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Fig. 3| Developing aninterpretable complexity index for strategic games.

a, To construct anindex of game complexity, we use LASSO regressions to

learn game features that correlate with the game-specific .. parameter thatis
estimated by the MLP in the level-2 neural QR and neural belief noise model.

b, The psychometric functions illustrate the relationship between the expected
utility differences of two strategies and the proportion of choices for strategy A.
Expected utility was calculated under the assumption of a level-1player.

Red (blue) dots represent high-complexity (low-complexity) games, determined
by amedian split on the complexity index. Error barsrepresent the s.e.m.

¢, The same psychometric function and effect of complexity was found in the
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follow-up experiment. Error bars represent the s.e.m.d, The complexity index
shows a statistically significant correlation with RTs in the games of the main
experiment. We used Pearson’s correlation with two-sided significance tests to
assess the linear relationship between game complexity indexand RTsr=0.21,
P<0.01.e, The complexity index generalized to the follow-up experiment and
demonstrated statistically significant correlations with both RTs (Pearson’s
r=0.23, P<0.01) and cognitive uncertainty ratings (Pearson’s r = 0.24, P < 0.01).
Pearson’s correlation was used with two-sided P values; no correction for
multiple comparisons was applied.

level-k QR functioniteratively applies the QR function k times to pro-
duce the probability of the row player choosing row A for agivengame
matrix. Similarly, for all other neurally augmented behaviouralmodels,
the neural networks effectively learn a function that maps the game
matrix to the parameters in the original behavioural model. Overall,
the procedure of augmenting behavioural models with neural net-
worksintuitively captures the possibility that players’ level of strategic
sophistication or their noisiness is not fixed but, instead, depends on
features of the game.

As illustrated in Fig. 2e, integrating neural networks (that is,
MLPs) into the level-k QR model to account for context dependence
greatly enhances model completeness. When neural networks
replaced all three structural parameters, model completeness
reached 97%. The second-best model, achieving a completeness of
96%, maintained strategic sophistication at a fixed level of k=2,
yet allows for context dependence in r,s and 8? ;- This context
dependence (thatis, game-specific noisiness) suggests animportant

role for decision-making difficulty—in some games, it is considerably
easier to identify one’s best response than in others, even fixing a
givenlevel of strategic sophistication. Moreover, by comparing mod-
elsthatvarysolelyinngor 8' . acrossdifferentgames (Supplemen-
tary Table 2), we found that variations or context dependence in r,.;
play amoreimportantrole. Specifically, n,shas amean value 0f 9.28
(95% confidence interval 9.14-9.42), whereas 8:1 6 has amean value
0f1.09 (95% confidence interval 1.03-1.15). This finding suggests that
context dependence has a greater impact on individuals’ ability to
optimize their own responses than on their ability to infer the likely
actions of others.

To build intuition for why context-dependent noisiness has large
effects on model completeness, Fig. 3b shows the game-level link
between the share of subjects choosing strategy A and the difference
in expected utility between strategies A and B, as estimated from the
level-2 neural QR model. We split the sample by the median estimated
noisiness (1,.). Here, the noisiness was directly estimated using the
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complexity index (hence theinterchangeable use of ‘complexity index’
and ‘noisiness’ in Fig. 3b), which we will develop later. We see a strong
attenuation pattern: for games with below-median noisiness, the link
between strategy choice frequencies and expected utility estimates
is considerably more compressed. Our level-2 neural QR model, a
context-dependent model, achieves higher completeness both because
itlearnsinwhich types of games players are more likely to best respond
and because it learns in which types of games players are more likely
to identify the best response of their opponent (given the presumed
level of strategic sophistication, k).

The high performance of our context-dependent modelsindicates
thatboth the ability of players to optimally respond to their beliefs and
their capacity to reason about others’ behaviours are contingent on
the specific game being played. We attribute this sensitivity to game
complexity, by which we mean the cognitive difficulty of (1) forming
beliefs about other players’ strategies and (2) optimally responding
tothesebeliefs. To quantitatively define and validate a metric of game
complexity, we first developed acomposite index of game complexity
and then validated it by showing correlations withindependent mark-
ers of complexity ina preregistered second experiment.

We leveraged our unusually large and diverse set of games to
extract some of the specific game features that drive complexity and
aggregated them into a sparse and interpretable index of game com-
plexity. To this effect, we analysed the predicted n values from the
context-dependent level-2 QR model (Fig. 3a, the level-2 neural QR +
neural beliefnoise model) and conducted aleast absolute shrinkage and
selection operator (LASSO) regression on alarge set of structural game
features (Supplementary Table 4). This analysis identified a concise
set of influential game features. Some features are prominent in the
literature, such as the number of steps of iterative reasoning required
for equilibrium choices. Other features are more novel, including (1) a
measure of the cognitive difficulty of navigating trade-offs across differ-
entstrategies, akintowork on dissimilarity and trade-off complexity in
theliterature onlottery choice'”?%; (2) the variance and scale of payouts'®;
and (3) the inequality and asymmetry in payouts between players®*,

We collapsed these interpretable game features into acomposite
index of complexity (Supplementary Information section C). This
index canbe structurally interpreted as capturing the magnitude of the
negated n,.cpredicted by game features. Because thisindexis defined
onthebasis of objective game features, it can be readily computed by
otherresearchersin any standard dataset.

Afirst piece of evidence that our complexity index indeed captures
the difficulty of strategic decision-making is that, in our main experi-
ment, theindex showed a positive correlation with response times (RTs;
Pearson’sr=0.21,P<0.01, Fig.3d), indicating thatindividuals tend to
spend more time thinking in games that we classify as more complex.

Toreinforceand broaden these within-sample correlations and our
interpretation of the index, we conducted a preregistered follow-up
experiment testing a new set of 500 games on a new cohort of partici-
pants. This experiment adhered closely to the procedure of the main
experiment, with the sole modification being that, after each game,
participants were required to report their cognitive uncertainty (in
percentage terms) about whether the strategy they selected is actually
their best decision®. The results confirmed that the index robustly
predicts out-of-sample behavioural outcomes. As shownin Fig. 3e, we
replicated the positive correlation between RTs and the complexity
index (Pearson’s r=0.23, P<0.01). In addition, we observed a posi-
tive correlation between cognitive uncertainty and the complexity
index (Pearson’s r=0.24, P< 0.01), suggesting that participants tend
to exhibit higher cognitive uncertainty in their strategic choices when
faced with more complex games. Finally, in this follow-up experiment,
we also studied the ability of our complexity index to predict behav-
ioural attenuation in strategic choice. Figure 3c shows that the link
between strategy choice frequencies and estimated expected util-
ity differences is again considerably more compressed in the more

complex problems. These findings confirm that our complexity index
can generalize to out-of-sample strategic decisions.

Discussion

Large-scale experiments and machine learning techniques have greatly
facilitated our exploration of the vast space of cognitive mechanisms
underlying strategic choices. Our findings indicate that both a player’s
ownnoisinessinrespondingtoanopponent’sbehaviourandtheirbeliefs
about the opponent’s noisiness are critical in determining deviations
fromthe rational Nash equilibrium, RTs and uncertainty in strategic deci-
sions. Moreover, allowing the degrees of noisiness to vary across differ-
entgames (thatis, context-dependent model parameters) improvesthe
model’s predictive accuracy. To further understand the game features
that contribute to this context dependence, we developed a complex-
ityindex that quantifies a player’s noisiness. Thisindexisinterpretable
andreadily generalizable to other matrix games, asit is based solely on
features derived from the game matrix. The follow-up experiment con-
firmed that the complexity index effectively captures various aspects of
human behaviour in matrix games with differing levels of complexity.

Acaveattoourworkis thatreal-life strategicinteractions are often
less easily quantified than those analysed in the laboratory, making
game matrices anincomplete representation of the full complexity of
human strategic decision-making. Inreal-world scenarios, outcomes,
opponents’ intentions and strategies can all be ambiguous. Neural
network models, particularly those capable of processing visual or
natural language data, offer promising avenues for modelling strategic
behaviour in more complex, real-life situations that may deviate from
the structure of matrix games.

Overall, the key psychological insight from our study is that human
strategic behaviours—including strategic choices, the time spent and
the uncertainty of making those choices—can be effectively captured by
anoisy best-response model. In particular, people’s ability to identify a
best responseis heavily influenced by the complexity of the game and
that this complexity is quantifiable. The key factors determining the
complexity of the game, and thus the noisiness, include the efficiency
feature (thatis, Nash equilibrium payoff dominance) and the cognitive
difficulty involved in identifying the best-response strategy (that is,
excess dissimilarity and levels of iterative rationality). These results
illustrate the promise of large-scale experiments and machine learning
methodsin furthering our understanding of strategic decision-making,
inparticular giventhe emerging body of theoretical work on complexity
inbehavioural game theory.

Methods

Main experiment

Game generation algorithm. The games2p2k dataset comprises 2,416
instances of 2 x 2 normal-form games and a total of 93,460 strategic
choices made by 4,673 participants. Each game is uniquely identified
by its payoff matrix, an eight-element vector encapsulating all payoff
details for both row and column players. All payoffs are represented
asintegersand are restricted to arange of 1-50. Consequently, the set
of all possible 2 x 2 games encompasses 50° games before considering
permutations of game matrices.

To generate games from this space, we used arandom generation
process to create eight-item payoff matrices, where each item repre-
sents a random draw from a two-tiered uniform distribution U[1, u]
where u ~ U[1,50] (the tilde indicates that uis drawn from the uniform
distribution). Next, we excluded games that lacked pure-strategy Nash
equilibria and categorized each remaining game using Robinson and
Goforth’stopology for 2 x 2 games". This process resultsin a diverse set
of 142 distinct game types. Given the prevalence of dominance games,
which constituted 87.5% of the game types, we selectively reduced their
representationinour dataset. Specifically, we generated 3 instances for
each double-dominance game, 8 instances for each single-dominance
game and 22 instances for each non-dominance game, culminatingin
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a comprehensive collection of 1,208 games. Given that each game is
played by both the row and column players, our dataset comprises a
total of 2,416 (thatis, 1,208 x 2) game instances.

Participants. We recruited a total of 4,900 participants via the Prolific
Academic platform, out of which 4,673 individuals (1,942 males, 1,782
females and 949 who opted not to disclose their gender) successfully
completedthe10-minexperiment. These participantsrangedinage from
18t0 86 years, with amedian age of 37. Participants were required to be
from the USA and have completed at least 100 submissions with a 95%
acceptancerate or higher on the Prolific Academic platform. Participants
were guaranteed abase monetary compensation of US$2.00 (hourly rate
of US$12.00), with the possibility of an additional bonus up to US$0.50
contingent on the result of arandomly selected game (1 point equals
US$0.01). The experimental sessions were carried out in December
2023. Informed consent was obtained from all participants (Princeton
University institutional review board (IRB) number 10859: ‘Computa-
tional Cognitive Science’,and Harvard University IRB number 16-1753).

Procedure. The experiment was programmed using Dallinger 9.11.0.
Before the beginning of the main experiment, participants were pro-
vided withinstructions and an example of anormal-form game matrix.
To ensure comprehensive understanding of the game representa-
tion, participants were required to correctly answer a preexperiment
multiple-choice quiz. After this, participants were presented with a
sequence of 20 one-shot games in normal form. All game presenta-
tions were adapted to a row player perspective, thereby making all
participants choose between row A and row B, while the specifics of
thegame and therole they assumed wererecordedin the background.
Participants played agame only once. As the primary objective of our
task was to observe choices in one-shot games, no practice or coaching
period was provided.

To mitigate learning effects and preclude reputation building,
eachtrialinvolved a different game and anew opponent for every par-
ticipant. Thatis, participants were anonymously and randomly paired
for each game. Feedback pertainingto a participant’s performancein
aspecific game was withheld. The only occasion where feedback was
provided occurred after completion of the entire experimental ses-
sion, indicating the bonus earned by the participant. The sequence
in which the games were presented was randomly varied across par-
ticipants. Moreover, for every game, the rows and the columns of the
payoff matrix have equal chances being swapped, resulting in a total
of four possible permutations for agame. The bonus was determined
by randomly selecting one game played by the participant and their
corresponding opponent in that game.

Follow-up experiment
This experiment was preregistered at https://osf.io/xrvaw/.

Games. We used the identical game generation algorithm used in
the main experiment to create a set of 500 new normal-form games,
maintaining similar proportions of dominance games as observed in
the main experiment.

Participants. We recruited another 1,013 participants from the Prolific
Academic platform, of which 1,008 (346 males, 416 females and 246
who opted not to disclose their gender) successfully completed the
10-min experiment. Participant ages ranged from 18 to 88 years, with
amedian age of 35. The same filter used in the main experiment was
applied here: participants were required to be from the USA and to
have completed at least 100 submissions with a 95% acceptance rate
or higher. Asin the mainexperiment, participants received abase com-
pensation of US$2.00 (hourly rate of US$12.00), with the possibility of
earning abonus of up to US$0.50 from arandomly selected game. The
experimental sessions were conducted in April 2024. Informed consent

was obtained from all participants (Princeton University IRB number
10859: ‘Computational Cognitive Science’,and Harvard University IRB
number 16-1753).

Procedure. The follow-up experiment replicated the exact procedure
of the original study, with the sole modification that, after participants
made astrategic choice for agame, they were presented with asecond-
ary question: ‘How certain are you that choosing [X]is actually your best
decision?’ where X denotes the selected option. Note that this query
remained concealed until after a choice had been made. Participants
were then required to express their confidence in their decision by
adjusting aslider ranging from 0% (least confident) to 100% (most con-
fident). The slider’s thumb was hidden until the participantinteracted
withitby clicking on the slider bar.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability
The datasets generated and/or analysed are available at https://osf.
io/xrvaw.

Code availability
The codeusedtogenerate theresultsis available at https://osf.io/xrvaw.
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gene editing, chemical/radiation-based mutagenesis and hybridization. For transgenic lines, describe the transformation method, the
number of independent lines analyzed and the generation upon which experiments were performed. For gene-edited lines, describe
the editor used, the endogenous sequence targeted for editing, the targeting guide RNA sequence (if applicable) and how the editor
was applied.

Authentication Describe-any-authentication-procedures for-each seed stock-used-ornovel-genotype-generated. Describe-any-experiments-used-to
assess the effect of a mutation and, where applicable, how potential secondary effects (e.g. second site T-DNA insertions, mosiacism,
off-target gene editing) were examined.






