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Abstract

How does rationality shape cooperation in strategic settings? We study this question in a
laboratory experiment that links individual rationality, measured by consistency with the
generalized axiom of revealed preference, to behaviour in an indefinitely repeated Pris-
oner’s Dilemma. Participants are grouped by pre-measured rationality before interacting
repeatedly. We find that higher rationality substantially increases cooperation and payoffs.
This effect operates through a novel mechanism: more rational individuals make fewer
implementation errors when executing their intended strategies, thereby sustaining cooper-
ative outcomes. By contrast, higher cognitive ability also promotes cooperation and higher
payoffs, but through a distinct channel—reducing strategic errors in responding optimally
to others’ actions. Our results provide the first experimental evidence linking rationality
to cooperation via decision-making errors, and clarify the distinct roles of rationality and
intelligence in shaping strategic behaviour. Together, the findings offer a unified account of
how cognitive constraints affect cooperation in repeated games.
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1 Introduction

Intelligence has been shown to be very important for making decisions in strategic and single-

player contexts (Alaoui and Penta, 2016; Alaoui et al., 2020; Gill and Prowse, 2016; Proto et al.,

2019, 2022; Sofianos, 2025; Eber et al., 2024). In particular, Proto et al. (2019) show that when

subjects are matched by intelligence, only high intelligence groups converge to cooperation

in an indefinitely repeated prisoner’s dilemma. Proto et al. (2022) further investigate this and

explain the differences between intelligence groups through implementation errors of a given

strategy. Overall, the literature has shown that more intelligent players are better at identifying

the more profitable course of action in a given game and additionally better at consistently

following this course of action. In a non-behavioral (fully rational) context we would expect all

players to be able to do this flawlessly, and so these conclusions suggest that intelligence may

proxy for rationality.

In the current paper we use a more direct measure of rationality, and discover that rational-

ity and intelligence influence behaviour in quite distinct ways. Our elicitation task follows

the revealed-preference framework developed by Choi et al. (2007, 2014), but we measure ra-

tionality using the Critical Cost Efficiency Index associated with fGARP, following Polisson

et al. (2020). fGARP strengthens the Generalized Axiom of Revealed Preference (GARP) for

choice under risk by additionally requiring choices to respect first-order stochastic dominance.

It therefore measures the extent to which a subject’s choices can be rationalised by a continuous,

stochastically monotone utility function. Because the resulting index captures consistency with

utility maximisation across a sequence of choices, it provides a natural measure of rationality

for studying behaviour in a repeated strategic setting.

In our experiment we compare how people cooperate when they are grouped according to their

degree of rationality. Unlike intelligence, rationality does not follow a symmetric or normal dis-

tribution, but instead looks more like a power law, with significant clustering at lower levels. To

account for this we split our sample into rationality quartiles, and then match them within each

quartile where they play the indefinitely repeated Prisoners Dilemma game. We then directly
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compare how the highest quartile (the group of high rationality types) compare to the lowest

three quartiles (lower levels of rationality types).1 As well as measuring rationality, we also

measure intelligence via a standard IQ test (John and Raven, 2003), hierarchical reasoning via

the 11-20 game (Arad and Rubinstein, 2012) which has been shown to trigger level-k reasoning

(Costa-Gomes et al., 2001), alongside a slew of demographic control variables.

Before explaining our results we need to first provide some explanation of the different types

of error that we examine in our paper, which mirror the error types used in Proto et al. (2022),

allowing us to make direct comparisons. We also need to discuss the relationship between

intelligence and rationality.

Intelligence and rationality are certainly correlated, but that correlation is far from perfect.

Quoting from Eber et al. (2024): “...we expect the behavior of people with higher cognitive

abilities to be closer to what is predicted by standard rational models, compared to the behavior

of people with lower cognitive abilities”. However, the two concepts are not perfect substi-

tutes. Much has been written on the distinction between intelligence and rationality in what has

become known within psychology and philosophy as “the Great Rationality Debate”, neatly

summarized in Stanovich (2012) from which we draw another quote: “There are individual dif-

ferences in rational thinking that are less than perfectly correlated with individual differences in

intelligence because intelligence and rationality occupy different conceptual locations in models

of cognition”. Our own work takes these two points as a (testable) starting point. Our findings

suggest that intelligence and rationality are indeed correlated but only mildly, thus, neatly sup-

porting both propositions. We next show that rationality matters a great deal when making

decisions in the indefinitely repeated Prisoners Dilemma, which mirrors earlier work on the im-

portance of intelligence in the same context (Proto et al., 2019, 2022). Our next finding draws

on exactly the point made by Stanovich (2012) and sharpens his notion of “different conceptual

locations” in a sense perhaps more meaningful for play in games. We find that being more

rational means making fewer errors when implementing a chosen strategy (what Proto et al.,

1Since we had prior knowledge of the distribution of rationality from earlier studies on rationality such as Choi et al.
(2014); Moghaddasi Kelishomi and Sgroi (2024) and our pilot experiment, we pre-registered this exact level of
comparison. See Appendix B where we report the distribution of this measure from some earlier studies including
the pilot data for the present experiment.
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2022, call action errors, ϵA) and note that this mechanism is very different from the mechanism

through which intelligence operates in Proto et al. (2022), which works instead mainly through

errors relating to optimal response for a chosen strategy (what they call transition errors, ϵT ).

In fact, if rationality operates through action errors and intelligence through transition errors,

but intelligence is mildly correlated with rationality, this also explains why there is also a mild

relationship between intelligence and action errors when rationality is not measured separately.

Taking this altogether we can not only better explain the role of rationality, but also support the

idea that rationality and intelligence should not be viewed as substitute concepts, rather they

measure very different aspects of decision-making in an integrated error-model of behavior.

Our finding that high-rationality subjects make significantly fewer action errors (ϵA) is rooted

in the interpretation of rationality as a measure of procedural discipline. As defined in our

strategy estimation framework, action errors represent implementation failures or execution-

level lapses where a player fails to choose the action prescribed by their current strategic state.

Adherence to the fGARP axiom, as elicited in the budgetary choice task, provides a direct

proxy for the cognitive capacity required to maintain such consistency. As noted by Choi et al

(2014), violations of GARP typically result from “trembles” or the strategic “simplification” of

complex decision rules, reflecting a lack of the implementation focus required for high-quality

decision-making.

This link between rationality and implementation consistency finds robust support in the exper-

imental evidence of Nielsen and Rehbeck (2022). Their design reveals a pervasive execution

gap: they find that a subject’s ex-ante preference for a rational rule does not predict their ac-

tual adherence to it, with subjects frequently violating axioms they explicitly wish to follow.

This distinction between strategic intent and execution capacity validates our interpretation that

implementation is a separate cognitive challenge from strategic reasoning. Furthermore, their

finding that participants reconcile 47% of inconsistencies in favor of the rational rule, while

only 13% renounce the rule, provides empirical confirmation that these deviations are imple-

mentation failures rather than stable behavioural preferences. Consequently, our results suggest

that the fGARP-based CCEI identifies the specific individual trait that enables high-rationality
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types to close this execution gap and sustain cooperation by minimizing implementation-level

noise.

Our emphasis on action errors (ϵA) as a primary driver of strategic failure aligns with the recent

findings of Guan and Oprea (2026), who identify “implementation complexity” as a first-order

determinant of strategy selection. They define implementation complexity as the subjective

cognitive effort required to execute a chosen rule round-by-round and find that subjects exhibit

a profound aversion to it, frequently sacrificing up to 44% of their potential earnings simply to

avoid complex implementation tasks. This finding provides a powerful empirical justification

for our focus on the “execution gap” in repeated games; it suggests that the round-by-round

act of following a rule is not a trivial operation but a costly cognitive hurdle that participants

will pay significantly to avoid. By identifying individual rationality (measured by fGARP) as

the specific trait that enables subjects to minimize these implementation inconsistencies, we

ground our results in a framework where the CCEI serves as a direct measure of the capacity to

overcome these subjective implementation costs. Furthermore, Guan and Oprea (2026) observe

that this complexity aversion is robust to variation in cognitive ability, which provides further

external support for our unified account of strategic constraints: while intelligence governs the

“hardware” of tracking states and transitions (ϵT ), rationality governs the procedural discipline

required for the consistent execution of actions (ϵA).

The rest of the paper is organized as follows: Section 2 presents the experimental design. Sec-

tion 3 summarizes the key results on behavior within the experiment. Section 4 summarizes a

framework allowing us to make a functional difference between errors that are attributable to

variations in intelligence, and errors that are attributable to variations in rationality. We fol-

low in Section 5 by estimating the error parameters, and comparing those findings to earlier

work on intelligence and errors in strategic decision-making. Section 6 concludes. The Supple-

mentary Appendix contains further details on the experimental design, descriptive statistics and

additional tables and figures.
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2 Experimental Design

Our experimental design mirrors the framework used in Proto et al. (2019, 2022). The key dif-

ference is that instead of grouping participants according to intelligence, we group participants

according to their degree of rationality when asked to play the indefinitely repeated Prisoner’s

Dilemma game. Additionally, in order to mitigate any possible attrition issues and simplify the

logistics of implementation we administer the experiment within a single session instead of the

two-day paradigm implemented in Proto et al. (2019, 2022).

2.1 Measuring participant characteristics

In the first part of the session, participants complete a series of tasks that elicit different types

of abilities. These were sequenced in all sessions in the order we describe them below.

Intelligence. Participants first complete a Raven Advanced Progressive Matrices (APM) test

consisting of a sequence of 12 questions. The participants are allowed a maximum of 10 min-

utes for the entire test during which they can move forwards and backwards and change their

answers within this time limit. We use Set II of the APM and the questions are presented to the

participants in a sequence of increasing difficulty. For each question, a 3 × 3 matrix of images

is shown on the screen, with the bottom-right image missing. The participants are then asked

to complete the pattern by selecting one out of 8 displayed images shown on their screen. This

test is a non-verbal test that measures fluid intelligence and has been widely used in the eco-

nomics literature (Some examples: Basteck and Mantovani, 2018; Charness et al., 2018; Gill

and Prowse, 2016; Proto et al., 2019, 2022). Participants earn £1 per correct answer out of 2

randomly selected answers out of the 12.

Rationality. The second task the participants complete is a measure of decision-making qual-

ity based on the experimental framework developed by Choi et al. (2007, 2014). This task

utilises an intuitive graphical interface to elicit a rich dataset of individual choices from a series

of independent decision problems under risk. The central aim of this budgetary choice proce-
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dure is to test the consistency of observed behaviour with the utility maximization hypothesis.

Participants are presented with a series of 25 independent decision problems under risk. Each

problem requires a choice from a two-dimensional budget line, representing an allocation of

points between two accounts, A and B, which correspond to the horizontal and vertical axes,

respectively.2 Each account is equally likely to be selected for payment, meaning participants

receive the points allocated to one of the accounts with a 50% probability. To record their

choices, participants first click a point on the budget line and can then use a slider to precisely

move their selection to their desired allocation.

Participants are provided with extensive instructions and 2 practice rounds to familiarize them-

selves with the graphical interface before proceeding to the 25 payment-relevant rounds. Each

point earned in this task is converted at a rate where one point corresponds to £1/32.

Following the non-parametric revealed-preference approach refined by Polisson et al. (2020),

we assess compliance with the Generalized Axiom of Revealed Preference (GARP), which is

the standard behavioural requirement for utility maximization (Choi et al., 2014; Polisson et al.,

2020). Specifically, we employ a strengthened version of this axiom known as fGARP (or

F-GARP), which incorporates the requirement that choices respect first-order stochastic domi-

nance (FOSD) in addition to standard revealed-preference cycles (Polisson et al., 2020). This

test determines whether a subject’s behaviour can be rationalized by a continuous and stochas-

tically monotone utility function.

To quantify departures from this criterion, we calculate a consistency score based on the Afriat

(1972) Critical Cost Efficiency Index (CCEI). We utilise the CCEI associated with fGARP com-

pliance following the procedure suggested by Polisson et al. (2020). This index measures the

extent by which all budget constraints would need to be shifted (or contracted) to remove every

violation of the fGARP axiom for a given participant. The CCEI has a range between 0 and

1, where a value of 1 indicates perfect compliance with stochastically monotone utility max-

imisation. Values closer to 1 indicate that only a small shift is necessary to obtain choices that

2In each round, the computer selects a budget line that intersects both axes at points between 40 and 400, ensuring
that at least one of the intercepts is at or above 200 points.

7



would satisfy the axiom, whereas lower values quantify more severe violations. Put differently,

this CCEI provides a non-parametric measure of a subject’s overall consistency with stochasti-

cally monotone preferences, often interpreted as the fraction of “wasted income” attributable to

decision-making errors. Following Choi et al. (2014), this task provides a measure of rational-

ity, defined by the degree of consistency between observed choices and the utility maximisation

hypothesis.

Our choice of the Afriat CCEI based on the FGARP (or fGARP) axiom, following the method-

ology of Polisson et al. (2020), is motivated by both theoretical stringency and empirical robust-

ness. While the standard GARP requires only a complete and transitive preference ordering, it

can be insensitive to choice patterns that violate First-Order Stochastic Dominance (FOSD).

For example, a subject who consistently chooses a corner solution, allocating all points to a

single account regardless of price, would satisfy standard GARP with a CCEI of 1.0, despite

failing to choose the cheaper state-contingent asset (Choi et al., 2014). By utilising FGARP,

which applies the revealed preference test to a combined dataset of actual and mirror-image ob-

servations, we impose the normatively appealing requirement of stochastically monotone utility

maximistion. This ensures that strategical simplification or inattentiveness to relative prices is

correctly identified as a reduction in decision-making quality.

We further address potential concerns regarding the use of the Afriat-based index over alterna-

tive measures such as Varian’s inconsistency index. While Varian’s index is theoretically more

discriminating, allowing for observation-specific budget adjustments, it is computationally de-

manding (NP-hard) and often requires approximations for larger datasets (Polisson et al., 2020).

In contrast, the Afriat Critical Cost Efficiency Index (CCEI) has seen widespread adoption in

the empirical literature for quantifying departures from rationality. This prominence is driven

by its intuitive economic interpretation as a measure of wasted expenditure and its high degree

of computational efficiency. These practical advantages have made the CCEI an increasingly

popular tool for evaluating individual decision-making quality across various domains (see, for

instance, Choi et al., 2007, 2014; Carvalho et al., 2016; Stango and Zinman, 2023; Moghaddasi

Kelishomi and Sgroi, 2024).
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To verify that our results are not sensitive to this choice of index, we conducted a counterfactual

analysis. Because existing procedures for Varian’s index, such as the code provided by Halevy

et al. (2018), are limited to the GARP axiom, we compared quartile assignments derived from

Afriat-GARP with those from Varian-GARP (using both Mean and SSQ aggregators). A de-

tailed breakdown of these robustness checks, including the full correlation matrices and quartile

transition probabilities, is provided in Appendix A. This exercise confirms that the mappings

between these measures are exceptionally close: we find over 94% agreement in quartile assign-

ments, with Kappa values exceeding 0.90 in all cases. Only 3-6% of participants shift quartiles,

and exclusively by a single rank, with no large reassignments observed.3 This high rank correla-

tion is further supported by Polisson et al. (2020), who developed a new procedure to calculate

Varian indices for FGARP using the data from Halevy et al. (2018). They report a correlation

of 0.975 and a rank correlation of 0.998 between the Afriat and Varian versions of the FGARP

measure. This high concordance confirms that the Afriat CCEI remains a robust and reliable

proxy for individual rationality in our experimental setting.

Strategic Sophistication. The third task is a measure of strategic sophistication. We admin-

ister the 11-20 game (Arad and Rubinstein, 2012), where participants are randomly matched

in pairs and each requests an amount of money. The amount requested must be an integer be-

tween 11 and 20. Each participant receives the amount they request, while they can receive an

additional amount of 20 if they request exactly one unit less than their matched partner. This

game is a quick and simple way to elicit a measure of iterative thinking or level-k reasoning of

individuals. Requesting 20 seems natural and salient and has been typically seen as the level-0

choice in this game. Naturally, the best response to the level-0 choice would be a request for

19, while the same logic applies for the best response to 19 and so on. Alaoui and Penta (2016)

implement a modified version of this game to test their model, while Goeree et al. (2018) in-

troduced a graphical version of the game. More recently, Alós-Ferrer and Buckenmaier (2021)

3The reported correlations and concordance statistics are calculated based on the subsample of participants
(N=196) for whom an exact solution for Varian’s index could be obtained. As noted by Polisson et al. (2020),
the computational procedure developed by Halevy et al. (2018) is NP-hard and may not deliver exact values for all
subjects in a given sample, sometimes resulting in approximations. To ensure maximum precision in our compari-
son between the Afriat and Varian frameworks, we exclude these approximated cases from the analysis.
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Table 1: PD Stage Game. C: Cooperate, D: Defect.

C D

C (48, 48) (12, 50)
D (50, 12) (25, 25)

also implement this game to understand sophistication using a number of variants. Each point

earned in this task corresponds to £0.10.

2.2 The Prisoner’s Dilemma Game

In the second part of the session, participants play an induced infinitely repeated Prisoner’s

Dilemma (PD) game. Participants are split in four groups according to their rationality level.

In previous studies of intelligence and strategic interactions, the split was done at the median.

Since rationality elicited using the Choi et al. (2014) task does not follow a symmetric or normal

distribution and entails substantial clustering at lower levels of scores, we split participants into

rationality quartiles instead. Specifically, participants are ranked according to their CCEI score

and then divided into four quartiles. Participants play the indefinitely repeated PD game within

their quartile group. Note that participants are not explicitly informed of matching taking place

within quartile groups. Specifically, participants are informed that they will be matched with

someone in the room (i.e., lab).

The stage game is presented in Table 1. The payoffs are reported in terms of experimental

currency units (ECU), each unit corresponds to £0.004, and participants receive the sum off all

earnings across all rounds that are played.

To induce infinite repetition, participants get matched and continue playing with the same part-

ner according to a continuation probability, specifically δ = 0.75. We use a pre-drawn reali-

sation of the continuation probability to ensure comparability across all sessions.4 We refer to

each repeated game played as a supergame and to the round within a specific supergame as a

period. Finally, we refer to round as the overall count of times the stage game is played across

4The pre-drawn realisation is the same as the one used in Proto et al. (2022) and Lambrecht et al. (2024). In Table
A8 in the appendix, we list the length of each supergame.
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supergames in a given session. Play continues until the completion of the 30th supergame

(which entails 98 rounds). This termination rule is not disclosed to the subjects as is commonly

done in similar implementations of indefinite repetition in the lab.

The matching of partners happens within a quartile group under an anonymous and random

re-matching protocol. Partners remain matched while the random continuation rule determines

the match to be continued. When the match is terminated, participants are re-matched with

someone else within their quartile group. We implement an approximately perfect-strangers

matching protocol within quartile groups. That is, we ensure that all match combinations are

exhausted before participants are re-matched with anyone they have faced previously. Each

round is completed once every participant in a session has submitted their choice. At the end

of each decision round, the screen summarises the outcome of the given decision round by

indicating the participants’ own decision, their partner’s decision, and the ECU they earned for

that particular round.

2.3 Other Measures

Once the Prisoner’s Dilemma game was completed, we elicited a few other measures from the

participants. We elicit risk attitudes using an incentivised multiple price list task (Holt and

Laury, 2002), a hypothetical multiple price list for time preferences, Big-Five personality traits

using the 44 questions (with answers coded on a Likert scale) developed by John et al. (1991),

and some socio-demographic questions. The full demographics questionnaire is included in the

instructions in the appendix.

2.4 Implementation

All sessions were held in October 2025 in the CeDEx lab at the University of Nottingham. A

total of 256 subjects took part in 8 sessions. They earned on average £23 and sessions lasted 90

minutes. The experiment was programmed using Otree (Chen et al., 2016).

All experimental instructions and further details are included in appendix F.
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3 Experimental Results

We begin the analysis by comparing cooperation rates and payoffs, and their evolution over

time, between the high-rationality and low-rationality groups. As noted above, throughout the

analysis we pool rationality quartiles 1-3 into a single low-rationality group and define quartile

4 as the high-rationality group. Importantly, this pooling is performed at the level of analysis

only.5 In the experiment, subjects were matched exclusively with others from the same ra-

tionality quartile, so that interactions always took place within homogeneous quartile-specific

sessions (i.e. quartile 1 subjects interacted only with quartile 1 subjects, and similarly for quar-

tiles 2 and 3). For the purposes of the main analysis, however, we aggregate outcomes across

quartiles 1-3. More fine-grained comparisons across all four rationality quartiles are reported in

Appendix C.

In Figure 1 we present average cooperation (panel a) and average payoff (panel b) between the

low and high rationality groups. Clear differences in both cooperation and payoffs are evident

between the two groups. An initial gap is already present in the first five supergames, with high-

rationality subjects exhibiting higher cooperation rates and earning higher payoffs. As play

progresses, this gap widens substantially. By the later supergames, the average cooperation rate

of the high-rationality group approaches 80 per cent, compared to approximately 50 per cent

for the low-rationality group. A closely analogous pattern is observed for average payoffs, as

shown in the right panel of the figure.

Figure 2 focuses on behaviour in the first period of each supergame, when participants are

matched with new partners. In contrast to the previous figure, Figure 2 shows no difference in

cooperation rates in the first five supergames between rationality groups. Over time, however,

behaviour diverges markedly. High-rationality subjects increasingly choose to cooperate in the

first period of new supergames, whereas cooperation among low-rationality subjects stagnates

at roughly its initial level following an early decline.

5We do this exactly because we had prior knowledge of the substantially skewed to the left distribution of this
measure that has been found in several previous implementations. See Appendix B where we report the distribution
of this measure from such earlier studies.
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Figure 1: Average cooperation (left) and Payoff (right) computed over observations in succes-
sive blocks of five supergames of all high rationality and low rationality sessions, aggregated
separately. Bands represent 95 percent confidence intervals.

This dynamic differs from the behaviour documented for intelligence in Proto et al. (2022). In

that setting, cooperation among low-IQ subjects moderately increases over time, albeit more

slowly and to a lower level than among high-IQ subjects. By contrast, our results suggest that

lower rationality is associated not merely with lower levels of cooperation, but with a failure to

sustain learning or adaptation across repeated interactions with new partners.
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(a) Cooperation
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(b) Payoff

Figure 2: Average cooperation (left) and Payoff (right) in the first rounds (periods) of su-
pergames, computed over observations in successive blocks of five supergames of all high
rationality and low rationality sessions, aggregated separately. Bands represent 95 percent con-
fidence intervals.

To quantify the patterns documented in Figures 1 and 2, Table 2 reports regression estimates

comparing cooperation and payoffs across rationality groups. In the first half of the supergames,

subjects in high-rationality sessions earn approximately 4.2 units more and cooperate about 17%

more frequently than subjects in low-rationality sessions. Columns (3) and (4) indicate that

these differences increase over time: across all supergames, high-rationality subjects cooperate
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around 20% more and earn roughly 5.2 additional units relative to the low-rationality group.

Table 2: Cooperation and Payoffs by Rationality Group

Supergames < 15 All Supergames

(1) (2) (3) (4)
choice payoff choice payoff

High Rationality 0.168∗∗ 4.226∗∗ 0.208∗∗∗ 5.155∗∗∗

(0.058) (1.421) (0.049) (1.264)
R-squared 0.061 0.130 0.089 0.183
Observations 256 256 256 256

Notes. The dependent variables are average cooperation and average payoff across all interactions. Estimates are
obtained using OLS, with the low-rationality group as the omitted category. Standard errors are clustered at the
session level. Results are robust to clustering standard errors at the matching-group level, where a matching group
is defined by the interaction of session and fGARP quartile (32 groups in total: 8 sessions × 4 quartiles). ∗p < 0.10,
∗∗p < 0.05, ∗∗∗p < 0.01.

Table 3 confirms that rationality does not predict cooperative behaviour in the first round of the

session: neither the high-rationality dummy nor the continuous rationality measure is statisti-

cally significant. This indicates that the observed differences in cooperation across rationality

groups emerge over the course of play, rather than reflecting initial behavioural differences,

and are therefore consistent with learning during the session. Columns (3) and (4) show that

this conclusion is robust to the inclusion of a rich set of individual controls, none of which

systematically predict first-round cooperation.

Table 4 provides regression-based confirmation of the patterns illustrated in Figure 2. In the

first half of the sessions, subjects in high-rationality groups become increasingly more likely to

open with cooperation than subjects in low-rationality groups, indicating that differences in first-

round cooperation emerge earlier among high-rationality subjects. The table also corroborates

a key finding of Proto et al. (2022). As shown in columns (2) and (4), partners’ past cooperative

openings significantly increase the likelihood of cooperation in the first round of subsequent su-

pergames. That is, subjects are more likely to open with cooperation when they have previously

encountered partners who cooperated in the initial period, consistent with learning from past

interactions.
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Table 3: First Round Cooperation by Rationality and Individual Characteristics

(1) (2) (3) (4)
Round 1 Cooperation

FGARP Index 2.289 2.320 1.791
(1.641) (1.910) (1.806)

High Rationality 1.299 1.345
(0.254) (0.375)

Raven (IQ) 0.907 0.899
(0.069) (0.067)

Strategic Reasoning 0.957 0.959
(0.036) (0.038)

Risk Aversion 0.950 0.945
(0.112) (0.112)

Patience (long-run) 0.928 0.922
(0.082) (0.085)

Patience (short-run) 1.129 1.127
(0.117) (0.116)

Female 0.908 0.925
(0.213) (0.217)

Openness 1.084 1.068
(0.253) (0.262)

Conscientiousness 1.013 1.001
(0.213) (0.209)

Extraversion 1.040 1.070
(0.201) (0.220)

Agreeableness 1.057 1.069
(0.262) (0.267)

Neuroticism 1.114 1.114
(0.223) (0.222)

Age 1.030 1.029
(0.047) (0.047)

Observations 256 256 256 256

Notes. Odds ratios from logit regressions are reported. The dependent variable is the choice of cooperation in the
first round of each session. Standard errors are clustered at the session level and reported in parentheses. Results
are robust to clustering standard errors at the matching-group level, where a matching group is defined by the
interaction of session and fGARP quartile (32 groups in total: 8 sessions × 4 quartiles). ∗p < 0.10, ∗∗p < 0.05,
∗∗∗p < 0.01.
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Table 4: Differences in the Evolution of First-Periods Cooperation across Rationality Groups

Supergames ≤ 15 Supergames > 15

(1) (2) (3) (4)
First Periods Cooperation

High Rationality 1.213∗∗∗ 1.187∗∗∗ 1.101∗∗ 1.070
(0.044) (0.046) (0.051) (0.052)

Supergame 0.996 1.011 1.043 1.032
(0.026) (0.028) (0.031) (0.032)

Average Supergame Length 1.285∗∗ 1.439∗∗∗ 8.376∗∗∗ 8.369∗∗

(0.144) (0.175) (6.769) (7.017)

1st Period Partner Cooperation Rates until t-1 41.999∗∗∗ 801939.644∗∗∗

(15.757) (2044020.388)

Partner Cooperation Rates until t-1 1.685∗∗ 1.211
(0.440) (3.208)

Observations 2408 2408 1455 1455

Notes. This table reports logit estimates of cooperative choice in the first period of each supergame. The dependent
variable is a binary indicator for cooperation in the first round. The low-rationality group serves as the reference
category. All specifications are estimated using a fixed-effects logit model at the individual level, and coefficients
are reported as odds ratios. In the later part of each session, many subjects exhibit no within-individual variation
in first-round behaviour; as a result, these observations are excluded from the fixed-effects estimation in columns
(3) and (4). This accounts for both the reduced sample size and the very large estimated odds ratios in these
specifications. Standard errors, clustered at the session level, are reported in parentheses. ∗p < 0.10, ∗∗p < 0.05,
∗∗∗p < 0.01.
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4 A Framework for Rationality, Intelligence, and Errors

This section provides a simple framework that links the two individual characteristics measured

in the experiment to two distinct sources of strategic error. The framework follows the best-

response adjustment model of Proto et al. (2022), but extends its interpretation to the present

design. In Proto et al. (2022), a player who implements a repeated-game strategy can make two

kinds of mistake: an error in action, in which the player chooses the action different from the

one prescribed by the current state of the strategy, and an error in transition, in which the player

fails to update the state of the automaton correctly after observing the previous-period action

profile. In our setting these two errors map naturally into two different dimensions of decision

making. Rationality, as measured by consistency with fGARP in the budgetary choice task,

is interpreted as procedural discipline and therefore predicts the probability of action errors.

Intelligence, as measured by Raven’s matrices, is interpreted as the capacity to track and update

the state of a strategy and therefore predicts the probability of transition errors.

4.1 Strategies as automata

Let the repeated Prisoner’s Dilemma be denoted by G = (g, δ), where g is the stage game in

Table 1 and δ = 0.75 is the continuation probability. Let

M = {AD,AC,GT,TFT}

be the set of strategies considered in the maximum-likelihood estimation. Each strategy m ∈ M

is represented by a finite automaton

m = (S m, s0
m, am, ϕm),

where S m is a finite set of states, s0
m ∈ S m is the initial state, am : S m → {C,D} is the intended

action in each state, and ϕm : S m × {C,D}2 → S m is the transition rule after the realised action

profile. Figure 3 gives the automata used in the estimation. The label inside each node is the

action prescribed in that state. Arrows represent correct transitions. The two error probabilities
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introduced below act on different parts of the diagram: action errors operate within a node by

changing the realised action, while transition errors operate on the arrows by changing the next

state.

D

C,D

(a) AD

(1S–0T-a)

C

C,D

(b) AC

(1S–0T-a)

C D

C

D

C,D

(c) GT

(2S–1T-a)

C D

C

D

C

D

(d) TFT

(2S–2T)

Action error ϵA(R): execute the opposite action rather than am(s) in the current state.

Transition error ϵT (Q): move to the wrong next state after observing the realised

action profile.

Figure 3: Automaton representation of the strategies and the two error channels. State labels
are prescribed actions. Arrow labels are the counterpart’s realised action in the previous period.
Action errors are linked to rationality R; transition errors are linked to intelligence Q. The
notation xS–yT follows the convention that x is the number of states and y is the number of
transitions in excess of the number of states; “a” denotes an absorbing state.

4.2 Two ability-linked error probabilities

Each player i is characterised by a pair (Ri,Qi), where Ri ∈ [0, 1] is the fGARP-based rationality

score and Qi ∈ [0, 1] is a normalised measure of intelligence. A player implementing strategy

m in state s first forms the intended action am(s). The realised action ãi is then

Pr (ãi = am(s) | s,m,Ri) = 1 − ϵA(Ri),

The probability ϵA(Ri) is the action-error probability. The central restriction is

ϵ′A(Ri) < 0,
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so higher rationality reduces the probability that a player fails to execute the action prescribed

by the current state. This captures the interpretation of rationality as consistency in implemen-

tation: a highly rational subject is not necessarily choosing a different rule, but is less likely to

deviate from the rule she is currently trying to follow.

After the realised action profile (ãi, ã j) is observed, the automaton prescribes the next state

ϕm(s, ãi, ã j). The realised next state s̃′ satisfies

Pr
(
s̃′ = ϕm(s, ãi, ã j) | s,m,Qi

)
= 1 − ϵT (Qi),

and, when there is more than one state, the remaining probability is assigned to an incorrect

state. The probability ϵT (Qi) is the transition-error probability. The central restriction is

ϵ′T (Qi) < 0,

so higher intelligence reduces the probability that a player loses track of the automaton’s state

or updates it incorrectly. Transition errors have no behavioural content for one-state strategies

such as AD and AC; they matter only for contingent strategies such as GT and TFT.

This separation is the key departure from a single cognitive-ability interpretation of errors. Both

Ri and Qi may be correlated, but they enter the model through different operations: Ri governs

the reliability of actions conditional on a state, while Qi governs the reliability of state updating

conditional on the realised history.

4.3 Payoffs with errors

Let Vx,y(m, n) denote the expected normalised payoff to a player of type x = (R,Q) who uses

strategy m against a player of type y = (R′,Q′) who uses strategy n. Formally,

Vx,y(m, n) = (1 − δ)Ex,y,m,n

 ∞∑
t=1

δt−1u(ãi
t, ã

j
t )

 ,
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where the expectation is taken over both players’ action and transition errors. The normalising

factor (1 − δ) is immaterial for best responses but is convenient because it puts payoffs on the

same scale as per-period payoffs.

For a group g with distribution of types Fg and current population distribution of strategies

µ ∈ ∆(M), the expected payoff to type x from strategy m is

Ug(m, µ; x) =
∑
n∈M

µ(n)
∫

Vx,y(m, n) dFg(y).

For aggregate comparisons across rationality groups it is useful to work with the group-average

payoff

Ūg(m, µ) =
∫

Ug(m, µ; x) dFg(x).

The high-rationality group differs from the low-rationality group primarily through a lower

average action-error probability,

ϵ̄H
A =

∫
ϵA(R) dFH(R,Q) < ϵ̄L

A =

∫
ϵA(R) dFL(R,Q),

whereas differences in transition errors are governed by the distribution of intelligence within

each group,

ϵ̄
g
T =

∫
ϵT (Q) dFg(R,Q).

Thus the design isolates a rationality channel even though intelligence is also measured and can

be controlled for empirically.

4.4 Adjustment and basins of attraction

Following the best-response adjustment model, suppose that in a short time interval dt a fraction

λdt of the population revises its strategy while the remaining fraction 1 − λdt keeps its current

strategy. Revising players best respond to the current population distribution. Let

BRg(µ) =
{
τ ∈ ∆(M) : Ūg(τ, µ) ≥ Ūg(m, µ) for all m ∈ M

}
.
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Then, for every strategy m ∈ M,

µg(t + dt,m) = (1 − λdt)µg(t,m) + λdt τ(m), τ ∈ BRg(µg(t)).

Taking the limit as dt → 0 gives the differential inclusion

µ̇g(t,m) = λ
(
τ(m) − µg(t,m)

)
, τ ∈ BRg(µg(t)).

This is the direct analogue of the best-response dynamics in Proto et al. (2022), with the payoff

matrix now endogenously determined by both action errors and transition errors.

For any strategy m, define its basin of attraction in group g as the set of initial population states

that converge to m under these dynamics:

Bg(m) =
{
µ0 ∈ ∆(M) : lim

t→∞
µg(t,m) = 1

∣∣∣∣∣ µg(0) = µ0

}
.

If initial conditions are drawn from a distribution Ψ on the simplex, the size of the basin is

bg(m) =
∫
∆(M)

1{µ0 ∈ Bg(m)} dΨ(µ0).

The basin bg(m) is a summary measure of how robust strategy m is to uncertainty about the

initial composition of the population. A larger basin means that a wider set of initial beliefs or

early experiences lead the group toward that strategy.

4.5 Predictions for rationality and intelligence

The framework generates three predictions that organise the empirical analysis.

First, rationality should predict action errors. Since ϵ′A(R) < 0, high-rationality subjects should

make fewer deviations from the action prescribed by their current strategic state. In the language

of the estimation, the fGARP-based CCEI should be negatively associated with ϵ̂A even after

controlling for Raven scores and other individual characteristics.
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Second, intelligence should predict transition errors. Since ϵ′T (Q) < 0, higher Raven scores

should be associated with fewer failures to update the strategic state correctly. This channel is

especially important for multi-state strategies such as GT and TFT.

Third, the two error channels should affect strategy dynamics through different mechanisms.

Higher transition-error rates make contingent cooperation harder to sustain because players are

more likely to move to the wrong punishment or cooperation state after observing the previous-

period action profile. Higher action-error rates undermine cooperation more directly by inject-

ing unintended defections into the realised history, even when the player is in a cooperative

state and intends to cooperate. Since such unintended actions trigger responses by others, high

action-error environments should expand the basin of harsher strategies, particularly AD and

GT, and shrink the basin of forgiving cooperative strategies such as TFT. Conversely, high

rationality lowers action errors, making cooperative contingent strategies more viable and al-

lowing learning to move subjects away from simple harsh rules.

These predictions clarify the distinction between rationality and intelligence. Intelligence gov-

erns the ability to track where one is in a strategy; rationality governs the discipline with which

one executes the action prescribed at that point. The model therefore predicts the empirical

pattern documented in Section 4: high-rationality groups can increasingly sustain cooperation

because their members become more reliable implementers of their intended actions. The model

also explains why rationality and intelligence should not be treated as interchangeable. Even

when the two measures are positively correlated, they enter the dynamics through different

components of the automaton.

5 Strategy Identification and Error Decomposition

To identify the strategies adopted by subjects and to quantify the consistency with which these

strategies are implemented, we adopt a maximum likelihood (ML) estimation framework. Build-

ing on the theoretical framework in Section 4 our task will be to recover the action error prob-

ability ϵA and the transition error probability ϵT for each participant. Recall that ϵT reflects the

failure to update the state of the strategy automaton correctly, given the realised action profile.
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Transition errors therefore capture failures in tracking or updating the strategic state and are

therefore naturally associated with limitations in cognitive processing and working memory.

Similarly, recall that ϵA reflects the selection of an action that differs from the one prescribed

by the automaton’s current state. These errors capture momentary lapses, inattention, or lack

of care, rather than misunderstanding of the strategic rule itself. Importantly, action errors are

the only source of stochasticity for single-state strategies such as Always Defect or Always

Cooperate, making their inclusion necessary for a coherent likelihood-based estimation.

5.1 Likelihood Construction

A key challenge in identifying strategies from observed play is that the same action can often be

rationalised by different unobserved cognitive paths. For example, a defection may reflect either

an action error or a deliberate transition to a punishment state following the partner’s behaviour.

To address this, the model considers all possible sequences of latent states and errors that are

consistent with a given candidate strategy.

The likelihood of a strategy is defined as the sum of the probabilities of all admissible error

histories that could have generated the observed sequence of choices. This is computed using

a recursive algorithm that progresses through the history of play, tracking the set of feasible

state transitions and associated error realizations at each step. The resulting likelihood function

jointly depends on the strategy and the two error probabilities (ϵT , ϵA).

5.2 Estimation Procedure

To balance the need for sufficient observations for identification against the possibility that

subjects adjust strategies over time, estimation is conducted on blocks of five consecutive su-

pergames, following Proto et al. (2022). For each block, the procedure identifies the strategy

and error probabilities that maximise the likelihood of the observed action sequence.

This approach yields individual-level estimates of both strategy choice and implementation con-

sistency, providing a disciplined framework for decomposing observed behaviour into strategic

intent and execution errors. In the analysis that follows, we exploit this structure to examine
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how individual characteristics, most notably rationality, are related to distinct forms of strategic

inconsistency in repeated interactions.

Table 5 summarises the results of the maximum-likelihood estimations, reporting the most

likely strategies and the estimated probabilities of transition errors and action errors for each

rationality group in the first and second halves of the session. The difference columns facilitate

both within-group comparisons across session halves, columns (1)-(2) for the low-rationality

group and columns (3)-(4) for the high-rationality group, as well as cross-group comparisons

within each half.

Table 5: Error Decomposition: Group Means and Pairwise Comparisons

Group Means Differences

Low Rationality High Rationality (1)–(2) (1)–(3) (2)–(4) (3)–(4)

First Half Second Half First Half Second Half
(1) (2) (3) (4)

Action 0.1249 0.0845 0.0854 0.0242 0.040∗∗∗ 0.039∗∗ 0.060∗∗∗ 0.061∗∗∗

Transition 0.0393 0.0375 0.0264 0.0182 0.002 0.013∗ 0.019∗∗ 0.008
AC 0.0955 0.0729 0.1406 0.0625 0.023 -0.045∗ 0.010 0.078∗∗

AD 0.3924 0.4028 0.2240 0.1458 -0.010 0.168∗∗∗ 0.257∗∗∗ 0.078∗∗

TfT 0.2630 0.2595 0.3073 0.3620 0.003 -0.044 -0.102∗∗∗ -0.055∗

GT 0.2491 0.2700 0.3281 0.4297 -0.021 -0.079∗∗ -0.160∗∗∗ -0.102∗∗∗

Notes. This table reports the estimated shares of maximum-likelihood (ML) strategies and the associated error
probabilities for the first and second halves of each session. Estimates are obtained using the algorithm proposed
by Proto et al. (2022). Because some ML strategies are not uniquely identified, that is, their likelihood coincides
with that of at least one alternative strategy, the reported strategy shares do not necessarily sum to one. Differences
are based on two-sided t-tests. Significance levels: ∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001.

Across both rationality groups, the probability of action errors (ϵA) declines significantly from

the first to the second half of the session, indicating improved consistency in implementing a

given strategy over time. Table 5 further shows that this improvement is not uniform across

groups. While both low- and high-rationality subjects reduce action errors with experience,

comparisons between columns (1) and (3) in the first half and columns (2) and (4) in the second

half reveal that the initial gap in action-error rates across rationality groups widens over time.

While a direct comparison is not straightforward, since subjects in Proto et al. (2022) play

approximately 20 supergames in each half of the session, compared to 15 in our design, it is

nevertheless informative to note that the pattern observed here contrasts with their findings.

In their IQ-split treatments, Proto et al. (2022) document a larger reduction in action-error

24



rates among low-IQ subjects over the course of the session, whereas in our data the decline

in action errors is steeper for high-rationality subjects. Moreover, they report lower average

error probabilities for both high- and low-IQ subjects than those observed in our experiment,

suggesting differences in overall noise levels across settings.

By contrast, transition errors (ϵT ) exhibit substantially less sensitivity to experience within the

session. Transition-error rates do not differ materially across rationality groups in either the

first or the second half, and the within-group decline from the first to the second half is modest

for both groups. This pattern suggests that errors related to tracking and updating the strategic

state are less responsive to short-run experience, consistent with the view that such errors reflect

more cognitively demanding operations. The limited responsiveness of ϵT to experience mirrors

the findings of Proto et al. (2022), who document a similar distinction when cognitive ability is

proxied by IQ.

Turning to strategy composition, clear differences emerge across rationality groups. Low-

rationality subjects rely more heavily on harsh strategies, most notably AD and less on co-

operative or conditional strategies such as GT in both halves of the session, and on TfT in

the second half, relative to high-rationality subjects (the difference between columns (1) and

(3) for the first half and columns (2) and (4) for the second half). Moreover, the distribution

of strategies among low-rationality subjects remains largely stable over time, indicating little

adjustment in strategic choice across session halves.

By contrast, high-rationality subjects exhibit a marked reallocation of strategy use over the

course of the session. In the second half, they substantially reduce their reliance on simpler

strategies such as Always Defect and Always Cooperate, and instead adopt more sophisticated

contingent strategies, including TfT and GT, more frequently. Importantly, this shift towards

more complex strategies coincides with a pronounced decline in action-error rates, indicating

improved implementation despite increased strategic complexity.

Taken together, the evidence from strategy composition and error frequencies indicates that

rationality is more closely associated with a disciplined and consistent execution of strategies
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rather than the ability to track where one is in a strategy. While Proto et al. (2022) show that

intelligence primarily predicts errors in transition, our results suggest that rationality operates

mainly through action errors, shaping how reliably a chosen strategy is implemented. The con-

vergence in cooperative behaviour observed in our experiment is therefore driven largely by

improvements in execution rather than by fundamental changes in strategic reasoning: action

errors decline sharply with experience, particularly among high-rationality subjects, whereas

transition errors remain comparatively stable. This distinction reinforces the view that rational-

ity and intelligence capture different dimensions of decision-making, as emphasized in Section

Section 4.

In Appendix D, we extend the analysis by exploiting the full distribution of rationality and

conducting a more disaggregated examination across rationality quartiles. The quartile-level

analysis yields results that are fully consistent with the main findings based on the high–low

rationality split. Action errors decline over the course of the session for all quartiles, but the

reduction is largest for subjects in the highest rationality quartile, leading to a widening gap

over time. By contrast, transition errors display comparatively small changes across session

halves and limited differentiation across quartiles. These patterns reinforce the conclusion that

rationality primarily affects the consistency with which strategies are implemented, rather than

the updating of states within a strategy rule.

As a robustness check on the blockwise strategy classification, Appendix E allows latent strat-

egy use to persist across adjacent blocks using a hidden Markov model, while retaining the

same within-block likelihood and error structure. The HMM preserves the main results: high-

rationality environments exhibit less unconditional defection and greater use of conditional

strategies, while the estimated differential decline in action errors is essentially unchanged.
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6 Conclusion

This paper investigates how rationality shapes cooperation in strategic settings by linking a

direct measure of rationality, based on consistency with the Generalized Axiom of Revealed

Preference (GARP), to behaviour in an indefinitely repeated Prisoner’s Dilemma. By grouping

participants according to their measured rationality and analysing both behavioural outcomes

and underlying error processes, the paper provides the first account of how decision-making

consistency affects cooperation.

The results establish three main findings. First, higher rationality is associated with substan-

tially higher levels of cooperation and payoffs. These differences are not present at the outset

of play but emerge and widen over time, indicating that they are driven by learning and adap-

tation during repeated interaction rather than initial behavioural differences. High-rationality

subjects increasingly sustain cooperation and are more likely to initiate cooperative play in later

supergames, while low-rationality subjects exhibit limited adjustment.

Second, the analysis of strategies and error decomposition shows that rationality operates pri-

marily through implementation rather than updating within a given strategy. High-rationality

individuals make significantly fewer action errors, deviations from intended actions, and reduce

these errors more rapidly with experience. In contrast, transition errors, which relate to failures

in updating strategic states, display limited variation across rationality groups and remain rela-

tively stable over time. This asymmetry implies that rationality mainly enhances the consistency

with which strategies are executed, rather than the ability to track or update them.

Third, these findings clarify the distinction between rationality and intelligence. While both are

positively associated with cooperation, they operate through different mechanisms. Consistent

with the framework discussed in Section 4, intelligence is linked to transition errors and cogni-

tive processing, whereas rationality is linked to action errors and decision-making consistency.

This distinction provides empirical support for the view that rationality and intelligence capture

different dimensions of behaviour, and should not be treated as interchangeable concepts.
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Taken together, the evidence demonstrates that rationality plays a central role in sustaining co-

operation by reducing implementation errors in repeated interactions. By directly measuring

rationality and decomposing behaviour into distinct error types, the paper contributes to a more

precise understanding of how cognitive constraints shape strategic behaviour. More broadly, the

results suggest that policies or environments that improve decision-making consistency may en-

hance cooperative outcomes, even when underlying strategic understanding remains unchanged.
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Appendix

A Afriat and Varian Quartile Concordance

Table A1: Correlation Matrix for Rationality Quartile Assignments (Exact Sample, N = 196)

Measure CCEI (Afriat) Varian (Mean) Varian (SSQ)
CCEI (Afriat) 1.0000
Varian (Mean) 0.9484 1.0000
Varian (SSQ) 0.9743 0.9649 1.0000

Note: Correlations are calculated using the subsample of subjects (N = 196) where Varian indices were
solved exactly using the procedure from Halevy et al. (2018). All measures refer to quartile rankings
derived under the standard GARP axiom to ensure compatibility across the Afriat and Varian
frameworks.

Table A2: Counterfactual Comparison of Afriat and Varian Quartile Assignments

Measure Agreement (%) Kappa (κ) Quartile Moves (%) Interpretation
Varian (Mean) 93.88% 0.9017 6.1% Very Stable
Varian (SSQ) 96.94% 0.9510 3.1% Even More Stable

Note: To replicate the experimental grouping protocol, counterfactual quartiles are calculated at the
session level. Specifically, for each session, subjects are ranked by their respective inconsistency indices
and split into quartiles, mirroring the original assignment process based on the Choi task CCEI. The
Kappa (κ) statistic measures the agreement between the Afriat-based and Varian-based assignments
while accounting for the agreement that could occur by chance; values above 0.90 indicate near-perfect
concordance. Comparisons use the GARP axiom to ensure compatibility with the Halevy et al. (2018)
estimation code. “Moves” refers to the percentage of subjects shifting by exactly one quartile; no
subjects shifted by more than one quartile.

B Distribution of fGARP Across Studies

Table A3: Distribution of FGARP by study

Study Mean SD p10 p25 p50 p75 p90 p95 N # Tasks

Choi et al. (2007) 0.898 0.116 0.709 0.854 0.947 0.991 0.999 0.999 47 50
Choi et al. (2014) 0.733 0.228 0.393 0.584 0.775 0.943 0.981 0.991 1,182 25
Halevy et al. (2018) 0.952 0.083 0.827 0.950 0.987 1.000 1.000 1.000 203 22
This study’s pilot 0.923 0.089 0.814 0.885 0.961 0.986 0.994 0.999 32 25
This study 0.832 0.191 0.545 0.736 0.913 0.975 0.994 1.000 256 25
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Figure A1: Distributions of fGARP across studies
Notes: Each panel reports the percentage distribution of individual fGARP scores using common bins and
a common horizontal scale from zero to one. Panel (a) uses the 47 participants in the symmetric treatment
of Choi et al. (2007), drawn from a laboratory sample recruited from undergraduate classes and staff at the
University of California, Berkeley. Panel (b) uses 1,182 adult members of the Dutch CentERpanel studied by
Choi et al. (2014); the panel was designed to be representative of the Dutch-speaking adult population of the
Netherlands. Panel (c) uses the 203 participants in Halevy et al. (2018), who were recruited at the University of
British Columbia and were primarily undergraduate students. Panel (d) uses the 218 participants in Moghaddasi
Kelishomi and Sgroi (2024), who were recruited from living unrelated kidney donors in Iran. Panel (e) uses the
32 university-student participants in the present study’s pilot. Higher values indicate greater consistency with
fGARP.
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C Cooperation and Payoff by Rationality Quartiles

Figures A2 and A3 show cooperation and payoffs separately for each rationality quartile. Quar-

tile 4 consistently stands out from the lower three quartiles, supporting the high- versus low-

rationality split used in the main analysis.
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Figure A2: Average cooperation (left) and Payoff (right) computed over observations in succes-
sive blocks of five supergames, shown separately for sessions in each rationality quartile. Bands
represent 95 percent confidence intervals.
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Figure A3: Average cooperation (left) and Payoff (right) in the first rounds (periods) of su-
pergames, computed over observations in successive blocks of five supergames, shown sepa-
rately for sessions in each rationality quartile. Bands represent 95 percent confidence intervals.

D Quartile-Level Error Decomposition

Table A4 presents a quartile-level decomposition of action errors across session halves. In the

first half of the session, action-error rates decline monotonically with rationality, with the largest

and most statistically significant differences arising between the lowest and highest quartiles.

Importantly, this gradient is nonlinear: the separation between the top quartile and the remaining
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subjects is sharper than differences among the lower quartiles, consistent with the distributional

properties of the rationality measure.

Across all quartiles, action errors decline significantly from the first to the second half of the

session, indicating that experience improves implementation consistency. However, the magni-

tude of this improvement differs markedly across quartiles. Subjects in the highest rationality

quartile exhibit the largest absolute reduction in action errors despite starting from a lower base-

line, resulting in a widening gap over time. This pattern confirms that experience interacts with

rationality by operating at different speeds: while all subjects improve with repeated interaction,

high-rationality individuals reduce implementation errors more rapidly.

These findings corroborate the main results obtained from the binary rationality split and demon-

strate that the learning dynamics observed there are not driven by aggregation across heteroge-

neous types, but instead reflect a robust monotonic pattern concentrated at the upper end of the

rationality distribution.

Table A4: Action Errors by Rationality Quartile and Session Half

Outcome Comparison Group A Mean(A) Group B Mean(B) Diff(A−B) p-value
action FH vs FH q1-FH 0.148763 q2-FH 0.118164 0.030599 0.0463
action FH vs FH q1-FH 0.148763 q3-FH 0.107747 0.041016 0.0059
action FH vs FH q1-FH 0.148763 q4-FH 0.085417 0.063346 0.0000
action FH vs FH q2-FH 0.118164 q3-FH 0.107747 0.010417 0.4674
action FH vs FH q2-FH 0.118164 q4-FH 0.085417 0.032747 0.0228
action FH vs FH q3-FH 0.107747 q4-FH 0.085417 0.022331 0.1060
action SH vs SH q1-SH 0.093815 q2-SH 0.083529 0.010286 0.4865
action SH vs SH q1-SH 0.093815 q3-SH 0.076042 0.017773 0.2045
action SH vs SH q1-SH 0.093815 q4-SH 0.024154 0.069661 0.0000
action SH vs SH q2-SH 0.083529 q3-SH 0.076042 0.007487 0.5881
action SH vs SH q2-SH 0.083529 q4-SH 0.024154 0.059375 0.0000
action SH vs SH q3-SH 0.076042 q4-SH 0.024154 0.051888 0.0000
action FH vs SH q1-FH 0.148763 q1-SH 0.093815 0.054948 0.0004
action FH vs SH q2-FH 0.118164 q2-SH 0.083529 0.034635 0.0192
action FH vs SH q3-FH 0.107747 q3-SH 0.076042 0.031706 0.0183
action FH vs SH q4-FH 0.085417 q4-SH 0.024154 0.061263 0.0000

Notes. Diff(A−B) = Mean(A) − Mean(B). p-values are from two-sided t-tests. FH and SH denote the first and
second halves of the session.

Table A5 reports the corresponding quartile-level analysis for transition errors. In contrast to

action errors, transition-error rates exhibit relatively weak differentiation across rationality quar-
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tiles and limited responsiveness to experience within the session. While the highest rationality

quartile displays lower transition-error rates than the lowest quartile in both halves of the ses-

sion, intermediate quartiles are not systematically distinguishable, and within-quartile changes

over time are small and statistically insignificant.

Moreover, the reduction in transition errors from the first to the second half of the session

is modest across all quartiles, with no evidence of accelerated improvement among higher-

rationality subjects. This stability contrasts sharply with the pronounced decline observed for

action errors and suggests that errors related to tracking and updating the strategic state are less

amenable to short-run learning.

Taken together, the quartile analysis reinforces the asymmetric role of rationality across error

types identified in the main text. Rationality is strongly associated with the dynamics of action

errors, but plays a more limited role in shaping the evolution of transition errors, consistent with

the interpretation that the latter reflect more cognitively demanding operations.

Table A5: Transition Errors by Rationality Quartile and Session Half

Outcome Comparison Group A Mean(A) Group B Mean(B) Diff(A−B) p-value
transition FH vs FH q1-FH 0.050977 q2-FH 0.029297 0.021680 0.0241
transition FH vs FH q1-FH 0.050977 q3-FH 0.037500 0.013477 0.2014
transition FH vs FH q1-FH 0.050977 q4-FH 0.026432 0.024544 0.0094
transition FH vs FH q2-FH 0.029297 q3-FH 0.037500 -0.008203 0.3799
transition FH vs FH q2-FH 0.029297 q4-FH 0.026432 0.002865 0.7216
transition FH vs FH q3-FH 0.037500 q4-FH 0.026432 0.011068 0.2273
transition SH vs SH q1-SH 0.043945 q2-SH 0.037240 0.006706 0.5545
transition SH vs SH q1-SH 0.043945 q3-SH 0.031185 0.012760 0.2420
transition SH vs SH q1-SH 0.043945 q4-SH 0.018164 0.025781 0.0077
transition SH vs SH q2-SH 0.037240 q3-SH 0.031185 0.006055 0.5649
transition SH vs SH q2-SH 0.037240 q4-SH 0.018164 0.019076 0.0387
transition SH vs SH q3-SH 0.031185 q4-SH 0.018164 0.013021 0.1326
transition FH vs SH q1-FH 0.050977 q1-SH 0.043945 0.007031 0.5315
transition FH vs SH q2-FH 0.029297 q2-SH 0.037240 -0.007943 0.4134
transition FH vs SH q3-FH 0.037500 q3-SH 0.031185 0.006315 0.5350
transition FH vs SH q4-FH 0.026432 q4-SH 0.018164 0.008268 0.2654

Notes. Diff(A−B) = Mean(A) − Mean(B). p-values are from two-sided t-tests. FH and SH denote the first and
second halves of the session.
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E Temporal Persistence and Hidden-Markov Robustness

The strategy estimates reported in the main text follow the recursive procedure of Proto et al.

(2022). For each subject, the thirty supergames are divided into six consecutive blocks of five

supergames. Within each block, the likelihood of strategies: Always Defect (AD), Always Co-

operate (AC), Tit-for-Tat (TfT), and Grim Trigger (GT) is evaluated after maximising over the

corresponding action- and transition-error history probabilities for each sequence of observed

actions. Blocks are classified independently, and ties between maximum-likelihood strategies

are handled using the allocation convention described in the main text.

In this part, we ask whether the main strategy and error results are robust to allowing strategies

to be persistent across adjacent blocks. We do so using a hidden Markov model (HMM). The

hidden state is the strategy used by a subject in a given five-supergame block, while the observed

data are the strategy-specific likelihoods produced by the original blockwise estimator. The

HMM therefore does not replace the within-block error-estimation procedure. Instead, it adds

a temporal smoothing layer that uses information from neighbouring blocks when assigning

posterior probabilities to strategies.

Before estimating the HMM, we first check whether persistence is already visible in the in-

dependent blockwise classifications. This provides a direct diagnostic for whether adding a

dynamic classification layer is empirically motivated.

E.1 Persistence in the blockwise estimates

Before imposing a dynamic model, we examine whether the independently estimated classifica-

tions already display continuity across adjacent blocks. Let wibm denote the original classifica-

tion weight assigned to strategy m for subject i in block b. We measure fractional adjacent-block

persistence by

P̂same =
1

N(B − 1)

N∑
i=1

B−1∑
b=1

∑
m

wibmwi,b+1,m. (1)
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The benchmark under serial independence is

P̂chance =
∑

m

w̄2
m, w̄m =

1
NB

∑
i,b

wibm. (2)

Panel A of Table A6 shows substantial continuity in the original blockwise estimates. Observed

adjacent-block persistence is 0.550, compared with 0.288 under independent draws from the

marginal strategy shares. The corresponding chance-adjusted persistence measure is 0.368.

Moreover, among the 729 adjacent block pairs for which both blocks have a unique maximum-

likelihood classification, the same strategy is selected in 65.2% of cases. Thus, persistence is

already visible in the independently estimated classifications and is not solely an implication of

the HMM.

E.2 Hidden-Markov specification

The HMM is added as a second-stage extension of the original blockwise estimator. It does not

replace the recursive treatment of action and transition errors within a block. Instead, it uses

the complete set of strategy-specific likelihoods produced by that estimator and introduces a

Markov process governing strategy use across adjacent blocks.

Let Yib denote the observed sequence of own and partner actions for subject i in block b, and let

m ∈ M = {AD,AC,TfT,GT}

index the four candidate strategies. For each subject–block–strategy combination, the original

procedure computes

L∗ibm = max
ϵA,ϵT

Pr
(
Yib | m, ϵA, ϵT

)
, (3)

where the probability of the observed action history sums over all latent sequences of action

errors, transition errors, and internal automaton states that are consistent with that history. The

corresponding maximisers,

ϵ̂A
ibm and ϵ̂Tibm,
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are retained for the subsequent construction of posterior-weighted error rates. Transition errors

are not applicable to the one-state strategies AD and AC.

The stored L∗ibm values are likelihood levels rather than log likelihoods. We therefore use them

directly as state-dependent emission scores. For numerical convenience, they are normalised

within each subject–block:

Eibm =
L∗ibm

maxr∈M L∗ibr

. (4)

This normalisation leaves all likelihood ratios unchanged. It therefore has no effect on posterior

strategy probabilities or on the estimated transition parameters, because it multiplies the likeli-

hood of every possible strategy path for a given subject by the same sequence of block-specific

constants.

Let

S ib ∈ M

denote the latent strategy used by subject i in block b. The HMM initial-state probabilities and

transition probabilities are

πm = Pr(S i1 = m)

and

Asr = Pr(S ib = r | S i,b−1 = s),

respectively. For a subject with B = 6 blocks, the sequence likelihood is

Li(π, A) =
∑

s1,...,sB

πs1 Ei1s1

B∏
b=2

Asb−1 sb Eibsb . (5)

The sample log likelihood is

ℓ(π, A) =
N∑

i=1

logLi(π, A). (6)

The summation in equation (5) integrates over all 46 possible strategy paths, but is evaluated

efficiently using the forward algorithm.

We report three specifications to separate three issues: whether soft posterior classification alone
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matters, whether temporal persistence improves classification, and whether the parsimonious

persistence restriction is too strong. All three specifications use the same emission scores,

namely the subject–block–strategy profile likelihoods from the original estimator. They differ

only in how they restrict the latent transition matrix A, which governs the evolution of strategies

across adjacent blocks.

The independent mixture provides the no-persistence benchmark. It estimates the marginal

frequency of each strategy but assumes that a subject’s strategy in one block contains no in-

formation about the strategy used in the next block. The sticky mixture adds one persistence

parameter and is our preferred specification. It allows the previous block’s strategy to persist

while still allowing switches to be directed by the estimated population distribution of strate-

gies. The unrestricted HMM is included only as a flexibility check. It estimates every row of

the transition matrix separately and therefore allows, for example, switches out of AD to differ

from switches out of TfT.

Independent latent mixture. The first specification permits unequal strategy frequencies but

assumes no dependence across blocks. Let

q = (qAD, qAC, qTfT, qGT)

denote the estimated population distribution of strategies. The initial and transition probabilities

are

π = q, Asr = qr for all s, r. (7)

Thus, every row of A equals q′, and the latent strategy in each block is drawn independently

from the same non-uniform distribution. This model has three free parameters.

Sticky latent mixture. Our preferred specification adds a single persistence parameter:

A(ρ, q) = ρI + (1 − ρ)1q′, 0 ≤ ρ ≤ 1, (8)
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with

π = q.

With probability ρ, the subject retains the strategy used in the preceding block.6 With probabil-

ity 1 − ρ, the strategy is redrawn from q. Hence,

Ass = ρ + (1 − ρ)qs (9)

and, for r , s,

Asr = (1 − ρ)qr. (10)

Importantly, ρ = 0 represents serial independence without imposing equal frequencies of the

four strategies. The sticky specification has four free parameters: three elements of q and ρ.

Unrestricted pooled HMM. The final specification estimates a separate initial distribution π

and a full 4 × 4 transition matrix:

Asr ≥ 0,
∑
r∈M

Asr = 1 for each s. (11)

This model allows persistence and switching destinations to differ freely across origin strategies.

It has fifteen free parameters: three initial-state parameters and twelve transition parameters. We

include it to check whether the parsimonious sticky restriction is too strong, but we do not use

it for the substantive comparisons because, as shown below, it improves fit only slightly relative

to the sticky model while adding many parameters.

The independent mixture is estimated by expectation maximisation. The sticky model is es-

timated by direct maximum likelihood, using multiple starting values for both ρ and q. The

unrestricted model is estimated using the Baum–Welch algorithm with multiple starting val-

6For illustration, suppose there are four strategies and q = (0.30, 0.10, 0.30, 0.30). If ρ = 0, each row of the
transition matrix equals q, so the strategy in the next block is independent of the current strategy. If ρ = 0.80, then
a subject currently in AD remains in AD with probability 0.80 + 0.20 × 0.30 = 0.86, and switches to AC, TfT, or
GT with probabilities 0.20 × 0.10 = 0.02, 0.20 × 0.30 = 0.06, and 0.20 × 0.30 = 0.06, respectively. The same rule
applies to every row: the diagonal element receives the persistence component ρ, while off-diagonal probabilities
are proportional to the estimated population shares in q.

38



ues. In each specification, the forward–backward algorithm produces the smoothed posterior

probabilities

γibm = Pr(S ib = m | Yi1, . . . ,YiB) . (12)

These probabilities use information from both preceding and subsequent blocks and form the

basis of the HMM strategy shares and posterior-weighted error estimates reported below. We

additionally calculate the most likely complete strategy path using the Viterbi algorithm, but

use it only for switching diagnostics rather than for the substantive outcome comparisons.

The resulting estimator is a profile-likelihood HMM rather than a fully joint structural HMM:

the action- and transition-error probabilities are estimated separately for each subject–block–

strategy combination before the Markov process is estimated. This construction deliberately

preserves the within-block error model used in the main analysis and isolates the effect of adding

temporal information to strategy classification.

Table A6: Persistence and Hidden-Markov Model Diagnostics

Panel A: Persistence in the independent block estimates

Fractional adjacent-block persistence 0.550
Persistence under independent marginal draws 0.288
Chance-adjusted persistence 0.368
Same strategy when both classifications are unique 0.652
Adjacent pairs with two unique classifications 729

Panel B: HMM model comparison

Independent mixture Sticky mixture Unrestricted HMM
Log likelihood -2584.739 -2185.709 -2180.971
Parameters 3 4 15
AIC 5175.5 4379.4 4391.9

Panel C: Sticky-HMM diagnostics

Persistence parameter, ρ̂ 0.9596
Expected switches per subject 0.140
Viterbi switches per subject 0.043
Strongly resolved TfT–GT ties 0.125

Notes: The sample contains 256 subjects, six blocks per subject, and 1,280 adjacent-block pairs. Panel A is calculated directly
from the original blockwise strategy-allocation variables. Chance-adjusted persistence is (P̂same − P̂chance)/(1 − P̂chance). A TfT–
GT tie is classified as strongly resolved when the larger posterior probability, conditional on posterior mass on TfT and GT, is at
least 0.75.

The sticky model provides a large improvement in fit relative to the independent mixture while

adding only one parameter. The unrestricted model improves the log likelihood by only 4.74
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despite adding eleven parameters, and AIC favours the sticky specification. The estimated

persistence parameter is

ρ̂ = 0.9596,

implying highly persistent latent strategy paths.

In the sticky specification, the estimated population distribution is

q̂ = (0.334, 0.041, 0.311, 0.314),

for AD, AC, TfT, and GT, respectively. Hence, a subject currently in AD is estimated to remain

in AD with probability

0.9596 + (1 − 0.9596) × 0.334 = 0.973,

while the probabilities of switching to AC, TfT, and GT are approximately 0.002, 0.013, and

0.013. This illustrates that the sticky model captures high persistence while still allowing

switches to be directed by the estimated population distribution of strategies.

Temporal information nevertheless resolves only a limited proportion of the principal TfT–GT

ambiguity: 12.5% of TfT–GT ties are strongly resolved. We therefore treat the HMM as a

temporal-smoothing robustness exercise rather than as a definitive separation of observationally

equivalent strategies. For this reason, the outcome analysis emphasises the combined posterior

share of conditional strategies, TfT plus GT.

E.2.1 HMM strategy shares and implementation errors

Let

γibm = Pr(S ib = m | Yi1, . . . ,Yi6)
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denote the smoothed posterior probability assigned to strategy m. HMM strategy shares are

averages of these posterior probabilities. Posterior-weighted action errors are calculated as

ϵ̂A,HMM
ib =

∑
m

γibmϵ̂
A
ibm.

The HMM transition-error measure is defined analogously for the two-state strategies:

ϵ̂T,HMM
ib = γib,TfT̂ϵ

T
ib,TfT + γib,GT̂ϵ

T
ib,GT.

Thus, this measure is the unconditional posterior-weighted contribution of transition errors, with

AD and AC contributing zero because transition errors are not defined for one-state strategies.

Table A7 mirrors the principal comparisons in Table 5. The first four columns report subject–

block means. Statistical comparisons are obtained from

yib = α + βHHi + βDDb + βHD(Hi × Db) + δs + uib, (13)

where Hi identifies the high-rationality environment, Db identifies the second half, and δs de-

notes session fixed effects. Standard errors are clustered at the eight-subject matching-group

level.

Table A7: Sticky-HMM Strategy Shares and Implementation Errors

Low rationality High rationality High–low, Low: Difference

Outcome First half Second half First half Second half first half second–first in changes

AD share 0.387 0.387 0.187 0.140 −0.200∗∗∗ −0.000 −0.047∗

(0.060) (0.014) (0.025)

TfT + GT share 0.577 0.577 0.754 0.794 0.177∗∗∗ −0.000 0.041∗

(0.064) (0.014) (0.020)

Action error 0.160 0.105 0.105 0.030 −0.054∗∗ −0.055∗∗∗ −0.020
(0.023) (0.011) (0.020)

Transition error 0.053 0.042 0.045 0.025 −0.007 −0.011 −0.010
(0.009) (0.007) (0.011)

Notes: The first four columns report unadjusted subject–block means. The remaining columns report coefficients from
equation (13). “High–low, first half” is β̂H; “Low: second–first” is β̂D; and “Difference in changes” is β̂HD. All regressions
include session fixed effects. Standard errors, in parentheses, are clustered at the eight-subject matching-group level, defined
by session and rationality quartile (32 clusters). Low rationality comprises quartiles 1–3, while high rationality denotes
quartile 4. ∗p < 0.10, ∗∗p < 0.05, and ∗∗∗p < 0.01.
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The HMM preserves and sharpens the principal difference in strategy composition. In the first

half, the posterior AD share is 20.0 percentage points lower in the high-rationality environment,

while the combined posterior share of TfT and GT is 17.7 percentage points higher. Both

differences are statistically significant at the 1% level.

The combined TfT–GT share is essentially unchanged between halves in the low-rationality en-

vironment. In contrast, it increases by 4.1 percentage points in the high-rationality environment:

0.794 − 0.754 = 0.041,

which is statistically significant (p = 0.012). Consequently, the high–low difference in condi-

tional strategy use rises from 0.177 in the first half to 0.218 in the second half; the second-half

difference is significant at the 1% level (p = 0.003). The corresponding difference between the

two changes is positive and marginally significant (p = 0.055).

HMM-weighted action errors are 5.4 percentage points lower in the high-rationality environ-

ment in the first half. Action errors decline by 5.5 percentage points in the low-rationality

environment, but the additional decline in the high-rationality environment is not statistically

significant. Importantly, the HMM difference-in-differences estimate, −0.020, is almost identi-

cal to the corresponding estimate from the original blockwise procedure, −0.0208.

Neither the initial high–low difference nor the differential change in transition errors is sta-

tistically significant. AC is omitted from Table A7: its overall posterior share is small (ap-

proximately 4.3%), and neither its initial difference nor its differential change is statistically

significant.

Overall, the HMM confirms that the main difference across rationality environments lies in

strategy composition. High-rationality environments are characterised by less unconditional

defection and greater use of conditional strategies, with conditional strategy use increasing fur-

ther over the session. Temporal smoothing changes the precise allocation among the cooperative

strategies but leaves the principal action-error result essentially unchanged.
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F Experiment Instructions

Welcome to the Experiment!

Thank you everyone for coming to our experiment today.

This experiment consists of 8 tasks, all of which will be completed in this session. The session

will last approximately 90 minutes. You will receive your payment after completing all of the

tasks.

Any questions? If you have any questions during the experiment, please raise your hand and

we will come to help you. Please remain silent throughout the session as otherwise we will be

forced to terminate the exercise and you will only receive your show-up fee.

Click “next” when you have finished reading to proceed to task 1.

Task 1

The first task is to solve some puzzles, a pattern game. On the screen, you will see a set

of abstract pictures with one of the pictures missing. You need to choose a picture from the

choices below to complete the pattern. For example, in the figure below, choice 8 completes the

pattern and would be the correct answer.

You will have 10 minutes to complete this task. You will be asked to solve a total of 12 such

puzzles. You will be paid for a random choice of two of these 12 patterns you will solve. For

each correct choice, of the random two, you will receive £1. You can navigate through the
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puzzles using the Next and Back buttons. Once you have completed all 12 puzzles, click the

Finish button to submit your answers and complete the task.

Please ensure you do not click the Finish button before completing all 12 puzzles, as you will

not be able to return to the task and may risk losing money.

If you have any questions, please raise your hand and we will come to help you. Please remain

silent while we are running the exercise, as otherwise we will be forced to terminate the session!

Click “next” when you have finished reading to continue Task 1.

Figure A4: Screenshot of the implementation of Task 1

Task 2

Screen 1: This task is in the field of individual decision making. In this task you can earn real

money. The amount you earn depends partly on your decisions and partly on chance. Please
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read the instructions carefully, because a considerable amount of money is involved. You will

have 10 minutes in total to read these instructions and complete two practice rounds. After that,

the main task will begin. In the main task, you will have 15 minutes in total to complete all 25

rounds. During the experiment, we will refer to points instead of Pounds. Your earnings will be

calculated in points and later paid to you in money.

32 points = 1 Pound

This experiment consists of 25 rounds. Every round is independent, but your task will be the

same in every round. In each round, your task is to distribute points between two accounts,

called X account (Blue) and Y account (Red). At the start of each round, you will receive a

set of possible distributions of points, out of which you are allowed to choose one. After you

have made your decision, the computer will randomly select one of the accounts; both of the

accounts X and Y have the same probability of being selected. Your earnings in a particular

round are the points that you allocated to the account that has been selected by the computer,

the points that you distributed to the other account do not count.

Screen 2: To make your decision in each of the rounds, you will use a chart. Below you can

see what this looks like. The X account (Blue) corresponds to the horizontal axis, and the Y

account (Red) corresponds to the vertical axis. Every point on the chart resembles a distribution

between the X and Y account. At the start of each decision round, you will see a line which

shows the possible distributions of points between the X and Y account. In each decision round

you can only choose a point, which lies on the line. Examples of lines that you will see are

shown below. In each round the computer selects one line which crosses both axes between 40

and 400 points, and at least one of the axes at 200 or more points. The lines that will be selected

for you in the other decision rounds are independent of each other. In every round the computer

will provide you with a new line. With every choice, you are allowed to choose any allocation

of points between the X and Y account that is located on the line. You are allowed to choose

one point.

An example of one of those lines is shown below. A possible choice is A, in figure (1), where
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you allocate 33 points to the X account (blue) and 232 points to the Y account (red). Another

possible choice is B, in figure (2), where you allocate 170 points to the X account (red) and 60

points to the Y account (b). There are many more points on this line that you can choose, other

than point A and B alone. You are allowed to choose any point on the line. The only condition

is that you can only choose one point in each round.

Screen 3: In the next screen you can practise two rounds. Click the practice button to begin.

Then, you’ll see a line with the possible distributions in this practice round. To choose a distri-

bution, use the mouse to move the cursor on the screen along the line towards the distribution of

your choice and then click on the left button on your mouse, to select your choice. (To do this,

first move the cursor in the neighborhood of the point on the line.) You can see that you can

only choose distributions that are located on the line. You can also use the slider located to the

right of the figure to adjust the point along the line. Simply drag the slider to smoothly move

the selection point to your preferred position. To activate the slider each time the page loads,

first click on any point on the line.

You can click on any point on this line to see the allocated points to each account, blue and

red. When you know which decision you would like to make, to confirm your decision, click

the submit button. This button will only be visible once you click on a point. You will then

be automatically transferred to the next round. After you have practised two rounds, click

‘continue’ to proceed to the next information page. This is a practice screen. The decision you

make, will not be recorded.
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Screen 4: Two practice rounds

Screen 5: After confirming your decision, the computer will randomly select one account; each

of the two accounts, X and Y, have the same probability of being selected. If the X account is

selected, then your earnings in this round equal the amount of points on the X account. The

points on the other account are not used. If the Y account is selected, then your earnings in

this round equal the amount of points on the Y account. The points on the other account are

not used. Next, a new decision round starts. You will receive a graph with a new line from the

computer. You will then make a new decision about the number of points to allocate to the X

and the Y account. The computer will again choose between the X and Y account. This process

repeats itself, until 25 rounds have passed. After the last round, you will see a screen showing

a message that the experiment has ended.

At the end of the experiment (after round number 25), the computer randomly chooses one

round from the 25 rounds. To do that, the computer draws a number between 1 and 25. So the

selected round only depends on chance: all rounds have the same probability of being chosen.

Because only one round (out of the 25 rounds in total) is randomly selected and paid out, there is

no feedback after each round about the result (which round has been selected by the computer

and the earnings in that round). The selected round, your own choice in that round and the

amount that will be paid, are shown on the screen. The points will be exchanged to money. 32

points are worth 1 Pound.

The task starts now. From now, you will see 25 screens with the chart and 25 different lines.

The computer chooses the lines based on chance. As explained earlier in the instructions, your

task is to select a point from the possible point distributions. You can click on any point along

the line. When you click on a specific point, you will be able to view the allocated points for

each account associated with that selected point. To begin, you’ll have to click the next button

on the screen.

Screen 6: Task 2 Comprehension Questions

Please answer the following questions to check your understanding of the task instructions.
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1. How is your payoff for a round determined?

• By the total number of points you allocated across both accounts

• By the number of points in the account randomly chosen by the computer

• By the average of your allocations across X and Y

2. What is the probability that the computer chooses the X account in each round?

• Higher than Y, it depends on how many points you allocate

• Lower than Y, it depends on your choice

• The same as Y, each account has a 50% chance

3. At the end of the experiment, how many of the 25 rounds are used to calculate your final

payment?

• All 25 rounds

• Only 1 round, chosen at random

• The last 5 rounds

Task 3

Screen 1 You will now participate in a different task. You will be matched randomly with

another player. You and the other player are playing a game in which each player requests an

amount of money. The amount must be (an integer) between 11 and 20 Experimental Pounds

(EP). Each player will receive the amount he or she requests. A player will receive an additional

amount of 20 Experimental Pounds if he or she asks for exactly one Experimental Pound less

than the other player. 10 experimental pounds are equivalent to £1.

You will have 5 minutes in total to complete this task.

If for example, you request 19 EP and the other player requests 20 EP then,

Your payoff will be: 19 + 20 = 39EP (=£3.9)
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Figure A5: Screenshot of the implementation of Task 2

The other player’s payoff will be: 20EP

If for example, you request 17 EP and the other player requests 16 EP then,

Your payoff will be: 17EP (=£1.7)

The other player’s payoff will be: 16 + 20 = 36EP

If you have a question, please raise your hand.

If you have read the instructions and do not have any questions, please click ‘Next’ to proceed.

Screen 2: Make Your Request
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Please enter an amount between 11 and 20 experimental pounds.

What amount of money would you request?

Screen 3: Please explain why you chose the amount you did:

Screen 4: Results

You requested: 14.

Your opponent requested: 14.

Your payoff: £1.40.

Your opponent’s payoff: £1.40.

Task 4

In this task, each of you will be randomly matched with someone in this room to make decisions

in several rounds.

On your screen you will see a similar screen like the one shown below. The computer will ask

you to make a choice between C and D. Your payoffwill be presented on the table, in green, and

your partner’s payoff will be presented on the right table, in black. In each table, your decisions

(C or D) are represented in the rows and your partner’s decisions are represented in the columns.

Figure A6: Example payoff tables for choices C and D.

The payoffs of each round will depend on both your decisions as well as your partner’s. For
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example, according to the table:

• If you choose C and your partner chooses C, your payoff will be 48 and your partner’s

payoff will be 48.

• If you choose D and your partner chooses C, your payoff will be 50 and your partner’s

payoff will be 12.

• If you choose C and your partner chooses D, your payoff will be 12 and your partner’s

payoff will be 50.

• And finally, if you choose D and your partner chooses D, your payoff will be 25 and your

partner’s payoff will be 25.

For each sequence of rounds (match) you will be randomly matched with someone from this

room. This is done completely anonymously and no-one will ever know who you have been

matched with.

After each round, there is a 75% probability that the match will continue for at least another

round. That is, if there were 100 trials, in 75 of these the match would be repeated and in 25 the

match would stop. So for example, if you are at the second round of the match, the probability

there will a third round is 75% and similarly if you are at round 9, there will be a 75% probability

for a further round. Once each match is finished, you will again be randomly matched with

someone from this room and play the same sequence of rounds once again accordingly to the

75–25 probability. Whenever this happens you will be informed that a new match is starting.

The sum of the units that you will collect through all the matches, will determine your monetary

payoff. Each unit corresponds to 0.4 pence. Keep in mind that the game will be repeated many

times and so you can potentially earn a lot of money!

Any questions? If you have any questions during the experiment, please raise your hand and

we will come to help you. Please remain silent throughout the session as otherwise we will be

forced to terminate the exercise and you will only receive your show-up fee.
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Again, let us remind you that the length of each match is randomly determined. After each

round, there is a 75% probability that the match will continue for at least another round. You

will play with the same person for the entire match. Also, once a match is finished you will be

randomly matched with another person for a new match.

Task 5

Screen 1: Task 5 is a choice task. On your screen you will see a list of 10 lottery choices. For

each case you will be asked to indicate which of the two lotteries you would prefer to play. One

out of these 10 lottery choices will be randomly picked and then the choice you’ve made will

be played, and you will be paid according to the probabilities indicated.

If you have read the instructions and do not have any questions, please click ‘Next’ to proceed.

Screen 2:

Make a choice for each of the below rows. A random row will be chosen and you will be paid

according to your choice for that row.

Option A Or... Option B

10% of £2.00, 90% of £1.50 10% of £3.50, 90% of £0.10

20% of £2.00, 80% of £1.50 20% of £3.50, 80% of £0.10

30% of £2.00, 70% of £1.50 30% of £3.50, 70% of £0.10

40% of £2.00, 60% of £1.50 40% of £3.50, 60% of £0.10

50% of £2.00, 50% of £1.50 50% of £3.50, 50% of £0.10

60% of £2.00, 40% of £1.50 60% of £3.50, 40% of £0.10

70% of £2.00, 30% of £1.50 70% of £3.50, 30% of £0.10

80% of £2.00, 20% of £1.50 80% of £3.50, 20% of £0.10

90% of £2.00, 10% of £1.50 90% of £3.50, 10% of £0.10

100% of £2.00, 0% of £1.50 100% of £3.50, 0% of £0.10
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Task 6

Screen 1: Task 6 involves making intertemporal choices. On your screen, you will see a list

of 14 choices. For each case, you’ll be presented with two payment options: one for an early

payment on the left and the other for a later payment on the right. One out of the 14 choices

will be randomly picked to be played out.

If you have read the instructions and do not have any questions, please click ‘Next’ to proceed.

Screen 2:

Make a choice for each of the below rows. I would like to:

Option A Or... Option B

Receive £98 today Receive £100 in 6 months.

Receive £94 today Receive £100 in 6 months.

Receive £90 today Receive £100 in 6 months.

Receive £86 today Receive £100 in 6 months.

Receive £80 today Receive £100 in 6 months.

Receive £70 today Receive £100 in 6 months.

Receive £55 today Receive £100 in 6 months.

Receive £98 in 6 months Receive £100 in 12 months.

Receive £94 in 6 months Receive £100 in 12 months.

Receive £90 in 6 months Receive £100 in 12 months.

Receive £86 in 6 months Receive £100 in 12 months.

Receive £80 in 6 months Receive £100 in 12 months.

Receive £70 in 6 months Receive £100 in 12 months.

Receive £55 in 6 months Receive £100 in 12 months.
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Task 7

Screen 2: Task 7 is a questionnaire. It is relevant to your background and personality. Your

payment will not be affected by this. Again we would like to remind you that everything is

anonymous so please answer as truthfully as possible as this is critically important for our

research. If you have any questions, please raise your hand and we will come to help you.

If you have read the instructions and do not have any questions, please click ‘Next’ to proceed.

Screen 2:

Please select an answer indicating the extent to which you agree or disagree with that statement:

“I see myself as someone who...”.
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Disagree

strongly

Disagree a

little

Neither

agree nor

disagree

Agree a

little

Agree

strongly

Is talkative.

Tends to find fault with others.

Does a thorough job.

Is depressed, blue.

Is original, comes up with new ideas.

Is reserved.

Is helpful and unselfish with others.

Can be somewhat careless.

Is relaxed, handles stress well.

Is curious about many different things.

Is full of energy.

Starts quarrels with others.

Is a reliable worker.

Can be tense.

Is ingenious, a deep thinker.

Generates a lot of enthusiasm.

Has a forgiving nature.

Tends to be disorganized.

Worries a lot.

Has an active imagination.

This is not a real personality question but an at-

tention check please answer “Agree strongly”

so we know you are paying attention.

(continued)
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Disagree

strongly

Disagree a

little

Neither

agree nor

disagree

Agree a

little

Agree

strongly

Tends to be quiet.

Is generally trusting.

Tends to be lazy.

Is emotionally stable, not easily upset.

Is inventive.

Has an assertive personality.

Can be cold and aloof.

Perseveres until the task is finished.

Can be moody.

Values artistic, aesthetic experiences.

Is sometimes shy, inhibited.

Is considerate and kind to almost everyone.

Does things efficiently.

Remains calm in tense situations.

Prefers work that is routine.

Is outgoing, sociable.

Is sometimes rude to others.

Makes plans and follows through with them.

Gets nervous easily.

Likes to reflect, play with ideas.

Has few artistic interests.

Likes to cooperate with others.

Is easily distracted.

Is sophisticated in art, music, or literature.

Task 8

Screen 1: Task 8 which is the last section for today is a very quick questionnaire.

Please click ‘Next’ to proceed.

Screen 2:
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Demographic Questions

What is your age?

Year of study? 1 2 3 4 other

What is your gender? Female Male Other Prefer not to say

What is your country of origin?

What is your mother tongue?

What was the highest possible mark in your high school?

What was your final mark?

What is your current degree course?

Would you consider your course mostly: Quantitative or Qualitative?

Quantitative

Qualitative

Have you solved a similar pattern game (like the one today) in the past year?

Yes

No
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F.1 Experiment Implementation Details

Table A8: Maximal period (T) of each SG.

SG T
1 1
2 4
3 2
4 2
5 1
6 2
7 12
8 4
9 4
10 5
11 8
12 2
13 1
14 7
15 2
16 4
17 4
18 1
19 4
20 1
21 5
22 7
23 3
24 1
25 1
26 4
27 1
28 1
29 2
30 2
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