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Abstract
Research Summary: We explore how Large Language

Models (LLMs) can serve as synthetic subjects to

inform strategy research. We introduce a framework

for designing and running simulated experiments with

LLM-powered agents. We argue that this approach is

useful for rapid, low-cost prototyping of human experi-

ments and for generating novel hypotheses. We apply

the framework to the exploration–exploitation dilemma

and show that LLM-based experiments reproduce pat-

terns observed among human participants. We then

vary parameters and boundary conditions to illustrate

how the same setup can support design iteration and

surface hypotheses about when and why established

results change. In the conclusion, we discuss the prom-

ise and limitations of artificial intelligence agents as

“model organisms” for strategy.
Managerial Summary: Artificial intelligence

(AI) agents are beginning to enter firms as tools that

can execute work, from writing code to coordinating

complex tasks across systems. This article argues that

their value for strategy extends beyond task
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automation: AI agents can also be used to simulate stra-

tegic interactions and assess how strategies perform

under alternative assumptions. In our exploration–
exploitation application, these simulations reproduce

core patterns from prior human experiments and reveal

where those patterns weaken or reverse. Used this way,

AI agents can help firms prototype strategic choices,

stress-test assumptions, and direct managerial attention

toward promising leads before larger commitments of

time and effort.

KEYWORD S

AI agents, exploration and exploitation, Large Language Models,
strategic interactions, strategy experiments

1 | INTRODUCTION

Whether practiced by managers or studied by scholars, strategy hinges on understanding how
actions translate into competitive outcomes in dynamic environments (Leiblein et al., 2018).
Just as researchers investigate the returns from research and development (R&D), company
executives want to know whether their innovation strategy will boost sales and how competi-
tors are likely to respond. But this is easier said than done. In most business settings, multiple
actors shape outcomes, and their decisions are often interdependent. Consider a pharmaceutical
firm deciding which drug to develop. Sticking with known molecules may yield predictable but
modest returns, while exploring new compounds involves substantial risks. And even if the bet
pays off, rivals may quickly follow with cheaper alternatives that draw customers away, ulti-
mately shrinking, not growing, profits.

Strategic interdependencies make it difficult to trace clear causal links between actions and
outcomes. The ideal way to isolate mechanisms is through real-world experiments at the com-
pany or even industry level, but these are rarely feasible (Adner & Levinthal, 2024). As a result,
researchers usually turn to two alternative approaches to run strategy experiments. The first
relies on computational models to simulate scenarios that include nonlinear effects and feed-
back loops, which closed-form models struggle to capture (Davis et al., 2007). These models
offer control, enabling researchers to tweak key parameters and observe their impact on emer-
gent dynamics (Knudsen et al., 2019). The second involves human-subjects experiments, either
in the laboratory or with partner organizations (Di Stefano & Gutierrez, 2019; Levine
et al., 2023). This approach emphasizes realism by capturing how actors behave under specific
conditions, while holding other strategic interactions constant (Chatterji et al., 2016).

Experiments using either agent-based simulations or human subjects offer advantages, but
each entails a distinct trade-off between control and realism. On the one hand, the clean
abstraction provided by simulated agent-based models (ABMs) increases the distance from real
scenarios and complicates translating their insights to managerially relevant situations
(Ganco, 2017; Knudsen, 2024). On the other hand, experiments with human participants gener-
ate data on real-world behavior but require substantial budgets and long lead times for
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implementation, which constrain iteration across alternative designs or choices (Davis
et al., 2007). As a result, human-subject experiments are less suited to mapping how outcomes
vary across broad parameter spaces.

Recent advances in generative artificial intelligence (AI) herald a new approach that could
complement these established methodologies. Large Language Models (LLMs), trained on a
vast corpus of human text, can emulate human language with remarkable fluency. This capabil-
ity also enables them to approximate human behavior to a reasonable degree (Horton, 2023; Tu
et al., 2024). As a result, scholars have begun to deploy LLMs as proxies for human behavior, an
approach referred to as “synthetic subjects” or “silicon sampling” (Bail, 2024; Dillion
et al., 2023). Moreover, LLMs can be instructed to assume a wide range of roles and, as digital
artifacts, be embedded in fully manipulable virtual environments. This opens the door to creat-
ing ecologies of realistic yet synthetic AI agents that interact within contexts mimicking the
strategic interdependencies of real-world settings, offering a novel tool for both research and
practice.

In this paper, we propose a general framework for using AI agents as synthetic subjects to
study strategic interactions. Our approach is inspired by model organisms in the biomedical sci-
ences: species sharing enough biological similarity to humans that allow researchers to refine
initial theories before advancing to human testing (LaFollette & Shanks, 1995). In the same
spirit, AI agents can support rapid, low-cost prototyping of experimental designs, while also
helping surface unexpected patterns that can be treated as hypotheses for subsequent valida-
tion. We then apply our framework to a simple exploration–exploitation problem involving stra-
tegic interdependencies. First, we show that our simulated experiments reproduce outcomes
from human-subject experiments, suggesting a promising degree of realism for AI agents. Sec-
ond, we demonstrate how AI agents enable researchers to rapidly and cheaply prototype new
experiments. Third, we illustrate how these simulations can surface applicable theoretical con-
structs that a researcher may not have considered.

In our framework, human strategists define a “starting theory” (Davis et al., 2007) or “the-
sis” (Ott & Hannah, 2024). Human judgment is required to identify links between actions and
outcomes worth exploring, and to specify the relevant payoffs and objectives (Agrawal
et al., 2019). Once this theoretical space is articulated, AI agents provide a flexible tool for in sil-
ico experimentation. Strategists can instantiate multiple LLM-powered non-deterministic agents
and embed them in environments that feature strategic interdependence and feedback loops.
They can then manipulate parameters, observe emergent interaction patterns, and generate pre-
dictions about the direction and relative strength of causal relationships. Analogous to how the
use of model organisms for preclinical screening complements in vitro testing and clinical trials,
AI agents can inform the development of ABMs and help prototype human-subject
experiments.

Leveraging AI agents as the “laboratory mice” for strategy brings several opportunities. A
key strength of LLM-based experiments is their flexibility, as agents can be primed to adopt
diverse and nuanced personas. Researchers can easily vary goals and incentives across agents
and embed role-specific knowledge or constraints directly in the script. Because the agents can
interpret context and generate coherent responses, they can exhibit forms of strategic interac-
tion that are hard to represent in traditional ABMs, where tractability often requires stylized
decision-rules. Even when LLM agents merely approximate human responses, the method
retains many of the core advantages of computer simulations: it is fast, low-cost, and easily
repeatable, which allows researchers to probe a large design space and identify specific hypoth-
eses and boundary conditions that merit subsequent validation.
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However, this approach also has important limitations. LLMs can exhibit a rationality bias,
deviating from the bounded rationality typical of human decision-making (Hagendorff
et al., 2023). They are also prone to hallucination, so their stated motivations may not corre-
spond to stable underlying mechanisms. More fundamentally, observations produced in AI
agent simulations are not data from real human subjects. They reflect the behavior of a particu-
lar model under a specific prompt and environment design, underscoring the need for valida-
tion before drawing substantive managerial or theoretical claims. Even in terms of control,
LLMs remain imperfect: they are ultimately black boxes, making it difficult to precisely manip-
ulate their decision-making as traditional ABMs allow. In other words, AI simulations are not a
golden mean between computational models and experiments. Instead, we argue that this
method provides a novel tool in the researcher's toolkit, with its own advantages and limitations
that complement existing approaches.

Our paper makes several contributions. First, we propose a general-purpose framework for
simulating strategic interactions with AI agents. Second, we highlight both the potential and
the limitations of AI agents for strategy research, building on the rapidly growing literature on
AI simulators in computer science and related fields (Aher et al., 2023; Dillion et al., 2023;
Horton, 2023; Park et al., 2023). We specify when AI agent simulations are most informative,
how their outputs should be interpreted, and what safeguards can improve credibility. As such,
we describe best practices for using AI agent simulations as one tool within a broader strategy
research toolkit. Finally, our application to the dynamics of exploration and exploitation dem-
onstrates how AI agents can be used in practice, demonstrating the pragmatic utility of our
approach and pointing to broader opportunities for strategy research.

2 | AI AGENT SIMULATIONS FOR STRATEGY RESEARCH

2.1 | Does strategy research need a new tool?

Strategic management aims to understand business dynamics and offer normative guidance to
improve firm performance (Rumelt et al., 1991). A central challenge, however, is that strategic
choices are often deeply interconnected, making it hard to pinpoint which mechanisms drive
outcomes. While real-world experimentation remains the gold standard, it is infeasible to do so
with many business decisions. As a solution, strategy research is distinctive in its reliance on
two complementary methods: in silico experiments with ABMs1 and randomized controlled tri-
als (RCTs) with human subjects either in the lab or the field (Chatterji et al., 2016; Di Stefano &
Gutierrez, 2019; Knudsen et al., 2019). To better understand how these methods are used in
research, we manually conducted a systematic review of studies appearing in the Strategic Man-
agement Journal (SMJ)—the field's longest-running and most representative outlet. Using
Scopus, we identified 80 relevant articles published between 1980 and 2025: 49 using ABMs and
31 employing human-subjects experiments (details in Supporting Information S1: Appendix A).

1While mathematical models are used in strategy research (e.g., Van den Steen, 2018), they often fall short in capturing
the complexity and heterogeneity inherent in strategic interactions (Harrison et al., 2007; Knudsen, 2024). To overcome
these limitations, scholars frequently turn to computational simulations when analytical solutions become intractable.
However, the distinction between mathematical and computational models is largely one of degree: both rest on the
same epistemic logic, but simulations offer greater flexibility to expand state spaces and capture richer patterns of
interaction and adaptation (Knudsen et al., 2019).
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Common topics across these papers include cognition and decision-making, competitive and
corporate strategy, strategic human capital, adaptation, and knowledge-related themes.2

In Panel (a) of Figure 1, we break down the studies by the method used. Although both
methods are applied to most questions, notable differences appear across research topics. The
most popular areas, such as decision-making and the implementation of strategies in corporate
settings, show a relative balance between simulations and human-subject experiments. Other
topics, including competition, adaptation, and networks, are more often studied through simu-
lations. We speculate that this pattern reflects structural constraints: it is difficult to experimen-
tally study these dynamics with human subjects, and even more challenging to manipulate
competitive environments in ways that align with theoretical models. In contrast, areas like
strategic human capital and entrepreneurship are more commonly studied through human-
subject experiments—likely because they involve behaviors that are harder to model, and
because they aim for empirical, policy-relevant estimates.

Beyond the substantive research topic, we also reviewed each study to identify which
dimensions were experimentally manipulated. We inductively developed a taxonomy that dis-
tinguishes between manipulations to the agent and changes to the environment, and then
applied it to code each study (see Supporting Information S1: Appendix A). We identify three
sources of agentic variation (objectives, capabilities, and decision processes) and six sources of
environmental variation (population, time horizon, choice landscape, payoff structure, informa-
tion set, and spatial structure). Overall, we find that computational simulations make use of sig-
nificantly more variation across both agentic and environmental dimensions. On average, a
paper developing an ABM manipulates 3.7 categories, while human experiments vary only 2.1
of them. This pattern supports the view that simulation methods get closer to offering a form of
“perfect control” relative to working with human subjects (Harrison et al., 2007;
Knudsen, 2024).

Panel (b) of Figure 1 reveals additional heterogeneity across methods. Simulations are more
likely to introduce changes to the payoff structure, time horizon, agent population, and agent
characteristics. Interestingly, some categories appear less amenable to computational manipula-
tion. This may reflect the mechanistic nature of ABMs, which makes variations in elements
such as agent objectives or information sets less theoretically interesting. Human experiments,
by contrast, face stricter constraints on what can be manipulated, particularly in the features of
the environment or the composition of the actor population. Because causal claims ultimately
require evidence from real-world behavior, these constraints limit the ability to validate and cal-
ibrate the predictions generated by more flexible ABMs, especially when the underlying design
space is high-dimensional. This difficulty helps explain why human-subject experiments are
often confined to testing simple relationships, while empirical tests of ABMs remain rare.3

Taken together, these patterns motivate the development of novel tools that expand the range
of feasible manipulations in strategy experiments.

2Unlike the field of economics, strategy lacks a standardized classification system such as the Journal of Economic
Literature (JEL) codes to sort articles by topic. For our purposes, we inductively developed thematic categories to
capture each study's primary focus. These topical categories are intended to give a general sense of where ABMs and
human experiments tend to be used in strategy research. The full database of the studies we analyzed is available in
Supporting Information S1, allowing readers to replicate our analysis or use alternative categorizations.
3In the few cases where such experimental translation has been attempted, predictions from ABMs have shown mixed
results, especially for widely used frameworks such as NK models (Billinger et al., 2014; Ganco, 2017).
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FIGURE 1 Agent-based and human-subject experiments published in the Strategic Management Journal

(1980–2025). Panel (a): Research topics studied by methodological approach. Panel (b): Types of experimental

manipulation by methodological approach. This figure summarizes our review of articles published in the

Strategic Management Journal that use either simulation-based or human-subject experiments. Panel (a) shows

the proportion of papers in each research topic by methodological approach. Panel (b) presents the proportion of

studies that experimentally manipulate different categories of variation. For details on our study selection and

classification procedures, see Supporting Information S1: Appendix A. ABM, agent-based models.
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2.2 | The emergence of AI simulations

Recent advancements in generative AI have opened up many applications across industries.
LLMs have gained popularity due to their impressive performance and economic value across
domains (Bubeck et al., 2023). Beyond their commercial applications, LLMs are also being
adopted as tools in scientific research (e.g., Carlson & Burbano, 2026). As shown in Supporting
Information S1: Appendix B, most applications involve supporting research indirectly—through
tasks such as dataset cleaning, scientific writing, and refining research instruments. However,
LLMs are also beginning to play a more direct role in research, including generating scientific
hypotheses (Manning et al., 2024; Si et al., 2024).4

We anticipate that a central role of LLMs in strategy research will be as synthetic subjects
(Bail, 2024; Grossmann et al., 2023; Park et al., 2023). LLMs are neural networks trained using
deep learning on vast amounts of human-generated corpora, enabling them to generate
human-like text in response to prompts. This capability follows from how these models are
built. LLMs are pre-trained on a vast corpus of human text to predict language. Language
encodes much of how people reason, evaluate, and decide. Therefore, learning to model it
implicitly leads models to develop internal representations of the social world (Bubeck
et al., 2023; Gurnee & Tegmark, 2024). Further, modern models are refined through post-
training with reinforcement learning, often with humans in the loop, which rewards outputs
that align with human preferences and judgments (Ouyang et al., 2022). The result is a system
whose behavior reflects a compressed, recombinable representation of how humans tend to act.

As a result, AI-powered agents exhibit strikingly human-like traits. When evaluated with
personality tests and behavioral games, their responses are statistically indistinguishable from
those of randomly selected human participants (Mei et al., 2024). Additional studies reveal that
LLMs lean on heuristics similar to those used by humans and reproduce their cognitive biases,
reasoning errors, and moral intuitions (Hagendorff, 2024; Lampinen et al., 2024). Horton (2023)
demonstrates LLMs' strategic acuity by placing them in classic interactions such as the pris-
oner's dilemma. This methodology is gaining traction in computational social science, where
LLMs serve as generative AI simulators that produce “silicon samples,” or fully synthetic
datasets, to study specific questions (Dillion et al., 2023; Sarstedt et al., 2024).

Despite their promise, recent studies also highlight the limitations of AI as a synthetic sub-
ject (Aher et al., 2023; Gao et al., 2025). First, LLMs have access to pre-existing research in their
training data, raising the possibility that their outputs parrot memorized content. This is prob-
lematic when directly prompting an LLM, for instance, to predict the outcome of prospective
studies, although recent evidence does seem to downplay this concern (Luo et al., 2025). Sec-
ond, while LLMs avoid some ethical constraints of human-subjects research, they introduce
new concerns, such as the spontaneous emergence of deceptive behavior (Hagendorff, 2024).
Finally, AI agents remain black boxes, making it difficult to determine when they provide a
credible proxy for human behavior. Their behavior can shift in response to seemingly minor
changes in prompts or model versions, and some discrepancies with human behavior appear

4Our focus is on how LLMs can be used in research (see Supporting Information S1: Appendix Table B1) and, more
generally, strategizing endeavors. However, it must be noted that an emerging literature is exploring the direct impact
of AI on firm activities and performance (Csaszar et al., 2024; Dell'Acqua et al., 2023; Doshi et al., 2025). Relatedly,
another strand of research studies the extent to which generative AI can replace humans in carrying out a variety of
tasks and the related labor-market implications (Eloundou et al., 2024; Felten et al., 2023).
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systematic (Jones & Steinhardt, 2022). Determining when an LLM provides a credible proxy for
human responses is, therefore, an ongoing research challenge (Broska et al., 2024).

2.3 | AI agents as model organisms for strategy

Given concerns about LLMs' ability to mimic human behavior, it remains an open question
whether they are suitable for strategy research. A useful starting point is to draw a parallel with
other fields that study highly complex phenomena. One of the clearest examples is biomedicine,
which grapples with one of the most intricate and interactive systems we know: the human
body.5 In particular, scientists have long used model organisms as tractable experimental sys-
tems for examining biological interactions that cannot be easily studied in humans.

Model organisms, such as the lab mouse, are considered sufficiently analogous to humans
to generate insights about human biology (LaFollette & Shanks, 1995). Their primary value lies
in the lower cost and greater flexibility they offer for experimentation, permitting researchers to
screen mechanisms and refine interventions before committing resources to clinical studies.
They complement other tools in biomedical research, including in vitro studies focused on iso-
lating mechanisms. At the same time, insights from model organisms are not interpreted as
direct causal evidence about humans. Their biology differs from humans in consequential ways,
and key mechanisms are often only partially observable, which limits straightforward transla-
tion. Even so, model organisms play a useful role by generating testable hypotheses and helping
prioritize interventions to evaluate in the clinic.

We argue that LLMs can serve a similar role for strategy as model organisms play in bio-
medicine. Like laboratory mice, AI agents offer an imperfect but useful approximation for rap-
idly prototyping human experiments at low cost (Tjuatja et al., 2023). The analogy, however,
also highlights a key limitation. A mouse is informative about human biology because it shares
an evolutionary history with humans, meaning that several biological mechanisms shaping its
behavior and physiology have counterparts in humans. LLMs lack this shared evolutionary
basis; instead, their relevance stems from being trained on vast corpora of human-generated
text, enabling them to reproduce many regularities in how people reason and respond. Whether
those regularities arise from mechanisms comparable to human cognition remains uncertain,
limiting the extent to which their behavior can be generalized to humans.

This distinction clarifies the role we envision for AI agent simulations in strategy
research. Rather than providing evidence about the mechanisms underlying human behav-
ior, they provide a computational environment for exploring the implications of existing
theories. Once a researcher has articulated a starting theoretical argument, AI agents can be
used to examine the face validity of the theory, probe alternative assumptions, and experi-
mental designs before committing resources to human subjects or formalizing those exten-
sions in transparent ABMs. In this sense, AI agent simulations complement traditional
computational experiments by replacing fully specified behavioral rules with agents that
can generate context-sensitive responses, thereby helping researchers identify hypotheses
that merit subsequent validation.

5Further underscoring the parallel, it is no coincidence that the NK simulation approach (so widely adopted in strategy)
was originally developed by Kauffman (1993) in evolutionary biology.
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3 | A FRAMEWORK FOR SIMULATING STRATEGIC
INTERACTIONS WITH AI AGENTS

In this section, our goal is to provide a general framework that enables strategy scholars to sim-
ulate experiments where multiple AI agents interact in a rich strategic environment. Our
approach is bottom-up, placing micro-level autonomous AI agents in controlled settings where
they can interact organically with one another. These interactions can produce emergent behav-
iors that the researcher did not anticipate from the outset and that are unknown to the AI
model itself. Throughout the simulations, each agent's decisions, rationales, and resulting out-
comes are carefully recorded, enabling an in-depth study of strategic interactions.

Because these experiments are conducted entirely in silico, they require some basic compu-
tational infrastructure (detailed in Supporting Information S1: Appendix C). The researcher
must first set up a central (often deterministic) engine that administers the experimental pro-
cess with AI agents. This engine acts as the conductor of the orchestra, interacting with AI
agents, assigning their roles and behaviors, delivering instructions, updating information as the
experiment unfolds, and recording outcomes. Figure 2 provides a stylized overview of this pro-
cess.6 Because the core functions are agnostic to the specific experiment, the infrastructure is
highly adaptable and requires only minor adjustments when applied to new studies. Once in
place, the researcher can run a virtually unlimited number of simulations. This engine-based

FIGURE 2 Stylized framework to run strategy experiments with artificial intelligence (AI) agents. This

figure presents a stylized depiction of the central deterministic engine that powers an interactive simulated

experiment. The engine spawns the AI agents (each consisting of an action space, set of attributes, and an

underlying foundation model) and then administers the experiment in silico following the four steps above.

6Researchers have flexibility in how to build the engine and can implement it in nearly any coding environment. One
option is to use tools such as Expected Parrot Domain-Specific Language (EDSL), an open-source Python package that
connects user prompts to the GPT-4 API (Horton & Horton, 2024). See Supporting Information S1: Appendix C for
more details.
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approach is well-suited for studying complex, repeated interactions among multiple agents. It
can even be adapted to study mixed settings where human and AI agents interact.

Researchers must then specify the key parameters of the experiment. Because the entire
setup is a computer simulation, researchers can manipulate all of the degrees of freedom out-
lined in Panel (b) of Figure 1. This includes variation at the agent level, such as goals, capabili-
ties, and decision-making rules, which can be implemented by prompting the LLMs with
additional scripts. It also includes variation in the environment, such as the number of agents,
time horizon, choice landscape, payoff structure, information set, and spatial features. In addi-
tion, the researcher can determine how the experiment is administered, including whether deci-
sions are made sequentially or simultaneously and whether and how agents are allowed to
communicate. The main degrees of freedom available to the researcher are described in
Supporting Information S1: Appendix D. As with lab experiments and ABM simulations, these
design choices should be grounded in the starting theory that motivates the research question
(Davis et al., 2007; Ott & Hannah, 2024).

In terms of data collection, researchers can instrument and record every part of the process,
including quantitative data for econometric analysis or qualitative responses. The qualitative
data is particularly interesting for hypothesizing what could drive observed results. The simplest
approach is to ask the model to explain its decisions through an explicit prompt. These explana-
tions can be enriched through chain-of-thought prompting, which records intermediate reason-
ing steps and can reveal how decisions unfold (Wei et al., 2022).7 At the same time, these
explanations should not be considered as observational evidence about human cognition. LLMs
may not reliably “know” why they produced a given output (not unlike humans). Indeed,
recent work shows that chain-of-thought traces need not faithfully represent the computation
that actually produced a model's output (Lanham et al., 2023; Turpin et al., 2023). These ratio-
nales are therefore best treated as interpretable outputs to be validated, not as a direct window
into the model's underlying reasoning. Ultimately, it remains the researcher's responsibility to
interpret the results and draw insight from them.

4 | APPLICATION: THE EXPLORATION–EXPLOITATION
DILEMMA

4.1 | A theory of exploration with data spillovers

We illustrate the use of AI agents as synthetic subjects through a canonical problem in strategy.
In many innovation and entrepreneurship settings, actors must choose from a set of options
with uncertain value. A typical example is pharmaceutical firms selecting which genes to target
for drug development (Tranchero, 2026). Some options may have known values, in which case
the actors must decide whether to exploit them or explore new ones (March, 1991). Although
exploring can be an individual decision, it can also depend on the actions of others (Lazer &
Friedman, 2007), introducing strategic interdependence. For example, firms frequently learn
from their competitors and must decide whether to build on existing innovations or to invest in

7Although not yet common, researchers may soon be able to study how outcomes shift in response to direct changes to
the foundation model itself. As the field of model interpretability advances, it may become possible to probe specific
architectural components or activation patterns and examine how they shape behavior (Lindsey et al., 2025).

10 TRANCHERO ET AL.
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R&D themselves, knowing that the results may later become public. What strategy should a
manager pursue in such settings?

To shed light on this question, a recent paper studied an exploration–exploitation setting
with informational spillovers (Hoelzemann et al., 2025). In this paper, the authors present a
novel game, where multiple agents explore across projects that could be of either Low (L),
Medium (M), or High (H) value. Agents can see the actions of others and learn about project
values, but otherwise do not have any information on project quality. In this setting, the
authors examine the consequences of shedding light on the value of one project. The counterin-
tuitive result is that public data revelations can make all agents worse off than if no information
had been shared. The key mechanism is one where information revelation causes herding and
too little exploration compared to settings where agents have to explore in the dark. The
authors supported this prediction via an online lab experiment, with groups of undergraduate
students who were incentivized to play this game. This work provides a compelling starting the-
ory for studying what is often referred to as the streetlight effect, or the tendency to search where
data is easiest to access, even when doing so leads to inferior outcomes (Vuculescu, 2017).8

We focus on this study for several reasons. First, the online lab experiment features strong
strategic interdependencies and uncertainty. These elements are common in real-world settings,
making it an ideal test case for evaluating whether LLM-based simulations can contribute
meaningfully to strategy research. Second, the experiment relies on a single set of assumptions
and parameters, leaving room for further exploration of the parameter space.9 We take up that
task by using our AI agent simulation framework to first replicate and then extend the original
findings. Third, the study is grounded in a closed-form mathematical framework. This allows us
to benchmark both human and LLM behavior against theoretical optima, providing a precise
context for interpretation. Finally, a common concern in studies that replicate human-subject
experiments is that LLMs may simply reproduce results seen during training. In our case, we
verified that GPT-4 is unfamiliar with the experiment, which increases confidence that our sim-
ulations represent out-of-sample predictions.10

4.2 | The lab experiment: Searching mountains for hidden gems

The experiment in Hoelzemann et al. (2025) features a group of participants searching across a
range of virtual mountains for hidden gems. The setup is shown in Supporting Information S1:
Panel (A) of Appendix Figure E1. There are n = 5 players and m = 5 mountains. Mountains con-
tain topazes with 60% probability and rubies and diamonds with 20% probability each. While the
dollar value of each gem varies by round, the diamond is always valued more than the ruby, which
in turn is valued more than the topazes. The location of these gems is unknown from the outset,
and players only know the probability of finding gems and their values. The experiment consists of
two periods: in the first period, each player selects a mountain in sequential order. After everyone

8This term comes from the parable of a drunkard who searches for his keys beneath a streetlamp because that is “where
the light is,” even though he knowingly lost them elsewhere.
9An additional advantage is that we have full access to the original materials and results. In most replication studies,
researchers must approximate the original design as closely as possible. Here, we can compare results directly and
introduce extensions that remain faithful to the underlying model.
10We verified this by prompting GPT-4 to describe the experiment in Hoelzemann et al. (2025). The responses were
inaccurate and largely hallucinated. This is consistent with the fact that the version of GPT-4 we used was last updated
in December 2023, before the working paper was released.

TRANCHERO ET AL. 11
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has finished selecting, the gems behind the selected mountains will be revealed. In the second
period, players choose again, this time with the knowledge of gems revealed in the first period. Each
player earns the sum of the payoffs from their choices in both periods. The payoffs are non-rival,
which means there is no penalty for choosing the same mountain as other players.

In the baseline condition, participants are not shown any data on the location of the gems. In
three other treatment conditions, participants are provided partial initial data. These are depicted in
Supporting Information S1: Panel (B) of Appendix Figure E1. In the low-value condition, the loca-
tion of one topaz is revealed at the beginning of the experiment, while the same happens with the
ruby in the medium-value condition and with the diamond in the high-value condition. This design
allows researchers to observe how the availability (and nature) of initial payoff-relevant data influ-
ences exploration strategies and outcomes. The study involved 180 participants and was conducted
over 720 rounds, with each round consisting of five players and two periods.

We reproduce this experiment using our simulation framework as shown in Table 1. Using
the setup from Hoelzemann et al. (2025), we have a group of AI agents select which mountains
to explore in each round. We build an experimental engine that spawns five AI agents at a time,
familiarizes them with the instructions of the experiment, and prompts them sequentially for

TABLE 1 Framework to run AI agent experiments applied to Hoelzemann et al. (2025).

Parameter Description

Environment The engine keeps track of the game state, including which mountains have been
explored, which gems lie underneath, and which agents have picked which mountain.
Population: There are five AI agents.
Time horizon: There are two periods.
Choice landscape: There are five choices (i.e., mountains).
Payoff structure: Each mountain is associated with one of three payoffs, depending on
whether it holds a topaz, ruby, or diamond.
Information set: Agents know the value and distribution of gems, but they do not
know the locations.
Spatial features: There are no spatial features to the environment.

Agent Objectives: Each agent is explicitly instructed to maximize their individual earnings.
Capabilities: Each agent can pick one mountain at a time. There is no private
knowledge.
Decision-rules: No decision-rules or algorithms for choosing mountains are specified.

Turn-taking
procedures

The experiment uses sequential decision-making: each agent is allotted a “turn” to
make their decision. This provides an implicit mechanism for agents to coordinate
their exploration.

Communication
channels

AI agents are not allowed to verbally communicate with each other during the course
of the experiment.

Outcomes We record the numerical earnings of AI agents, whether or not each group made a
“breakthrough” and discovered a diamond, and the number of mountains explored.
We also solicit AI agents for qualitative explanations behind their decisions.

Interventions We make isolated changes to the information set. In particular, we have different
initial data conditions. In the “no data” condition, the experiment begins with five
unknown mountains, while in the other conditions, it begins with one mountain
revealed as either high, low, or medium value.

Note: This table illustrates the key parameters of our framework for replicating the online lab experiment by Hoelzemann et al.
(2025). See the text and Supporting Information S1: Appendix D for more details.

Abbreviation: AI, artificial intelligence.

12 TRANCHERO ET AL.
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their choice of mountains.11 Once an AI agent chooses a mountain, the code updates the condi-
tions of the environment and informs the other AI agents about this choice. In total, we simu-
late 500 rounds of the experiment.

4.3 | Comparing human subjects and AI agents

We begin by replicating the original experiment using AI agents. The primary outcome of inter-
est is the group payoff, defined as the total of individual payoffs in a group for a given round.
We plot the mean group payoff across experimental conditions, along with 95% confidence
intervals (Panel [a] of Figure 3). The original results from the lab experiment appear in the
upper left corner (plot i). When participants are shown the location of the medium-valued gem,
they tend to earn the least. Further analysis shows that participants avoid the risk of searching
for the higher-valued diamond and instead herd on the safer option (Supporting
Information S1: Appendix Figure E2). This choice boosts payoffs in the early stages but ulti-
mately leads to lower total earnings by the end of the round (Supporting Information S1:

FIGURE 3 Comparing the lab experiments with human subjects and artificial intelligence (AI) agents. This

figure compares the results of the lab experiment when using AI agents versus human subjects. In Panel (a), the

outcome of interest is the average group earnings (as a percentage of the maximum possible earnings). In Panel

(b), the outcome of interest is the likelihood of a breakthrough, which occurs when at least one group member

finds the diamond. In each panel, plot (i) shows the results obtained in the original lab experiment using human

subjects, while plot (ii) shows the results obtained from the simulated experiments using AI agents. (a) Group

payoffs. (b) Group breakthroughs. LLMs, Large Language Models.

11See Supporting Information S1: Appendix F for code and other details on implementation.
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Appendix Table E1). In contrast, when no information is provided or only the location of a low-
value gem is revealed, participants are more likely to continue searching, increasing their
chances of uncovering the diamond.

We examine how closely AI agents replicate this strategic behavior in plot (ii). The results are
strikingly similar, even in this setting with complex interdependence. AI agents earn the least when
shown the location of the medium-value gem. Like human participants, they choose not to explore
further and instead converge on the safe option (see Supporting Information S1: Appendix
Figure E3 and Table E2). When shown only the location of the topaz, or when no information is
provided, the agents use the sequential order of choices to explore all options and ultimately achieve
higher payoffs. When the diamond's location is revealed, they immediately select it to maximize
earnings. In short, LLMs reproduce the same behavioral patterns of human participants and cap-
ture the key insight of Hoelzemann et al. (2025): more data is not necessarily beneficial in search.

Our second outcome of interest is whether the group achieves a breakthrough (Panel b), defined
as at least one member discovering a diamond. Once again, the patterns are broadly similar. Both
AI agents and human participants achieve a breakthrough in nearly every round where the ruby is
not revealed, either because they search and find the diamond or because it is revealed to them.
However, a key difference emerges when the ruby is shown. In this case, humans achieve a break-
through in roughly 45% of rounds, while AI agents almost never do. As Hoelzemann et al. (2025)
shows, breakthroughs should not occur under rational economic behavior, suggesting that LLMs
adhere more closely to theoretical predictions. This finding aligns with other research showing that
language models tend to behave more rationally than humans (Hagendorff, 2024), revealing a key
limitation. Qualitative interviews from the original experiment indicate that some humans deviated
from rational behavior out of boredom, inattention, or randomness, all tendencies that appear
absent among AI agents. Even so, the overall patterns across humans and AI agents remain similar.

To further probe AI agents' behavior, we asked each LLM to explain its choices. As one
agent put it:

I choose Mountain 5 because it is revealed to contain a Ruby, which is valued at $6.
The certainty of obtaining a Ruby outweighs the risk of potentially finding a Topaz,
despite the possibility of finding a Diamond worth $10 in another mountain.

This suggests that LLMs follow the same behavioral logic as human decision-makers. While
we cannot rule out the possibility of post hoc rationalization, a plausible explanation is that
their choices reflect the stated reasoning—especially given the alignment between their ratio-
nales, decisions, and outcomes, and the patterns observed in human participants. Further
supporting this interpretation, we reran the experiment using reasoning models that articulate
their thought process in real time. These transcripts reveal the same logic unfolding step by step
as the model works through the problem.12 Taken together, this replication serves as a first step

12The following is a transcript of one reasoning LLM's internal thought process during the task: **Evaluating
mountain choices**: I need to choose which mountain to pick based on what I've learned. Mountain 1 is revealed to
have a Ruby, valued at 8. Since there's only one Ruby, Mountains 2–5 must have the remaining values: one Diamond
worth 12 and three Topazes worth 3 each. To maximize the expected value, I should note that picking Mountain
1 guarantees an 8, while the other mountains have a lower expected value of 5.25. Choosing Mountain 1 seems like the
best option! **Deciding on the best choice**: I need to calculate the expected payoff from picking an unknown
mountain. By doing the math, I find that 0.25 times 12 equals 3, and 0.75 times 3 equals 2.25, which totals 5.25. This is
clearly less than the guaranteed value of 8 from Mountain 1. Therefore, my best rational choice is to select Mountain
1 with the Ruby. I'll respond simply with “Mountain 1” and provide a comment to explain my reasoning.

14 TRANCHERO ET AL.
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in assessing how realistically LLMs can simulate human behavior in strategy experiments. By
analogy to a machine learning problem, if AI simulators can replicate human responses on
held-out data with this level of fidelity, it offers a prima facie case for using them to simulate
new, untested experimental designs.

5 | USING AI AGENT SIMULATIONS TO EXPLORE THE
PARAMETER SPACE AND FORMULATE NOVEL
HYPOTHESES

Our initial data are promising, suggesting that AI agent simulations can match data from
human subjects. With that in mind, we now take advantage of the control afforded by the com-
putational setup—both over the agent and the environment characteristics—as well as the
speed of running simulations to extend the starting theory by systematically exploring the rele-
vant parameter space. Specifically, we (a) vary the experimental parameters, (b) relax key theo-
retical assumptions, and (c) introduce heterogeneity in agent preferences. These extensions
allow us to probe the boundary conditions of the original experiment and uncover new poten-
tial mechanisms. A summary of the full set of extensions and their results is presented in
Supporting Information S1: Appendix E.

5.1 | Varying the experimental parameters

The first set of extensions focuses on the experimental setup itself. When researchers test a the-
ory through an experiment, costs usually limit them to trying a fixed number of parameters.
Some of these choices are likely innocuous, but others may influence the results in unforeseen
ways. To investigate this in the context of Hoelzemann et al. (2025), we conduct 800 additional
rounds of AI-based simulations, varying one of three major dimensions at a time.

5.1.1 | Varying population

We begin by varying the number of agents while keeping the number of mountains fixed. To
simulate more crowded search environments, we rerun the original experiment with larger
groups of AI agents. As shown in plots (i) of Figure 4, increasing the number of participants by
increments of 10 does not lead to greater exploration. Even in larger groups, AI agents continue
to cluster around the ruby and often fail to make a breakthrough. When asked to explain this
behavior, the agents point to a dynamic we had not previously considered, suggesting an
intriguing hypothesis: social conformity. For instance, one AI agent explained:

“Given that 19 agents have already chosen Mountain 1 and each will receive the
full value of the gem, it indicates a common strategy to secure a known and rela-
tively high value.”

The explanation above mirrors earlier findings that emulation can shape behavior in group
settings (Lazer & Friedman, 2007; Puranam & Swamy, 2016). While social conformity is a

TRANCHERO ET AL. 15
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mechanism well known in the literature, it was absent from the original study of Hoelzemann
et al. (2025). This highlights how AI agent simulations can surface meaningful hypotheses
worth exploring further with ABMs or human experiments.

5.1.2 | Varying choice landscape

Next, we vary the number of mountains while keeping the number of agents fixed. In this set-
ting, coordinated search no longer guarantees a breakthrough, reflecting larger search spaces
where not every option can be explored. We rerun the original experiment with a progressively
increasing number of mountains. As shown in plots (ii) of Figure 4, we again find little change
in behavior: AI agents continue to cluster around the medium-value option. They are not
swayed by the greater absolute number of diamonds or rubies and follow the same decision
logic as before. If anything, exploration declines, suggesting that larger search spaces may fur-
ther reduce experimentation. One potential reason behind this surprising result is that some
agents appear to interpret the herd behavior of others as a signal that they have missed valuable
information:

FIGURE 4 Changing the experimental parameters in Large Language Model (LLM)-based experiments. This

figure shows how the outcomes of the original experiment change when we adjust the experimental parameters

using LLMs. In Panel (a), the outcome of interest is the average group earnings (as a percentage of the

maximum possible earnings). In Panel (b), the outcome of interest is the likelihood of a breakthrough, which

occurs when at least one group member finds the diamond. In plots (i), we increase the number of agents from

the baseline (five agents) by up to 30 agents, holding the number of mountains fixed. We only focus on the

medium-value data condition. In plots (ii), we increase the number of mountains from the baseline (five

mountains) by up to 30 mountains, holding the number of agents fixed. We once more focus on the medium-

value data condition. In plots (iii), we increase the dollar values of gems a millionfold. Here, we look at all four

data conditions. (a) Group payoffs. (b) Group breakthroughs.
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“The fact that many other participants have also chosen Mountain 2 reinforces the
idea that it is a preferable choice given the available information.”

This interpretation has some precedent in the strategy literature, where firms often struggle
to evaluate complex opportunities and rely on heuristics or mimetic isomorphism
(Haveman, 1993) to deal with uncertainty. Whether similar dynamics would emerge when
human subjects face a larger choice set is a question that could be tested in future laboratory
studies.

5.1.3 | Varying payoff structure

Finally, we vary the absolute magnitude of the payoffs. While the theoretical framework in
Hoelzemann et al. (2025) relies only on the relative values of the gems, the authors had to select
absolute dollar amounts for the lab experiment. They chose amounts below $15 per gem to keep
the experiment affordable, but we might wonder how the decisions would change if players
were earning up to several million in a given round. Of course, such an experiment would be
infeasible with human subjects, but it is easily simulated with AI agents. We rerun the original
experiment with payoffs scaled up by a factor of 1 million. The results, shown in plots (iii) of
Figure 4, mirror the baseline. This aligns with the theoretical prediction that only the relative
value of each gem should influence decisions. Whether this holds for humans is less clear, as
the psychological effects of extreme stakes may change reasoning. Still, the ability to simulate
such conditions with AI agents offers a valuable base expectation to inform subsequent
research.

5.2 | Relaxing theoretical assumptions

The next set of extensions that we explore focuses on the underlying theoretical framework.
Two key assumptions are embedded in the original model of Hoelzemann et al. (2025): that
payoffs are non-rivalrous and non-ambiguous. Non-rivalry in payoffs implies that multiple
agents selecting the same gem do not have to share the reward, while non-ambiguous payoffs
assume that the distribution of gem probabilities is known by agents from the outset. These
assumptions also guided the design of the original lab experiments. Understanding how sensi-
tive the results are to these assumptions is important for evaluating the robustness of the
starting theory and deciding which experiments to run. In particular, it is useful to know
whether free riding persists when payoffs are rivalrous or when information is incomplete. To
address this, we conduct an additional 1500 rounds of simulated experiments, relaxing each
assumption individually as summarized in Supporting Information S1: Appendix Table E3. The
baseline case, where payoffs remain non-rivalrous and non-ambiguous, is shown in plots (i) of
Panels (A) and (B) in Supporting Information S1: Appendix Figure E4.

We begin by changing the payoff structure to introduce rivalry, meaning that agents who
choose the same gem must divide the reward. The results are shown in plots (ii) of Panel
(A) and Panel (B). Rivalry reverses the original pattern of findings and reveals a potentially
important boundary condition for the theory. Agents no longer earn the least (Panel A), nor do
they achieve fewer breakthroughs (Panel B) when the medium-value gem is revealed. Because
they can observe others' choices in sequential order, agents often select unchosen mountains to
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avoid splitting payoffs. Qualitative responses from AI agents support this behavior and show
how competition acts as a strong incentive for exploration. As a result, payoffs begin to con-
verge across the four conditions, though at a significantly lower level. This mirrors the effect of
competition and rivalry eroding profits in a market.

Next, we manipulate agents' information set by withholding information about the distribu-
tion of gems of each type. We begin by keeping payoffs ambiguous but non-rivalrous. The
results of this variation are shown in plots (iii) of Panel (A) and Panel (B). Exploration con-
tinues to collapse under these conditions. Group payoffs (Panel A) and breakthroughs (Panel B)
closely mirror the baseline: AI agents earn the least and rarely achieve a breakthrough when
they know the location of the medium-value outcome. This suggests that the theory may not
depend on prior knowledge of the full payoff distribution, but rather on knowledge of the rela-
tive value of available options.

Finally, we examine the case where payoffs are both rivalrous and ambiguous. This allows
us to assess which assumption has a stronger influence on agent behavior, and whether relaxing
both leads to any interaction effects. The results are presented in plots (iv) of Panels (A) and
(B). Herding disappears entirely under these conditions, and agents behave almost exactly as
they do when payoffs are rival but information is complete. This suggests that rivalry plays a
dominant role in shaping behavior and may be the critical condition driving exploratory
dynamics. This insight reveals a potential boundary condition that would have been difficult to
test without using AI agents as synthetic subjects.

5.3 | Manipulating agent objectives

The final set of extensions focuses on the agents themselves. Hoelzemann et al. (2025) suggest
that risk aversion and non-pecuniary objectives may help explain the experimental results and
potentially influence the theoretical predictions. Studying such factors in human experiments is
difficult, as experimentally manipulating participants' risk tolerance or motivations can be
impossible. With AI agents, however, exploration of these aspects becomes feasible. A key fea-
ture of LLMs is their capacity to adopt specific preferences, demographics, or personalities
through prompt conditioning (Aher et al., 2023; Horton, 2023). This simply involves priming
the model with tailored scripts. To test this in practice, we conduct 1000 additional rounds of
simulated experiments in which the LLMs are endowed with different preference structures.

We begin by introducing higher risk tolerance. We repeat the original experiment with an
increasing share of risk-loving agents, starting with one and adding one at a time until all five
agents exhibit risk-seeking behavior.13 We focus on the condition in which the medium-value
gem is revealed. More breakthroughs occur (Figure 5, Panel a) as exploration increases, driven
by risk-loving agents (Figure 5, Panel b). To verify that the priming has the intended effect, we
review the agents' rationales. As one risk-seeking agent explains:

13Before running this extension, we assessed the baseline risk propensity of AI agents using the traditional Holt and
Laury task used in behavioral economics. Consistent with previous findings, we confirm that unprimed AI agents tend
to be risk-neutral, similar to the average participant in lab studies (Mei et al., 2024). We then repeat the preference
elicitation task after priming agents with their respective risk profiles, confirming that the priming significantly alters
responses in the expected direction.
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“Given my risk-loving nature and the information available, I choose Mountain
1. This decision is based on the fact that the Ruby has already been found in Moun-
tain 4, and another agent has chosen Mountain 5. Since the Diamond has not yet
been discovered and I prefer taking risks for potentially higher rewards, I opt for
Mountain 1, which has not been chosen by any other participant and still holds the
possibility of containing the Diamond.”

Interestingly, as more agents are primed to take risks, the remaining unprimed agents also
begin to explore more. This suggests that changing risk tolerance for a few agents can lead to
“coordination spillovers” for the entire group. As one non-risk-loving agent told us, exploring
becomes more attractive when the likelihood of collectively uncovering the diamond increases.
This implies that only a subset of agents needs to be risk-loving to generate sufficient explora-
tion, a prediction that can be tested in future laboratory experiments.

Next, we introduce motives beyond profit maximization, beginning with pro-social behavior.
We rerun the original experiment with varying numbers of pro-social agents, starting with one
out of five and incrementing until all are pro-social. These agents are instructed that their suc-
cess depends on whether others find the diamond, which encourages them to generate

FIGURE 5 Incorporating agent preferences in Large Language Model (LLM)-based simulations. This figure

shows how the outcomes of the original experiment change when we incorporate heterogeneous agent

preferences using LLMs. In Panel (a), the outcome of interest is the share of agents that achieve a breakthrough

in the second period. In Panel (b), the share of agents that chose an unmapped mountain in the first period. In

plots (i), we add risk-loving agents, starting with one risk-lover until all five agents are risk-loving. In plots (ii),

we add pro-social agents, and in plots (iii), we add agents with a taste for exploration. For all three analyses, we

focus on the medium-value data condition. (a) Individual breakthroughs. (b) Individual exploration.
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information that maximizes the group's chances of success. We again focus on the condition
where the medium-value gem is revealed. The results, shown in plots (ii) of Panel (a) and Panel
(b) in Figure 5, show that exploration increases steadily with the number of pro-social agents,
as does the rate of breakthrough.

Finally, we introduce an explicit preference for exploration. We rerun the original experi-
ment with varying numbers of explorative agents, starting with one and increasing until all
agents are primed to prioritize exploration. These agents are instructed that their sole objective
is to find the diamond and that they should continue searching until they succeed. The results,
shown in plots (iii) of Panel (a) and Panel (b) in Figure 5, closely resemble those observed with
risk-loving agents. As expected, exploration increases steadily with the number of explorative
agents.

5.4 | Comparing agentic simulations to direct elicitation of results

So far, we have used LLMs to run experiments using AI agents as synthetic subjects, applying a
bottom-up approach that parallels ABMs in spirit. However, another possibility is to use LLMs
to predict the outcomes of experiments directly in “one shot.” LLMs have become increasingly
capable of handling complex tasks, and their performance continues to improve. In this setting,
an LLM could generate outcome predictions along with explanations for its reasoning. This
approach would require even less effort and fewer resources than running simulations with
synthetic subjects. Of course, the feasibility of this simpler idea depends entirely on the model's
ability to accurately predict the results of complex social interactions from the outset.

We asked GPT-4 to predict the outcomes of the original baseline experiment from
Hoelzemann et al. (2025). We provided the model with the description of the experiment and
asked it to predict the results. The results of this exercise are presented in Supporting
Information S1: Appendix Table E4. While direct elicitation occasionally yields reasonable pre-
dictions, overall accuracy remains modest. More critically, GPT-4 does not capture the core
mechanisms underlying the theory and overlooks the key insight that more data can lead to
worse outcomes. By contrast, using AI agents within our experimental framework more effec-
tively replicates the original findings, providing further support for the bottom-up simulation
approach. We also find that GPT-4's direct predictions fail to align with the results of several
simulation-based extensions, reinforcing the limitations of relying solely on outcome prediction
instead of a computational experiment.

6 | DISCUSSION

In this paper, we argue that using AI agents as synthetic subjects in simulated experiments
offers a powerful new tool for strategy research. We introduce a framework for experimenting
with AI agents and apply it to a theory of exploration in the presence of data spillovers. Repli-
cating the online lab experiment from Hoelzemann et al. (2025), we find that LLMs can approx-
imate human behavior in group settings with strategic interdependencies. We then extend the
original theory through a series of exploratory simulations. These identify plausible boundary
conditions and connect the resulting patterns to known theoretical mechanisms. In either case,
the method's value lies less in discovering entirely new mechanisms than in helping to generate
hypotheses that merit empirical validation.
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Several takeaways are worth noting. In our setting, LLMs exhibited a meaningful degree of
behavioral realism as compared to human subjects. This is promising, since the key question is
whether synthetic subjects' behavior offers a reasonable approximation of how humans would
act in the same strategic context.14 However, the degree of alignment between LLMs and
humans is likely context-dependent, as documented by previous studies (Tjuatja et al., 2023).
Even in our application, we noted key points of divergence, with LLMs displaying a bias toward
rationality. As such, human-subject experiments remain the gold standard. Furthermore, as
others have emphasized in the context of traditional models (Knudsen et al., 2019), LLM-based
simulations do not constitute empirical data for hypothesis testing. Rather, their value lies in
leveraging their quasi-realism to prototype or to generate extensions and refinements to the
starting setup.

Although not evident in our application, additional limitations of LLMs warrant closer scru-
tiny in the context of strategy research. Because LLMs are trained on text drawn from the inter-
net, they disproportionately reflect English-speaking, urban populations (Dillion et al., 2023).
Unlike the “WEIRD” bias in human-subject research that can be addressed through a diverse
subject pool (Henrich et al., 2010), this bias is embedded in the foundational model itself, poten-
tially limiting its ability to simulate environments or represent actors with limited digital data
(Tao et al., 2024). This is especially relevant for subfields such as international business in non-
Western settings, or research on privately held companies, including startups and family enter-
prises. It might be possible to generate diversity in model responses by prompting for specific
populations, but this technique is still untested. A second concern involves cognitive bias. LLMs
exhibit framing and anchoring effects that, while similar to human tendencies, may distort out-
comes in strategic experiments (Jones & Steinhardt, 2022).

How these known biases affect the hypotheses generated by simulations remains unclear.
Recent evidence suggests that LLM-generated research hypotheses can be as novel and useful
as those proposed by expert researchers (Si et al., 2024). At the same time, a model skewed in
known ways may generate hypotheses that inherit that skew (Messeri & Crockett, 2024). LLMs
can also fail in unexpected ways, in part because the world models implicit in their outputs are
less coherent than they appear (Vafa et al., 2024). For these reasons, we view the hypotheses
surfaced by our simulations as leads whose value rests not on the model being unbiased, but on
their subsequent validation. As with any exploratory tool, researcher discretion, domain knowl-
edge, and prior evidence should guide which surprises are worth pursuing.

Despite these challenges, a key lesson from our study is that the validity of LLM-based simu-
lations can be tested. First, borrowing a concept from machine learning, access to a prior “hold-
out” dataset was crucial. It provided a benchmark for evaluating outcomes and a reference
point for simulating new experimental conditions. Without this anchor, it would have been dif-
ficult to justify extending the analysis to untested scenarios. This approach parallels best prac-
tices in agent-based modeling, where researchers typically begin by replicating known results
before introducing additional complexity (Davis et al., 2007). Second, directly eliciting qualita-
tive explanations from the models proved valuable. These rationales often revealed reasoning
patterns similar to those of human subjects, suggesting that the alignment was not coincidental.
Still, such responses may reflect hallucination or post hoc justification. For this reason, the
researcher's judgment remains critical.

14We are indebted to an anonymous reviewer for raising this point and encouraging us to frame AI agents as synthetic
subjects.
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We also found that LLM-based simulations offer a moderate degree of control. We were able
to introduce meaningful variation to systematically link actions and outcomes, much like in
ABMs. Changes to the strategic environment—such as the choice landscape or payoff structure—
were easy to implement by directly modifying our script. We also suspect that some categories of
agentic variation difficult to represent in ABMs may be more readily accessible through LLMs.
These include variation in reasoning styles, shifts in moral framing, or sensitivity to social norms.
Indeed, most ABMs in our literature review emphasized technical, easily parameterized con-
structs, such as performance aspirations or risk preferences. At the same time, the use of a foun-
dation model (in our case, OpenAI's GPT-4) introduces limits to this control. Unlike ABMs,
where agents are fully specified by the researcher, LLM agents are opaque and not entirely pro-
grammable. This complexity may contribute to their behavioral realism, but it also constrains our
ability to isolate mechanisms. For this reason, ABMs remain key when the goal is to transparently
identify the essential mechanisms that can explain observed patterns.

Table 2 translates this discussion into a set of concrete tasks for which AI agent simulations
may complement human-subject experiments and ABMs. The table is intended to offer a
starting point for thinking about where AI simulations may be most useful. Before a human-
subject experiment is run, synthetic subjects can be used to pilot a protocol, assess whether
instructions and incentives capture the intended constructs, and narrow the set of moderators
and boundary conditions that warrant experimental attention. After a human-subject experi-
ment, the same setup can help probe why a pattern emerged and generate alternative hypothe-
ses consistent with the observed responses. A similar logic applies to ABMs. Because AI agents
can be assigned rich profiles and behavioral dispositions through relatively simple prompting,
they make it easier to vary cognitive assumptions and heterogeneity without having to hard-
code them. Once an ABM has been built, AI agents can be used to stress-test whether core
results persist under richer behavioral assumptions and to translate model predictions into can-
didate experimental manipulations.

Where might the use of AI agents add the most value in strategy research? While the answer
is necessarily speculative, our review points to several promising directions. Some domains,
such as competitive dynamics and adaptation to environmental change, have long relied on
simulation methods. Revisiting these findings with AI-powered agents that do not rely
on prespecified behavioral rules, but instead display elements of human-like adaptability, could
yield meaningful insights. Other areas, including entrepreneurship and strategic human capital,
have yet to fully exploit the variation that simulation enables. Here, AI agent experiments cre-
ate new possibilities. For instance, researchers could create AI-managed organizations to evalu-
ate candidate résumés, replicating the design of prior audit studies. They could then manipulate
applicant attributes to detect subtle forms of bias that would be costly and time-consuming to
identify using human subjects. We also see promise in domains where outcomes hinge on rela-
tional governance, such as joint ventures or supplier relationships. AI agents could be used to
simulate negotiation dynamics, to then examine changes in trust and opportunism before mov-
ing to empirical validation. The potential set of applications is substantial.

As LLMs continue to improve, AI-powered agents in strategy may come to play a role analo-
gous to model organisms in biomedical science. Just as animal models became a central
research tool, LLM-based simulations could complement both ABMs and human-subject exper-
iments by enabling rapid, low-cost screening of mechanisms, design choices, and boundary con-
ditions. Realizing this vision, however, will require sustained engagement from the strategy
research community. In biology, the use of lab mice became possible through their standardiza-
tion as a research tool (Hedrich, 2004). Institutions such as the Jackson Laboratory played a
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TABLE 2 How artificial intelligence (AI) agent simulations can complement human-subject experiments and

traditional agent-based models (ABMs).

A. Human-subject experiments

Typical task
Typical research
challenges

Utility of AI agent
simulations

Limitations of AI agent
simulations

Prototyping the
experimental
setup

Small experimental choices
can meaningfully affect
results (e.g., small wording
changes); pilots are costly,
and flaws may only
become apparent late in
the experimental process

Before running the
experiment, iterate over
experimental choices
through exploring
variations on stimuli and
procedures (e.g., generate
alternative wordings,
controls, and attention
checks)

Prototyping results may
shift with prompts,
sampling settings, or model
choices and updates;
promising design choices
might not replicate with
human subjects

Exploration of
parameter space

Many plausible moderators
and boundary conditions;
factorial designs are often
infeasible given limited
sample sizes

Before running the
experiment, low-cost
iteration across
parameterizations to
prioritize which
moderators and conditions
merit testing with human
subjects

Patterns may be unstable
across seeds, prompts, or
model versions; any
inference about human
behavior requires
subsequent testing with
human participants

Replication of
experimental
results to check
robustness or
surface
“surprises”

Replications with human
subjects are expensive and
time-consuming;
procedural details are often
underspecified in the
original study;
discrepancies with
published results are hard
to diagnose

After running the
experiment, AI simulations
can identify fragile design
elements and help design
follow-up tests and
robustness checks

Apparent replications may
reflect prior exposure to
the study in training data;
unexpected patterns
require researcher
judgment and, if pursued,
validation with human
evidence

Explore risky or
infeasible
experimental
manipulations

Some agentic or
environmental
characteristics cannot be
randomized; some
experimental conditions
may be unethical, risky, or
too costly to implement

Safely explore designs that
include ethically or
practically infeasible
conditions, and use these
patterns to motivate
feasible empirical tests
using field and archival
data or simply generate
hypotheses

Outputs can be sensitive to
prompts and foundational
model; behavioral opacity
complicates interpretation;
credible conclusions
require triangulation with
real-world evidence

B. Agent-based models (ABMs)

Typical task
Typical research
challenges

Utility of AI agent
simulations

Limitations of AI agent
simulations

Easy
manipulation
of agents or
environments

Implementing many
variants of a simulation
(e.g., different agent
behavioral rules) is time-
consuming because each

After developing the ABM,
easy priming of agent types
or environments with short
scripts (e.g., “be pro-social”)
to explore candidate

Construct validity is fragile
because prompts may
bundle multiple traits, vary
with wording, and interact
with model version; the
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critical role by providing widely available mouse strains and codifying best practices for experi-
mental use. In the same spirit, progress in strategy will depend on shared standards for
reporting and reproducibility. We hope the framework offered here and the code reported in
Supporting Information S1: Appendix F serve as a foundation for applying AI agent simulations
to deepen the theoretical richness and practical relevance of strategy research.
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TABLE 2 (Continued)

B. Agent-based models (ABMs)

Typical task
Typical research
challenges

Utility of AI agent
simulations

Limitations of AI agent
simulations

variant's logic must
typically be specified in
detail

behavioral regimes or
extensions worth modeling

same label (e.g., “pro-
social”) may not map to a
stable or interpretable
decision rule

Introducing
more
behaviorally
complex
agents

ABMs often rely on simple,
mechanistic heuristics;
modeling cognition, norms,
and role-based reasoning
may miss important
behavioral complexity

After developing the ABM,
insert richer
microfoundations (e.g.,
moral framing or
deliberative styles) and
translate them into explicit
candidate rules for
incorporation and
comparison within ABMs

These behaviors may reflect
conventions in the corpus
of training data rather than
the target population;
additional richness can
reduce interpretability;
stability across model
versions is uncertain

Connect
ABM
predictions to
real-world
scenarios

Model validation is difficult
and often omitted; different
mechanisms can fit the
same empirical
phenomenon; links from
ABM constructs to
observable measures are
often ad hoc

After developing the ABM,
use to translate ABM
constructs and predicted
outcomes into realistic
contexts and concrete
manipulations, helping
identify feasible proxies and
validation designs with data

Suggested proxies may be
infeasible, noisy, or
conceptually misaligned;
testing ABM predictions
still requires actual real-
world data from the lab or
the field

Note: This table clarifies where Large Language Model-powered simulations using AI agents as synthetic subjects are most
useful as complements to human-subject experiments and ABMs. To enable replicability of AI agent simulations, we
recommend reporting details on the model and version, prompt templates, sampling settings, and number of runs, as we did in
Supporting Information S1: Appendix D.
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