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Abstract. Benchmarks have helped fuel rapid progress in large language models (LLMs)
across a variety of domains including math, science, dialogue, and coding. Yet no existing
benchmark adequately captures the defining elements of strategic decision making: uncer-
tainty, complexity, irreversible multiperiod moves, and delayed or noisy feedback. This
gap limits our ability to assess and guide LLMs’ capabilities in strategy. We propose that
established strategy teaching simulations provide an ideal benchmarking approach
because (1) they approximate the essential features of real-world strategy, and (2) they do
so in a controlled, replicable environment suitable for evaluation. To demonstrate this, we
assess the performance of 21 proprietary and 13 open-source LLMs on the Back Bay Battery
(BBB) simulation, a widely used exercise in strategy and innovation courses. The simula-
tion requires balancing short-term profitability against long-term competitive positioning
while integrating complex information about customer preferences and technological
change. We built an interface enabling LLMs to interact with the simulation as though
encountering it for the first time, masking identifiers to reduce contamination from prior
training data. Our results show clear progress in composite BBB performance: Later models
generally outperform earlier versions, and reasoning-focused models from late 2024—early
2025 (e.g., 04-mini, Claude Sonnet 4, Gemini 2.0 Flash) exceed even the average scores of his-
torical MBA student cohorts. However, frontier models from mid-to-late 2025 (e.g., GPT-5,
Claude Opus 4.5, Gemini 3) have declined, underperforming both earlier LLMs and MBA
students. This decline is partially explained by a systematic bias toward exploiting the core
business at the expense of investing in future growth. Overall, these findings highlight
impressive advances in LLMs’ strategic abilities since their inception. At the same time, we
document current frontier models” surprising weakness in managing strategic uncertainty.
This paper pioneers and provides guidance for using simulation-based benchmarking as a
productive framework for strategy researchers to track progress, identify blind spots, and
shape the trajectory of strategy-specific LLM capabilities.
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1. Introduction

interdependent (Levinthal 1997, 2017; Rivkin 2000; Riv-
kin and Siggelkow 2006; Adner et al. 2014; Peterson

How well can artificial intelligence (AI) make strategic
decisions? Strategy scholars define such decisions as
resource commitments and courses of action that shape
long-term performance (Mintzberg et al. 1976, Eisen-
hardt and Zbaracki 1992, Csaszar 2018), such as enter-
ing a new market or allocating resources to long-term
research and development (R&D) initiatives. They are
unusually difficult because they are (1) complex and
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and Wu 2021), (2) high stakes (Eisenhardt and Bour-
geois 1988, Eisenhardt 1989), (3) involve multiperiod
partially irreversible commitments (Ghemawat 1991),
(4) yield delayed, noisy feedback (Csaszar 2018, Csas-
zar et al. 2024, Allen et al. 2026), and (5) occur under
deep uncertainty in situations lacking clear precedents
or rules (Mintzberg et al. 1976, Nickerson and Zenger
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2004, Csaszar and Levinthal 2016, Felin and Zenger
2017, McDonald and Eisenhardt 2020, Allen 2025).

Supervised-learning Al systems developed in the
last decade have excelled on tasks sharing some of these
features—augmenting high-stakes decisions in radiol-
ogy, information technology (IT) operations, human
resources (HR) screening, and quantitative trading (Li
2017, Kleinberg et al. 2018, Arthur and Hossein 2019,
Allen and Choudhury 2022, Csaszar et al. 2024); they
have also surpassed human experts in complex strat-
egy games like chess, Go, and StarCraft II (Newborn
2012, Silver et al. 2016, Vinyals et al. 2019, Gaessler and
Piezunka 2023). Yet these capabilities have not readily
translated to real-world strategy, at least in part
because supervised learning depends on well-
structured repeatable data (Choudhury et al. 2020,
Csaszar et al. 2024, Felin and Holweg 2024), which are
rarely, if ever, present in the context of actual strategic
decisions (Eisenhardt 1989, Nickerson and Zenger
2004, McDonald and Eisenhardt 2020).

But the recent emergence of large language models
(LLMSs) has, for the first time, made it plausible for Al
to carry out real-world strategic decisions. Unlike ear-
lier supervised learning Al systems that were limited
to prespecified tasks with structured data, LLMs can
parse unstructured text and generate context-sensitive
responses in a flexible way (Csaszar et al. 2024). This
expands Al’s capacity to engage in broader, unstruc-
tured reasoning processes that more closely resemble
human cognition. As a result, Al has now surpassed
various human benchmarks in coding, reading com-
prehension, multimodal reasoning, and even PhD-
level science questions (Chen et al. 2021; Wei et al.
2022; Bubeck et al. 2023; Anthropic 2024; OpenAl 2024,
2025; Google 2025; Maslej et al. 2025).

Still, how well these enhanced capabilities extend to
strategic decision making remains an open question.
Early evidence shows GPT-3.5/4 can generate and evalu-
ate business ideas comparably to human experts (Bous-
sioux et al 2024, Csaszar et al. 2024, Doshi et al. 2025) and
that using GPT-4 significantly enhances productivity in
product development and consulting (Dell’Acqua et al.
2023, 2025). But these studies mostly assess one-shot, nar-
row tasks that sidestep key elements of strategic decision-
making (i.e, uncertainty, multiperiod irreversibility,
competitive dynamics, and delayed feedback). Mean-
while, recent conceptual work on Al cautions that LLMs’
backward-looking, pattern-based reasoning may lack the
forward-looking causal logics central to strategic value
creation (Felin and Zenger 2017, Felin and Holweg 2024,
Felin et al. 2024). Further complicating the question, prior
empirical studies have typically examined human-LLM
collaboration for a single model (e.g,, GPT 3.5/4) at a
time. Because of rapid changes in the underlying technol-
ogy, standalone results for GPT-3.5/4 may not hold for
later models, leaving the strategic capabilities of LLMs

uncertain and state of strategy research on Al in a state of
perpetual evolution as the underlying models improve.

These questions and issues persist in part because
the field lacks standardized strategy-specific LLM
benchmarks (Csaszar 2025). In other domains (e.g.,
coding, chat performance, PhD-level science, and
video games), agreed upon LLM benchmarks have
provided an objective yardstick for tracking various
dimensions of LLM performance to inform the limits
of their use in specific domains (Rein et al. 2024, Wang
et al. 2024, White et al. 2024, ClaudePlaysPokemon
2025, UC Berkeley SkyLab 2025). Such benchmarks
have significantly improved the quality of the systems
they track, spurring on the respective fields by defining
targets for further research and development. Mean-
while, LLM industry leaders have actively called for
more domain-specific benchmarks to push forward
model performance (OpenAl Pioneers Program 2025).

To both track and catalyze strategic decision-making
capabilities, we propose a novel benchmarking approach
that evaluates LLM performance on established strategy
simulations. Many strategy simulations establish condi-
tions conducive to benchmarks. They are designed to
mirror the complexity and uncertainty of real-world
strategic decisions while still providing a controlled, vali-
dated, and repeatable environment necessary for stan-
dardized benchmarking. Unlike reinforcement-learning
achievements trained on millions of past plays (as in
chess, StarCraft, and Go), we develop an approach for
testing how LLMs perform when encountering strategic
decisions for the first time, relying solely on general reason-
ing capabilities and without the aid of training, prior
data, examples, or additional fine-tuning.

In this paper, we instantiate a strategy-specific bench-
mark using the widely used Back Bay Battery (BBB) simu-
lation (Christensen and Shih 2019), where the decision
maker allocates an R&D budget across an established
core technology (=80% of initial revenue) and a new
emerging technology (~20%) over eight periods. The sim-
ulation challenges the user (in this case, the LLM) to make
decisions under uncertainty, navigate tradeoffs between
short-term profitability and long-term competitive posi-
tioning, and synthesize a wide array of complex and
dynamic information about customers, competitors, and
evolving technologies. As in real-world strategy, there is
not a single performance outcome; instead, multiple out-
comes such as profitability, revenue, and growth in the
new technology must be weighed and prioritized. Draw-
ing on this insight, we develop a composite score that
captures three key outcomes: cumulative profit (core busi-
ness management proxy), cumulative revenue (overall
expansion proxy), and final revenue from the emerging
technology (future positioning proxy).

We ran hundreds of simulations over a range of
leading proprietary (e.g., GPT-40, 03, GPT-5, Claude
Sonnet 4, Gemini 2.5 Pro, Grok 4) and open-source
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(e.g., DeepSeek, Gemma, Llama, Qwen) LLM models.
LLMs were able to interact directly with the simulation
using a custom-built interface that delivered all simula-
tion information directly to the LLM and then man-
aged submitting LLM responses into the simulation
decision-input fields. The interface ensured that each
model interacted with the simulation consistently,
without variable human intervention. It was also
designed to mask the information sent to the LLM to
prevent contamination from potential prior knowledge
of data about the exercise, thereby presenting the situa-
tion as though the LLM was encountering it for the first
time. Although our primary comparisons are model-
to-model performance, we also compiled historical
performance outcomes of 249 MBA students at a top
U.S. East Coast business school to contextualize these
results.

Generally, the results show marked improvement in
LLMs’ BBB composite scores over time, with early
models like GPT-3.5 and GPT-4 performing substan-
tially worse than later models. Yet, the best-performing
models were not the latest models: OpenAl’s 03-mini
achieved the highest composite score, followed by
04-mini, Claude Sonnet 4, and Gemini 2.0 Flash.
Released in early 2025, these models excelled at BBB by
skillfully timing investments and pricing to achieve the
outcome of both strong profitability and growth. As a
result, these models outperformed the historical MBA
student average score. By contrast, the current frontier
models (including GPT-5, 03, and Gemini 2.5 Pro),
released over six months later, performed consider-
ably worse than the lighter models—and below the
MBA student average. Although these current frontier
models generated high cumulative profit, they con-
centrated heavily on the core existing technology,
resulting in lower emerging-technology revenue
growth.

Interestingly, although LLMs have consistently im-
proved their performance in domains with public bench-
marks over time,' their performance on BBB strategy
initially followed this trend but has recently fallen away.
For the latest models, the relationship between gains on
other domain benchmarks and BBB strategy perfor-
mance has plateaued—or even reversed. These breaks in
trend may imply that advances in abilities such as gen-
eral reasoning and conversational fluency—while corre-
lated with stronger strategic outcomes up to a point—
may no longer reliably predict them. Instead, the most
recent models appear increasingly optimized for bench-
marks in other domains, potentially at the expense of the
forward-looking strategic reasoning that the BBB simu-
lation captures. This disconnect underscores the neces-
sity of strategy-specific benchmarks and provides a key
motivation for our paper: Without such benchmarks,
scholars and developers risk mistaking progress in adja-
cent domains for progress in strategic decision making.

Moreover, the field lacks a shared infrastructure for
systematically assessing and steering Al's strategic
capabilities (Csaszar 2025). Strategy researchers have
a pressing opportunity to develop, adopt, and refine
strategy-focused benchmarks that reflect the distinc-
tiveness of strategic decision making.

This paper makes three contributions to research on
Al in strategy. First, the results show that some recent
models appear to have crossed a key threshold in stra-
tegic cognition: Upon a first encounter with an open-
ended uncertain strategy simulation, some LLMs can
reason well enough to match or even surpass historical
human manager simulation scores. This represents a
notable expansion of Al’s cognitive frontier, and hints
at its capacity to reason effectively in novel, complex
situations (Felin and Holweg 2024). Second, the study
surfaces underappreciated weaknesses in frontier
systems—most notably an apparent bias toward
exploitative, backward-looking choices (Felin and Hol-
weg 2024). The models” divergence in performance
across benchmarks suggests that the microfoundations
of successful strategic decision making may differ in
important ways from those underlying success in other
domains like coding or advanced science. Finally, our
proposed replicable and extendable benchmarking
framework enables strategy researchers and develo-
pers to track and guide the creation of systems with
stronger performance in contexts that bear the hall-
marks of strategic decision making.” We end with con-
crete guidance and principles for future strategy-
specific benchmarking efforts in the field, positioning
our framework as a practical guide for subsequent
work on Al benchmarks in strategy.

2. Literature Background

Our focal question of whether current frontier Al can
make high-quality strategic decisions is informed by
two prior bodies of research documenting: (1) rapid
improvements in large language models (LLMs) on
general cognitive benchmarks and (2) emerging evi-
dence of such models augmenting strategy-related
tasks. A review of these literatures points to a key
opportunity for developing a suitable benchmark for
tracking Al's progress in strategic decision making.

2.1. Rapid Al Advances in General
Performance Benchmarks

Recent LLMs have rapidly improved across bench-
marks in a range of domains. For instance, progression
from GPT-3 to GPT-4 marked significant advances in
coding, with pass rates on the HumanEval benchmark
(assessing Python programming ability) rising from
around 28% for early GPT-3 codex models to 67% for
GPT-4 (OpenAl et al. 2023). Similar improvements
occurred in reasoning and reading comprehension,
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with GPT-4 achieving 86.4% accuracy on the massive
multitask language understanding (MMLU) bench-
mark, a notable increase from GPT-3.5’s approxi-
mately 70% and approaching human expert levels
(OpenAl et al. 2023). GPT-4 has also approached or
exceeded human-level performance in professional
knowledge tests, scoring in the 90th percentile on the
Uniform Bar Exam—surpassing most law graduates
and vastly outperforming GPT-3.5’s bottom 10th per-
centile (OpenAl et al. 2023). In medical licensing
exams, GPT-4 achieved approximately 80% accuracy
(e.g., MedQA), comfortably exceeding GPT-3.5's ~58%,
and approaching the performance of medical school
graduates (OpenAl et al. 2023). This research illustrates
that LLMs have rapidly transitioned in a relatively
short period of time from foundational competencies
to expert-level performance in complex cognitive
tasks.

In 2024 and 2025, OpenAl’s “thinking” models
using “chain of thought” reasoning—such as ol and
o3—have continued to rapidly advance (Wei et al.
2022). They have achieved remarkable results across
a range of benchmarks that were not possible with
the base language models like GPT-4. The o1 model,
introduced in late 2024, ranked in the 89th percentile
on Codeforces and solved 83% of International
Mathematics Olympiad qualifier problems, a signifi-
cant improvement over GPT-40’s 13% (OpenAl
2024). The subsequent 03 model achieved 96.7%
accuracy on the American Invitational Mathematics
Examination (AIME) and 87.7% on graduate-level
science exams (OpenAl 2025). Comparable perfor-
mances have been reported by Anthropic’s Claude 3
and Google’s Gemini 2.5 models (Anthropic 2024,
Google 2025).

One of the frontier models as of August 2025 is the
GPT-5 model from OpenAl, which has achieved top
(or near top) performance across a range of bench-
marks including AIME (high-school math questions),
GPQA (PhD-level science questions), LiveBench (a
range of cognitive tests), and LMArena (testing chat
performance) (White et al. 2024, UC Berkeley SkyLab
2025). Overall, such progress indicates the rapid and
substantial expansion of Al capabilities into areas pre-
viously exclusive to highly trained human experts
(Chen et al. 2021, Bubeck et al. 2023).

These leaps, particularly in the recent “thinking”
models’ performance on high-level expert tasks like
math and science, suggest not just incremental im-
provements but a fundamental shift in Al’s problem-
solving capabilities (Wei et al. 2022). Such rapid pro-
gression from basic proficiency to surpassing human
performance in complex domains underscores the accel-
erating trajectory of Al development and its expanding
potential to tackle more tasks once considered exclusive
to expert human intelligence.

2.2. Al Performance in Strategic Decision Making
To what extent do these rapidly advancing Al capabili-
ties apply to strategic decision making? Empirical evi-
dence suggests that even early models like GPT-3.5
and GPT-4 could replicate human performance in gen-
erating and evaluating business ideas. For example,
evaluators consistently preferred GPT-3.5-edited busi-
ness plans over human-generated versions by 0.14
standard deviations (Csaszar et al. 2024). In related
research, GPT-3.5’s evaluations of startup strategies
correlated (r = 0.52) with expert judges’ scores, indicat-
ing comparable evaluation quality (Csaszar et al. 2024).
In another study, Al business ideas were rated by
judges as higher quality than human ideas, despite the
idea generation costing much less than human crowds
(Boussioux et al. 2024).

Further research using GPT-4 explored the reliability
of Al evaluations by generating 60 startup business
models and having them assessed in pairwise compari-
sons by ensembles of LLMs, which aligned closely
with evaluations from human strategy experts (Doshi
et al. 2025). A follow-up experiment validated these
findings with 60 real-world business plans from a U.S.
university startup competition (Doshi et al. 2025).
Although the LLMs often produced evaluations that
were inconsistent and biased, in aggregate, the rank-
ings tended to resemble those of human experts. These
studies collectively suggest that aggregating LLM
judgments across multiple models, roles, and prompts
can produce early startup pitch assessments compara-
ble to those of human experts.

Field experiments have further demonstrated Al’s
potential to enhance human productivity in strategy-
related organizational settings. A study involving 776
Procter & Gamble professionals randomly assigned
participants to product innovation challenges, with or
without GPT-4-powered generative Al assistance (Del-
I’Acqua et al. 2025). Independent expert evaluations
showed that Al significantly boosted solution quality
by 0.37 standard deviations, alongside improvements
in novelty and feasibility. Similarly, a field experiment
with 758 consultants at Boston Consulting Group
examined GPT-4’s impact on knowledge work tasks
(Dell’Acqua et al. 2023). Al significantly enhanced per-
formance on a range of tasks—improving consultant
output quality by more than 40%, increasing task com-
pletion rates by 12.2% and reducing task completion
times by more than 25%.

However, evidence from the Dell’Acqua et al. (2023)
study also suggest a “jagged technological frontier”
where GPT-4 performed worse on complex, context-
heavy tasks that required synthesizing noisy, firm-
specific data. In the field experiment, BCG consultants
using GPT-4 were 19 percentage points less likely to
reach the correct recommendation on an out-of-
frontier business case. They finished faster and earned
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higher recommendation-quality scores for their write-
ups, yet these results underscore the risk of confidently
wrong outputs on the tasks that most closely resem-
bled truly strategic decisions.

Other scholars have raised conceptual critiques
of Al's ability to make valuable strategic decisions.
Felin and Holweg (2024) caution that “Al uses a
probability-based approach to knowledge and is
largely backward-looking and imitative, while human
cognition is forward-looking and capable of generating
genuine novelty.” According to these arguments,
LLMs" pattern-driven, retrospective reasoning may
lack the theory-based, forward-looking causal logic at
the core of creating value in strategic decision making
(Felin and Zenger 2017, Felin et al. 2024). These cri-
tiques implicitly question the extent to which early evi-
dence of Al’s positive impact in strategy-related tasks
can inform our understanding of LLM performance in
actual strategic decisions.

Together, these studies establish a useful baseline in
demonstrating that Al, even in relatively early genera-
tions like GPT-4, can mimic human-level performance
in strategy-related tasks like generating and evaluating
early business plans. However, LLMs appear to excel
in some domains more than others, and early evidence
and conceptual critiques suggest that they may not be
particularly well suited to decisions that bear the hall-
mark of truly strategic situations (e.g., complexity,
uncertainty, noisy feedback, etc.).

2.3. Need for a Strategic Decision-
Making Benchmark

Although valuable, existing strategy-adjacent bench-
marks and empirical studies on Al in strategy provide
only limited insight into LLMs’ capacity for real-world
strategic decision making (Csaszar 2025). Table 1 sum-
marizes the shortcomings of prior benchmarks and
empirical tests. For example, although games such as
chess, Go, and StarCraft contain many hallmarks of
strategy, the remarkable performance of supervised-
learning systems in these domains depends on training
with millions of games and well-defined outcomes—
an approach that neither applies to LLMs nor translates
to real-world strategic contexts. Other LLM-based
game benchmarks, such as Claude Plays Pokémon, avoid
these extensive training requirements but lack the com-
plexity, uncertainty, and irreversibility that character-
ize business strategy. Similarly, studies that evaluate
LLMs’ ability to generate or assess business ideas cap-
ture narrow, isolated tasks rather than the multiperiod
and path-dependent nature of strategy. Compounding
the problem, empirical studies risk quickly becoming
outdated as models evolve, reducing their long-term
relevance for both scholars and practitioners. In sum,
despite the value of these early efforts to study Al and

strategy, their limitations constrain our ability to mean-
ingfully assess LLMs’ strategic capabilities.

These shortcomings underscore the need for a
domain-specific strategy benchmark for LLMs. A
strategy-oriented benchmark—analogous to those
established in coding, mathematics, and games—
would provide a stable and replicable foundation for
evaluating performance, guiding model deployment,
and preserving the interpretability of prior research
findings. Unlike narrow tasks such as rating business
plans or generating product ideas, established business
simulations more closely approximate the conditions
of real-world strategy: They can embed complexity,
multiperiod decision making, incomplete and noisy
feedback, and significant uncertainty. At the same
time, because they are standardized and controlled
from the researcher’s perspective, simulations provide
a replicable environment suitable for long-term bench-
marking. In our proposed approach, these simulations
can be presented as novel decision problems, encoun-
tered without prior examples or fine-tuning, thereby
preserving their value as a never-before-encountered
strategic issue from the perspective of the LLM.

Our proposed strategy-specific benchmark thus fills a
critical gap (Csaszar 2025). By embedding the distinctive
features of strategic choice in a controlled, repeatable
environment, such a benchmark enables the systematic
evaluation of LLMs’ unaided decision-making capabili-
ties and allows findings to accumulate over time. Just as
benchmarks in coding and reasoning have accelerated
progress in those domains, a strategy benchmark has
the potential to not only measure but also spur improve-
ments in the models by clearly highlighting the
strengths and weaknesses of LLMs in strategic decision-
making across a range of models over time.

3. Benchmarking Methodology

3.1. BBB Simulation Overview

In this paper, we use the BBB simulation, a widely
adopted software tool in business education, as a first
step in benchmarking LLMs’ strategic decision-making
capabilities (Christensen and Shih 2019). In the simula-
tion, participants act as general managers of a fictional
battery manufacturer over an eight-year period. Each
round, they allocate a limited R&D budget across
potential technology investments (e.g., energy density,
recharge time, process improvement), set prices, and
forecast sales for two technologies: the core Absorbed
Glass Mat (AGM) business, which initially generates
80% of revenue, and the emerging Supercapacitor (SC),
which initially accounts for 20%. Participants must also
manage three distinct customer segments (Automo-
biles, Warehouses, and Uninterruptible Power
Supplies (UPS)) each with their own technology per-
formance dimension priorities.
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Table 1. Existing Evidence of Al Strategy Capabilities

Chess (CCRL), Go  LLM video games
(CGOS), StarCraft II  (e.g., Claude Plays
Pokémon)

Feature (AI Arena)

Idea generation and
evaluation (Csaszar
et al. 2024, Doshi
et al. 2025)

Back Bay Battery
(this paper)

Future strategy
benchmarks

Elements of strategy
Complexity
Multiperiod dynamics
Irreversible commitments
Delayed /noisy feedback
Uncertainty /novelty — —
Business context
Business stage NA NA

CEANA NN
o N o

Primary outcome Elo/win rate

score

Interaction structure

Multiagent competitive v —
interaction
Agentic Abilities NA 4

Al characteristics
LLM — v
Zero-shot — v

Game completion/

O

NA
NA
o

SNENENENAN

Early pitch Strategic resource  Other business
allocation under contexts and
uncertainty stages

Idea or evaluation  Revenue growth, Other outcomes like
quality profitability, ethical

survival considerations;
external
stakeholder buy-

in, etc.

Multiplayer
simulations:
model versus
model and model
versus human

Play in same
interface as
human; test
ability to manage
in real-time

Training with past
relevant cases and
data

Notes. Rows are ordered by prevalence of v across benchmarks. v/, present; o, partially present; —, absent; NA, not applicable; Zero-shot,
inference-only (no highly computational task-specific training or fine-tuning).
“Back Bay simulates external competition with news events and downward pricing pressure, but it is not truly a multi-agent game.

The simulation is designed to capture the classic stra-
tegic dilemma of balancing exploration and exploitation
over time (March 1991, Benner and Tushman 2003,
Gupta et al. 2006). The core technology (AGM) provides
reliable cash flows, but there are indications that it will
face eventual obsolescence and market saturation. In
contrast, the new technology (SC) represents an unpro-
ven but potentially high value emerging growth market.
It begins as a niche solution with limited market appeal
but has the potential to redefine market boundaries and
become a major growth driver if developed to meet
emerging customer needs (Christensen and Bower 1996,
Adner 2002, Adner and Zemsky 2005, Christensen et al.
2018). Early investments in SC, however, do not yield
immediate results. Therefore, R&D investment in the
new technology reduces short-term profits; successful
growth requires strategic foresight, calculated risk tak-
ing, and sensitivity to evolving market signals.

In the simulation, participants face significant com-
plexity: Market dynamics evolve based on simulated
customer preferences, competitor behavior, and tech-
nological progress, none of which follow simple or eas-
ily predictable patterns. The interdependent decisions
carry multiyear consequences, because neglecting one
technology or overcommitting to another can erode
long-term competitiveness (Peterson and Wu 2021).
Feedback is delayed and noisy, because the effective-
ness of R&D investments may only become apparent
several years (decision-periods) after they are made.
Success in the simulation requires not only logical rea-
soning but also the ability to synthesize a deluge of
possibly relevant information and make high-stakes
decisions under significant uncertainty.

In the primary benchmarking exercise, we use the
“advanced” difficulty in “legacy” mode, which is the
standard in MBA classrooms and matches our



Downloaded from informs.org by [216.73.216.94] on 06 June 2026, at 04:40 . For personal use only, all rights reserved.

Allen and McDonald: How Well Can Al Do Strategy? Strategy Simulation Benchmark

Strategy Science, 2026, vol. 11, no. 1, pp. 93-117, © 2026 The Author(s)

99

historical MBA student comparison set. In the
advanced difficulty mode, participants manually enter
sales forecasts; these forecasts determine projected rev-
enue and cap R&D at 3% of that value. In this mode,
participants can be “fired,” triggering an end to the
simulation, if their sales variance ((actual unit sales —
projected unit sales)/projected unit sales) reaches
—50% in any single year, remains below —20% for
more than three years, or if the division posts negative
net income for three consecutive years. In the sensitiv-
ity checks below, we also show similar results using
the “basic” difficulty mode, which removes the possi-
bility of being fired. Although deterministic (ensuring
repeatability and consistency), from the perspective of
the first-time user, the simulation offers sufficient com-
plexity to map onto participants’ decision-making
capabilities in an environment that resembles a novel
and challenging strategic situation (Christensen and
Shih 2019).

3.1.1. Simulation Steps. Participants begin the simula-
tion with a briefing that outlines the firm’s market posi-
tion, customer segments, and technologies (see Online
Appendix 1, step 1). This informs them that as general
manager of BBB, they are tasked with managing two
distinct technologies (AGM and SC) and serving three
commercial markets: Automobiles, Warehouse Equip-
ment, and UPS systems. After reading the briefing, par-
ticipants process information and make decisions
across two main tabs:

1. Analysis Tab: Participants review detailed perfor-
mance dashboards covering sales, profitability, customer
preferences, technological performance, and market
news updates (see Online Appendix 1, steps 2 and 3).

2. Decision Tab: For each technology (AGM and SC),
participants set sales forecasts, unit prices, and allocate
R&D budgets for the year across five technology perfor-
mance dimensions (see Online Appendix 1, step 4).

Once the year’s decisions are submitted, the simula-
tion processes the results, updating market demand,
technological progress, and financial outcomes based
on the participant’s choices. These results then become
the basis for the following year’s decisions. This cycle
repeats up to eight years, at which point the user either
successfully completes the simulation or is fired for
poor performance (see above for “firing” criterion).

3.1.2. Simulation Structure and Dynamics. The BBB
simulation models the challenges of managing an
established business (AGM batteries) while deciding
whether and how to invest in an emerging disruptive
technology (SC). The simulation creates tension by lim-
iting resources: There is never enough R&D budget to
fund all opportunities. A common failure mode is
spreading investments too thinly across multiple initia-
tives, which prevents achieving meaningful progress in

any area. Success requires carefully chosen tradeoffs,
prioritization, and long-term strategic thinking.

Several programmed dynamics drive the competitive
environment. Around year 4, the simulation introduces a
downturn in AGM sales due to increased foreign pricing
pressure. This decline is largely unavoidable; even strong
management choices cannot eliminate it entirely. How-
ever, by investing in process improvements (which lower
costs) and tactically reducing prices, players can soften
the impact, retain some market share, and sustain profit-
ability in the core AGM business.

Meanwhile, investments in SC follow a cumulative,
path-dependent trajectory. Early and sustained R&D is
necessary—single exploratory investments almost
never pay off. SC breakthroughs take multiple years of
funding in focused performance dimensions that
underperform customer demands (such as energy den-
sity or cycle life) before they begin to deliver tangible
market demand. Importantly, these investments are
risky: Players commit capital without guaranteed suc-
cess, only knowing that if breakthroughs occur, SC can
eventually provide a far superior value proposition for
select customer segments compared with AGM. When
a key technological threshold is crossed, the SC market
can accelerate rapidly, creating the potential for expo-
nential growth.

3.1.3. lllustrative Paths to High Performance. One via-
ble route to high performance is to focus entirely on the
established AGM technology. In this scenario, players
concentrate most R&D dollars on AGM process
improvements (to reduce cost and improve margins).
This strategy can lead to strong cumulative profit scores
because of steadily improving margins in the core busi-
ness. However, it has a structural limitation: Because SC
is ignored, there is no opportunity for breakout growth
as the core business reaches obsolescence and market sat-
uration. By the later years of the simulation, even though
the company may have achieved high levels of profit, the
company is typically weaker overall than at its starting
point. This outcome is illustrated in Figure 1(a).

The highest performance usually comes from bal-
ancing near-term AGM profitability with early bets on
SC. In this approach, players initially invest in AGM
process improvements to maintain competitiveness
and cash flow. Simultaneously, they make early but
modest R&D investments in SC dimensions most
demanded by customers (commonly energy density
and cost/process efficiency). When the inevitable
AGM downturn arrives, managers use price adjust-
ments and process efficiency to mitigate losses,
whereas their cumulative SC investments begin to
mature. If the timing is right, the company can pivot
into SC just as the technology becomes ready, riding
the wave of its explosive growth. This balanced
approach is shown in Figure 1(b).
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Figure 1. (Color online) Illustrative Back Bay Battery Results
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Notes. (a) Strong focus on AGM (sustaining/core technology) investment, while ignoring supercapacitor (emerging technology). (b) Successful
transition to supercapacitor (emerging technology) while maintaining AGM (sustaining/core technology) steady state. Note different y-axis

scales.

The simulation offers more opportunities to fail than
to succeed. Failures can be tactical missteps: For exam-
ple, managers may be fired for missing sales forecasts
too often or for incurring large short-term losses—for
instance, destroying demand with prices too high or
removing margins with prices too low. Failures can
also stem from strategic misalignment: A commonly
occurring trap is spreading resources too thin, or over-
committing to the new SC technology too early, which
starves the firm of AGM profits needed to sustain
investment. Without a cash-generating core business,
players are unable to fund the multiyear SC effort, and
bankruptcy or dismissal follows.

In sum, the BBB simulation highlights the classic
innovator’s dilemma: balancing exploitation of a prof-
itable but declining core business with exploration of a
risky, uncertain disruptive technology. Although there
are many possible tactical variations, the structural les-
son is consistent: Spreading investments too thin leads
to mediocrity, ignoring disruption leads to decline,
and over-committing too early leads to collapse (Chris-
tensen et al. 2018, Peterson and Wu 2021, Chu et al.
2025). Strategic balance, patience, and disciplined
investment create the conditions for long-term success.

3.1.4. Simulation Outcomes. As in real-world strategic
decision making, there is no single given simulation
metric that defines optimal performance. In the simula-
tion, participants can track various outcomes such as
revenue, growth trends, and profitability across both
technologies over time. To mimic real-world strategic
decision making, students playing the simulation are
not explicitly told whether to maximize profit, revenue,
or growth in the new technology, each of which
requires different priorities and tradeoffs to maximize
(Christensen and Shih 2019).

In our benchmarking, we use three metrics that
capture different aspects of performance: Cumulative
Profitability, Cumulative Revenue, and Emerging Tech
Revenue. Cumulative Profitability reflects total net
income generated by both technologies across all cus-
tomer segments over the eight simulated years. This
serves as a proxy for effective management of the core
business, including pricing, investment in the core
technology and cost control. High profitability indi-
cates maintaining a competitive edge in the core busi-
ness while avoiding overspending. Cumulative Revenue
reflects the total revenue generated by both technolo-
gies across all customer segments over the simulation
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period, serving as a proxy for overall business expan-
sion. Emerging Tech Revenue measures the amount of
revenue from the emerging SC technology in the final
year of the simulation. This serves as a proxy for well-
timed investment in the new technology, positioning
the company for future success and supporting a
higher hypothetical valuation in the final year. To
reduce correlation between the metrics, we subtract the
Emerging Tech Revenue (i.e.,, the final period SC
revenue) from the cumulative revenue total, so that
cumulative revenue includes all revenue from both
technologies in all periods except for the final period
SC revenue.

These three outcomes highlight distinct aspects of
performance in the simulation. In our data set of
human participants (discussed below), cumulative
profit and final emerging-technology revenue are
weakly negatively correlated (—0.07), cumulative
profit and cumulative revenue are weakly correlated
(0.30), and cumulative revenue and final SC revenue
show a moderate correlation (0.56). In our LLM data
set, the correlation between cumulative profit and final
emerging-technology revenue is 0.20, between cumula-
tive revenue and final emerging-technology revenue is
0.763, and between cumulative profit and cumulative
revenue is 0.508. Together, these measures provide a
multidimensional view of strategic performance, cap-
turing financial outcomes, market positioning, and
responsiveness to emerging opportunities.

To simplify comparisons, we created a single
summary benchmark measure, which we call the BBB
Composite Score. Following the precedent of other
benchmarks (Wang et al. 2024, White et al. 2024, Open
LLM Leaderboard 2025), the score is calculated as the
evenly weighted, normalized performance across the
three core outcomes: Cumulative Profitability, Cumula-
tive Revenue, and Emerging Tech Revenue. We normalize
each outcome using min-max scaling, then combine
the results with equal one-third weights. The hypothet-
ical best score is one (the top-performing run across all
three metrics), and the worst is zero (the lowest-
performing run across all three metrics). It is important
to emphasize that this within-data set normalization
technique implies that the Composite Score is useful
only for comparisons within the same data set, and it
does not have intrinsic meaning when comparing
across data sets.” The score is also sensitive to the speci-
fic weighting scheme applied. For these reasons, it is
intended as a simplifying visualization rather than a
standalone metric, and it should always be interpreted
alongside the underlying outcome measures.

3.2. Human Benchmarking Data

Although the primary purpose of our study is to com-
pare performance across Al models, we also collected
historical human performance data to contextualize

the Al results. We collected historical performance on
the simulation from second-year MBA students
enrolled in a strategic innovation course at a top U.S.
university. The human benchmarking data set com-
prises first-run simulation results from 249 students
across five years (2018, 2020, 2023, 2024, and 2025).*
Students completed the BBB simulation individually,
under “advanced” difficulty settings in “legacy” mode
(the same as used in the LLM benchmarking). Impor-
tantly, we consider only each student’s first full run,
ensuring that outcomes reflect decision making under
initial uncertainty rather than the benefits of repetition
or hindsight.

The data set reflects hundreds of hours of work by
highly skilled participants. Each student invested
approximately one to two hours in completing the sim-
ulation. Given the selectivity of the university’s MBA
program and the extensive strategic training these stu-
dents receive (typically toward the end of their second
year), this benchmarking population represents a high
standard of human capital and business expertise. Stu-
dents were enrolled in a course covering such topics as
exploration, exploitation, and disruption, which likely
primed them to expect such dynamics in the simula-
tion. They completed the exercise on their own time,
outside of class. They were explicitly instructed not to
use outside materials, and they had no explicit incen-
tive (grade or otherwise) to cheat.

Because of course topics priming and the uncon-
trolled (completed outside of class) environment, the
MBA comparison is imperfect and is not intended as
the primary comparison of our study. Nevertheless, it
provides valuable context for evaluating model perfor-
mance against how highly trained human strategists
perform in the same simulation.

To ensure robustness and generalizability of the
human performance data, we conducted checks for
potential cohort and temporal biases. We did not find a
significant change in cumulative profitability across
years (see Appendix A). Although cumulative revenue
was modestly higher in the earlier cohorts (2018 and
2020), overall benchmarking relative to the Al results
yields nearly identical conclusions, regardless of which
cohorts are used.

These checks were important for two reasons. First,
the simulation software underwent an update between
2020 and 2023 that changed the labeling of the two core
technologies, although all later cohorts used a version
compatible with the earlier simulation dynamics,
which allowed for comparability between the years.
Second, although students in 2023-2025 were explicitly
instructed not to use Al tools like ChatGPT, we cannot
rule out the possibility that some may have done so—
making it essential to verify that later cohorts do not
significantly differ from earlier ones. Additional
robustness analyses, including re-estimations on
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different data subsets, confirmed that our core findings
hold consistently across all cohorts.

3.3. Al-Simulation Interface

3.3.1. Overview. We developed a program enabling
LLMs to interact with the BBB simulation, without
prior training or simulation-specific knowledge. Using
automated web browsing (Selenium), our system
launches the simulation, retrieves relevant data to send
to the LLM each round, and submits the resulting
LLM-generated decisions. For pseudocode that pro-
vides a simple overview of this process, see Appen-
dix B.

In each simulated year, the program first collects the
same information available to human players in the
“Analyze” tab, including sales data, customer prefer-
ences, R&D results, financial performance, and market
news. It also retrieves the current R&D budget con-
straint, which limits how much the player can invest in
new technologies. These data are then reformatted and
passed to the model as input—along with the simula-
tion overview provided on the simulation landing
page and a clear formatting prompt.

The program interacts with the LLMs using API calls
via LiteLLM, a model-agnostic client. To mitigate
model drift, we pin models to versioned API snapshots
wherever the provider supports them (e.g., OpenAl
model “snapshots” and Anthropic’s date-suffixed
model IDs), which according to their documentation,
locks behavior to a specific release rather than an auto-
updating alias. In contrast, consumer chat apps (e.g.,
ChatGPT) are routinely and silently updated to new
model builds. For providers and configurations where
our strings referenced rolling aliases (e.g., Google
Gemini family names and some xAI Grok family
names), we report the exact alias and run dates, and we
executed all comparisons within the same window. See
Appendix C for the model names used and the dates
they were run.

In each simulated year, the model is fed all the infor-
mation from the simulation and is instructed to
respond with a list of 14 numbers (sales forecasts, pric-
ing decisions, and R&D allocations across the two tech-
nologies and five R&D categories) and a textual
explanation of the reasoning behind their strategy. The
responses are stored, and the numbers are parsed and
checked to ensure they follow the correct format and
stay within budget. If not, the model is prompted to
revise its decisions, with up to three retries allowed.
Once a valid set of decisions is obtained, they are
entered back into the simulation interface, just as a
human user would do manually.

After submitting the decisions, the program checks
whether the simulation has ended. If not, it proceeds to
the next year. At the end of each run, we log the mod-
el’s performance outcomes, such as cumulative profit,

cumulative revenue, and emerging tech revenue, and
reset the simulation before beginning the next run.
This automated loop allows us to run hundreds of
simulations across different models, all under stan-
dardized conditions.

3.3.2. Masking the Input to Avoid “Preknowledge”
Contamination. Contamination from “preknowledge”
is a risk that top LLM benchmarking studies must miti-
gate (White et al. 2024). The key risk in this case is that
LLMs were trained on a data set that included the BBB
case (and derivative write-ups and solutions), so when
prompted they can simply recall and implement the
“successful playbook.” Our research design would
then merely test whether an LLM can reproduce a
high-scoring policy by recalling its training data rather
than by strategic reasoning about the decision
environment.

To address this concern, our setup deliberately
masks all text inputs to ensure that the LLM encounters
what appears to be a never-before-encountered case.
Before any text from the simulation is sent to an LLM,
we programmatically transform it using a determinis-
tic masking function. This function applies a series of
regular-expression substitutions to all strings retrieved
from the simulation—including the initial briefing, all
on-screen labels, news items, tabular data, and perfor-
mance metrics. Concretely, canonical identifiers that
uniquely mark the simulation (e.g., “Back Bay Battery,”
“AGM,” “Supercapacitor,” “UPS,” “Warehouse
Equipment,” and the associated performance dimen-
sions such as “Energy Density” and “Recharge Time”)
are systematically replaced with synthetic names (e.g.,
“EnergyCo,” “AeroBond Matrix,” “Quantum Storage
Cell,” “Continuity Power Modules,” “Industrial Han-
dling Systems,” “Specific Energy Index,” “Recovery
Time Index”). The same renaming logic is applied con-
sistently across all periods and runs (see Appendix D
for full regular expressions). As a result, the model
never sees the original case name, technology labels, or
segment names that appear in teaching materials and
online descriptions of the BBB simulation. As an added
precaution, we rewrote the initial “Background” brief
submitted to the LLM to present the same substantive
information but with entirely different wording,
thereby avoiding the risk that models might be trig-
gered by verbatim overlap with known BBB materials
(see Appendix D for alternative wording).

By masking the terms from the simulation, we are
not attempting to prevent the model from using
generic strategic concepts learned from other sources
(e.g., theories of disruption or exploration versus
exploitation), because leveraging such general knowl-
edge is precisely what we aim to evaluate. Our mask-
ing procedure is instead designed to remove the
specific lexical and structural cues that would allow
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the model to recognize this simulation as BBB and sim-
ply retrieve a rehearsed solution. Under standard
assumptions about how LLMs use pretraining data,
contamination of this benchmark would require that
the model both (a) encountered detailed descriptions
or solutions to the BBB case during training and (b) rec-
ognize our simulation as the same case at inference
time, using distinctive lexical cues (e.g., exact names of
the firm, technologies, and customer segments). Our
masking procedure directly targets this recognition
step. By renaming all case-specific entities and perfor-
mance dimensions with synthetic labels that do not
occur in the original materials, and by rewriting the
background text, we remove the unique “fingerprints”
that would license direct retrieval of a memorized solu-
tion. What remains available to the model are only
general-purpose strategic concepts (e.g., how to bal-
ance investment in an established versus an emerging
technology), which are precisely the capabilities we
intend to test.

As a proof-of-concept validation of our masking pro-
tocol, we conducted a simple two-condition prompt
test with six models (03-mini, gpt-4o, gpt-5, Claude
Sonnet 4, Gemini 2.5 flash, and Gemini 2.5 pro). In the
first condition, we asked the model to “explain the
Back Bay Battery simulation and how to win it” with-
out any additional context. Four of six models pro-
duced detailed and consistent descriptions that
matched public teaching materials, consistent with
contamination. In the second condition, we instead
asked about the “EnergyCo” simulation; under these
conditions, no models were able to give helpful or rele-
vant advice to the BBB simulation (four hallucinated
fake simulations; two admitted no knowledge; see
results in Online Appendix 2). These results illustrate
that, although the model likely memorized aspects of
the playbook from the original BBB case, the masked
version does not trigger the same stored representa-
tion, supporting our claim that masking the specific
lexical terms used in the BBB simulation effectively
neutralizes direct recall of BBB materials.

Although no masking scheme can guarantee the
complete absence of any indirect prior exposure, it is
important to note that our inferences, findings, and
comparisons below are about relative performance
across models under the same masked representation of the
task. Taken together, these checks suggest that masking
succeeds in preventing direct playbook recall and that
any potential leaks would affect levels of performance
but likely not the relative differences we measure.

4. Benchmarking Results [Database]

4.1. Primary Benchmarking Results

Figure 2 displays simulation outcomes for the Compos-
ite Score (the combined performance of Cumulative

Profit, Cumulative Revenue, and Emerging Tech Revenize)
across 21 of the key flagship models from the top pro-
prietary LLM providers, Anthropic, Gemini (Google),
OpenAl, and xAl, according to each model’s API
release date. Figure 2 shows that, by and large, LLM
performance has improved significantly across model
generations. The early models from 2022 to 2023, parti-
cularly GPT-3.5-turbo, consistently perform below
other models. They also perform substantially worse
than the MBA student benchmark. Later, early-2025
flagship models like gpt-4o, claude-sonnet-4, gemini-
2.0-flash, 04-mini, and 03-mini are significantly higher
performing than the early models (from 2022 to 2023)
and higher than the historical human MBA average,
representing a significant achievement in the ability to
navigate the strategic complexities of the simulation.
Reading through the reasoning behind the LLM strate-
gies, common responses include statements such as
“The strategy prioritizes defending the core [AGM]
business while making measured progress with [SC]”
(Gemini 2.0-flash response).

Surprisingly, however, the most recent frontier mod-
els from mid-2025 (Gemini-2.5-pro, 03, gpt-5) perform
substantially worse than the early-2025 models and
worse than the historical MBA average performance.
Common reasoning included statements like “Pause
all QSC R&D due to long lead times and poor fit with
current market requirements” (GPT-5) and “We will
not invest any R&D into QSC this year, preserving our
limited capital for the core business” (Gemini-2.5-Pro).

Figure 3 shows the same results ranked by perfor-
mance, along with raw simulation run-level results
and confidence intervals. To better understand why
the current frontier flagship models performed worse,
Figure 4 breaks out separate scores for Cumulative
Profit, Cumulative Revenue, and Emerging Tech Revenue.
The figure clearly shows that, although models like
GPT-5, 03, and Gemini-2.5-pro tended to achieve rela-
tively high Cumulative Profit, they achieved very low
Cumulative Revenue and Emerging Tech Revenue.

Figure 4 also displays the Years Survived in the simu-
lation, indicating whether the simulation was com-
pleted (full eight years) or the run ended by being fired
(for heavy losses or consistently missing sales fore-
casts). This indicates that the low Cumulative Revenue
score of the frontier models was partially explained by
the tendency to get fired earlier. However, even in
years where they survived, the cumulative revenue
achieved was relatively low compared with their
cumulative profit. In sensitivity checks below, we
show that the frontier models still fall into the same
trap of over-focusing on profit while achieving lower
revenue even in basic simulation mode, where it is not
possible to be fired.

Figures 5 and 6 more clearly demonstrate a break in
trend for LLMs on the BBB composite score versus



Downloaded from informs.org by [216.73.216.94] on 06 June 2026, at 04:40 . For personal use only, all rights reserved.

Allen and McDonald: How Well Can Al Do Strategy? Strategy Simulation Benchmark

104

Strategy Science, 2026, vol. 11, no. 1, pp. 93-117, © 2026 The Author(s)

Figure 2. (Color online) Back Bay Battery Simulation LLM Performance: Composite Scores over Time
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other prominent LLM benchmarks. Figure 5 plots the
BBB composite score on the y axis, with a commonly
reported scientific reasoning benchmark (GPQA Dia-
mond accuracy) on the x axis. Although the more
advanced models have consistently improved on the
GPQA benchmark over time, Figure 5 shows a reversal

in trend for the BBB composite score. From GPT-3.5
through o4-mini, the BBB score is positively correlated
with improvements on GPQA diamond, but for the lat-
est models (03-mini through GPT-5), the trend reverses
to a negative correlation. Figure 6 shows a similar story
for the LM Arena benchmark, which tests human

Figure 3. (Color online) Back Bay Battery Simulation LLM Performance: Ranked Composite Scores
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Figure 4. (Color online) Back Bay Battery Simulation LLM Performance: Ranked Raw Metrics
BBB Simulation Qutcomes by Model
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Notes. Each semitransparent point is the score from a single simulation run (horizontally jittered for readability). Solid points show the per-
model mean; error bars indicate an approximate 95% confidence interval for the mean across runs. Dotted horizontal lines mark the historical
MBA minimum, mean, and maximum composite scores for reference. Because the MBA results were collected under different conditions, they
should be treated as contextual reference points rather than a direct apples-to-apples comparison.

users’ blind ratings of chat performance (UC Berkeley
SkyLab 2025). The relationship between higher LM
Arena performance and higher BBB simulation perfor-
mance plateaus, or even reverses, for the latest models.

4.2. Additional Analyses: Sensitivity to

Alternative Treatments and Open-

Source Models
We created variations of the benchmark to explore the
sensitivity of the results to alternative conditions.
These results are reported in Appendix E. First, we
report results from all the same models playing the
basic mode of the BBB simulation. In the basic mode, it
is not possible to be fired. This allowed us to test
whether the surprisingly poor performance of current
frontier models was due to repeated tactical errors that
caused early firing or whether the same outcomes
would hold under different criteria. Although there are
some differences in model-specific performance,” the
high-level outcomes are similar to the primary results:
Models like GPT-5 and 03 excelled at cumulative profit
but performed poorly in Emerging Tech Revenue. The
best-performing models were still typically lighter rea-
soning models from late 2024 and early 2025. This

confirms that the main benchmarking results were not
simply an artifact of idiosyncratic firing rules in the
simulation.

Next, we reran the primary results (in advanced
mode) using an alternative prompt. Although the
default prompt was outcome-agnostic (“Please make
the requested strategic decisions for the upcoming year
based on the information provided”), we reran the
same models with additional instructions explicitly
emphasizing a focus on the emerging technology.® This
test was designed to assess whether the surprisingly
poor performance of current frontier models such as
GPT-5 stemmed from interpreting profit from the core
business as the primary objective (Meincke et al. 2025).
The results, presented in Appendix E, show that GPT-5,
03, and Gemini 2.5 Pro performed marginally better
under the revised instructions than under the default
prompt. However, their outcomes still lagged behind
lighter models using the default prompt. Interestingly,
models like 03-mini that excelled with the original
open-ended instructions performed significantly worse
with the emerging-technology-focused prompt. With
the emerging-technology prompt, these models
focused too heavily on the new technology, sacrificed
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Figure 5. (Color online) BBB Simulation Composite Score vs. GPQA Diamond Benchmark
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Notes. Each point indicates the per-model mean. Error bars indicate an approximate 95% confidence interval for the mean across runs. GPQA
diamond scores were sourced from the GPQA leaderboard at llm-stats.com (GPQA Leaderboard 2025).

Figure 6. (Color online) BBB Simulation Composite Score vs. LM Arena Benchmark
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core profitability, and were “fired” much earlier due to
negative returns. Consequently, with the more specific
emerging-technology instructions, performance exhibited
a roughly linear positive correlation with model release
date—but the overall average was significantly lower
than with the original, less specific default prompt.

These findings suggest that the current frontier mod-
els may be more rigid and “literal” in following explicit
instructions, which can become a liability in strategic
or uncertain environments. When asked to optimize
narrowly around emerging technology, they improved
slightly—showing they were capable of shifting their
focus—but their performance still fell short of lighter
models under open-ended prompts. By contrast, ear-
lier models appeared more flexible and adaptive when
left with outcome-agnostic instructions, balancing
short-term profitability with long-term investment.
However, they were more sensitive to the prompt:
when given a tightly specified goal, they overcom-
mitted to that goal and performed on par or worse
than the current frontier models.

Finally, to compare proprietary models with open-
source alternatives, we also ran the simulation using
prominent open-source models, including DeepSeek,
Gemma, Qwen, Llama (from Meta), and GPT-OSS.
Each run was conducted under the same conditions as
the main analyses, with masked terms, default instruc-
tions, and Advanced mode. Results are reported in
Appendix F. As shown in the figures, open-source mod-
els generally exhibited substantially lower performance
on the BBB benchmark compared with proprietary sys-
tems. Their performance appears less systematically cor-
related with release date, and although we do not
observe the clear decline seen in the latest proprietary
models, open-source results seem to have plateaued at a
markedly lower level of performance.

5. Discussion

This paper has presented a benchmark for the strategic
decision-making capabilities of LLMs by evaluating
their performance on an established business strategy
simulation. Although prior research has shown that
LLMs can benefit some strategy tasks (Dell’Acqua et al.
2023, 2025; Csaszar et al. 2024; Doshi et al. 2025), this is
the first standardized assessment comparing multiple
models” ability to independently make complex, un-
certain, multiperiod business strategy decisions in a
newly encountered uncertain environment (Table 1).
Specifically, we benchmarked 21 proprietary and 13
open-source models from leading LLM providers on
the BBB strategy simulation, which tests users” ability
to synthesize complex information across multiple per-
iods while balancing strategic investments in maintain-
ing a profitable core business (exploitation) and in
developing an emerging business (exploration).

Our results indicate that generally LLMs have signifi-
cantly improved in their performance on the BBB simu-
lation, but that the latest frontier models have declined.
Early models from 2022 to 2023, such as GPT-3.5 and
GPT-4, performed significantly below later models and
well below the human MBA benchmark. Models from
late 2024 to early 2025 (such as GPT-40 and Gemini 2.0-
Flash) performed best overall, achieving strong profit-
ability in the core market while also investing in the
emerging one. These models exceeded the historical
human MBA student average scores. In contrast, the
current frontier models from mid-2025, such as Gemini
2.5-Pro and GPT-5, despite performing well on other
benchmarks, regressed below earlier models and aver-
age historical human MBA performance.

By developing a transparent and replicable bench-
marking framework, we provide a tool for strategy
researchers to systematically track LLMs’ evolving
strategic decision-making capabilities over time.”
Beyond establishing an evaluation of current capabili-
ties, the benchmark allows for ongoing assessment and
offers a target to improve future AI systems by
highlighting the blind spots of the current frontier
models. To this end, the BBB strategy benchmark is a
first step—a proof of concept and a call to action for the
field. Below, we distill design principles and practical
recommendations for developing additional strategy-
specific benchmarks. Together, these contributions
are intended to guide future strategy benchmarking
research, enabling scholars and developers to build,
refine, and compare Al systems in ways that better
reflect the distinctive demands of real-world strategic
decision making.

5.1. Contributions to Research on Al
and Strategy

Our study makes several contributions to research on
Al in strategic decision making. First, we provide one
of the first systematic, empirical benchmarks compar-
ing multiple LLMs’ independent performance in an
environment that mimics real-world strategy. Prior
work has tended to evaluate important albeit narrow
strategy tasks such as idea generation or evaluating
early business plans (Dell’Acqua et al. 2023, 2025; Csas-
zar et al. 2024; Doshi et al. 2025). Through the BBB sim-
ulation, we were able to interrogate a broader set of
strategic challenges that mirror real-world strategy
including uncertainty, complexity, irreversible multi-
period moves, and delayed/noisy feedback. Simula-
tions like BBB, we propose, offer a rigorous, controlled,
and repeatable environment that complements and
extends existing approaches for evaluating LLMs.

This benchmark allowed us to demonstrate that
LLMs have recently crossed a key threshold in that
many models can now independently reason through
complex, multiperiod, uncertain strategy problems
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without supervised fine-tuning. Unlike earlier Al strat-
egy achievements that depended on reinforcement
learning across millions of data points and rich prior
examples (as in chess, Go, or StarCraft) (Newborn
2012, Silver et al. 2016, Kleinberg et al. 2018, Vinyals
etal. 2019, Choudhury et al. 2021, Kolkman et al. 2024),
we show that frontier general-purpose LLMs can now
apply strategic reasoning to unfamiliar open-ended
tasks.

Such a significant expansion of Al's cognitive fron-
tier further challenges prior scholarly assumptions
about which decision-making domains remain exclu-
sively human (Felin and Holweg 2024). Going forward,
debates over Al's strategic capabilities must recognize
that some models can now match the performance of
MBA students in simulations that capture many
widely recognized elements of “strategic” decision
making. Although early models such as GPT-3.5 and
GPT-4 lacked this capacity, our results suggest that
later models may exceed prior expectations in manag-
ing complexity and making valuable forward-looking
decisions in novel situations (Felin and Zenger 2017,
Felin et al. 2024).

At the same time, the benchmark results urge cau-
tion. The current frontier models (GPT-5, Gemini 2.5
Pro, 03, etc.) were so strongly inclined to invest in the
core business at the expense of emerging technologies
that they performed worse than the average MBA stu-
dent and only marginally better than less advanced
models such as GPT-4-turbo. That their performance in
the BBB simulation did not track with gains on other
high-profile benchmarks like GPQA underscores the
need for a strategy-specific benchmark. This points to a
potential failure mode of LLMs: As they are trained
and tuned for peak performance in domains such as
coding, chat, or scientific reasoning, they may inadver-
tently converge on an inability to handle uncertainty,
excelling only at replicating past data (Felin and Hol-
weg 2024). The divergence also suggests that the micro-
foundations of successful strategy-making depend on
cognitive abilities distinct from those required for rea-
soning and decision making in other domains (Felin
etal. 2012, Baer et al. 2013).

Finally, another contribution is to offer a dynamic
benchmarking framework that can be regularly
updated over time. The fact that the BBB benchmark
breaks the trend of other-domain benchmarks implies
that advances in general reasoning and conversational
fluency, although once correlated with better strategic
performance, no longer reliably predict it. This discon-
nect reinforces the importance of a strategy-specific
benchmark: Without it, progress in adjacent domains
could be mistaken for progress in strategic decision
making, leaving both scholars and practitioners with a
distorted view of Al’s capabilities in strategy. Further-
more, absent a strategy-specific framework, existing

research on LLMs’ strategic abilities risks becoming
fragmented as the findings from carefully validated
empirical studies become obsolete (and thus less aca-
demically or managerially useful). By providing a
benchmarking infrastructure, we enable future
researchers to recalibrate their assessments as Al
evolves. For instance, the benchmark can track whether
the decreased performance of current frontier models
is a continued trend or if it is corrected over time. This
benchmark and follow-ons can also influence future
model developments to address this blind spot, pro-
moting systems that are more robust for real-world
strategic decision making.

5.2. Managerial Implications

Our findings have immediate implications for man-
agers considering whether and how to integrate Al
into strategic decision making (Clough and Wu 2022).
Frontier Al systems have only recently shown the abil-
ity to handle complex strategic tasks once thought too
ambiguous or intricate for automation without human
input or extensive training. Whereas this was not true
even in early 2024, it is now possible for some models
to augment decisions involving technology or market
transitions, allocation of scarce R&D budgets across
competing opportunities, and the balance between
exploitation and exploration. More than a tactical tool,
some LLMs can increasingly be viewed as a candidate
to support higher-order strategic functions, particu-
larly in structured decision environments.

At the same time, the benchmark highlights that the
current frontier models remain rigid and risk averse,
consistently favoring investment in the core business
while avoiding emerging technologies. The benchmark
thus reveals which models perform well (such as Grok
3, GPT-40, 03-mini, Claude Sonnet 4) and which per-
form surprisingly poorly (such as GPT-5 or Gemini 2.5
Pro) in strategic contexts. Although performance varies
depending on the precise setup, the evidence makes
clear that advancement on general benchmarks in chat,
coding, or science does not necessarily translate into
more effective strategic decision making. Any individ-
ual model may carry unknown risks. One promising
approach is to use ensembles of different models (Doshi
et al. 2025) or to triangulate among them as with other
methods (Hong et al. 2021, Allen and McDonald 2025).

5.3. Guidance for Future Strategy Benchmarks

Although BBB offers many advantages for testing LLM
strategic decision making, it also has notable gaps. We
view BBB as a necessary first step toward building
benchmarking infrastructure in our field, spurring a
call to action and a guide for future work. Looking
ahead, we propose a simple taxonomy of desirable
characteristics for future strategy benchmarks to form
the basis of a research agenda. We organize this
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taxonomy using the four categories in Table 1: Ele-
ments of Strategy, Business Context, Interaction Struc-
ture, and AI Characteristics.

5.3.1. Elements of Strategy. Future strategy bench-
marks should strive to capture the core elements of
strategic decision making discussed in this paper: com-
plexity, multiperiod dynamics, irreversible commit-
ments, delayed and noisy feedback, and uncertainty/
novelty. Benchmarks that do not capture these ele-
ments (such as a benchmark that is merely a Q&A of
strategy concepts) will not add much value beyond
existing benchmarks in other domains (such as the
GPQA Diamond PhD-level science benchmark). BBB
does incorporate these strategy elements, but in a sin-
gle setting and with a relatively fixed “black box”
structure. In the future, additional strategy simulation
benchmarks could vary parameters like the number
and interdependence of strategic levers or the length
and structure of time horizons. Benchmarks could also
intentionally build in more genuine novelty—
problems that cannot be solved by analogy to familiar
cases (Fleming et al. 2007, McDonald and Allen 2022,
Morris et al. 2023, Allen 2025). Designing families of
scenarios that span these dimensions would make it
possible to test whether a model’s “strategy capability”
generalizes beyond any one game or case.

5.3.2. Business Context. Because LLM behavior is
highly context specific, these benchmarks should be
naturalistic—rooted in realistic narratives, data, and
tradeoffs that resemble actual managerial problems—
while remaining sufficiently structured to allow trans-
parent scoring and comparison. BBB focuses on a spe-
cific context: strategic resource allocation to new
technology in an established firm. Future benchmarks
can extend to other business contexts and stages,
including alternative industry structures, early-stage
innovation, scaling and platform competition, turn-
around situations, and settings where the primary
outcome is not purely financial. For example, future
benchmarks could consider how LLMs prioritize and
navigate other outcomes such as ethical considera-
tions, external stakeholder buy-in, regulatory con-
straints, or mission objectives alongside profitability
and growth.

5.3.3. Interaction Structure. A central dimension for
future strategy benchmarks is multiagent dynamics. In
BBB, competition is implicit in the market response
built into the simulation, and the focal decision maker
does not interact directly with rivals, partners, or stake-
holders. Future benchmarks could test richer multi-
player simulations, including model-versus-model
and model-versus-human play, where performance
depends on anticipating and influencing other agents’

behavior. Such environments would allow researchers
to study escalation, deterrence, cooperation, and collu-
sion, as well as path-dependent outcomes that emerge
from repeated interaction (for examples of simulations
with such dynamics, see Chen et al. (2010) and Eisen-
mann (2025)). Multiplayer simulations might even
unfold in an “arena” where LLMs compete against one
another (UC Berkeley SkyLab 2025), generating Elo-
style scores for strategy-specific games and contexts.

In addition, future benchmarks could also probe
agentic abilities: models playing in the same interface
as humans, deciding what information to seek, when
to act, and how to manage situations in real time for a
sustained period of time (in BBB, this information was
fed to LLMs by a structured program). Today’s LLMs
mostly lack these long-term agentic capabilities, but
progress along this dimension would be a major mile-
stone (Kwa et al. 2025).

5.3.4. Al Characteristics. Finally, future benchmarks
should be sensitive to different AI characteristics,
including architecture and training regime. We empha-
size that reinforcement learning approaches used in
games like AlphaStar and chess (playing millions of
structured games as training data) are not useful for
assessing real-world strategy capabilities. However,
future benchmarks could explore how LLMs (or later
Al systems) perform when fine-tuned on other strategy
cases (e.g., a corpus of strategy cases and teaching
notes) or through interactive learning from human
feedback. The BBB benchmark only tests general out-
of-the-box LLM capabilities, but focusing attention
through fine-tuning or prompting could yield very dif-
ferent results.

5.3.5. Research Agenda. Taken together, we suggest a
future research agenda centered on creating open-
source strategy simulations that give researchers fine-
grained control over benchmark design and evaluation.
Rather than relying on proprietary or opaque environ-
ments, we suggest that modular, extensible simulation
frameworks could allow systematic variation in strategic
complexity, temporal dynamics, interaction structures,
and outcome measures to isolate specific capabilities and
test generalization across contexts. A key challenge is to
construct benchmark environments that remain replica-
ble and contamination resistant at scale, for example,
through procedurally generated scenarios with random-
ized but balanced parameters, application-based access
to the open-source simulations (to avoid leaking to
LLMs), periodic refreshes of market structures, and
masking of surface details so that solutions cannot sim-
ply be memorized. This agenda also calls for close collab-
oration between Al researchers and strategy scholars to
ensure that benchmarks capture the conceptual richness
of strategic reasoning rather than merely testing pattern
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matching or statistical optimization. By advancing
such a shared experimental infrastructure, the field
can move toward more rigorous, transparent, and
cumulatively informative evaluations of strategic
capabilities in Al

5.4. Other Limitations and Future Research

Because Al remains far from functioning as an inde-
pendent strategist, future research should also examine
how humans use Al within simulations. Current sys-
tems lack physicality, social presence, agency, and
long-term task management, making them ill suited
for real-world strategic automation (Murray et al. 2021,
Randazzo et al. 2025). In practice, applications will take
the form of human—-AlI collaboration rather than full
substitution (Mollick 2024, Randazzo et al. 2025). This
raises a critical question: Would a current frontier
model such as GPT-5 perform more effectively when
guided by a skilled strategist providing well-framed
prompts, or would it simply replicate the same failure
modes it displays when used alone? Because most stra-
tegic work is team based, another key question is how
group dynamics shape these interactions. How would
teams of humans—or ensembles of LLMs—perform
under different conditions? Such comparisons could
reveal whether the systematic biases we observe (e.g.,
the exploitation tendency of frontier models) are miti-
gated or amplified in group settings. Future research
should also compare Al and human performance
under more controlled conditions, as the human data
in this study derive from historical student perfor-
mance rather than tightly controlled laboratory experi-
ments. Variations in prompting, task setup, and
framing may all influence outcomes for both humans
and Al. We hope this study provides a foundation
from which to launch such future investigations.

Appendix A. Human Performance Benchmarks

Each Year

Cumulative Cumulative

Year n Statistic profit ($M) revenue ($M)
Overall 249 Mean 62.1 1,335.0
Standard error 5.1 27.0
2018 81 Mean 68.7 1,425.8
Standard error 8.1 49.6
2020 88 Mean 57.1 1,371.7
Standard error 9.2 39.5
2023 19 Mean 62.5 1,158.8
Standard error 16.8 103.8
2024 20 Mean 51.1 1,160.3
Standard error 17.8 114.2
2025 41 Mean 65.0 1,243.9
Standard error 12.9 62.0

Note. The earlier years included multiple large class sections,
whereas the later years included only one or two small sections.

Appendix B. Al-Simulation Interface Pseudocode

FOR each (model, prompt_style, difficulty) IN experiment matrix:
reset_simulation()
FOR run = 1 TO N_runs:
driver ~ login_to_HBSP()
FOR year = 3 TO 10:

#44 1. COLL DATA ###
switch_to("Analyze")

wait_until_loading finishes()

data ~ scrape_subtabs() + scrape_news()
budget -~ detect RD ceiling()

##%# 2. BUILD PROMPT ###

prompt — [BACKGROUND, FORMAT RULES,
INSTRUCTION TEMPLATE (year),
DATA_BLOCK (data, budget),

PAST:DECISIONS (run, year - 1)]
##4%# 3. CALL LLM ###
reply ~ openai. (model, prompt)

decisions « parse_numbers(reply)
IF invalid format OR IR&D > budget:

retry £ 3 times with corrective messages
IF still invalid:

abort run

##%# 4. SUBMIT DECISIONS ###
type_prices_units_R&D(decisions)
click submit ()
IF game_over():

BREAK loop years

### 5. END-OF-RUN HOUSEKEEPING ###
record_best_scores()
save_run_results_to_JSON()

reset_ simulation()

consolidate_logs_and_results()

Appendix C. LLM Model Aliases and Dates Run

Simulation
Model (name used) Run date difficulty mode
openai/gpt-3.5-turbo-0125 8/1/2025 Advanced
openai/gpt-4-turbo-2024-04-09 8/1/2025 Advanced
openai/gpt-40-2024-08-06 8/1/2025 Advanced
anthropic/claude-3-5-haiku-20240307 8/2/2025 Advanced
anthropic/claude-3-5-sonnet-20240620  8/2/2025 Advanced
anthropic/claude-3-7-sonnet-20250219  8/2/2025 Advanced
anthropic/claude-sonnet-4-20250514 8/2/2025 Advanced
openai/03-2025-04-16 8/2/2025 Advanced
openai/03-mini-2025-01-31 8/2/2025 Advanced
openai/o04-mini-2025-04-16 8/2/2025 Advanced
xai/ grok-3-mini 8/2/2025 Advanced
gemini/gemini-1.5-flash 8/3/2025 Advanced
gemini/gemini-2.0-flash 8/3/2025 Advanced
gemini/gemini-2.5-flash 8/3/2025 Advanced
xai/ grok-3 8/3/2025 Advanced
xai/ grok-4-0709 8/3/2025 Advanced
openai/gpt-5-2025-08-07 8/12/2025 Advanced
gemini/gemini-2.5-pro 8/14/2025 Advanced
openai/gpt-3.5-turbo-0125 8/15/2025 Basic
openai/ gpt-4-turbo-2024-04-09 8/15/2025 Basic
openai/ gpt-40-2024-08-06 8/16/2025 Basic
openai/ gpt-5-2025-08-07 8/16/2025 Basic
openai/03-2025-04-16 8/16/2025 Basic
openai/03-mini-2025-01-31 8/16/2025 Basic
openai/04-mini-2025-04-16 8/16/2025 Basic
anthropic/claude-3-5-sonnet-20240620  8/17/2025 Basic
anthropic/claude-3-7-sonnet-20250219  8/17/2025 Basic
anthropic/claude-sonnet-4-20250514 8/17/2025 Basic
xai/grok-3 8/17/2025 Basic
xai/grok-3-mini 8/17/2025 Basic
xai/ grok-4-0709 8/17/2025 Basic
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Appendix C. (Continued)

Model (name used)

Simulation
Run date  difficulty mode

gemini/gemini-1.5-flash
openai/gpt-5.2-2025-12-11

8/18/2025 Basic
12/17/2025 Advanced

“ Absorbed Glass Mat” — AeroBond Matrix

o “AGM” — ABM
o “Supercapacitor” — Quantum Storage Cell

“Supercapacitors” — Quantum Storage Cells

o “SC” — QSC
e Industry segments

anthropic/claude-sonnet-4-5-20250929  12/17/2025 Advanced o “Warehouse equipment” — Industrial Handling Systems
anthropic/claude-opus-4-5-20251101 12/17/2025 Advanced o “IHS” — IHS (normalized /capitalized)
gemini/gemini-3-propreview 12/17/2025 Advanced o “Uninterruptible power system(s)/supply(ies)” (option-
openai/gpt-5.2-2025-12-11 12/30/2025 Basic iterruptible power sy PPy P
anthropic/claude-sonnet-4-5-20250929  12/30/2025 Basic ally “(UPS)”) — Continuity Power Modules
anthropic/claude-opus-4-5-20251101  12/30/2025 Basic o “UPS” — CPM

gemini/gemini-3-propreview 12/30/2025 Basic o “UPSs” — CPMs

Appendix D. Masking Procedure to Mitigate

Contamination

Case-insensitive replacement terms used in “masking” function:

e O O

Simulation/company name
“Back Bay Battery” — EnergyCo
“Back Bay” — EnergyCo
Technologies & acronyms

e}

O O O O O e O O

“automobile” — Light Transport Vehicle
“automobiles” — Light Transport Vehicles
“automotive” — LTV sector

Performance dimensions (in prose/tables)

“Energy Density” — Specific Energy Index (SEI)
“Recharge Cycle(s)” — Cycle Endurance Rating (CER)
“Self-discharge” — Standby Loss Interval (SLI)
“Recharge Time” — Recovery Time Index (RTI)
“Recharge Duration” — Recovery Time Index (RTI)

Figure D.1. Masked Background Briefing

You are the head of EnergyCo, Inc., a division generating $240 million in annual sales as part of a larger 340
billion consumer electronics conglomerate. EnergyCo specializes in manufacturing two battery variants: the
AeroBond Matrix (ABM) battery and the recently introduced Quantum Storage Cell (QSC) battery. ABM
batteries are robust, sealed lead-acid units designed to withstand harsh environments and vibrations, accounting
Sfor approximately 80% of the firm's revenue, serving as the cornerstone of its operations. The newer Quantum
Storage Cell batteries account for the remaining 20% of sales.

EnergyCo markets its batteries exclusively to commercial clients across three key sectors:

**Light Transport Vehicles (LTVs)**

EnergyCo's ABM batteries have several qualities making them ideal for premium vehicles, as their sealed design
allows flexible placement within vehicle interiors or trunks. The growing adoption of start-stop technology, which
enhances fuel efficiency, has boosted automaker demand for ABM batteries due to their suitability for the
increased electrical loads and frequent cycling. Additionally, ABM batteries are increasingly utilized in
regenerative braking systems, where generators integrated with the drivetrain of popular European SUVs
capture braking energy to power vehicle electronics, further improving fuel economy.

**Industrial Handling Systems (IHS)**

EnergyCo has established a niche supplying batteries to automated logistics facilities, where equipment such as
stackers and robotic systems heavily rely on electric power. These systems typically experience significant startup
power demands and require regular recharge cycles, providing a growing market segment for EnergyCo's
battery offerings.

**Continuity Power Modules (CPM) **

This sector encompasses emergency backup power solutions for large-scale data centers. EnergyCo's batteries
fill warehouse-sized spaces to deliver immediate power during outages, bridging the roughly 15-second interval
necessary to activate standby diesel generators.

Each battery type has differing strengths across five performance metrics: Specific Energy Index, Cycle
Endurance Rating, Standby Loss Interval, recharge duration, and Recovery Time Index. Market segments differ
in prioritizing these features.

Continuous pricing pressures restrict EnergyCo's available R&D funds, making prioritization critical. The sales
department consistently advocates for improvements in LTV battery performance, as minor technical
enhancements can significantly influence order outcomes in this price-sensitive market. Price adjustments can
influence demand, but the company must cautiously avoid losing major customers. Additionally, EnergyCo must
carefully consider investment lead times before benefits materialize. Although some researchers are enthusiastic
about Quantum Storage Cell potential, the technology currently falls short in meeting essential requirements for
EnergyCo's primary markets, necessitating careful management to avoid financial risk.

The product lead at a prominent automaker—one of EnergyCo’s biggest customers—has urged the company to
tailor developments specifically for an upcoming SUV model update, emphasizing higher power density and
lower battery costs in response to intense competition from Asian suppliers. This customer is already evaluating
offshore ABM battery suppliers and has emphasized the necessity for EnergyCo to maintain competitive pricing.
Although Quantum Storage Cells offer attractive quick recharge capabilities, their limited storage capacity is a
significant drawback. Prioritizing this automaker’s requirements would essentially monopolize EnergyCo's
limited R&D resources.
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Appendix E. Alternative Specifications
Figure E.1. (Color online) “Basic” Mode (No Firing) Composite Results: Ranked by Score
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Notes. Each semitransparent point is the score from a single simulation run (horizontally jittered for readability). Solid points show the per-
model mean; error bars indicate an approximate 95% confidence interval for the mean across runs.

Figure E.2. (Color online) “Basic” Mode (No Firing) Raw Metrics: Ranked by Score

BBB Simulation Outcomes by Model
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Notes. Each semitransparent point is the score from a single simulation run (horizontally jittered for readability). Solid points show the per-
model mean; error bars indicate an approximate 95% confidence interval for the mean across runs.
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Figure E.3. (Color online) Emerging Tech Focused Prompt: Composite Scores over Time
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mum composite scores for reference. Because the MBA results were collected under different conditions, they should be treated as contextual ref-
erence points rather than a direct apples-to-apples comparison. Each point indicates the per-model mean composite score, comparing the default
instructions (circles) to the emerging technology instructions (squares) for each model.

Figure E.4. (Color online) Emerging Tech Focused Prompt: Ranked Raw Metrics

BBB Simulation Outcomes by Model
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Notes. Each semitransparent point is the score from a single simulation run (horizontally jittered for readability). Solid points show the per-
model mean; error bars indicate an approximate 95% confidence interval for the mean across runs.



Downloaded from informs.org by [216.73.216.94] on 06 June 2026, at 04:40 . For personal use only, all rights reserved.

Allen and McDonald: How Well Can Al Do Strategy? Strategy Simulation Benchmark
114 Strategy Science, 2026, vol. 11, no. 1, pp. 93-117, © 2026 The Author(s)

Appendix F. Open-Source Model Results

Figure F.1. (Color online) Composite Results for Open-Source Models (Masked; Advanced Mode; Default Instructions) over
Time
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Notes. Each point indicates the per-model mean composite score, comparing the open-source models (opaque) to the proprietary models (trans-
parent) for each model. Historical MBA scores represented as dashed lines to serve as reference points.

Figure F.2. (Color online) Composite Results for Open-Source Models (Masked; Advanced Mode; Default Instructions) Ranked
by Score
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Notes. Each point indicates the per-model mean composite score, comparing the open-source models (opaque) to the proprietary models (trans-
parent) for each model. Historical MBA scores represented as dashed lines to serve as reference points.
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Figure F.3. (Color online) Raw Metrics for Open-Source Models (Masked; Advanced Mode; Default Instructions) Ranked by

BBB Simulation Outcomes by Model
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Notes. Each point indicates the per-model mean composite score, comparing the open source models (opaque) to the proprietary models (trans-
parent) for each model. Historical MBA scores represented as dashed lines to serve as reference points.

Endnotes

1 Like GPQA for PhD-level science questions and LM Arena for
user-rated chat performance.

2See the latest results at https://ryantallen.github.io/bbb_bench
mark_public/.

3 This limitation applies only to the min-max normalization step:
Composite scores are comparable across data sets only when they
are normalized using the same reference set (i.e., the same min and
max values). When computed from a shared normalization base-
line, composite scores can be compared across data sets. By con-
trast, the underlying raw outcomes (e.g., cumulative revenue and
cumulative profit) remain directly comparable across data sets, pro-
vided they are generated under the same game and difficulty
mode.

# We used all available data and did not omit any years. Some years
did not have any simulation results available for collection.

5 Notably, there were two exceptions in this robustness check. In
the latest Basic-mode run, GPT-5.2 performed substantially better
and ranked first overall, and o3-mini (the top performer in
Advanced) performed noticeably worse. 03-mini’s Advanced-mode
strength often came less from aggressive investment in the emerg-
ing SC technology and more from conservative pricing choices that
reduced the probability of being fired; in many runs it still finished
with #$50M in SC revenue despite minimal SC investment. In Basic
(where firing is impossible) this “risk management” advantage

disappears, and similarly aged models that invest more heavily in
SC tend to outperform it. Outside of these exceptions, relative per-
formance for the remaining models closely tracks the Advanced-
mode results, including the recurring tradeoff in which frontier
models perform strongly on cumulative profit but lag on Emerging
Tech Revenue.

8 Specifically, the emerging technology-focused prompt was “Please
make the requested strategic decisions for the upcoming year based
on the information provided. IMPORTANT: your goal is to make
investments to maximize revenue from the emerging technology by
the end of year 10, while still maintaining profitability in existing
markets.”

" The code repository to replicate these results is available at
https:// github.com /ryantallen/bbb_benchmark_public.
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