € m,;
and |S(d;) N m,|, otherwise.

Within-module dependencies capture how a decision’s value is influenced by all the deci-
sions in the same module, whereas out-of-module dependencies capture how a decision’s
value is influenced by decisions in the other module.

Tracking the proportion of within- and out-of-module dependencies for each module

m € {m., -m.} offers a way of tracking the extent of modularity or decomoposability:

Zdiem kin(i)
Zdiem kin(i) + Zd,-em kout(i)

A high p(m) indicates that computational and non-computational decisions form relatively

€ [0,1].

p(m) :=

self-contained subproblems. That is, in finding the optimal configuration of decisions in
each module, one can largely abstract away from the configuration of decisions in the
other. In contrast, a low p(m) indicates that the contributions of decisions within the
module depend heavily on decisions outside of it. In our running example, for instance,
this can happen when the appropriateness of computational decisions depends critically
on non-computational upstream (e.g., theoretical assumptions and data quality from
qualitative studies) or downstream considerations (e.g., manufacturing feasibility and
community acceptance). Here, one might expect that optimizing only over the set of
computational decisions without regards for the non-computational context can create
solutions that are likely to be misaligned with the overall optimum.

In our simulations, therefore, we vary p(m) to explore how modularity moderates Al
effectiveness, assuming symmetric modularity across both modules to isolate the effects of

decomposability itself.!? In Sections 4 and 5, we consider different designs for Al systems,

Notice that we add one to include the dependency of the fitness contribution of a decision on the decision
itself. This allows p = .5 to be a meaningful middle point in problem modularity.

20f course, the dependency pattern need not be symmetric. For example, the dependencies in the non-
computational module may form a relatively self-contained cluster, while the fitness contribution of decisions
in the computational module may be impacted by out-of-module decisions (e.g., depending on technological
and organizational factors influencing data collection). That said, the symmetry assumption enables us to
focus on the extent (as opposed to potentially varied patterns) of decomoposability between modules.
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and describe implementation details about how they provide recommendations about the

computational module.

3.5 Collective Epistemic Search

We can now formalize collective problem-solving. Each agent a is initialized with a random
decision vector d* € {0, 1}N and specialization set h,. Agents know their current fitness,
f(d*), and can evaluate alternatives. To obtain such alternatives, each round, agents

pursue one of three strategies:

(1) Social learning: With probability p;,.;q, the agent adopts the decision vector of
their highest-performing neighbor, if it improves fitness.

(2) Explore: Otherwise, they can explore the landscape independently, by flipping a
randomly selected decision from their specialization set h,, adopting the change if
it improves fitness.

(3) Query AI: For agents with access to Al tools, if they do not engage in social
learning, instead of independent exploration, they can choose to query an Al tools,
and receive recommendations for decisions within the computational module m,,
adopting them if they improve overall fitness. Agents’ query behavior is determined
by a community-level Al use rate € [0, 1]. For example, in communities with an
Al use rates of 0.25, agents will, on average, seek Al recommendations in 25% of

rounds not spent on social learning.

In sum, each round: agents engage in social learning with probability psocia- When they
aren’t social learning, they query Al with a probability equal to the Al use rate, otherwise
they explore. Importantly, each action consumes one round regardless of outcome. Rejected
Al recommendations, unsuccessful explorations, and declined peer solutions all carry
opportunity costs, reflecting that evaluating alternatives requires time and resources even

when they prove inferior.

4 SIMULATION 1: NON-PERSONALIZED Al AND THE FORMATION OF
EPISTEMIC MONOCULTURES

Our first simulations examine the systemic impacts of adopting a single Al system offering

uniform best-practice recommendations. This “non-personalized” mode reflects typical
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deployments, where pretrained systems provide potentially useful but context-insensitive
guidance. When, and under what conditions, do such tools enhance collective problem-

solving, and when do they instead produce detrimental epistemic monocultures?

4.1 Experimental design

4.1.1  Formalizing Non-personalized Al. When agent a queries the non-personalized Al sys-
tem, the tool returns the computational configuration used by the globally best-performing

agent b:

dp!' (Dy) = d’lm,

where d,l,\{f (Dy) refers to the recommendation of non-personalized Al system, D; denotes
the state of all decision vectors in the community at time ¢, and dblmc = {db, e d]’{/l} is
the computational portion of b’s strategy. The system tracks fitness across all agents, not
just the querying agent’s local neighborhood. In this sense, non-personalized Al acts as
social learning that is global in reach but partial in scope: it provides guidance about
leading computational practices while ignoring how those practices interact with agents’
non-computational choices.

This formalization captures the dynamic underlying Messeri and Crockett’s concern
about monocultures of knowing (§2): agents incorporate the “best” computational practices
of successful peers without recognizing that those practices may be contingent on non-

computational assumptions that do not necessarily hold in their own context.

4.1.2 Dependent Measures. We focus on two measures to evaluate the epistemic effects
of introducing such a non-personalized Al system.

Epistemic success. We operationalize epistemic success as the average fitness of agents
in the community, measured by the mean of f(d?) across all agents. Higher mean fitness
indicates that the community, on average, has identified superior research strategies. We
examine epistemic fitness at different points in a simulation run.

Transient epistemic diversity. To capture diversity in research practices, we measure
the mean pairwise Hamming distance between agents’ decision vectors at each round, and
compute the area under this curve (AUC) over the course of a simulation. The Hamming

distance between two binary decision vectors counts the number of positions on which
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they differ; a higher average distance thus indicates greater heterogeneity in the strategies
pursued by agents. For example, two agents differing on three of ten decisions have a
Hamming distance of 0.3. Tracking the mean Hamming distance across time provides a
measure of transient diversity—how varied the community’s approaches are during its
search for better solutions. Since our simulations converge when the community reaches
a consensus, the mean Hamming distance in later rounds approaches zero. The AUC thus
offers a useful summary statistic for how much diversity the community maintained before
convergence. A larger AUC indicates that the community preserved its transient diversity
for longer, while a smaller AUC reflects faster homogenization in research practices.
We compare otherwise identical communities differing only in Al access across a range

of parameter settings.!* Each configuration is simulated 1000 times.

4.2 Results

Our simulation results show that the impact of non-personalized Al recommendations
on epistemic success crucially depends on the extent of problem modularity. As shown
in Figure 1a, when the underlying problem is highly modular (p(m) > 0.8), and can be
decomposed into two relatively self-contained sub-problems, Al use—particularly at low
to moderate levels—can yield reliable gains in community-level fitness relative to the
no-Al baseline. In these settings, the problem structure allows AI's global “best practice”
recommendations about m, configuration to efficiently inform agents’ decisions within
that module.

These advantages disappear, however, as modularity decreases. In this case, the insen-
sitivity of the Al tool to the heterogeneous contexts of agents—that is, their differing
configurations in -m.—adversely impacts its effectiveness. As Figure 1a shows, when
p(m) < 0.7, at convergence, non-personalized Al provides negligible benefits at best, and
becomes actively detrimental at high use rates.

When it comes to transient epistemic diversity, we find that non-personalized Al signif-

icantly reduces diversity across all settings by 25% on average (See Figure 1b). Crucially,

B3Specifically, we keep N = 20 and M = 10 fixed across all communities, while varying K = {5,9},
p(m) € [0.6,1] with 0.1 increments, psociar = {0.1,0.2}, H = {5, 10, 15}, Al use rate € [0.125,0.875] with
0.125 increments. Note that since scientific problems are generally modular to some extent, we do not
consider p < .5
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Fi1G. 1. The differential impacts of introducing non-personalized Al, expressed as percentage
differences relative to communities without Al tools (averaged across 1000 simulation runs).
Communities consist of 100 agents with specialization set size H = 10, navigating a problem
with N = 20, K = 9, M = 10, while engaging in social learning with pg,cia = 0.1. Panel (A) shows
differences in epistemic success at convergence across problem modularity and Al use frequency.
Panel (B) shows differences in transient epistemic diversity (measured by AUC of mean Hamming
distance). Colored cells indicate statistically significant differences: blue for improvements, red
for declines, gray for non-significant (p >= 0.05). Asterisks denote significance levels (*p < 0.05,
“p < 0.01, " p < 0.001).

however, this diversity loss is not necessarily epistemically harmful. Rather, diversity reduc-
tion can reflect productive convergence when Al successfully coordinates the community
toward superior solutions. This is illustrated by examining modularity’s differential effects
on diversity and performance. At high modularity, non-personalized Al reduces diversity
substantially. Yet, this homogenization accompanies significant epistemic improvements
(Figure 1a), suggesting productive coordination around superior computational configura-
tions. At low modularity, diversity loss is more modest, but occurs alongside performance
stagnation or decline (Figure 1b).

When, then, is homogenization harmful? Our analyses identify two mechanisms through

which non-personalized Al induces diversity loss, with differential epistemic consequences.
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First, especially in contexts with higher modularity or use rate—both of which increase
uptake of Al recommendations—non-personalized Al produces dynamics similar to those
documented in studies of social learning (Lazer and Friedman 2007; Zollman 2010). Al
recommendations based on the currently best-performing m, configuration provide early
gains, but high use frequency causes communities to converge prematurely on local
optima. This mechanism is reflected in the monotonic decrease of AI’s benefits as use rate

increases, even for highly modular problems (Figure 1).
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F1c. 2. Difference in early versus final average epistemic success between communities with access
to non-personalized Al and communities without Al tools, expressed as percentage differences
(averaged across 1000 simulation runs). Communities consist of 100 agents facing a problem with
N =20,K =9, M = 10, while engaging in social learning with psociqs; = 0.1. Panels (A) and (B) show
percentage differences in early epistemic success (first 10% of rounds) across problem modularity
and use rate for communities specialization set sizes H = 5 and H = 15, respectively; panels
(C) and (D) shows percentage differences in final epistemic success after convergence for those
communities. Colored cells indicate statistically significant differences: blue for improvements,
red for declines, gray for non-significant (p > 0.05). Asterisks denote significance levels (*p < 0.05,
*p < 0.01, "p < 0.001).

Second, especially when lower modularity renders non-personalized Al recommenda-
tions ineffective, the reliance on such systems can involve significant opportunity costs due
to context-mismatch of recommendations. In this case, the missed rounds of individual
exploration, which were instead spent on querying Al, lead to significant reduction in the
diversity of practices in the community. This in turn limits the quality of solutions from
which agents can socially learn.

The marginal risk of both of these mechanisms of homogenization increases in more
capable scientific communities. When agents have small specialization sets (H = 5), they

explore limited regions of the decision space, leaving gaps that non-personalized Al can
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fill. With larger specialization sets (H = 15), agents collectively achieve broader coverage,
and AI's marginal benefits may not justify its homogenizing costs. Figure 2 illustrates this
pattern. Non-personalized Al offers substantial early gains regardless of specialization
(panels A, B show improvements exceeding 20% at p(m) = 1). After convergence, however,
while communities with H = 5 often retain small but significant benefits (panel C), those
with H = 15 frequently see early gains reverse into losses (panel D). Early coordination
accelerates initial progress but leads to premature convergence—a speed-performance
tradeoff mediated by diversity loss, familiar from prior work in philosophy of science (Lazer
and Friedman 2007; Zollman 2010).

Overall, our findings reveal that non-personalized AI's effectiveness depends on a
specific alignment of problem structure (high modularity), practices (moderate use), and
existing research capabilities (limited specialization creating coverage gaps). Outside
these conditions, non-personalized Al harms collective performance by reducing valuable
transient diversity without providing compensating coordination benefits—precisely the

dynamic underlying Messeri and Crockett’s concerns about epistemic monocultures.'

5 SIMULATION 2: MITIGATING EPISTEMIC MONOCULTURES WITH
RANDOMIZATION AND PERSONALIZATION

Our second set of simulations explores two design interventions for mitigating the ho-
mogenization documented in Section 4: randomizing recommendations and personalizing
them. Randomization introduces diversity by sampling from multiple high-performing
options rather than always recommending the single best, while personalization tailors
recommendations to each agent’s context. Below, we detail the implementations, and
describe our findings about the conditions under which each approach succeeds. As before,

we keep the broader discussion for Section 6.

5.1 Experimental Design

5.1.1 Formalizing Randomized Non-personalized Al. We implement a design inspired by
randomization as a strategy for combating outcome homogenization (Jain et al. 2024).
The idea is that instead of recommending the same “best” option to everyone, the system
14We observe qualitatively similar patterns concerning the results discussed in the section for K = 5, and

Psocial = 0.2 as well.
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randomizes over high-performing options, potentially preserving heterogeneity, while
maintaining utility. We operationalize this as follows: when an agent queries the Al tool,
the tool randomly selects an agent from the top decile performers in the community and
returns the computational portion of its decision vector. This approach is non-personalized,
insofar as it only considers the state of the community at the time of the query, ignoring
the querying agent’s context. In contrast with non-personalized Al design above, however,
it samples from high performers (as opposed to only the single best performer), thus

promoting diversity, while ensuring a high baseline of quality.

5.1.2  Formalizing Personalized Al. Personalized Al has been proposed as a way to mitigate
the homogenizing effects of Al adoption (Fligener et al. 2021). We operationalize this idea
as follows. The Al tool identifies which single bit in the computational subspace, m,, the
agent i should flip in its current research practice d' to yield the greatest improvement.

This design can be seen as a personalized bit-greedy procedure: It models systems that
guide researchers toward the next most promising experiment or methodological change
for them. This is unlike the non-personalized designs above, which simply recommend
the computational portion of best or top-performing agents’ practices without taking
into account the specific Al querying user’s existing non-computational decisions. This
approach thus models a highly tailored, context-sensitive use of Al that optimizes its
recommendations about where to intervene next for each specific user’s context. This
is a demanding and highly idealized design, and we return to the assumptions that are
implicit in this conception in Section 6.1

If the two mechanisms of homogenization identified in Section 4 are correct, then we
should have differential expectations about the effectiveness of these mitigation strate-
gies. Randomization should address premature convergence when non-personalized Al
is effective (at high modularity) by diversifying which recommendations agents receive,
and preventing universal adoption of a single configuration. However, it cannot resolve
context-mismatch problems and the opportunity cost of using non-personalized Al in

low modularity settings. Personalization, in contrast, should address both mechanisms:

15We also conducted sensitvity test with an error prone version of Personalized Al which suggests the best
bit to change with a certain level of accuracy, but suggests a random bit with an error rate. The system
performs slightly worse, but did not change the qualitative patterns discussed below.
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F1G. 3. Percentage differences in average outcomes between communities with access to Al tools
and communities without Al (averaged across 1000 simulation runs). Communities consist of 100
agents with H = 10, facing a problem with N = 20, K = 9, M = 10, and psociar = 0.1. Panel (A)
and (B) show Personalized Al effects on epistemic success at convergence and transient diversity,
respectively, across problem modularity and Al use rates; panel (C) and (D) show these effects
for Randomized Al across the same conditions. Colored cells indicate statistically significant
differences: blue for improvements, red for declines, gray for non-significant (p > 0.05). Asterisks
denote significance levels (*p < 0.05, **p < 0.01, **p < 0.001).

by tailoring recommendations to individual contexts, it increases recommendation ef-
fectiveness (addressing opportunity costs), and by providing different recommendations
to different agents, it naturally generates diverse search trajectories (preventing prema-
ture convergence). We examine the systemic effects of these designs through the same

experimental parameters as Section 4.

5.2 Results

Our simulations reveal that personalization fundamentally alters AI's impact on collec-
tive epistemic performance, enabling benefits across structural conditions where non-
personalized approaches fail. Figure 3a demonstrates Personalized AI’s most striking
advantage: in conditions where non-personalized Al proves ineffective or harmful, Per-
sonalized Al provides substantial improvements. This pattern validates our theoretical
prediction that, by tailoring computational recommendations to each agent’s specific non-
computational configuration, Personalized Al avoids the cross-module interference that
undermines the effectiveness of non-personalized recommendations in tightly-coupled

problems.
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Personalized AI’s context-sensitivity has implications for epistemic diversity as well. We
find that, especially at lower use rates, Personalized Al maintains or even slightly increases
transient diversity, compared to no-Al baselines (see Figure 3b). This occurs because
tailored recommendations guide agents toward different promising solutions suited to their
distinct contexts, creating productive heterogeneity. This diversity-preserving property
stands in stark contrast to non-personalized approaches, which reduce diversity across all
conditions (see Figures 1b and 3d).

As shown in Figure 3d, Randomized Al offers no such benefits at low modularity. In
this context, randomization performs comparably to the basic non-personalized Al, with
both approaches ranging from ineffective to actively harmful as use rates increase. This
similarity confirms that the fundamental limitation of non-personalized recommendations
is not just a lack of variety in recommendations, but rather their insensitivity to individual
contexts. Randomizing among top performers merely varies which context-mismatched
recommendation each agent receives, failing to address the underlying structural chal-
lenge.

Interestingly, however, the comparative effectiveness of these mitigation strategies
somewhat changes, under high modularity. As Figures 3a and 3c show, when p(m) =1,
Randomized Al not only maintains the benefits of non-personalized Al at higher query
rates; it even slightly outperforms Personalized Al across all use rates. Notably, this
advantage emerges despite randomization’s non-personalized nature. At high modularity,
module independence renders context-sensitivity less critical, and diverse computational
configurations can succeed paired with various non-computational choices. Under these
conditions, the diversity introduced by randomization sustains the benefits of simple
non-personalized Al even at higher use rates.

What accounts for the relative reduction in Personalized AI’s benefits in fully decom-
posable problems with p(m) = 1? We can think of two complementary mechanisms. First,
at p(m) = 1, each module operates as a highly complex but independent subproblem with
multiple high-quality local optima. This can be because Personalized Al recommendations
myopically guide agents along greedy paths toward whichever local optimum is nearest
to their current position within this module. Given the higher internal complexity of the
computational module in modular problems, this can more easily result in agents getting

stuck in different local optima. Indeed, we find that increased modularity has a detrimental
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impact on the performance of baseline (no AI) community. But, as Figure 3a shows, the
drop in performance is even more substantial for the Personalized Al This is because
in the no Al community, the alternative computational decisions that the agents adopt
through exploration are simply better than their current ones, preserving some transient
diversity, whereas with Personalized AI agents adopt the myopically best decision change
for the entire computational module (For a similar phenomenon see Wu 2024).

Second, problem decomposability can fundamentally alter the efficiency of division of
labor in collectives relying on Personalized Al Atlower modularity, tight coupling between
modules means that finding good configurations in m, also helps in exploring the fitness
contributions of decisions in —m,. In perfectly decomposable problems, however, these
benefits disappear. Module independence means agents with identical m. configurations
always receive identical recommendations, regardless of differences in —m,. Personalized
Al recommendations thus reveal nothing about the non-computational module,'® and time
agents allocate to querying Al—or to exploring computational decisions on their own—
represents opportunity cost for optimizing the independently-complex non-computational
module. This results in a defective division of cognitive labor across the two subproblems.

These two mechanisms suggest different mitigation strategies. If the issue is due to the
myopic implementation of Personalized Al then it can be addressed by a less myopic
version of personalization that better deals with complexity—at least in context when this
is technologically viable. If the issue is due to a defective division of cognitive labor, then
the solution is not merely technological, but requires organizational restructuring,.

To further explore this idea, we examined two further variants of the model above. First,
we consider a two-bit version of the Personalized Al system, which recommends to agents
the optimal two bits to change in the computational subspace (as opposed to the single bit
case above). Intuitively, this means the system has a higher capability of guiding agents
through complex problems. Second, we also explored what happens when communities
alter their exploratory practices following Al adoption. Specifically, we compared com-

munities where agents bias their individual exploration toward computational decisions

16 Aside from their general irrelevance.
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F1G. 4. Percentage differences in epistemic success at convergence between communities with
access to personalized Al tools and communities without Al (averaged across 1000 simulation
runs). Communities consist of 100 agents with specialization set size H = 10, navigating a problem
with N = 20, K = 9, M = 10, while engaging in social learning with pg,.iqa; = 0.1. Panels (A)-(C)
show differences in communities with single bit Personalized Al (our default thus far), where
agents’ post-Al adoption search practice is either biased to computational (A), same (B), or biased
to non-computational module (C). Panels (D)-(F) show the same in communities with Two-bit
Personalized Al. Colored cells indicate statistically significant differences: blue for improvements,
red for declines, gray for non-significant (p >= 0.05). Asterisks denote significance levels ("p < 0.05,
p < 0.01, "p < 0.001).

(reinforcing AI's focus), toward non-computational decisions (complementing AI’s scope),
or explore uniformly without bias (our default condition in prior simulations).!”

The results, shown in Figure 4, provide support for the mechanisms suggested above.
Unsurprisingly, the more capable (Two-bit) Personalized Al not only outperforms the
single bit Personalized Al (compare, for example, Figures 4e with 4b); it also performs
better with increased modularity (compare p(m) = 0.6 with p(m) = 1 in Figures 4e). This
makes sense given that increased modularity negatively impacts the performance of the
baseline, no-Al community. What is more, for both single and two-bit implementations,
exploration bias moderates their effectiveness statistically significant ways. When agents
bias exploration toward non-computational decisions (panel 4c for single bit and panel 4f
for two-bit version), performance improvements increase markedly across all modularity
mment exploration bias by adjusting agents’ specialization sets H: computational bias draws 75%
of bits in H from m,, non-computational bias draws 75% from —m,, and unbiased exploration—our default

condition thus far—draws uniformly from all N decisions.
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levels compared to computational bias (Panels 4a and 4d), and no bias (Panels 4b and 4e)
with pronounced effects in fully decomposable problems.

Importantly, these results demonstrate that, apart from existing technological capabili-
ties that can inform the effectiveness of Al systems in dealing with longer term problem
complexity, Personalized AI's effectiveness also depends critically on how communi-
ties adapt their norms and practices to Al adoption. Productive Al-human collaboration
emerges not from passive Al adoption, but from organizational adjustments that direct
human effort toward complementary problems Al cannot address. We now turn to these
broader implications of our findings for understanding AI’s role in collective problem-

solving.

6 DISCUSSION

Our simulations revealed four high-level results: First, Non-personalized AI’s epistemic
value is fundamentally conditional. Uniform recommendations yield benefits only under
a narrow conjunction of highly modular problem structure, moderate use rates, and
limited baseline capabilities. Outside these boundaries, non-personalized Al ranges from
ineffective to actively harmful. Second, non-personalized Al systems trade coordination
gains against transient diversity, with varied epistemic consequences. At high modularity,
substantial diversity loss accompanies performance improvements, reflecting productive
convergence. At low modularity, diversity loss occurs without compensating longer
term gains, indicating premature convergence on and opportunity costs due to context-
inappropriate solutions. Third, Randomization—a proposed technical mitigation—fails to
address the underlying issue of context-mismatch. We find its utility is restricted to the
same narrow structural conditions that enable non-personalized Al, offering no benefit
for complex, tightly coupled problems. Fourth, Personalization enables robust benefits
across structural conditions, while often preserving or enhancing diversity. Yet, realizing
its full benefits can depend on organizational adaptation and coordinated adjustments in

shared epistemic practices.
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6.1 From Tool Adoption to Institutional Preparedness and Adaptation

Perhaps the key theme emerging from our experiments is that AI's impact on collective
inquiry depends critically on how epistemic communities adapt their norms and prac-
tices to exploit AI's capabilities, while compensating for its limitations. This distinction
between passive adoption and active adaptation emerges most clearly when considering
the structural prerequisites for different Al designs and the institutional interventions

that moderate their risks and benefits.

Non-personalized Al: Modularity, Randomization, and Use Moderation. Consider first the
factors that determine and moderate the impacts of non-personalized Al Our findings
reveal that non-personalized Al effectiveness is restricted to highly modular problems
with moderate use rates. Outside these conditions, context-insensitive recommendations
provide little utility or, worse, accelerate premature consensus around inferior solutions.
This restriction carries important organizational implications.

It underscores the need for careful structural assessment before deploying non-
personalized Al systems. Institutions must evaluate whether target problems are suf-
ficiently decomposable for uniform Al guidance to succeed. Such assessments require
determining abstraction boundaries—identifying which decisions to focus on and which
aspects can be safely treated as independent. This determination is complex and often con-
tested. Recent debates about Al integration in high-stakes decision-making illustrate these
challenges (Fazelpour and Lipton 2020; Selbst et al. 2019). These debates reflect deeper
disagreements about whether socially desirable qualities in Al-based decision-making
can be framed computationally, particularly in ways that are meaningfully decomposable
from human, organizational, and social factors.

To be sure, modularity, which involves decomposability of problems and portability of
solutions, is rarely a fixed property of scientific problems, but rather an achievement of
organizational and disciplinary practices (Bowker and Star 2000; Fujimura 1987; Kitcher
1990; Leonelli 2019; Reijula et al. 2023). Standardization of workflows, data formats and
experimental protocols, agreed-upon measurement and calibration frameworks, and
established divisions of labor across disciplines create the sort of modular structure
required by Non-personalized Al systems.
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Even in sufficiently decomposable problems, the benefits of non-personalized Al guid-
ance crucially depends on appropriately navigating the speed-performance (or efficiency-
diversity) trade-offs. Our results suggest both technical and institutional interventions.
The success of Randomized Al systems in modular settings, for example, provides supports
for both technical interventions, such as injecting structured diversity, and social interven-
tions, such as fostering a pluralistic model ecosystem.'® Moreover, our results underscore
the important role of institutionalizing appropriate usage norms (e.g., via query budgets)

to limit excessive reliance on non-personalized systems and avoid premature lock-in.

Personalized Al: Context Legibility and Complementarity. Personalized Al systems introduce
distinct requirements. Even beyond the technical prerequisites which may not be realistic
in many domains, a necessary institutional precondition for personalized Al is context
legibility. In our model, the Personalized system has perfect access to an agent’s decision
vector. In practice, however, making a research team’s context legible to Al systems (or
even to themselves and other teams) requires massive institutional work, including the
creation of explicit protocols for identifying, documenting, and communicating many,
typically tacit, aspects of scientific practice. Recent work on demands and challenges in
developing effective transparency documentation for open science in general (Nosek et al.
2015; Stodden et al. 2014) and social applications of Al systems in particular (Pratt and
Tanjaya 2025; Winecoff and Bogen 2025) illustrate these difficulties.

Institutional considerations also extend to factors moderating personalized Al's impacts.
Beyond governance tools for preventing overuse, coordinated changes in exploratory
practices enable better leveraging of Personalized Al capabilities. Our results show this
is particularly salient in decomposable problems: when Al systems become effective in
autonomously dealing with or assisting in computational aspects of the scientific practice,
this effectiveness shifts the bottlenecks of epistemic practice to the non-computational
module, calling for institutional restructuring, such as patterns of re-skilling and divi-
sion of labor that emphasize non-computational expertise while maintaining sufficient

computational knowledge and literacy to oversee Al interaction effectively.

18Of course, these approaches can differ along other dimensions of benefits and challenges. So, the overall
choice, if one needs to be made, depends on those other considerations.
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This consideration supports broader efforts toward designing Al systems that com-
plement rather than replicate human expertise (Rastogi et al. 2023; Steyvers et al. 2022).
In contrast to our default simulations where agents’ capabilities are randomly drawn
and jointly cover all problem dimensions equally well, in practice, scientific teams may
exhibit systematic strengths or weaknesses. When such asymmetries exist, Al systems
that address gaps and augment existing capabilities can provide additional gains. Notably,
this is in contrast to prevalent Al development practices. For example, recent analyses
of clinical AI benchmarks reveal misalignment between Al capabilities and practitioner
needs, with benchmarks prioritizing tasks clinicians already handle well, while neglecting
those where Al could provide the greatest complementary value (Blagec et al. 2023). Our
results thus suggest a shift in development priorities: rather than replicating existing hu-
man strengths, Al systems should be designed to target capability gaps, thereby enabling

a productive division of labor.*

The Value-Laden Nature of Al Preparedness. More broadly, our results highlight that
successful Al adoption requires prior investment in shared practices and institutional
infrastructure. Epistemic communities cannot simply adopt Al tools and expect bene-
fits; they must often construct necessary preconditions—modularity, context legibility,
complementary expertise—through standardization, protocol development, and work-
flow redesign. This aligns with recent empirical findings that many Al initiatives fail to
scale, precisely because success hinges less on computational capabilities than on those
prerequisite organizational restructuring (Van Noorden and Perkel 2023; Yee et al. 2025).

But, if realizing visions of Al-driven science is contingent on such institutional invest-
ment, then the choice to pursue Al preparedness becomes a thoroughly value-laden and
context-dependent question. If in a given domain, the tasks facing the most acute resource
constraints are non-computational, then, rather than depending on promised benefits of
widespread Al adoption, scientific communities must seriously consider whether greater

returns might not come from investing directly in those non-computational dimensions.*

Recent proposals about “human-aware" Al that are tuned to generate promising hypotheses that are likely
to be neglected by current epistemic communities also align with this suggestion (Sourati and Evans 2023).
2This is not to say that judicious use of Al such as to address existing capability gaps, as discussed above,
cannot be beneficial even in under-resourced settings. Rather, the point concerns the broader allocation of
resources and attention.
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6.2 Assumptions, Limitations, and Future Directions

Like any other model, the framework proposed here relies on idealizing assumptions
that limit its direct applicability. Below we clarify some of these assumptions as a way
to both better situate the implications of our findings, and identify directions for future
research. One such assumption concerns the boundary between computational and non-
computational decisions. In our model, this partition is fixed and exogenously specified.
As mentioned in the previous subsection, however, in real scientific practice this boundary
is neither natural nor static. It is shaped by methodological conventions, available infras-
tructure, and disciplinary norms. Understanding how such boundaries are constructed,
and how they evolve alongside Al capabilities is therefore an important direction for
future work.

A related idealization concerns the assumptions involved in modeling the Al recom-
mendations. Consider, for example, two assumptions related to the Personalized Al rec-
ommendations. First, whereas in practice personalization typically depends on inferring
user context—often understood as preferences—from incomplete and noisy data, our
model treats an agent’s current research practice (their decision configuration) as fully
transparent and directly observable. Second, the Personalized AI has perfect access to the
true payoff consequences of hypothetical changes to m,, rather than learning outcome
structure from data or generalizing uncertainty to unseen configurations.?! In practice,
both forms of knowledge—of user state and of outcome payoffs—are inferred, partial, and
error-prone.

Moreover, our model abstracts away from additional risks and negative externalities
associated with different Al designs. Personalization, for example, can result in potential
amplification of confirmation bias at the individual level or polarization at the collective
level (Kirk et al. 2024). These idealizations are nonetheless helpful, because they allow us
to isolate the structural limits of personalization under the most favorable informational
conditions. If even a fully informed and perfectly context-sensitive system exhibits reduced
benefits in certain settings (e.g., under high modularity or high reliance), then these
constraints apply with even greater force to real personalized Al systems whose access to

user context and payoff structure is inherently limited.

21Though we also implement an imperfect and error-prone version in Section 5.
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Similarly, our model does not capture the full costs associated with misleading or useless
recommendations. In the simulations, agents immediately and accurately evaluate the
fitness of any proposed change, and thus quickly reject recommendations that do not
improve their epistemic position. Useless recommendations, therefore, incur only a mini-
mal opportunity cost—agents forego a round of social learning or individual exploration.
In real scientific practice, by contrast, researchers can lack the expertise or information
needed to independently assess the quality of a suggested method, model, or assumptions,
precisely in the domains where Al assistance is most attractive. In such cases, seemingly
promising recommendations may have subtle or delayed adverse effects, and the harms
of adopting a misguided approach—from misallocated resources and effort to retracted
findings—may only become visible much later and are not easily mitigated (Ehsan et al.
2022; LaCroix et al. 2021). As a result, the opportunity costs of relying on inappropriate or
context-mismatched Al suggestions are likely to be far greater in real scientific settings
than our idealized model can reveal.

Another simplifying assumption of our model is that the incentives of individual agents
are static and independent: an agent’s payoff depends solely on the fitness of its own
research practice, and not on the discoveries or timing of discoveries made by others.
As a result, the model does not capture competitive dynamics in which the epistemic
value of a discovery depends on when or by whom it is made. This abstraction allows
us to examine the impacts of Al adoption on communities as a whole under different
structural conditions, but it may obscure important tensions between individual and
collective incentives.

Exploring such disconnects between individuals or groups and communities in light of
Al adoption offers interesting directions for future research. For instance, across all Al
types, we observe an inverted-U relationship between community-level performance and
the rate of Al use. Future work could explore whether Al adoption creates a tragedy of the
commons, where individual incentives to query Al for short-term efficiency diverge from
the community’s long-term need for diverse exploration. Such dynamics would constitute
an additional mechanism of homogenization that our current model does not capture,
and would highlight the need for institutions and governance mechanisms to realign

individual benefits with collective epistemic success.
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Finally, our simulations assume uniform potential for access across the community.
Real scientific environments, however, are often characterized by significant resource
stratification (see, e.g. Leonelli 2019). Future research can investigate the emergent dy-
namics that arise when Al tools are available only to specific subgroups. By modeling
these disparities within structures where access is correlated with network position, for
example, researchers can examine how Al adoption interacts with antecedent power asym-
metries. Such work could reveal whether selective Al access amplifies existing influence
hierarchies or creates new forms of epistemic inequality.

Taken together, our analysis underscores that the epistemic impact of Al integration
depends as much on the social organization of inquiry as on the design of the tools
themselves. The risks we identify arise even under idealized assumptions of costless
coordination and perfect information. In real scientific communities, where expertise
and resources are unevenly distributed and incentives are complex, these constraints will
likely be even more acute. Avoiding the trap of epistemic monoculture, therefore, requires
shifting our focus from the passive adoption of new technologies to the active design of

the institutions that wield them.
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