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Abstract

We suggest that AI can help decision-makers learn; spe-

cifically, that it can help them learn strategic interactions

by serving as artificial training partners and thus help

them to overcome a bottleneck of scarce human training

partners. We present evidence from chess computers, the

first widespread incarnation of AI. Leveraging the stag-

gered diffusion of chess computers, we find that they did

indeed help chess players improve by serving as a substi-

tute for scarce human training partners. We also illustrate

that chess computers were not a perfect substitute, as

players training with them were not exposed to and thus

did not learn to exploit idiosyncratic (“human”) mistakes.

We discuss implications for research on learning, on AI

in management and strategy, and on competitive

advantage.
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1 | INTRODUCTION

We suggest that AI can help decision-makers learn. Specifically, we propose that AI-backed
computer simulations can train decision-makers in strategic interactions. While strategic
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interactions are ubiquitous (e.g., when competing or negotiating), learning them is challenging
because gathering experience is expensive. Decision-makers therefore often choose to train stra-
tegic interaction with training partners who emulate actual opponents. But qualified training
partners are often scarce—a bottleneck for decision-makers learning strategic interactions.

We propose that AI can help overcome that bottleneck. Specifically, we suggest that AI-
backed computer simulations provide decision-makers with artificial training partners that
can realistically emulate the behavior of actual opponents. Thanks to continuous improve-
ments in algorithms and computational power, AI-backed computer simulations are a scal-
able substitute for scarce human training partners and thus help decision-makers learn
strategic interactions. However, they are not necessarily a perfect substitute. When training
with boundedly rational human training partners, decision-makers are exposed to “human”
mistakes which consistently performing AI does not make. Decision-makers who train with
AI are thus not exposed to (human) mistakes and may—as a consequence—not learn to rec-
ognize and exploit them.

We examine the potential of AI to help decision-makers learn strategic interaction by ana-
lyzing the effect of chess computers on the performance of chess players. This empirical setting
allows us to link the first widespread application of AI (chess computers) with a prime example
of complex strategic interaction (chess). We use data on more than 20,000 chess players in
Western Europe and the former Soviet Union (hereafter, just “Soviet Union”) and analyze their
performance across half a million tournament games. Our window of observation is 1970 to
2000, a period in which chess computers diffused widely and evolved tremendously. We link
this data with detailed historical information on commercial chess computers. While chess,
being a well-defined problem in a closed setting, is unrepresentative of many real-life strategic
challenges, it does constitute a complex strategic interaction and thus serves as an early testbed
to examine whether decision-makers can train such interactions with the help of AI.

We start by investigating the main effect; that is, whether chess computers have a positive
effect on players' performance. In a difference-in-differences (DiD) framework, we leverage two
natural experiments that offer exogenous albeit high-level variation in access to chess computers:
first, the introduction of commercial chess computers in Western Europe, beginning in 1977,
and, second, their belated diffusion in the Soviet Union after the fall of the Iron Curtain in
1989. We find an increase in chess performance among Western European players from 1977
and a relative catch-up of Soviet players from 1989. We provide additional evidence that the
performance increase is indeed due to chess computers. Most notably, we exploit a particular
limitation of early chess computers that made them more effective opponents when they played
black. Our finding that players with access to chess computers improved more in playing white
strongly suggests that it was chess computers that helped them improve.

We also illustrate an important boundary condition: the effect of chess computers is con-
fined to players whose skills are inferior to the chess computers available at a given time. Given
the tremendous evolution of strength in chess computers, this boundary condition implies that
weak players tended to “catch up,” resulting in a convergence of the skill distribution.

We test the suggested mechanism of how AI helps in learning strategic interaction by being
a substitute for scarce human training partners. We distinguish players by how many opportu-
nities they have to train with human training partners. We find that players with fewer such
opportunities benefit more from chess computers. By extension, our argument suggests that
players with access to chess computers may forgo participation in tournaments that serve pri-
marily as an opportunity to train with other humans. Our data provide consistent evidence:
players with access to chess computers play fewer tournaments.
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The finding that artificial training partners are a substitute for human training partners in
learning strategic interaction raises the question of whether they are a perfect substitute. We
therefore examine whether the learning outcome differs between training with AI and training
with a human. We focus on a distinct feature that separates AI from humans: the consistency of
its performance. Boundedly rational human training partners make idiosyncratic mistakes—so-
called blunders—due to lack of concentration, but AI does not; “machines don't get tired.”
Decision-makers who train with AI thus have less exposure to blunders, but part of succeeding
in competitive strategic interaction is to recognize and exploit an opponent's blunder. We
indeed find players with access to chess computers less able to exploit a human opponent's
blunder.

Our findings allow us to contribute to three research domains. By examining how decision-
makers learn strategic interactions, we contribute to research on learning (Anand et al., 2016;
KC et al., 2013; Maula et al., 2022). We illustrate that scarce human training partners can be a
bottleneck in learning strategic interactions and that AI can help overcome this bottleneck, as it
is a scalable substitute. That said, AI is not necessarily a perfect substitute, as the outcomes
from training with human and artificial training partners differ.

We also contribute to research on the role of AI in management and strategy. While
research has pointed out that AI can either substitute for or complement human decision-
makers (Agrawal et al., 2019; Brynjolfsson & Mitchell, 2017; Felten et al., 2021), we show that it
can also help them learn.

Our findings inform research on the dynamics of competitive advantage. We complement
research on population-level performance distribution (Kapoor & Agarwal, 2017; Lenox
et al., 2006) by illustrating how new training technologies can change it. We contribute to
research on strategic interaction by illustrating that the ability to exploit the blunders of
boundedly rational opponents is an important skill for a decision-maker and is better acquired
through training with boundedly rational humans than with consistently high-performing
machines.

2 | THEORETICAL BACKGROUND

2.1 | The difficulty of learning strategic interactions

It is crucial for decision-makers to learn strategic interactions. Making mistakes in strategic
interactions can be very costly as they are often irreversible and highly consequential (e.g., a
company may slide in the competitive rank order). It is thus crucial that organizations and their
decision-makers find a way to learn strategic interactions.

It is, however, challenging to learn strategic interactions as its process differs from that of
learning other kinds of activities. The classical learning process is composed of the actor taking
some action and receiving performance feedback (Greve, 2003; Joseph et al., 2016; Keil
et al., 2022), allowing the trainee to learn about the effectiveness of an action. In strategic inter-
actions, a sequence of actions and responses takes place—and only at the end is the actual out-
come revealed.1 Learning strategic interactions thus requires learning a particular kind of skill:

1For example, prior literature has considered location choices and alliance building as strategic interactions at the firm
level (Alc�acer et al., 2015; Panico, 2017). More generally, any bargaining between firms (e.g., auctions, litigation) or
within firms (e.g., salary negotiations) can be understood as a strategic interaction.
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anticipating the opponent's response (Levine et al., 2017; Menon & Yao, 2017). Beyond requir-
ing an additional kind of skill, the outlined sequence of action and responses also accentuates
many learning challenges. For example, the sequence of actions and responses results in
numerous potential scenarios, making it hard to gain an overview of the performance landscape
(Adner et al., 2014; Siggelkow, 2002). Also, the effect of any action is contingent on the actions
taken by other actors—making learning harder (Piezunka et al., 2022; Rivkin &
Siggelkow, 2003). Moreover, while credit assignment is generally difficult (Clough &
Piezunka, 2020; Rahmandad et al., 2009), this is particularly true when performance is revealed
only at the end (Christensen & Knudsen, 2010; Fang & Levinthal, 2009)—like it is often the
case in strategic interactions. In brief, the interplay of actions and responses renders strategic
interactions difficult to learn.

2.2 | The need for and benefits of experiential learning

The features that render strategic interactions difficult to learn also limit the progress that can
be made in a non-experiential manner. In non-experiential learning, decision-makers rely on
codified knowledge (e.g., books or lectures). They thus learn about potential actions and
responses but do not have the actual experience of taking such actions and receiving such
responses (Martin et al., 2014). Learning from codified knowledge can provide a general under-
standing and a familiarity with archetypical strategies, but is unlikely to be sufficient to master
strategic interactions. Even if the codification is extensive, the complexity of strategic interac-
tions will unavoidably result in non-codified scenarios, where the actions that the trainee
learned to be effective turn out to be ineffective. Experiential learning is thus crucial as it can
accustom decision-makers to navigating unknown scenarios. Learning from codified informa-
tion is also insufficient insofar as strategic interaction requires not only understanding but also
implementation. All told, the challenges in learning strategic interactions and the insufficien-
cies of learning them non-experientially suggest that experiential learning is essential.

Learning strategic interaction experientially implies taking an action and receiving a
response. This underscores a crucial difference between learning strategies interactions and
many other activities—the need for an interaction partner who responds. Receiving a response
helps decision-makers learn about the effectiveness of their actions; it allows them to become
better in the crucial task of anticipating an opponent's response (Levine et al., 2017). Decision-
makers can also explore alternative actions, gaining an understanding of the actions' relative
effectiveness and extending their own repertoire of actions (Smith et al., 2005). Experiential
learning also allows them to learn about non-codified (and typically less common) scenarios
(Martignoni et al., 2020). Taken together, experiential learning, with decision-makers receiving
responses to their actions, allows them to improve in strategic interactions.

2.3 | Traditional ways of learning strategic interactions experientially

One way to learn experientially is to engage in actual strategic interactions; that is, to learn
“online” (Gavetti & Levinthal, 2000). However, learning this way is challenging. First, opportu-
nities to engage in strategic actions are often limited. Second, the stakes in strategic actions are
often high (relative to other organizational actions), rendering suboptimal outcomes expensive.
Third, the actions taken are often irreversible and may cast a long shadow by affecting
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subsequent actions and responses as well. Finally, there may be undesired externalities, such as
that potential strategies to competitors are revealed, which reduces the chance to surprise them
with a well-proven action. In brief, due to their sequential and repeated nature, learning strate-
gic interactions through actual engagement is very costly.

Given the benefits of experiential learning and the costs of engaging in actual strategic inter-
actions, decision-makers often learn strategic interactions by simulating them with human
training partners. Executives may hire a consulting company to engage in war games, with the
consultants emulating potential strategic responses to strategic actions the firm is considering
(Courtney et al., 2020). But while human training partners have the benefit of being
“responsive,” they are often scarce. This is because responsive training is usually bilateral
(Bloom, 1984); that is, training with a human partner is hard to scale. Human training partners
may also be hard to find and/or costly. This is particularly true for human training partners suf-
ficiently skilled to emulate the strategic responses of actual opponents. All told, training with
human training partners is effective, but they are also scarce and thus constitute a potential bot-
tleneck in learning strategic interaction.

2.4 | Learning strategic interactions experientially with AI

We suggest that AI can serve as a substitute for human training partners. We conceptualize the
AI to be part of a computer-based simulation, with the latter providing the environment for the
strategic interaction. The role of the AI in such simulations is to emulate competitors and their
responses to the decision-maker's actions—and thus serve as artificial training partners.

We are not the first to point out that people can use technology for training (Bailey
et al., 2019; Beane, 2019). People already train various activities with the help of conventional
simulations (Salas et al., 2012). For example, tennis-ball machines help tennis players train by
serving balls, and flight simulators help pilots familiarize themselves with air navigation. While
conventional simulations sometimes involve interaction partners, they follow simple routines
and “if-then” expressions, which do not reflect an actual human decision-making process. The
responses of conventional simulations thus often lack the necessary realism to make them
meaningful training partners, especially in complex strategic interactions. In short, conven-
tional simulations are helpful for training certain activities, but their unrealistic responses make
them fall short in teaching complex strategic interactions.

AI-backed simulations, however, allow for more realistic emulation of competitors than pre-
viously possible due to advances in predictive computer algorithms—such as neural
networks—combined with ever-increasing computational power and data availability (Agrawal
et al., 2018; Wu & Brynjolfsson, 2015). We therefore suggest that AI-backed simulations can be
artificial training partners that emulate competitors in their responses.

An example provided to us by a military training expert illustrates the difference that AI can
make. Consider a simulation in which soldiers have to conquer a territory. In a conventional
simulation without AI, the emulated enemy soldiers each react to the trainees' actions
according to relatively simple and predefined—thus, not very realistic—routines. With AI, the
emulated enemies coordinate among one another and respond to the soldiers' actions as real
enemy soldiers would. This difference can be crucial for learning as it separates a toy-like simu-
lation from a sufficiently realistic training simulation. That said, the ability of AI to emulate
human behavior can vary substantially depending on the underlying algorithm and the specific
task (Athey et al., 2020; Dell'Acqua, 2022).
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The particular appeal of AI-backed simulation as a mode to learn strategic interactions expe-
rientially is thus twofold: (a) AI-backed simulations are scalable and thus highly available
(as are books, lectures, and conventional computer-based simulations), and (b) AI-backed simu-
lations provide realistic responses (as human training partners do). When one maps out the
training modes discussed so far—as in Figure 1—the special position and particular appeal of
AI-backed simulation become evident: it resolves the tradeoff between availability and responsive-
ness that has so far defined the landscape of training modes.

2.5 | Research questions

The arguments above raise several research questions, which we examine empirically.
First: Do decision-makers benefit from training with AI-backed computer simulations? That is,

does their performance in actual strategic interactions improve? We seek to explore this ques-
tion “in the field,” where other modes of training strategic interactions already exist. In other
words, we do not ask whether training with AI-backed simulations is better than no training
but whether it is beneficial in the presence of other training modes.

Second: Is the proposed effect of AI-backed simulations subject to a boundary condition? We
suggest that artificial training partners provide the kinds of responses that decision-makers
would receive from actual competitors. It therefore seems plausible that AI-backed simulations
only benefit decision-makers if the AI can emulate the responses of their actual competitors.

Third: Is substitution for human training partners the core mechanism? In other words, do
AI-backed simulations help decision-makers learn strategic interaction because artificial train-
ing partners solve the bottleneck of scarce human training partners by being a scalable
substitute?

Fourth: Are AI-backed simulations a perfect substitute for human training partners? That is, do
the learning outcomes with AI-backed simulations match those with human training partners?

3 | SETTING AND DATA: CHESS COMPUTERS

To examine whether AI can help people improve at strategic interactions, we study the effect of
chess computers on the performance of (human) chess players.

FIGURE 1 Schematic overview of methods to train strategic interactions.

GAESSLER and PIEZUNKA 2729

 10970266, 2023, 11, D
ow

nloaded from
 https://sm

s.onlinelibrary.w
iley.com

/doi/10.1002/sm
j.3512 by U

niversitat Pom
peu Fabra, W

iley O
nline L

ibrary on [03/04/2025]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



3.1 | Chess as Strategic Interaction, Chess Computers as AI-backed
Simulations

We use chess to examine decision-makers' ability to learn strategic interactions. In chess, two
individuals compete in a closed setting, each taking an action followed by the opponent's
response. Given the interactive nature of the game, the large number of scenarios, and the diffi-
culty of credit assignment, chess is widely considered a prototypical—and is an often-cited—
example of strategic interaction (Krakowski et al., 2022).2

To examine whether and how AI helps decision-makers learn strategic interactions, we
study the effect of chess computers. The link between AI and chess computers goes back to
AI's inception. Alan Turing, the father of modern computer science, and Claude Shannon,
the father of modern information theory, both studied chess. Since then, chess has been the
primary use case for AI innovation, and chess computers have been at the frontier of AI
applications (Kasparov, 2018). Herbert Simon, a pioneer of AI and organization theory,
described chess as the fruit fly of AI—that is, a simple system that allows the initial explora-
tion of complex phenomena (Chase & Simon, 1973), as the fruit fly often does in the study
of human genetics. As “machine[s] [able] to imitate intelligent human behavior” (Merriam
Webster, 2022), chess computers became, in the 1970s, the first commercial application of
an AI-backed simulation.

Although there has not been a lasting definition of AI,3 chess computers exemplify two of
its core aspects. First, AI has generally been associated with complex tasks, such as translation,
hiring, and medical diagnosis (Agrawal et al., 2018; Brynjolfsson et al., 2019; Felten
et al., 2021). Chess is notoriously complex; there are 69,352,859,712,417 possible scenarios after
only the first 10 moves. The selective evaluation of these scenarios challenges the cognitive abil-
ities of even the most intelligent humans. Second, AI has been associated with emulating
human thought (Simon, 1996). A human chess player narrows the search scope based on some
(implicit) rules and then evaluates only certain moves in depth. The AI in chess computers is
programmed to apply such selective evaluation processes by following a predetermined set of
heuristics (Simon & Schaeffer, 1992). In contrast, modern AI relies primarily on machine learn-
ing techniques in which the AI follows rules derived from existing data. Despite this difference
in the AI's backend, its defining purpose—emulating human decision-making—has remained
the same.

It is important to note that the typical chess computer in our sample only responded to
the focal player's moves with a countermove; it did not provide additional feedback (e.g., an
explanation of why the player's move was not optimal). In this regard, chess computers are
probably best compared with training partners that take on the role of real opponents rather
than to teachers or coaches; that is, they respond to the player's move but provide no further
feedback.

2More broadly, a rich emerging body of research has illustrated the potential of leveraging sports data for research in
management and competition in particular (Marino et al., 2015; Sharapov & Ross, 2023)
3Definitions of AI vary mostly in their breadth: artificial intelligence is usually seen as an umbrella term for all
machines that imitate human behavior/intelligence. Machine learning methods are a subset of AI methods and deep
learning methods are a subset of machine learning. The debate on what defines AI is exemplified by the so-called AI
effect (McCorduck, 2004)—the repeated observation that as soon as AI solves a problem, that problem is no longer seen
as requiring actual intelligence.
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3.2 | Data

Our research design combines data on chess players and chess computers. We create a three-
decade-long unbalanced panel of about 20,000 players with detailed information on more than
500,000 tournament games. We extract player- and game-level data from ChessBase, the leading
chess database providing comprehensive coverage of tournament games. ChessBase includes
meta-information on more than seven million games—such as date, location, tournament, and
outcome—and on the players—such as name, country, and birth year. We transform the
dataset from game to player-year level. We focus on 1970 to 2000—the period in which chess
computers became available and diffused widely. Our player sample is defined by tournament
activity and country of residence. All players in our sample have played tournament games. We
restrict our sample to players residing in either Western Europe or the Soviet Union. ChessBase
includes the moves played in each game; we process this granular information on more than
21 million moves to capture the players' performance in strategic interactions.4

We also create a dataset on chess computers. We first assemble an exhaustive list of over
500 commercial models with information on the release date, strength, price, and manufac-
turer.5 We then determine the upper-bound strength of all available chess computers for each
year from their introduction in 1977 to 2000.

4 | ANALYSIS

4.1 | Analysis—Part 1: Main effect

Our analysis starts out by examining whether chess computers have a positive effect on players'
performance. We leverage two natural experiments in the form of the staggered diffusion of
chess computers in Western Europe and in the Soviet Union.

4.1.1 | Research design

We use the staggered diffusion of chess computers as an exogenous variation in access to chess
computers. Chess computers became available in Western Europe in 1977,6 but not in the Soviet

4The overwhelming majority of players in our data reside in Western Europe (see Supporting information Figure A1).
Very few are active for the full period; most either drop out before the panel ends (retirees) or join after it begins
(newcomers). In general, due to the increasing popularity and coverage of chess, the data become denser (more players,
more games per player) towards the end of the panel. We address the panel's unbalancedness in robustness checks.
5Our primary source for this is http://www.schach-computer.info/wiki, a community-based wiki. We cross-check and
supplement this source with information from various online and offline sources.
6In 1977, the first commercial chess computer, Chess Challenger, went on sale in the West and quickly diffused. Several
manufacturers introduced stronger and cheaper models over the following years (see Supporting information
Figure A2). See Figure A3 for the typical design of a dedicated chess computer. Although systematic sales data are not
available for this period, we know that (a) worldwide sales were about 300,000 in 1979 and 1.4 million in 1981; (b) in
1987, more than 1 million West Germans had access to a chess computer and 1.8 million intended to buy one; and (c) in
1989, the global chess computer market was valued at about 45 million USD annually. These figures are in line with
anecdotal evidence of the widespread adoption of chess computers in Western Europe. For instance, in 1982, the US
Chess Federation promoted a branded chess computer exclusively for members (see Figure A4). In the same year,
computer chess companies first topped 100 million USD in sales.
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Union until 1989.7 These two discrete events allow us to run a DiD analysis with the following
pattern: From 1970 to 1976, no player had access to chess computers. From 1977 to 1989, only
players in Western Europe had access. From 1989 onward, players in Western Europe and the
Soviet Union had access. This pattern should imply that any estimated differential effect of
chess computers on player performance (that is, in Western Europe vs. the Soviet Union)
should vanish once they became available in both regions.

4.1.2 | Variables and econometric model

Dependent variables: To examine whether access to chess computers helps players learn strate-
gic interactions, we measure players' progress in performance. We construct three distinct mea-
sures of player performance. Our primary measure—Elo rating—is used to quantify the relative
skill of players in many zero-sum games, such as chess. Elo rating increases (decreases) if the
player wins (loses), with the increase (decrease) dependent on the difference in skill level
between the two players. Elo rating is well established in chess and is directly provided by our
secondary data. It may, however, be subject to biases.8

We therefore use additional performance measures. One, average centipawn loss, is based on
centipawn loss, a common measure of the quality of a single chess move.9 It is determined by com-
paring a player's advantage from playing a chosen move with the advantage from playing the best
move available. To use this measure, we assessed all moves in our sample (21 million) and identi-
fied the optimal move in each case. To this end, we use Stockfish, a high-end open-source chess
engine.10 We then determine the player's advantage before and after the chosen move and calculate
the loss or gain in advantage relative to that of the best available move (see Supporting information
Appendix C for details). The average centipawn loss is the player-year-specific average difference in

7Chess computers were de facto unavailable in the Soviet Union. In fact, the Soviet Computer Chess Federation noted
that “[w]ith the intense interest in chess of the Soviet people and the early success of computer chess, it is perhaps
surprising that from the mid-70s to 1988 there was little computer-chess activity in the Soviet Union” (Donskoy &
Schaeffer, 1988). No competitive product was developed or produced in the Soviet Union or its satellite states and the
1979 Western trade embargo on electronics (the COCOM embargo) made it almost impossible to import microchip-
based devices (Gustafson, 1981). We cannot fully exclude the availability of chess computer software, as there was a lot
of software plagiarism (circumventing the trade embargo). However, computers remained a luxury item for most of the
Soviet population (Judy & Clough, 1990). Only with Glasnost (1987) and then the fall of the Iron Curtain did the import
of Western electronics start to increase. The first Soviet private chess computer clubs were founded in 1989 and the
leading Soviet chess magazine established a regular chess computer column in 1990.
8The Elo rating is comparative and therefore depends on the pool of players. In our empirical analysis, we compare the
performance of Western and Soviet players with each other. Differences in pool composition (e.g., a larger share of bad
players in tournaments in one region) could render their Elo ratings less comparable. We compare the distribution of
“home” and “away” games of Western and Soviet players before 1989 (see Supporting information Figure A6) and find
that despite the Iron Curtain, Soviet and Western players frequently encountered each other in international
tournaments. We therefore gain confidence that we can take their Elo ratings at face value.
9The centipawn is a chess-internal unit of measure to quantify advantage. A centipawn equals 100th of a pawn (the
least-valued piece in chess). Centipawns play no formal role in the game but prove helpful in evaluating positions and
comparing possible moves.
10Stockfish has been consistently ranked first or second in chess-engine rating lists and is widely seen as one of the
strongest conventional chess engines in the world. For more information, see https://stockfishchess.org/. Stockfish
searched 20 moves deep and evaluated up to 70 million possible moves per second. Given the large number of moves to
be evaluated, we faced a parallel runtime of about 6 weeks with 96 virtual central processing units on a cloud
computing platform.
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advantage from all played moves. As we illustrate in Supporting information Figure A5, Elo rating
and average centipawn loss are highly correlated: a player with a high (low) Elo rating has a small
(large) average centipawn loss. Thus, if access to chess computers has a positive effect on chess per-
formance, it should have a negative effect on the average centipawn loss.

For our third measure of performance, Game won, we observe the outcome of a given game
from the player's perspective, focusing exclusively on direct encounters between Western and
Soviet players, who frequently face off at tournaments despite political boundaries.

Independent variables: Our key independent variable, Chess computer access, captures
the possibility of accessing chess computers. It is time-variant and indicates whether chess
computers were available in a player's region. Western players have had access to chess
computers since 1977, but Soviet players only since 1989. Chess computer access is therefore
a binary variable that equals 0 for all players starting in 1970, equals 1 for Western players
from 1977 on, and equals 1 for Soviet players from 1989 on. Our treatment variable captures
whether the focal player resided in a region with access to chess computers, not whether
the player actually used one. This limitation most likely results in an underestimation of the
actual effect.

Econometric model: For the main part of our empirical analysis, we rely on DiD
models with player fixed effects, exploiting the treatment condition (access to chess com-
puters) over time for the effect of chess computers on player performance. We create a
panel at the player-year level and compare the performance of player i over time t to
capture learning, distinguishing years in which i is either treated or not treated. The
model can be written:

yit=αi+β1 Chess computer accessit+ageit+δt, ð1Þ

where y is the dependent variable, capturing a player's performance. Since performance may
correlate with general advances in chess theory and didactic, we control for time trends using
calendar-year fixed effects. Because treatment might be correlated with the player's seniority,
we include age dummies to capture nonlinear life-cycle effects. Identification relies on the com-
parability of players from Western Europe and the Soviet Union. We discuss the latter's virtue
as a control group below and solidify the common trend assumption through an event study. In
all models, we cluster standard errors at the player level.

4.1.3 | Results

We find a positive effect of access to chess computers for our main measure of player perfor-
mance (Elo rating), suggesting that AI in the form of chess computers helped chess players
learn. Table 1 shows the effect of chess computers on player performance in the form of a
binary treatment variable, Chess computer access. The average treatment effect on perfor-
mance measured by the annual Elo rating is 0.011 with a p value smaller than .001 (Table 1,
Model 1). Given that we use a linear model, the coefficient can be directly translated into
Elo points. That is, the estimated effect represents an increase of about 11 Elo points in the
player's annual Elo rating. This increase is economically significant, making a treated player
with an initial Elo rating of 2000 about 3% more likely to beat an untreated player of previ-
ously equal rank under tournament conditions.
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We test whether this effect is robust to our two alternative measures of perfor-
mance.11 We find the suggested negative effect on average centipawn loss, which implies
that moves made by players with access to chess computers got closer to the best possible
move available (see Table 1, Model 2). However, this effect is imprecisely estimated. We
also find consistent evidence for our third dependent variable; that is, an increased likeli-
hood that chess players with access to chess computers will beat those without it (see
Table 1, Model 5).

To alleviate concerns that players from Western Europe and the Soviet Union are not com-
parable in skill development due to socio-economic differences between the regions, we run an
event-study regression of player performance on a full set of interaction terms between the
binary indicator for Western Europe and the year fixed effects as independent variables.

The event-study results presented in Figure 2 illustrate that the positive treatment effect
on player performance is confined to the period when only Western players had access to
chess computers. We find no systematic differences between Western and Soviet players
before treatment (before 1977), a positive difference during the treatment period (1977–
1989), and convergence back to a common trend afterwards (after 1989). This result solid-
ifies the underlying linear trend assumption between the treatment and control groups dur-
ing the two periods without treatment differences (before chess computers were available at
all and after they became available in both regions).

TABLE 1 Chess performance over time

Sample: All players (1) (2) (3) (4) (5)

DV Elo rating

Average centipawn loss

Game wonAll White Black

Chess computer access 0.011 (0.003) –0.362 (0.302) –0.706 (0.342) –0.381 (0.440) 0.060 (0.011)

Player FE Yes Yes Yes Yes Yes

Player age FE Yes Yes Yes Yes Yes

Year FE Yes Yes Yes Yes Yes

Observations 170968 170968 151475 151475 93306

Players 19285 19285 17633 17633 5694

Log-likelihood 228875 –623057 –557466 –602732 –54990

Note: Columns (1) to (4) show the estimates of linear model regressions with high-dimensional fixed effects. The unit of
observation is the individual chess player by year in columns (1) to (4). In column (5), the unit of observation is at the game

level, where the sample consists of all games in which European and (former) Soviet players encountered each other. Note that
a lower average centipawn loss means a higher chess performance. The samples in Columns (3) and (4) are aligned to ease
comparison between the coefficients. Robust standard errors clustered at the player level in parentheses.

11We further test the robustness of these results by estimating the main specification on distinct subsamples. First, to
ensure that our results do not hinge on the panel's unbalancedness and unequal density, we restrict the sample either to
a more stable subset of players with above-median tournament activity (≥90 games) or to players with above-median
career length (≥9 years) (see Supporting information Table B2, Models 1–4). Second, to address the concern that
selection into our sample may drive the effect, we left-censor the panel to players with an Elo rating of 2000 or higher
(see Table B2, Models 5 and 6). Third, we restrict the sample to shorter time windows around the two discrete events in
1977 and 1989 (see Table B3). These results all correspond qualitatively and statistically to our main result.
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4.1.4 | Supporting evidence

While the staggered diffusion of chess computers provides the necessary exogenous variation in
access, the treatment level remains crude (at the regional rather than player level). This leaves
room for alternative explanations. We therefore conduct an additional test that strengthens the
link between the observed increase in player performance and learning with chess computers.
A particular limitation of early chess computers as artificial training partners was that they
were more effective opponents when playing black (the second mover) instead of white (the
first mover).12 Consequently, players training with chess computers typically played white. In
tournaments, however, a player is as likely to play black as white. If the observed improvement
is indeed due to training with chess computers, one would expect players to have improved
their white game more than their black game. To test this, we construct the average cen-
tipawn loss for each player's white and black tournament games separately. We indeed find
that the effect on the average centipawn loss is larger for white games than for black games
(Table 1, Models 3 and 4). Although the difference between these two coefficients has a
p value of about .2, we deem it noticeable.13 This non-uniform effect rules out many non-

FIGURE 2 Event study: the effect of region (Western Europe) on chess performance (Elo rating). Source:

This figure plots the point estimates and 95% confidence intervals of the effect of Western Europe × Year on Elo

rating. The regression specification is as follows: yit=αi+WesternEuropej ×
P2000

k=1970;k ≠ 1973 βk+ageit+δt:

12Chess computers at that time lacked variation due to their deterministic play. Thus, when playing white, they would
not vary their initial move as human players would do. This implies that chess computers constituted a better artificial
training partner when the human player took the initiative.
13This is underlined by the results of an additional test (Supporting information Table B1), in which we regress chess
computer access (as the dependent variable) on the two distinct average centipawn loss variables (as independent
variables). In this regression, only the average centipawn loss variable based on white games shows a sizable negative
coefficient with a p value of 0.05.
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technological explanations for the improved player performance in regions with access to
chess computers.

Taken together, our results strongly suggest that AI-backed simulations in the form of chess
computers help people learn how to engage in strategic interactions.

4.2 | Analysis—Part 2: AI strength as a boundary condition

We propose that decision-makers only benefit from training with AI if it provides artificial
training partners whose skills match those of the respective trainee. This implies that a
chess player benefits from training with chess computers only if they are (at least) on par
with the chess player. To examine this, we leverage the continuous evolution of the strength
of chess computers. Since their commercial introduction in 1977, chess computers have con-
tinuously improved in strength (see Figure 3). While early models played at best like an
amateur, later models could also play at grandmaster level and above. If only players whose
skills are inferior to current chess computers benefit from training with them, we expect to
find heterogeneity in the treatment effect depending on whether current chess computers
matched a player's skill.

We explore this heterogeneity in the treatment effect by including additional indepen-
dent variables (and interactions thereof) that capture the strength of chess computers in
absolute terms and in relative (i.e., player-specific) terms. Chess computer strength is the Elo
rating of the strongest commercially available chess computer in a given year and Chess
computer superior indicates whether the Elo rating of that chess computer is higher than
that of the focal player for that year. The intuition behind Chess computer strength is that

FIGURE 3 Chess computer strength over time. Source: This figure illustrates the progress in chess

computer strength over time in Elo ratings. For each year, the upper bound strength of all available

commercial chess computers is considered. Non-commercial chess computers (e.g., Deep Blue) are

excluded.
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trainees benefit more the stronger their artificial training partner is, while the intuition
behind Chess computer superior is that chess computers superior to the player are particu-
larly helpful as they can emulate human opponents that are at least on par with the player.
The full model is:

yit=αi+β1 Chess computer accessit+β2 Chess computer access×Strengthit

+ β3 Chess computer superiorit+β4 Chess computer access×Superiorit
+ β5 Chess computer access×Superior×Strengthit+ageit+δt,

ð2Þ

where the dependent variable y is a player's performance, and the independent variables are
Chess computer access, Chess computer strength, and Chess computer superior and their full set
of interactions.14

We find that the magnitude of the treatment effect on player performance depends on the
chess computer's strength in absolute terms as well as relative to the player (Table 2). In Model
1, the corresponding coefficients are positive, suggesting that chess computer access had a
stronger effect on the performance of players to whom the best available chess computer was
superior. Model 2 includes region-year fixed effects that capture time-variant differences
between the two regions, which could be chess-specific (e.g., changes in a given chess player

TABLE 2 Chess performance over time—heterogeneity by chess computer strength

Sample: All players
Elo rating Average centipawn loss

DV (1) (2) (3) (4)

Chess computer (CC) access 0.015 (0.003) 0.050 (0.368)

× CC strength 0.016 (0.005) 1.084 (0.601)

× CC superior 0.038 (0.009) 0.040 (0.010) 0.074 (0.650) 0.217 (0.673)

× CC superior × CC strength 0.036 (0.009) 0.037 (0.009) – 1.896 (0.766) – 2.169 (0.771)

CC superior –0.053 (0.009) –0.055 (0.010) –0.328 (0.641) –0.503 (0.661)

Player FE Yes Yes Yes Yes

Player age FE Yes Yes Yes Yes

Year FE Yes No Yes No

Region-year FE No Yes No Yes

Observations 170968 170968 170968 170968

Players 19285 19285 19285 19285

Log-likelihood 229225 229309 –623021 –622907

Note: Columns (1) to (4) show the estimates of linear model regressions with high-dimensional fixed effects. The unit of
observation is the individual chess player by year. Robust standard errors clustered at player level in parentheses.

14We further estimate the effect of chess computers on player performance with a more restrictive specification, in
which we add region-calendar-year fixed effects, which capture differences in the year-specific chess environment
between Western Europe and the Soviet Union. We can still estimate the effect of chess computer access because
treatment now depends on the focal player's skill level and thus varies even between players within the same region
and year.
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population) or more general (e.g., changes in the socio-economic environment). The estimates
of the two independent variables of interest are highly similar to those in the less-restrictive
Model 1. In Models 3 and 4, we repeat this analysis with our other performance measure at the
year-average-centipawn-loss level. The most relevant interaction estimates correspond to those
in the models based on the Elo rating. That said, the coefficients of certain covariates
(e.g., Chess computer superior and Chess computer strength) are estimated with much lower pre-
cision than in the previous models. In some cases, they even exhibit opposite signs.

These results suggest that a player benefits from access to chess computers predominantly if
they can emulate a strategic response similar to that of a human opponent stronger than the
focal player. This, in turn, implies that the worse the player, the more likely a chess computer
of a given strength can be helpful.15 Note that this heterogeneity also helps us strengthen the
identification of the main effect of chess computers, as we examine within-population
variation.16

In summary, these findings of a heterogeneous treatment effect of chess computer strength
on player performance are (a) methodologically helpful, as they corroborate the suggested effect
of chess computers on player performance, and (b) theoretically interesting, as they imply a
boundary condition—that is, the positive effect of AI on learning occurs only when the AI can
provide sufficiently intelligent responses.

Our findings have a strategically important implication: not everybody benefits equally. Dis-
advantaged players—specifically, those with inferior skills—benefit most. AI-backed simula-
tions may therefore reduce variance in skill distribution at the population level, with players in
the left tail of the distribution more likely to improve. In other words, these disadvantaged
players can catch up, resulting in a more level playing field.

We explore whether chess computers indeed changed the skill distribution by examining
the distribution of Elo ratings of treated players over time. For this purpose, we focus on stable
groups of Western and Soviet chess players: those active throughout the 1980s. While the vari-
ance of the skill distribution increases from 1980 to 1988 for both groups, we find—as
expected—that this increase is smaller for Western players than for Soviet players (Supporting
information Figure A8). This descriptive finding is consistent with the argument that chess
computers fostered skill convergence and intensified competition.

4.3 | Analysis—Part 3: Mechanism

We propose that AI enables decision-makers to learn strategic interaction because artificial
training partners resolve the bottleneck of scarce human training partners by constituting a
scalable substitute. We therefore expect the effect of access to chess computers on player

15To show that the observed treatment effects are specific to players whose skills are inferior to those of the available
chess computers in a given year, we run placebo regressions in which we manipulate the year-specific strength of
available chess computers (see Figure A7). If we overstate the year-specific strength by 250 (500) Elo points, the
coefficients of the independent variable Chess computer access × Chess computer superior × Chess computer strength
become considerably smaller and can often no longer be statistically distinguished from zero. In contrast, if we choose a
more conservative scenario and understate the year-specific strength of the available chess computers, the effects
remain similar. These findings underscore the skill-level-dependent heterogeneity in treatment, as we would expect if
only superior chess computers provide effective training.
16This heterogeneity also allows us to ascertain the effect of chess computers on players in both regions by splitting our
sample and analyzing Western and Soviet players separately (see Supporting information Table B4).
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performance to depend on the degree to which a given player has opportunities to train with
human training partners (e.g., through friendly games in chess clubs). We therefore examine
whether the availability of opportunities to train with humans moderates the effect of chess
computer access on performance.

We keep performance as our dependent variable but introduce a moderator variable, Chess
event density, which captures the availability of opportunities to train with humans, measured
as the number of unique chess events in a player's country in the five previous years divided by
the number of unique chess players over the same period. This variable is a time-variant
country-specific measure of training opportunities and unrelated to chess computer access.

We indeed find that players with more training opportunities benefit less from access to
chess computers (see Table 3). The interaction term in Model 1 (Chess computer access × Chess
event density) suggests that a 1-SD-higher density of events in the player's home country lowers
the baseline treatment effect by about 25%. In Models 2 and 3, we split our sample at the
median into observations with a low and high chess event density and run separate regressions,
as specified in Equation (2). The interaction coefficient (Chess computer access × Chess computer
superior × Chess computer strength) is substantially larger for the low-density sample, suggesting
that the effect of chess computer access on performance is stronger for players with constrained
training opportunities. These results suggest that chess computers are a substitute for human
training partners.

Our analysis suggests that a key mechanism by which AI helps people learn strategic inter-
actions is providing training opportunities that would otherwise require (scarce) human train-
ing partners. Having leveraged the varying availability of opportunities to train with human
opponents, we conduct a further test to see whether providing training is indeed the mecha-
nism at work; that is, whether players with access to chess computers forgo training opportuni-
ties with humans. We examine whether they participate in fewer Tournaments and indeed find
a corresponding effect (Table 3, Model 4), suggesting that chess players have substituted chess
computer training for training at tournaments.

4.4 | Analysis—Part 4: imperfect substitution

Given the evidence that artificial training partners are a substitute for human training partners
in learning strategic interaction, we examine whether they are a perfect substitute; that is,
whether the learning outcomes of training with AI correspond to those of training with human
training partners. We presume this not to be the case due to a distinct feature of AI—its consis-
tency of performance. While human training partners frequently make idiosyncratic
mistakes—so-called blunders—due to lack of concentration, limited memory, or varying mood,
AI does not. Decision-makers who train with AI are therefore not exposed to as many blunders.
We would thus expect players who train with AI to be worse at exploiting blunders than those
without.

We indeed find that players with access to chess computers are less successful in exploi-
ting an opponent's blunder to win the game. To analyze this, we return to the game level,
choosing as our performance measure the incidence that a Western (Soviet) player wins in a
direct encounter with a Soviet (Western) player (Table 4). The game-level analysis allows to
establish a direct link between a blunder by the opponent and the outcome of the game. As
a reference, we repeat the analysis from Section 4.2, where we find a positive effect of access
to chess computers on winning (Model 1). We further find that blunders made by the
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opponent, which we operationalize as moves causing a centipawn loss in the 90th percen-
tile, have a positive effect on winning (Model 2). However, once we add both independent
variables—Chess computer access and Blunders—and their interaction (Model 3), we find

TABLE 4 Chess performance in case of blunder

Sample: All players
Game won

DV (1) (2) (3)

Chess computer (CC) access 0.060 (0.014) 0.057 (0.011) 0.077 (0.013)

Blunder by opponent 0.299 (0.006) 0.324 (0.013)

CC access × Blunder by opponent –0.028 (0.013)

Player FE Yes Yes Yes

Player age FE Yes Yes Yes

Year FE Yes Yes Yes

Observations 93306 93306 93306

Players 5694 5694 5694

Log-likelihood –54990 –50874 –50871

Note: Columns (1) to (3) show the estimates of linear model regressions with high-dimensional fixed effects. The unit of
observation is at game level, where the sample consists of all games in which European and (former) Soviet players
encountered each other. Robust standard errors clustered at player level in parentheses.

TABLE 3 Chess performance over time—mechanism: training opportunities

(1) (2) (3) (4)
DV Elo rating Elo rating Tournament attendance

Sample All

Chess event density

AllLow High

Chess computer (CC) access 0.012 (0.003)

× Event density –0.003 (0.001)

× CC superior 0.040 (0.010) 0.040 (0.010) –3.110 (0.519)

× CC superior × CC strength 0.041 (0.012) 0.027 (0.011) –8.323 (0.866)

Event density 0.000 (0.001)

CC superior –0.055 (0.010) –0.056 (0.010) 1.604 (0.502)

Player FE Yes Yes Yes Yes

Player age FE Yes Yes Yes Yes

Year FE Yes No No No

Region-year FE No Yes Yes Yes

Observations 170968 101969 97835 170968

Players 19285 16072 12832 19285

Log-likelihood 228900 136586 140080 –612445

Note: Columns (1) to (6) show the estimates of linear model regressions with high-dimensional fixed effects. Note that columns

(2) and (3) are based on a sample split at the median of the chess event density for Western players, while Soviet players are
part of both samples. The unit of observation is the individual chess player by year. Robust standard errors clustered at the
player level in parentheses.
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that players with access to chess computers benefit less from their opponents' blunders than
players without access.17

This suggests that training with highly rational artificial training partners does not prepare
trainees to exploit the blunders of boundedly rational human opponents as well as training with
other humans does. Given that an important part of strategic interactions is to exploit opponents'
blunders, AI-backed simulation remains limited in its ability to train decision-makers.

5 | DISCUSSION

Our analysis of whether AI helps decision-makers learn produces compelling evidence that access
to chess computers improves players' performance. In particular, players with inferior skills and
constrained training opportunities benefit from and are able to catch up due to training with
AI. Our analysis reveals the underlying mechanism: AI-backed simulations provide artificial
training partners that substitute for scarce human training partners and thus resolve the bottle-
neck created by that scarcity. Our comparison of the learning outcomes reveals, however, that
artificial training partners are imperfect substitutes for human training partners. Because artificial
training partners do not blunder, trainees do not learn to identify and exploit the blunders of the
boundedly rational human opponents with whom they are training to compete.

5.1 | Organizational learning: AI as substitute for human training
partners

Our research contributes to a key question in the learning literature: What underlies the hetero-
geneity in learning progress? Much research has illustrated the importance of accumulating
experience (Anand et al., 2016; Argote et al., 2021; KC et al., 2013). But this raises the question
of why actors differ in their tendency to accumulate experience. We illustrate that the scarcity
of qualified human training partners is often a bottleneck in gaining experience when learning
strategic interactions.

Our finding on training partners as a bottleneck and AI as a potential substitute informs
research on the crucial role of social networks in learning. Actors learn from competitors (Posen
et al., 2023; Ross & Sharapov, 2015), peers (Hallen et al., 2020; Tortoriello et al., 2012), teammates
(Kim et al., 2023), partners (Ahuja, 2000; Powell et al., 1996), and others. An actor's network may
thus be a source of competitive advantage or a bottleneck (Argote & Ingram, 2000). Our study
illustrates that AI has the potential to be a substitute for network-based learning. It may thus
undermine the role of networks as a source of competitive advantage.

Our research also informs the scalability of training interventions. Those that work at small
scale often cannot be scaled because they rely on a non-scalable input (Levinthal & Wu, 2010;
List, 2022). As Figure 1 illustrates, the particular role of AI-backed simulations is that they offer
human-like responsiveness but are scalable. They may thus “democratize” responsive training.

Our finding that the learning outcomes of training with artificial and with human partners
differ concerning the trainees' ability to recognize and exploit blunders has two important impli-
cations. First, while consistency in decision-making is generally considered a strength of AI,

17This result is robust to different operationalizations of blunders and to considering the actual number of blunders
per game.
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our findings suggest that, when training people, it can be a weakness, as it renders artificial
training partners different from the boundedly rational humans with whom the trainee
must eventually compete. Second, the consistency of AI decision-making implies—oddly
enough—that AI-backed simulations programmed to make occasional human-like blunders
may be better than their infallible counterparts at training decision-makers to compete
against human competitors.

5.2 | AI in management and strategy: Training decision-makers

A key question for researchers and practitioners is how AI will affect various aspects of manage-
ment and strategy (e.g., innovation (Cockburn et al., 2019; Wu et al., 2019), selection of ideas (Bell
et al., 2023; Christensen et al., 2017), value creation and value capture (Iansiti &
Lakhani, 2020), the organization of labor (Kane et al., 2021; Kellogg et al., 2020), decision-
making (Glaeser et al., 2021; Lebovitz et al., 2022), or the provision of feedback (Tong
et al., 2021);). In general research suggests that AI can displace or complement humans in task
fulfillment (Brynjolfsson & Mitchell, 2017; Tschang & Almirall, 2021). Our study suggests that
it can also help decision-makers learn—a so-far mostly neglected implication (Mollick &
Mollick, 2022).

The insight that technologies can help decision-makers learn is not new (Edery &
Mollick, 2008; Iyengar et al., 2015). What is new about training with AI is that it allows for the
simulation of strategic interactions in which decision-makers receive human-like responses to
their actions. It is thus plausible that, in the future, managers and employees will use AI to train
for strategic (and perhaps other social) interactions.

We also provide an alternative view of how AI may help managers. Recent research
shows the importance for managers of developing theory when navigating markets (Camuffo
et al., 2021; Felin & Zenger, 2017; Gavetti et al., 2005; Zellweger & Zenger, 2022). Conceptual
research shows AI's role in developing theory (Shrestha et al., 2021). We show that AI may
also help decision-makers better understand strategic interaction. For example, rather than
analyzing lots of data and revealing patterns to decision-makers, the AI serves as an artificial
training partner allowing them to test their own strategies.

Our study also points to an alternative unit of analysis. While work on the effect of AI has
focused on tasks, we focus on the decision-maker (also see Allen & Choudhury, 2022; Kang &
Kim, 2023), finding that AI affects not only the fulfillment of tasks but also the people who fulfill
them. As researchers assess the effects of AI on employee performance (Jia et al., 2023), it will be
crucial to determine whether collaborating with AI has an effect on the individual that goes beyond
the task at hand. It may, for example, increase actors' ability to reason and strategic intelligence
(Helfat & Peteraf, 2015; Kang & Kim, 2023; Levine et al., 2017).

We illustrate that the relevance of AI for training depends on its state of evolution and
on the trainee's skill level. Our results from chess computers suggest that disadvantaged
actors may benefit first from AI in training and it seems plausible that the same pattern
may occur in contexts in which the goal is not training but substitution. For example, AI-
backed tools such as ChatGPT may initially be used to write college essays, but not (as yet)
analytical journalism. However, the evolution of chess computers also shows the tremen-
dous progress of AI to the point that it can be used to train even the very best.

We contribute to the emerging stream of empirical research on AI with a large-scale
field-level historical dataset. While there has been rich debate on the implications of AI's
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current state and its progress (Agrawal et al., 2019; Brynjolfsson & Mitchell, 2017; Felten
et al., 2021), there has been little field data illustrating that progress. Chess is a domain for
which such data is available. In addition to the long time horizon that allows measuring
AI's increasing strength across decades, a particular feature is that the AI in chess can be
compared with a human benchmark. Research on technology and strategy has illustrated
the value of documenting how a technology's performance evolves (Adner et al., 2020;
Adner & Kapoor, 2016; Casadesus-Masanell & Zhu, 2013), but such documentation has
been missing for AI.

5.3 | Competitive strategy: Origin and dynamics of competitive
advantage

Our analysis informs research on the origin and dynamics of competitive advantage. We com-
plement research on the immense skill heterogeneity within industries (Kapoor &
Agarwal, 2017; Lenox et al., 2006, 2010). Our results suggest that AI-backed simulation may fos-
ter convergence in the distribution of those skills learned best through responsive training. We
found systematic effect heterogeneity indicating that disadvantaged players—specifically those
with inferior skills or constrained training opportunities—benefitted most from chess com-
puters. If disadvantaged actors benefit earlier and more, AI-based training can lead to a more
equal skill distribution—leveling the playing field.

Our findings inform research on competitive moves. Research shows the importance of
moves in strategic interactions (Chen et al., 2023; Dattée et al., 2018), but has focused on the
consequences of competitive actions, leaving their antecedents rather unexplored. We show
how managers may learn competitive moves.

Finally, we contribute to research on strategic interaction (Chen et al., 2010; Hannah &
Eisenhardt, 2018; Van den Steen, 2018), illustrating the importance of decision-makers' ability
to exploit the blunders of boundedly rational opponents.

5.4 | Generalizability, boundary conditions, and use cases

AI-backed simulations are not (yet) widespread, nor is it common (yet) for managers to use
them for training strategic interactions. This lack of representativeness results, in part, from our
choice of a context in which AI-backed simulation arrived early. While we do not suggest that
our findings from this setting are representative (today), we do think that our study shows the
potential of AI-backed simulation to train decision-makers and may thus be indicative of what
will happen—or is already beginning to happen—in other settings.

It is very plausible that AI-backed simulation can help train decision-makers in settings
comparable to chess. It is already used in training for other games, such as poker and Go (Choi
et al., 2022; Kang et al., 2022; Riley, 2017; Shin et al., 2023). Non-game closed settings include
multi-stage auctions (e.g., for mobile bandwidth licenses), in which firms may use AI-backed
simulation to test-run bidding strategies.

Even in settings entirely unlike chess, it is plausible that decision-makers could use AI-
backed simulation to train for strategic interactions. In such cases, the simulation is unlikely to
correspond to the actual interaction. However, even if the simulation is only weakly correlated
with the actual strategic interaction and its environment, the decision-maker is still likely to
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benefit. It is also likely that the capabilities of AI-backed simulations will continue to develop
so that they can be used to train strategic (and other social) interactions in ways that seem
unlikely or even impossible today. For example, recent advances have made AI very powerful
in negotiations (Kram�ar et al., 2022), which may allow human negotiators to use it to hone their
skills. The emergence of large language models, like ChatGPT, makes it conceivable that AI can
help people train in conversational skills (Mollick & Mollick, 2022). In fact, AI's increasing abil-
ity to master the Turing test indicates that artificial training partners could substitute for
human training partners without the trainee even noticing.

More broadly, we expect economic and technological criteria to be decisive for wide-
spread adoption of AI-backed simulation as a training mode. Concerning economic criteria,
we expect the use of AI-backed simulation to be more likely where (a) training creates a
high return, (b) experiential learning through actual interactions is costly, and (c) human
training partners are particularly scarce. In the military, where strategic interactions are
crucial but learning through actual interactions can cost lives, AI-backed simulations have
already been tested.18

With respect to technological criteria, we expect that adopting AI-backed simulation
requires AI sufficiently strong and free of algorithmic biases. First, as we show empirically,
the training effect is conditional on the AI being strong enough to emulate competitors the
trainee is likely to encounter in real life. Second, if the underlying algorithms are based on
flawed data and/or code, the AI may be prone to systemic decision-making biases
(Choudhury et al., 2020; Cowgill, 2019; Lambrecht & Tucker, 2019). These biases may be
passed on to trainees, making them vulnerable to competitors who exploit the AI's
weaknesses.

The requirement that the AI be sufficiently strong and unbiased has another implication: AI
of that quality will in theory be able to replace the trainee. We therefore expect training with AI
to be most relevant where human involvement remains socially desired (Glikson &
Woolley, 2020), legally required (Tambe et al., 2019), or simply unavoidable (Brynjolfsson &
McAfee, 2012). For example, even if AI could provide better diagnoses than a doctor can, people
might still prefer to be diagnosed by a doctor.

5.5 | Limitations

Our research is subject to limitations. First, we assume homogeneity of treatment among chess
players with access to chess computers, although players will have varying propensities to use
them. We do so for lack of more-fine-grained data; we only observe whether chess players lived
in a region where they could access chess computers, not whether they actually did. Despite
abundant anecdotal evidence of chess computer use, we do not know which players used what
kinds of chess computer and to what extent.19 This limitation most likely results in

18For instance, recent advances in AI have made combat simulators serious sparring partners. As one military instructor
states, “In terms of emulating human reasoning, I feel this is to unmanned aerial vehicles what the IBM/Deep Blue
versus Kasparov was to chess” (University of Cincinnati [2016], “New artificial intelligence beats tactical experts in
combat simulation,” available at https://www.eurekalert.org/news-releases/782522).
19Supporting information Figure A9 lists the main findings of a chess computer market survey of West German players
in 1987. Among the estimated 9 million (amateur and professional) players, about 50% saw learning/training as the
main reason to buy a chess computer. Moreover, the computer's performance was the most frequently stated primary
criterion for purchase.
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underestimation of the actual effect. Second, we rely on an admittedly coarse measure
of training opportunities. As we have no data on a player's access to human training
partners, we use the domestic density of chess events as a proxy. Third, we observe only
the effect on the performance of professional and semiprofessional tournament players,
not of amateurs. We would, however, expect—in line with our results—that amateurs
benefited even more from chess computers, as the computers exceeded those players'
skills early on.

5.6 | Managerial implications

Our research has managerial implications. Most notably, decision-makers may look for ways to
use AI-backed simulation to train themselves or their employees. Our study also informs man-
agers about those for whom such training is most likely helpful: relatively low-skilled
employees and those for whom expensive training—such as training with human training
partners—is not an option. Our study also provides managers with helpful insights about the
limits of AI-backed simulations; they may not prepare people to spot and exploit real-life
human blunders.

6 | CONCLUSION

Using the case study of chess computers, we examine the linkage between AI-backed simula-
tion and learning strategic interactions. It is plausible that AI will democratize opportunities to
learn strategic—and potentially more broadly social—interactions. If so, AI may become a
game changer well beyond the game of chess. While it has often been asked whether AI will
replace humans, our study suggests that a more imminent change may be that humans with AI
will replace humans without AI.
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