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ABSTRACT

IZA DP No. 15523 AUGUST 2022

Social Preferences and the Variability of 
Conditional Cooperation*

We experimentally examine how the incentive to defect in a social dilemma affects 

conditional cooperation. In our first study we conduct online experiments in which subjects 

play eight Sequential Prisoner’s Dilemma games with payoffs systematically varied across 

games. We find that few second movers are conditionally cooperative (i.e., cooperate if and 

only if the first mover cooperates) in all eight games. Instead, most second-movers change 

strategies between games. The rate of conditional cooperation is higher when the own 

gain from defecting is lower and when the loss imposed on the first mover from defecting 

is higher. This pattern is consistent with both social preference models and stochastic choice 

models. To explore which model explains our findings we employ a second study to jointly 

estimate noise and social preference parameters at the individual level. The majority of our 

subjects place significantly positive weight on others’ payoffs, supporting the underlying 

role of social preferences in conditional cooperation.
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1. Introduction 

Conditional cooperation is widely observed in social dilemmas. Whereas the pursuit of 

narrowly defined selfish interests would result in a lack of cooperation, many people are willing 

to forgo their selfish interests and cooperate, but only if others do so as well. This pattern of 

behavior is particularly clear in controlled experiments investigating contributions to public 

goods.1 These experiments also reveal substantial heterogeneity: for example, in some of these 

studies (see Thöni and Volk (2018) for a review) some group members are classified as "free-

riders" (i.e., defecting regardless of the behavior of others), others as "conditional cooperators" 

(i.e., cooperating if others do so), and still others as "unconditional cooperators" (i.e., 

cooperating independently of the behavior of others). Identifying these heterogeneities is 

crucial when trying to understand what makes individuals cooperate and which measures to 

take to further enhance cooperation.  

Despite this commonly applied classification, not much is known, however, about 

whether it reflects stable personality traits whereby the participant would exhibit similar 

behavioral patterns in similar situations, or whether the classification applies only to the 

specific experimental setting and parameters. There is also surprisingly little evidence on how 

the specific material payoffs of the game affect conditional cooperation. In case that the degree 

of conditional cooperation varies with game parameters, it is fundamental to understand the 

mechanisms and account for them when studying group cooperation. To provide first insights 

into this dimension, in this study, we examine whether the behavioral pattern exhibited by a 

given participant, such as conditional cooperation, varies in response to changes in the material 

incentives. 

Examining the within-subject variability of conditional cooperation across payoff 

variations is important for at least two reasons. First, it allows us to understand the nature of 

conditional cooperation: whether conditional cooperation reflects underlying social 

preferences, or whether conditional cooperation reflects a desire to reciprocate the cooperation 

of others in a way that is robust to changes in material incentives.2 Social preference models, 

 
1 See, e.g., Bilancini, et al. (2022); Brandts and Schram (2001); Chaudhuri and Paichayontvijit (2006); Croson 
(2007); Cubitt, et al. (2017); Fischbacher, et al. (2001); Fischbacher and Gächter (2010); Furtner, et al. (2021); 
Gächter, et al. (2017b); Gächter, et al. (2022); Isler, et al. (2021); Keser and van Winden (2000); Kocher, et al. 
(2008). For reviews see Chaudhuri (2011); Fehr and Schurtenberger (2018);  Gächter (2007); and Thöni and Volk 
(2018). 
2 As discussed by Bardsley and Sausgruber (2005), Fehr and Fischbacher (2004), Gächter, et al. (2017a), and 
.DWXãþiN� DQG�0LNOiQHN� ������, conformity to what is perceived as "socially appropriate" and willingness to 
sacrifice material payoffs in order to follow such norms could also be a candidate explanation for conditional 
cooperation. 
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which define preferences over one's own and other's material payoffs (e.g., Andreoni and Miller 

(2002); Bolton and Ockenfels (2000); Charness and Rabin (2002); Cox, et al. (2007); Cox, et 

al. (2008); Fehr and Schmidt (1999)), are capable of explaining conditional cooperation, but at 

the same time these models predict that it will be influenced by material incentives. In contrast, 

if conditional cooperation reflects a principled stand against free-riding, eschewing material 

gains to reciprocate the cooperation of others, then conditional cooperation is expected to be 

robust across payoff variations.  

Second, the efficacy of interventions to promote cooperation depends on whether 

conditional cooperation is influenced by payoff variations. For example, leading by example 

would be an effective mechanism to achieve cooperative outcomes if followers are generally 

conditionally cooperative (e.g., Gächter, et al. (2012)). On the other hand, if conditional 

cooperation is sensitive to payoffs, then this implies that there are settings where leading by 

example is ineffective.  

We study within-subject variability of conditional cooperation using two experimental 

designs. Our first experimental design is based on the sequential prisoner's dilemma shown in 

Figure 1.  
 

FIGURE 1��7KH�6HTXHQWLDO�3ULVRQHU¶V�'LOHPPD��63'� 
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In this game First-mover (FM) chooses either cooperate or defect, and, after observing 

this choice, Second-mover (SM) chooses either cooperate or defect. Combined earnings are 

maximized when both cooperate, resulting in each player receiving ܴ . However, if FM 

cooperates, SM maximizes own earnings by defecting, in which case FM receives ܵ and SM 

receives ܶ. If FM defects, SM maximizes own earnings by also defecting, so that each player 

receives ܲ. Thus, a selfish SM who maximizes own earnings should defect regardless of FM's 

choice. 

In our experiments, subjects make decisions in the role of both FM and SM for eight 

different games with varying payoffs. We elicit SM strategies by asking how the subject would 

respond to defect and how they would respond to cooperate, with their actual decision being 

determined by their response to WKHLU�RSSRQHQW¶V�DFWXDO�FM choice. To rule out confounding 

factors, such as belief updating, no feedback on any of the individual games is provided until 

the end of the experiment. This simple experimental design allows us to examine whether 

conditional cooperation is stable across varying payoffs, and, if not, how conditional 

cooperation is affected by changes in incentives.  

In our first study, we conducted two online experiments, the first using Amazon 

Mechanical Turk (AMT) and to explore the robustness of our findings, we replicated the study 

using a University of Nottingham (UoN) student subject pool. AMT workers are 

demographically more diverse and older than typical student subject pools. From the results of 

related research studying cooperation rates in simultaneous PDs (Gächter, et al. (2021)) and 

public goods games (Arechar, et al. (2018)) we expect AMT workers to exhibit a higher level 

of cooperativeness than the younger UoN student subject pool. Comparing AMT workers and 

UoN students thus provides us with an opportunity to gauge variability of conditional 

cooperation across subject pools.  

For our AMT experiment we find that the proportion of conditional cooperators varies 

between 27% and 48% across games, while for our UoN experiment the proportion varies 

between 28% and 48%. Fractions of free rider strategies range from 40% to 55% in AMT and 

from 43% to 59% in UoN. Moreover, in both experiments more than 70% of subjects change 

their SM strategy at least once across games. An implication of this is that any classification of 

individuals as ³conditional cooperators´ or ³free-riders´ in one game should not be generalized 

to other games with different material payoffs: a conditional cooperator in one game may be a 

free-rider in another, and vice versa. Additionally, we also find that changes in behavior are 

systematically related to payoffs: SM are more likely to conditionally cooperate when they 
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have less to gain from free-riding, and when free-riding has a larger negative impact on the 

)0¶V earnings.  

This pattern  is consistent with the predictions of several social preference models (e.g., 

Charness and Rabin (2002); Fehr and Schmidt (1999)), but it is also consistent with stochastic 

choice models where subject choices are determined by selfish preferences plus noise (e.g., 

Anderson, et al. (1998)). Thus, we developed a second experimental study to jointly estimate 

individual-level noise and social preference parameters. In this study, which we conducted as 

a laboratory experiment using our UoN student subject pool and a modified version of the SPD, 

subjects make choices either as FM or as SM in sixty-four games with varying payoffs, 

As in Study 1, in Study 2 we find substantial heterogeneity across individuals. Some 

SMs consistently respond to cooperation by maximizing their own payoff (12%), while others 

consistently respond by cooperating (6%). However, most SMs vary their responses to 

cooperation across games in a way that is systematically, though not deterministically, related 

to payoffs. For 72% of SMs we estimate a random utility model incorporating social 

preferences and find that most of these (representing 66% of all SMs) have significantly 

SRVLWLYH�VRFLDO�SUHIHUHQFH�SDUDPHWHUV�WKDW�SODFH�D�SRVLWLYH�ZHLJKW�RQ�WKHLU�RSSRQHQW¶V�SD\RII��

Thus, our results support the view that conditional cooperation reflects underlying social 

preferences.  

The remainder of the paper is organized as follows. In Section 2, we place our 

contributions in the related literature that examines the variability of conditional cooperation 

and the relationship between social preferences and conditional cooperation. In Section 3 we 

describe the design and results of our online experiments, and in Section 4 we present the 

design and results of our lab experiment. In Section 5 we conclude. 

2. Related literature and our contributions 

A number of previous papers have examined the variability of conditional cooperation over 

time, by measuring conditional cooperation repeatedly but keeping payoff functions constant. 

The results are mixed.  Brosig, et al. (2007) conducted similar SPDs to us three times within 

three months using the same subjects and random-matching and found that the rate of 

conditional cooperation diminished across repetitions. This finding is supported by Andreozzi, 

et al. (2020) that also found conditional cooperation diminished with repetition. Exploring 

public goods games, Muller, et al. (2008) elicited subjects' strategies across five repetitions. 

Although only 37% of subjects always chose the same strategy across all five games, previous 
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choices were useful predictors of subsequent choices. For example, 69% of subjects who 

conditionally cooperated in any of the first four games also conditionally cooperated in the fifth 

game. Volk, et al. (2012) elicited subjects' strategies in a public goods game three times over 

the course of five months and observed that conditional cooperation was remarkably stable 

over time. Half of their subjects chose the same strategy in all three games, and 71% of these 

conditionally cooperated. In a closely related analysis, Gächter, et al. (2022) report stability 

rates of 66% and 59% in their provision and maintenance versions of public goods games 

played four months apart.3  

Our approach differs from this previous literature because we examine robustness 

whilst varying the payoffs across the eight SPDs people play. We are not aware of any study 

examining how within-subject variation of payoffs affects conditional cooperation.4 We are 

only aware of three studies that examine whether payoff variation affects conditional 

cooperation between subjects. Thöni and Volk (2018) found that the proportion of conditional 

cooperators is similar across 17 public goods experiments, which employ different parameters 

(i.e., MPCRs, group size). In contrast, Clark and Sefton (2001), using a between-subjects SPD 

experiment in which subjects played repeatedly against changing opponents with feedback on 

the outcomes of each play, found that doubling the temptation payoff, T, resulted in a 

significantly lower rate of conditional cooperation. Our studies differ from these in that we ask 

subjects to make decisions in multiple games with systematically varying payoffs and without 

feedback across games. This within-subject design allows us to examine how changes in 

payoffs affect conditional cooperation at the individual level. 

Our paper also contributes to the literature of social preferences explaining decisions in 

experimental public goods games. One of the first papers in this literature is Blanco, et al. 

(2011). They measure parameters of disadvantageous and advantageous inequality aversion 

(Fehr and Schmidt (1999)) using ultimatum and modified dictator games and then have the 

same subjects play among others an SPD and a public good. They find that the elicited 

preference parameters predict decisions at the aggregate level but not so much at the individual 

 
3  Two further studies (Eichenseer and Moser (2020) and Mullett, et al. (2020)) examine the variability of 
conditional cooperation across different contexts by comparing behavior in a public goods game and a SPD. Both 
studies report that subjects who are conditionally cooperative in a SPD are also conditionally cooperative in a 
public goods game.  
4  Several studies examine how decisions in the simultaneous prisoner's dilemmas are influenced by payoff 
variations (e.g., Ahn, et al. (2001); Au, et al. (2012); Charness, et al. (2016); Engel and Zhurakhovska (2016); 
Mengel (2018); Ng and Au (2016); Schmidt, et al. (2001); Vlaev and Chater (2006)). See Gächter, et al. (2021) 
for a discussion of these papers and a systematic experimental analysis of the role of payoff parameters for 
FRRSHUDWLRQ�LQ�SULVRQHU¶V�GLOHPPD�H[SHULPHQWV�� 
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level. Hedegaard, et al. (2021) elicit distributional preferences in a representative Danish 

sample and then use them to explain behavior in trust and public goods games.  Our approach 

differs from these papers. Unlike them, we do not elicit preference parameters in some games 

to predict behavior in others. Instead, we estimate preference parameters using a series of SPDs 

that systematically vary the payoff parameters.  

Our approach therefore directly relates to an experimental literature testing models of 

social preferences and estimating social preference parameters (see Cooper and Kagel (2016), 

for a review). Many experiments in this area are based on designs where individuals are 

randomly assigned to different treatments and tests of models are based on making treatment 

comparisons. It is typically the case that there are too few observations on individual subjects 

to estimate individual preference parameters, and so estimations are based on population 

regressions (e.g., Charness and Rabin (2002)). We take a fundamentally different approach by 

having subjects make many choices in a modified version of the SPD game with varying 

payoffs, enabling us to estimate preference parameters at the individual level. In this regard, 

our Study 2 experiment is most closely related to a literature initiated by Palfrey and Prisbrey 

(1997) who estimate altruism and warm glow parameters in public goods games, and Andreoni 

and Miller (2002), and Fisman, et al. (2007), who estimate individual preferences for giving 

by having subjects make choices in modified dictator games with varying endowments/prices 

of giving. A more recent related paper is Bruhin, et al. (2019), who estimate structural social 

preference models from binary choices, although their emphasis is on finite mixture models.5  

 

3. Study 1: Measuring the variability of conditional cooperation 

3.1. Experimental design  

Our first experimental design is based on the sequential prisoner's dilemma game of Figure 1. 

Our main interest concerns how changes in payoffs affect conditional cooperation focusing on 

two factors. First, LOSS ؔ (R ± S)/R refers to FM¶V�ORVV when SM responds to cooperation by 

defecting rather than cooperating. Second, GAIN ؔ (T ± R)/R refers to 60¶V� gains from 

responding to cooperation by defecting rather than cooperating. We also manipulate the 

efficiency gains from cooperation, EFF ؔ (R ± P)/R. 

 
5 Our approach is also similar to that used in a considerable literature on individual choice experiments where 
individual risk preferences are estimated from responses to a battery of lottery choices (see, for example, Hey and 
Orme (1994), Andersen, et al. (2008)). 
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Table 1 shows the payoff parameterization used in our experiment and the resulting 

values of EFF, LOSS and GAIN.6 Payoffs were chosen to be strictly positive multiples of ten 

in order to avoid zero or non-rounded payoffs. All games satisfy the conditions ܶ  ܴ  ܲ 

ܵ and ʹܴ  ܶ  ܵ, so that mutual cooperation maximizes combined earnings, but, assuming 

players are selfish, own-earnings maximizers, the Nash equilibrium is always mutual defection. 

ܴ (500) is constant across all games while there are two distinct values of ܲ�(200, 400). Thus, 

we study games with two different levels of efficiency. There are also two distinct values of 

ܶ�(600, 800) and four distinct values of ܵ�(20, 90, 40, 180). Note that with this parameterization 

we study a 2 ൈ 2 variation in LOSS and GAIN for each level of efficiency. 

 

TABLE 1. 3D\RII�SDUDPHWHUV�IRU�6HTXHQWLDO�3ULVRQHU¶V�'LOHPPD�*DPHV 

Game R P S T EFF LOSS GAIN 

G1 500 200 90 600 0.60 0.82 0.20 
G2 500 200 20 600 0.60 0.96 0.20 
G3 500 200 90 800 0.60 0.82 0.60 
G4 500 200 20 800 0.60 0.96 0.60 
G5 500 400 180 600 0.20 0.64 0.20 
G6 500 400 40 600 0.20 0.92 0.20 
G7 500 400 180 800 0.20 0.64 0.60 
G8 500 400 40 800 0.20 0.92 0.60 
Note: EFF = (R ± P)/R; LOSS = (R ± S)/R; GAIN = (T ± R)/R. 

3.2. Experimental procedures 

We conducted our initial online interactive experiment in Spring 2019 using Amazon MTurk 

across five sessions with a total of 138 participants. We refer to this as our AMT experiment. 

To further examine the robustness of our first data collection, we replicated the AMT 

experiment with a different subject pool in Summer 2021, referred to as our UoN experiment, 

using students from the University of Nottingham who had signed up to a subject database for 

participating in experiments. For this experiment we used ORSEE (Greiner (2015)) to recruit 

subjects and conducted an additional three sessions with a total of 152 participants. Between 

both data sets we observe significant differences in demographics, such as age, gender and 

ethnic composition, allowing us to explore potential treatment effects for a range of individual 

 
6 This is the same parameterization used in Gächter, et al. (2021) for studying cooperation in simultaneous PDs. 
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characteristics (see Appendix A for the details). Both online experiments were programmed 

using LIONESS Lab (Giamattei, et al. (2020)), and the same program was used for both 

experiments, with only minimal changes to the instructions related to the subject pools (for the 

instructions, see Appendix B). 

Each participant was paired with another subject after they had read the instructions 

and passed some control questions. Each pair then played all eight games of Table 1 with no 

feedback between games. For each game, subjects had to answer eight additional control 

questions about the payoffs before making decisions. These additional control questions were 

intended to ensure that subjects understood the implications of their decisions and recognized 

the payoff changes across games. Subjects then made decisions as FM as well as SM. Both 

decision tasks were presented on the same screen. For the FM decision, they simply chose 

whether to cooperate or to defect. For the SM decision, we asked subjects to decide in the 

following two situations: i) if FM cooperates, and ii) if FM defects. Therefore, we elicited SM 

strategies using the strategy method (Selten (1967)).7 Rather than use the terms "cooperate" or 

"defect", we labeled options neutrally as A or B, with labeling randomly chosen at the pair 

level in each game. To control for potential order effects, we randomized the sequence of games 

and the order of tasks (i.e., placing the FM or SM decision at the top of the screen) at the pair 

level. Once subjects completed the tasks for all games, we asked them to complete a short post-

experimental questionnaire eliciting basic demographic information. 

We paired subjects with another participant on a real-time basis, and they made 

decisions in each game at the same time. That is, they could not proceed to the next game until 

both had completed their decisions for the current game.8  

To elicit subjects' responses in an incentive-compatible way, we implemented the 

following payment scheme. At the end of the session, one of the eight games was randomly 

chosen at the pair-level for payment. If both subjects completed the entire experiment, they 

 
7 Regarding potential differences between responses elicited using the strategy method and those using a direct 
response method, previous studies found no statistical differences in subjects' responses between these two 
methods (see Brandts and Charness (2000), and Brandts and Charness (2011) for a review and Keser and Kliemt 
(2021) for a recent discussion). See also Fischbacher and Gächter (2010); Fischbacher, et al. (2012); Gächter, et 
al. (2017b); Isler, et al. (2021); Gächter, et al. (2022) who all find that combining strategies with beliefs explains 
contributions in direct response public goods games supporting the behavioral validity of the strategy method.   
8 To reduce the risk of decreased attention due to long waiting times as subjects waited for their opponent to decide, 
we took the following measures. Before participants entered the experiment, we told them to avoid distractions 
during the experiment. In addition, participants who were inactive for more than 30 seconds (i.e., no mouse 
movement or no keyboard input) got an alert voice message and a blinking text on their browser. If an inactive 
participant did not respond to the alert message for a further 30 seconds, such an inactive participant was removed 
from the experiment and the remaining person was able to continue the experiment. 
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were paid according to the outcome of this game as follows. One of the pair was randomly 

chosen to be FM, and the other was selected to be SM. Then, subjects were reminded of their 

decisions and informed about the outcome for this game. As mentioned above, for SM's 

decision we used their conditional response to FM's decision. If one of the pair had dropped 

out during the experiment, the computer randomly selected the payoff-relevant game for the 

remaining subject. Then the computer randomly selected one out of four monetary outcomes 

(i.e., ܶ, ܴǡ ܲǡ or ܵ) of the chosen game for payment to the remaining subject. We explained this 

payment scheme clearly in the instructions. This payment procedure gives subjects a monetary 

incentive to take both FM decisions and SM decisions seriously in all games as any of these 

decisions can become payoff relevant. 

In line with other online experiments, there was a non-negligible attrition rate: 32 out 

of 138 AMT subjects (23%) and 9 out of 152 UoN subjects (6%) dropped out during the 

experiment.9 For subjects who completed the AMT experiment, the average age was 34.2 years 

(s.d. 10.2 years) and 37% were female, while for the UoN experiment the average age was 22.5 

years (s.d. 4.6 years) and 58% were female. AMT subjects' earnings ranged from $1.20 to $9.00, 

averaging $4.59��ZKLOH�8R1�VXEMHFWV¶�HDUQLQJV�UDQJHG�IURP�£1.20 to £9.00, averaging £4.53. 

On average, the experiment lasted about 30 minutes and subjects were informed of their 

payment immediately upon completion of the experiment and were paid within 24 hours. 

3.3 Results 
For our analysis, we only include the decisions of subjects who completed the experiment: thus, 

our data set consists of 848 AMT observations (106 subjects ൈ eight games) and 1144 UoN 

observations (143 subjects ൈ eight games). In line with our research question, our focus is on 

SM decisions as these provide a direct measure of conditional cooperation. These conditionally 

cooperative strategies, where SM responds to cooperation with cooperation and defection with 

defection, make up 38% of the strategies elicited in the AMT experiment, and 37% of the 

strategies elicited in the UoN experiment. Free-riding strategies (i.e., unconditional defection) 

make up 45% of the AMT strategies and 53% of the UoN strategies. There are relatively few 

unconditionally cooperative strategies (AMT: 12%; UoN: 7%) and even fewer strategies that 

respond to defection with cooperation and cooperation with defection (AMT: 5%: UoN: 3%) 

 
9 The dropout rate in our AMT sessions is similar to that of related interactive online experiments. For example, 
Arechar, et al. (2018) report a 20% dropout rate in their interactive four-player public goods game, and Gächter, 
et al. (2021) reports a 24% dropout rate in their interactive eight simultaneous prisoner's dilemma games. 



 
11 

 
 

Thus, as in other social dilemma experiments (e.g., Fischbacher, et al. (2001); Fallucchi, et al. 

(2019); Gächter, et al. (2022); Isler, et al. (2021); Miettinen, et al. (2020); Muller, et al. (2008); 

Thöni and Volk (2018)), conditional cooperation and free-riding make up the bulk of elicited 

strategies (87% in aggregate). 

However, we find that mRVW�VXEMHFWV�FDQQRW�EH�XQDPELJXRXVO\�FODVVLILHG�DV�D� µIUHH-

ridHU¶�RU�µFRQGLWLRQDO�FRRSHUDWRU¶�EHFDXVH�WKH\�vary their strategy between games. Of AMT 

subjects, 13% always free-ride, 13% always conditionally cooperate, and the remainder change 

strategies at least once across games. For the UoN experiment, 19% always free-ride, 10% 

always conditionally cooperate, and the remainder change strategies at least once across games.  

Table 2 reports the proportion of conditionally cooperative strategies, broken down by 

game, for the AMT and UoN experiments. Panel (a) gives the proportion in the AMT 

experiment depending on the levels of LOSS and GAIN for the high efficiency games, while 

panel (b) does the same for the UoN experiment. Results for low efficiency games are reported 

in panels (c) and (d) in a similar fashion. Table 2 also reports changes in proportions, and 

McNemar tests of significance of these, for pairwise comparisons between games where LOSS 

or GAIN varies and other payoffs are held constant.10 

We find a consistent pattern in both experiments, where for all four possible 

combinations of efficiency and GAIN, conditional cooperation is higher in the high than the 

low LOSS game, and for all four possible combinations of efficiency and LOSS conditional 

cooperation is higher in the low than the high GAIN game. To test whether conditional 

cooperation varies significantly across games, we conduct pairwise comparisons using 

McNemar's test. In the AMT experiment, subjects are significantly less likely to conditionally 

cooperate when GAIN increases in the low efficiency games. In the UoN experiment the effect 

of GAIN is significant except when efficiency is low and LOSS is low, and the effect of LOSS 

is significant in the low efficiency game with low GAIN. For other cases the differences are 

not statistically significant. 

 
  

 
10 We conducted a similar analysis for the other strategies. For free-riding the results mirror those shown in 
Table 2 very closely: where conditional cooperation increases between games free-riding increases, and vice 
versa. The proportions of the other two strategies are small and do not vary across games in a systematic way 
(only 1 of 32 pairwise comparisons is significant at the 5% level). See Appendix A, Table A3-5 for details. 
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TABLE 2. Proportions of Conditionally Cooperative Strategies 
 

(a) High Efficiency Games (EFF = 0.6) ± AMT 

   LOSS  

  Low (= 0.82) High (= 0.96) ¨ (H-L) 

 Low (= 0.20) 35.8% 42.5% +6.7% 

GAIN High (= 0.60) 33.0% 38.7% +5.7% 

 ¨ (H-L) -2.8% -3.8%  

 

(b) High Efficiency Games (EFF = 0.6) ± UoN  

   LOSS  

  Low (= 0.82) High (= 0.96) ¨ (H-L) 

 Low (= 0.20) 37.8% 44.1% +6.3% 

GAIN High (= 0.60) 28.0% 32.9% +4.9% 

 ¨ (H-L) -9.8%** -11.2%**  

 

(c) Low Efficiency Games (EFF = 0.2) ± AMT  

   LOSS  

  Low (= 0.64) High (= 0.92) ¨ (H-L) 

 Low (= 0.20) 44.3% 48.1% +3.8% 

GAIN High (= 0.60) 27.4% 34.9% +7.5% 

 ¨ (H-L) -16.9%*** -13.2%**  

 

(d) Low Efficiency Games (EFF = 0.2) ± UoN 

   LOSS  

  Low (= 0.64) High (= 0.92) ¨ (H-L) 

 Low (= 0.20) 36.4% 48.3% +11.9%*** 

GAIN High (= 0.60) 32.2% 38.5% +6.3% 

 ¨ (H-L) -4.2% -9.8%**  
 
 

Note: EFF = (R ± P)/R, LOSS = (R ± S)/R, GAIN = (T ± R)/R.* p < 0.1; 
** p < 0.05; *** p < 0.01 indicate p-values based on McNHPDU¶V�WHVW� 
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To summarize how incentives affect conditional cooperation, controlling for 

demographic characteristics, we present the marginal effects from logit regressions for our 

AMT and UoN experiments in Table 3. The dependent variable is 1 if the subject conditionally 

cooperated and 0 otherwise. Our experiments manipulate LOSS and GAIN across two levels 

of EFF, and so we report how conditional cooperation varies with the indices of LOSS and 

GAIN separately for our two levels of efficiency. These regressions control for individual and 

task characteristics, round, and session effects. A full set of results is given in Table A3 in 

Appendix A.  

 
TABLE 3. Determinants of Conditional Cooperation 

 AMT UoN 
LOSS*EFFhigh 0.175 0.289*** 
 (0.120) (0.089) 
LOSS*EFFlow 0.294** 0.332*** 
 (0.118) (0.089) 
GAIN*EFFhigh -0.150 -0.234*** 
 (0.092) (0.072) 
GAIN*EFFlow -0.335*** -0.159** 
 (0.089) (0.076) 
Observations 800 1,104 
Notes: Average marginal effects from logit regression with 
robust standard errors clustered at the individual level. 
Dependent variable = 1 if SM conditionally cooperated, 0 
otherwise. LOSS = (R ± S)/R, GAIN = (T ± R)/R, EFFhigh: 
indicator variable for (R ± P)/R = 0.6, EFFlow: indicator 
variable for (R ± P)/R = 0.2. Regressions include controls for 
individual characteristics, task characteristics, round and 
session effects. 
* p < 0.1; ** p < 0.05; *** p < 0.01 

 
 As in Table 2, we see consistent patterns in the sign of the effects of GAIN and LOSS 

on conditional cooperation. As GAIN increases and it becomes more profitable for a SM to 

free-ride, we observe lower levels of conditional cooperation, and as LOSS increases and free-

riding has a larger negative LPSDFW�RQ�)0¶V�HDUQLQJV�ZH�REVHUYH�PRUH�FRQGLWLRQDO�FRRSHUDWLRQ��

These effects are significant at the 5% level or lower in the UoN experiment, while for the 

AMT experiment the effects are significant at the 5% level or lower for the low EFF games, 

but not so for the high EFF games.  

Including controls allows us to explore how conditional cooperation is affected by the 

heterogeneity in demographics across our two experiments. More detailed results are given in 

Appendix A Table A5, but here we note a significant effect of age and gender for the UoN 

sample, where older and female students are more likely to conditionally cooperate. In contrast 
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to our expectation, we do not observe the same result on age in the AMT sample even though 

we have more age variation in the AMT data. We do, however, find significant heterogeneity 

in conditional cooperation between ethnicities in the AMT sample. 

These results also control for task characteristics (whether cooperation was labelled A 

or B, and whether FM or SM decision fields were presented first), round effects, and session 

effects. In the UoN experiment neither round dummies (Ȥð(7) = 9.75, p = 0.203) nor session 

dummies (Ȥð(2) = 2.13, p = 0.344) are jointly significant. For AMT, however, there are 

significant round effects (Ȥð(7) = 15.47, p = 0.030), reflecting a higher rate of conditional 

cooperation in the first round compares to later rounds, and significant session effects (Ȥð(4) = 

10.38, p = 0.035) effects. In neither experiment are the task characteristics significant. 

In summary, across our online experiments we find that conditional cooperation varies 

across games. Most subjects change strategies across games, and this switching between 

strategies varies systematically with the distributional consequences of free-riding relative to 

conditionally cooperating. Subjects are more likely to conditionally cooperate when free-riding 

imposes larger losses on the FM, or when free-riding provides smaller gains for oneself. Our 

finding that strategies are sensitive to the cost imposed on the opponent as well as the gain to 

self suggests that a substantial proportion of subjects care not only about their own material 

payoffs but also about the other's material payoffs. Moreover, the way conditional cooperation 

varies with LOSS and GAIN is consistent with the predictions of several distributional 

preference models. For example, consider the Fehr and Schmidt (1999) model of inequality 

aversion or the ³GLVWULEXWLRQDO�SUHIHUHQFH´�PRGHO by Charness and Rabin (2002). According to 

these models the SM maximizes utility by defecting in response to defection, while the optimal 

response to cooperation depends on how much weight the SM places on the disadvantaged 

)0¶V SD\RII��&KDUQHVV�DQG�5DELQ¶Vߩ� parameter) or the marginal disutility from earning more 

than the FM �)HKU�DQG�6FKPLGW¶Vߚ� parameter). Applied to our game SM will conditionally 

cooperate if ߩ  (or ߚ ) > GAIN/(GAIN + LOSS), and free-ride otherwise. Thus, given a 

distribution of preference parameters in the population, more individuals in the population will 

conditionally cooperate when GAIN is lower, or LOSS is higher. 

However, it should be noted that behavior is not perfectly aligned with these models: 

we observe some individuals sometimes unconditionally cooperate, some individuals 

sometimes switch from free riding to conditionally cooperating when GAIN increases, and so 
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on. At best, our data is consistent with noisy versions of these models.11 In fact, the systematic 

effects of GAIN and LOSS are also consistent with stochastic choice models in which subjects 

maximize selfish utility with error. For example, in Appendix C we present a quantal response 

equilibrium analysis and show that the QRE probability of conditional cooperation increases 

with LOSS and decreases with GAIN. Since our data does not allow us to distinguish which of 

these alternative models drives our results, we designed a further experiment to separately 

estimate the effects of social preferences and noise. 

 

4. Study 2: Explaining the variability of conditional cooperation 

Our second experimental design attempts to jointly estimate noise and preference parameters 

at an individual level. To obtain meaningful estimates it is necessary to have a subject play 

many games and so we modified our initial design in a number of ways. First, we used an in-

person lab experiment to avoid problems of attrition and to enhance control. Second, we 

simplified the task by having subjects play in fixed roles. Third, we simplify the SM decision 

by having second movers only make a choice in response to cooperation ± effectively, we 

hardwire defection as a response to defection (based on the results from our earlier design, 

where the response to defection is defect in over 85% of cases, we think not much is lost from 

this simplification). The game implemented in our lab experiment is shown in Figure 2. 

Despite these changes, we kept most of the features identical to our first experiment. To 

elicit SM responses to cooperation we retained the contingent choice element of our earlier 

design. That is, FM and SM made choices at the same time and a SM choice was only relevant 

for payoffs if the FM cooperated. Thus, both players make binary choices in each game. 

 
  

 
11 There is considerable evidence that errors and confusion play a significant role for behavior in public goods 
games. See, for instance, Andreoni (1995), Bayer, et al. (2013), Burton-Chellew, et al. (2016); Ferraro and 
Vossler (2010); Houser and Kurzban (2002); Palfrey and Prisbrey (1997). Errors may also affect conditional 
cooperation to some extent (e.g., Fosgaard, et al. (2017); Gächter, et al. (2022)). 
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FIGURE 2. The ModiILHG�6HTXHQWLDO�3ULVRQHU¶V�'LOHPPD�Game 
 

 
 

 

Additionally, as in our earlier design, we kept ܴ (500) constant in all games and used 

the same four values of ܵ (20, 40, 90, 180). We expanded the set of values of ܲ (100, 200, 300, 

400), and ܶ�(400, 600, 800, 1000), to obtain 64 games. These include the 8 games of our 

original design, and 22 more games satisfying the PD conditions ܶ  ܴ  ܲ  ܵǡ ʹܴ  ܶ  ܵ. 

In addition, there are 15 games where ܶ  ܴ  ܲ  ܵ , but ܶ  ܵ  ʹܴ , so that the Nash 

equilibrium outcome is mutual defection, while combined earnings are maximized when FM 

cooperates and SM defects. In addition, there are 16 games where ܴ  ܶ, so that the SM 

maximizes own earnings by cooperating. For these games the Nash equilibrium outcome is 

mutual cooperation (and in one of these ܵ  ܲ so the FM has a dominant strategy to cooperate). 

Finally, there are 3 more games where ܵ  ܲ�and so a FM has a dominant strategy to cooperate. 

(A complete list of games and parameters is provided in Appendix F, Table F1.) Thus, most of 

our games are dilemmas but the inclusion of other games means that a subject motivated to 

maximize own earnings cannot achieve this by using a simple heuristic of always defecting, 

and similarly a subject motivated to maximize combined earnings cannot use a simple heuristic 

of always cooperate. This feature of our experimental design provides us with an additional 

opportunity to examine the attentiveness of subjects and gain some insights into the 

rationalizability of choices. 
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4.2 Experimental procedures 

We conducted our experiment in June 2022 in the CeDEx lab using University of Nottingham 

students. We conducted 13 sessions with a total of 194 participants (97 SMs). Subjects were 

recruited using ORSEE (Greiner, 2015) and the experiment was conducted with the software 

LIONESS Lab (Giamattei, et al. (2020)). 42% of the subjects were female and the average age 

was 22.1 yrs (s.d. 3.69 years). The experiment was pre-registered (AEARCTR-0009536).12  

At the beginning of the session each participant was given a set of instructions, and 

these were read aloud by the experimenter. Subjects then answered control questions before 

beginning the decision-making part of the session. As in the online experiments, subjects were 

anonymously paired with another subject and then played all 64 games with no feedback 

between games.  

In contrast to our online study, we asked subjects to make their choices on a graphical 

implementation of the decision tree as outlined in Figure 2 (see instructions in Appendix D). 

We again utilized neutral labels, where for each game, the FM was Person A and chose between 

options A1 and A2, while the SM was described as Person B and chose between options B1 

DQG�%���,Q�DGGLWLRQ��ZH�HOLFLWHG�EHOLHIV�DERXW�WKH�RWKHU�SHUVRQ¶V�FKRLFH��As before, to control 

for potential order effects, we randomized the sequence of games at the pair level. Once 

subjects completed the tasks for all games, we asked them to complete a short post-

experimental questionnaire eliciting basic demographic information. 

At the end of the session two games were randomly chosen for each pair. One of these 

games was used to determine additional earnings based on game choices, based on an exchange 

rate of £0.02 per point. The other game was used to determine additional earnings based on 

beliefs. Subjects were rewarded in lottery tickets using a binarized scoring rule (Hossain and 

Okui (2013)), and these determined their chances of winning a prize of 200 points (i.e., £4). 

The instructions did not describe the precise binarized scoring rule to subjects. Instead, they 

were told that they maximized their chances of winning the prize by reporting their beliefs as 

accurately as possible. The instructions also offered to reveal the precise mechanism after the 

experiment to interested subjects (only one subject took up the offer). We adopted this 

procedure following Danz, et al. (2022) who show that despite a potential centrality bias using 

the binarized scoring rule, not outlining the details of the incentive mechanism results in most 

accurate belief elicitations.  

 
12 https://www.socialscienceregistry.org/trials/9536. We aimed for 200 participants but due to show-up problems 
we ended up with 194.  

https://www.socialscienceregistry.org/trials/9536
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Subjects received a £5 show up fee and earnings ranged from £5.40 to £25.00, 

averaging £16. On average, the experiment lasted about 60 minutes, including the completion 

of a post-experimental questionnaire. Subjects were informed of their payment immediately 

upon completion of the experiment and were paid within 24 hours. 

 

4.3 Econometric model 

To jointly estimate the effects of noise and social preferences we use a random utility model 

incorporating social preferences. First, following Fehr and Schmidt (1999) and Charness and 

Rabin (2002) we assume SM¶V�XWLOLW\�GHSHQGV�RQ�ERWK�RZQ-HDUQLQJV�DQG�RWKHU¶V�HDUQLQJV as 

follows: 

ிெǡߨௌெሺݑ ிெሻߨ ൌ ிெߨߩ  ሺͳ െ ௌெߨሻߩ ൌ ௌெߨ െ ௌெߨሺߩ െ  ிெሻߨ

The parameter ߩ is the weight that SM places on )0¶V�SD\RII�ZKHQ�60�HDUQV�DW�OHDVW�DV�PXFK�

as FM in the Charness-Rabin model. It can also be interpreted as the marginal disutility from 

advantageous inequality in the Fehr-Schmidt model (their ߚ parameter). In all 64 games SM 

earns at least as much as FM, and so we do not need to distinguish between the weights placed 

RQ� WKH� RWKHU¶V� SD\RII� ZKHQ� DKHDG� DQG� ZKHQ� EHKLQG�� RU� EHWZHHQ� advantageous and 

disadvantageous inequality.  

Second, we assume SM holds beliefs about FMs choice and assigns probabilityݍ� to 

FM cooperating. Given these assumptions and our payoff parameterization, 60¶V expected 

utility from cooperating is  

ܸ ൌ ܴݍ  ሺͳ െ  ሻܲݍ

and the expected utility from defecting is 

ௗܸ ൌ ሺܶݍ െ ሺܶߩ െ ܵሻሻ  ሺͳ െ  .ሻܲݍ

We assume SM follows a stochastic choice rule and cooperates if and only if 

ௗܸ െ ܸ < ܼ, where ܼ  ܰሺߤǡ  .(ଶߪ

Thus, SM cooperates unless the expected utility gain from defecting exceeds a normally 

distributed noise term with mean ߤ . A positive parameter ߤ  thus results in a bias toward 

cooperation that is independent of payoffs. That is, even if the choice rule is deterministic (ߪ ൌ

Ͳ ), and even if the expected payoff from defection exceeds the expected payoff from 

cooperation, SM may choose to cooperate if the expected utility difference is less than ߤ. The 

higher is ߤ , the more likely it is that SM will cooperate even when expected payoff 

maximization points toward defecting. Includingߤ� in our econometric specification therefore 
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accounts for potential individual bias and provides us with more robust estimates of the social 

preference parameter. 

From this choice rule, letting ߔሺήሻ denote the standard normal distribution function, the 

probability of cooperating as a function of the payoffs, beliefs, preference, and noise 

parameters is:   

��ሼܵݏ݁ݐܽݎ݁ܿ�ܯሽ ൌ ߪȀߤሺߔ�  ሺܴݍ െ ܶሻȀߪ  ሺܶݍߩ െ ܵሻሻȀߪሻ. 

We then estimate ߤǡ ߪ  and the preference parameter ߩ  for each subject using maximum 

likelihood probit, providing us with individual estimates corresponding to our key dimensions 

of interest, social preferences (ߩ) as well as noise (ߪ). 

Prior to estimation we conducted Monte Carlo simulations to explore the properties of 

the estimators under alternative data generating processes (see Appendix E). The main take-

aways from our simulations are, first, that sometimes the model fails to produce sensible 

estimates. Partly this reflects the familiar under-identification problem in discrete choice 

models, whereby maximum likelihood parameters cannot be estimated when the data is 

perfectly predicted by the regressors. This occurs if a subject cooperates in every decision, or 

defects in every decision. But it also occurs, for example, if choices follow deterministically 

from the social preference model so that a subject cooperates if and only if ߩ  ሺܶȂܴሻȀሺܶȂ ܵሻ 

for some value of ߩ.  Another reason for failure to produce sensible estimates is that estimates 

RI�ı�may be negative. Related to this, when estimates of ߪ are very close to zero, corresponding 

estimates of ߩ can vary wildly. Thus, in our data analysis we treat individuals with ߪƸ ൏ Ͳ or 

ȁߩƸȁ  ͳ as outliers.  

Second, controlling for potential bias in choices, ߤ ് Ͳ, by including a constant in the 

regression, and controlling for variability in beliefs across games by including beliefs in the 

regression, are important parts of our estimation strategy. When the data generating process 

includes a bias term, ߤ ് Ͳ, estimates from a model without a constant are severely biased, 

whereas when the data generating process does not include a bias term, ߤ ൌ Ͳ, estimating a 

model with a constant comes at a small price (mainly, adding a constant term increases the 

chance of running into identification problems). Similarly, when choices are based on expected 

utility differences and depend on q, estimating a model assuming ݍ ൌ ͳ leads to severely 

biased estimates. 

Third, standard errors can be very large, particularly when ı�is large. An implication of 

this is that point estimates may be very imprecise estimates of underlying parameters. On the 
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other hand, the finite-sample bias in the estimate of ߩ is small, and so the average estimate of 

 across many individuals gives a useful estimate of the underlying mean parameter in the ߩ

population.  

 

4.4 Results 

4.4.1 Descriptive statistics 

Before estimating our model, we give some summary information on choices and beliefs.13 

Figure 3 shows how cooperative choices relate to GAIN and LOSS. As in our online 

experiment, the effect of GAIN is very clear: the higher is gain, the lower is the cooperation 

UDWH�� 5HFDOO�� WKDW� LQ� RXU� GHVLJQ� 60¶V� SD\RII� IURP� GHIHFWLQJ� LV� ORZHU� WKDQ� WKH� SD\RII� IURP�

cooperating in 16 games (i.e., in the ܶ ൌ ͶͲͲ games, which implies GAIN = -0.2)). As it turns 

out, SM almost always cooperates in these games. Note also that in these games the private 

gain from cooperating is quite small (100 points), and the same as the private gain from 

defecting when ܶ ൌ ͲͲ. The fact that the cooperation rate in the ܶ ൌ ͶͲͲ games is almost 

100% while the cooperation rate in the ܶ ൌ ͲͲ games is substantially above zero is a first 

hint that cooperation reflects more than just selfish motives plus error.14  

 
FIGURE 3. SM Cooperation Rate by GAIN and LOSS 

 

 
 

 
13 See Appendix F, Table F1, for a complete table of average beliefs and average choices for each of the 64 games. 
14 This is not conclusive evidence because it ignores the role of beliefs. SM may have a higher expectation that 
FM cooperates when ܶ ൌ ͶͲͲ than when ܶ ൌ ͲͲ, and so the expected private gain from cooperating when ܶ ൌ
�ͶͲͲ may be higher than the expected private gain from defecting when ܶ ൌ ͲͲ. 
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With respect to LOSS, as in our online experiment, there is a positive relationship, 

although much less pronounced than for the case of GAIN. These results are further confirmed 

in a logit regression model that examines how SM cooperation varies with GAIN and LOSS 

for the four levels of efficiency. The results are reported in Table 4 and replicate previous 

results from the online experiment: SM cooperation increases with LOSS and decreases with 

GAIN, though the effect size of GAIN is substantially greater (c.f. Table 3). 

 

TABLE 4. Determinants of SM Cooperation (64 games) 
LOSS*EFF=0.8 0.145*** 
 (0.040) 
LOSS*EFF=0.6 0.152*** 
 (0.041) 
LOSS*EFF=0.4 0.131*** 
 (0.042) 
LOSS*EFF=0.2 0.146*** 
 (0.041) 
GAIN*EFF=0.8 -0.561*** 
 (0.020) 
GAIN*EFF=0.6 -0.560*** 
 (0.018) 
GAIN*EFF=0.4 -0.512*** 
 (0.020) 
GAIN*EFF=0.2 -0.556*** 
 (0.020) 
Observations 6,016 
Notes: Average marginal effects from logit regression with robust 
standard errors clustered at the individual level. Dependent variable 
= 1 if SM conditionally cooperated, 0 otherwise.  LOSS = (R ± S)/R, 
GAIN = (T ± R)/R, EFF = (R ± P)/R. Controls: demographic 
variables, round and session effects. * p < 0.1; ** p < 0.05; 
*** p < 0.01 

 

Next, we examine how beliefs relate to choices in our 64 games. Figure 4 shows 

how beliefs DERXW�WKH�RWKHU�SOD\HU¶V�FKRLFH are related to the RWKHU�SOD\HU¶V�DFWXDO�FKRLFH��

The left panel shows SM beliefs against the actual cooperation rates of FMs. The 

Spearman correlation is 0.984 (p < 0.001), suggesting that SM beliefs are quite well-

calibrated, although there is a tendency for SM to somewhat over-estimate low FM 

cooperation rates and under-estimate FM high cooperation rates.  

In the right panel of Figure 4 we present FM beliefs about SM choices. Again, 

there is a high correlation across the 64 games: the Spearman correlation coefficient is 

0.949 (p < 0.001). For FMs, there is a clear clustering of beliefs, and it reflects 

differences in GAIN. Thus, for the ܶ ൌ ͶͲͲ games FMs expect SMs to cooperate at a 
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high rate (the average belief is 85%), although the actual SM cooperation rate is in fact 

even higher than this (97%). At ܶ ൌ ͳͲͲͲ on average FM expect SMs to cooperate 24% 

of the time (slightly over-estimating the cooperation rate of 20%). 

 
FIGURE 4. Beliefs and Choices  

 
 

 

4.4.2 Estimation results 
 
Next, we turn to the estimation of our social preferences model using maximum likelihood 

probit regressions. We are unable to estimate parameters for 26 of 97 SMs for whom a linear 

combination of regressors perfectly predict choices. For example, 6 SMs always chose to 

cooperate, and 12 SMs always chose to maximise own-earnings (i.e., defect when ܶ  ܴ and 

cooperate when ܶ ൏ ܴ). Of the remaining 71 SMs for whom we can estimate parameters, one 

is estimated with ȁߩƸȁ  ͳ, which we exclude as an outlier. The rest of our analysis of SMs is 

based on the remaining sub-sample of 70 SMs. A complete list of the individual estimates is 

provided in Table F2 in Appendix F. 

Figure 5 presents a histogram of the 70 ߩ parameter estimates. The average estimate is 

0.41 (s.d. 0.25), and using this to estimate the mean ߩ parameter in the population we conclude 

the mean parameter is statistically significantly different from zero (p < 0.001).15 Of the 70 

subjects, 64 have significantly positive estimates of ߩ. Thus, the majority of our second movers 

have significantly positive social preference parameters and place positive weight on FM¶V�

 
15 To test this hypothesis, we use the average estimate in our sample, 0.41, as our estimate of the population mean, 
and for a standard error of this estimate we use ݁ݏሺσߩƸȀ݊ሻ ൌ ሺͳȀ݊ሻξሺσ݁ݏሺߩƸሻ

ଶ) = 0.1137. 
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payoff. This presents clear evidence in line with models of social preferences to explain 

variability in conditional cooperation under changing payoff parameters. It is interesting to 

compare these results with previous experiments that use modified dictator games to estimate 

the Fehr-Schmidt ߚ parameter. In line with our results, Blanco et al. (2011) give an average 

estimate of ߚ of 0.47 (s.d. 0.31), while Beranek, et al. (2015) (using UoN students) find an 

average estimate of 0.48 =  ߚ (s.d. 0.29). 

 
FIGURE 5. Distribution of SM social preference parameter (ȡ) estimates 

 
 

For the noise parameters, the average estimate of ߤ is 5.36 (s.d. 289.76) and the average 

estimate of ߪ is 62.48 (s.d. 109.93). Note, the average bias estimate is very small, and we 

cannot reject the hypothesis that the mean bias in the population is zero (p = 0.978).16 However, 

there is substantial variability in the sample: many subjects have a large estimated bias and 38 

estimates are significantly negative (i.e., displaying a bias toward defection). Both of these 

additional pieces of evidence further support that social preferences are in fact the main driver 

of our previously established results. 

For our sub-sample of 70 subjects Table 5 summarizes the predictive accuracy of our 

model and compares it with the predictive accuracy of two alternative models. For our first 

alternative, we simply predict cooperation using a probit model with a constant. That is, for 

each SM we predict cooperation (defection) in all games if that subject cooperates (defects) in 

most games). Note that this model must successfully predict at least 50% of DQ�60¶V choices. 

 
16 We again follow the same approach as before, using our average estimateǡ σߤƸȀ݊ ൌ ͷǤ͵, as our estimate of the 
mean bias and for a standard error we use ݁ݏ(σߤƸȀ݊ሻ ൌ ሺͳȀ݊ሻξሺσ݁ݏሺߤƸሻଶሻ ൌ ͳͻͷǤ. 
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Across our sub-sample we find it predicts 67% of choices correctly. For a second alternative, 

we predict cooperation using a random utility model with ߩ constrained to be zero (i.e., for 

each SM we predict decisions based on a constant and expected utility differences, where utility 

depends only on own-payoff). This increases predictive success considerably, and correctly 

SUHGLFWV�����RI�60¶V�FKRLFHV��RQ�DYHUDJH��$GGLQJ�VRFLDO�SUHIHUHQFHV�WR�WKH�PRGHO�LQFUHDVHV�

the predictive success to 89%. We also report another widely used measure of predictive 

success, the pseudo R2 measure. Since these measures of predictive success generally increase 

ZLWK�WKH�QXPEHU�RI�SUHGLFWRUV�LQ�WKH�PRGHO��ZH�DOVR�UHSRUW�0F)DGGHQ¶V�DGMXVWHG�3VHXGR�52, 

which penalizes for the number of predictors. Even using this measure, the model with social 

preferences improves predictive success relative to the other models. 

 

TABLE 5. Measures of Predictive Success 

Model Average Hit 

Ratio 

Average 

Pseudo R2 

Average adjusted 

Pseudo R2 

Constant 0.67 0 -0.03 

Random utility with 

selfish preferences 
0.80 0.31 0.25 

Random utility with 

social preferences 
0.89 0.56 0.47 

   

4.4.3 Reciprocity 

Our social preference model as outlined above is based on preferences defined over the 

distribution of payoffs. This means that when deciding how to respond to cooperation by FM, 

SM weighs up the utility of cooperation, which depends on ܴ, and the utility from defection, 

which depends on ܵ  and ܶ . The payoff parameter ܲ  does not directly enter 60¶V� XWLOLW\. 

However, it is possible that ܲ does in fact matter for SM choices if subjects have reciprocal 

preferences. That is, SM considers that FM is being kind by cooperating (see, e.g., Falk, et al. 

(2003)), and so SM cooperates to reward this act. How kind FM is to SM could be measured 

in alternative ways that depend on ܲ, the payoff that FM forgoes by choosing to cooperate. 

One can argue that ܲȂ ܵ�is a relevant measure of kindness, as by cooperating FM forgoes ܲ 

and risks getting ܵ. Alternatively, one could argue that ܴȂܲ is a more relevant measure of 

kindness from cooperating as these are the cooperative gains being offered to SM. 
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To test whether some form of reciprocation is playing a role in our setting, we do not 

model reciprocal preferences explicitly, but rather we simply test whether the weight SM places 

on FMs payoff changes with ܲ. 7KDW�LV��ZH�VXSSRVH�WKDW�60¶V�SUREDELOLW\�RI�FRRSHUDWLQJ�LV�

given by: 

��ሼܵݏ݁ݐܽݎ݁ܿ�ܯሽ ൌ ߔ� ൭ߤȀߪ  ሺܴݍ െ ܶሻȀߪ  ߩݍ


ॴୀೖሺܶ െ ܵሻሻȀߪ൱ 

where ॴୀೖ  is the indicator function for the four possible values of ܲ. We estimate separate 

  . parameters for each value and test the hypothesis that all four are equalߩ

We can estimate this model for 68 subjects (70%). Of these, there are only four subjects 

for whom the weights significantly vary with ܲ at the 10% level. Thus, in our specification, we 

can only find limited evidence of reciprocity as an explanation of conditional cooperation. It 

appears that most of the variation in cooperation we observe can be explained by heterogeneity 

in social preferences rather than due to additional reciprocal concerns.  

   

4.4.4 First Mover choices 

Although our main focus is on 60¶V response to cooperation, FM cooperation rates also vary 

substantially across the 64 games, ranging from as little as 4.1% up to 95.9% in another.17 To 

further examine a potential explanation behind FM cooperation, we can also apply the random 

utility model with social preferences to FM choices. /HW�)0¶V�XWLOLW\�EH�JLYHQ�E\� 

ிெǡߨிெሺݑ ௌெሻߨ ൌ ௌெߨ߬  ሺͳ െ ߬ሻߨிெ ൌ ிெߨ  ߬ሺߨௌெ െ  .ிெሻߨ

Here, the parameter ߬ is WKH�ZHLJKW�)0�SODFHV�RQ�60¶V�SD\RII�ZKHQ�60�HDUQV�PRUH�WKDQ�)0�

(the Charness-Rabin ߪ parameter). (Recall, in our games SM always earns at least as much as 

FM.) It can also be interpreted as minus one times Fehr-6FKPLGW¶V�GLVDGYDQWDJHRXV�LQHTXDOLW\�

aversion parameter. 

:LWK�WKLV�XWLOLW\�IXQFWLRQ��)0¶V�utility from defecting is ܲ, and since this determines 

the outcome with certainty )0¶V�H[SHFWHG�XWLOLW\�IURP�GHIHFWLQJ�LV� 

ௗܸ ൌ ܲǤ 

)0¶V expected utility from cooperating is  

ܸ ൌ ܴݍ  ሺͳ െ ሻሺܵݍ  ߬ሺܶ െ ܵሻሻ 

where ݍ is the probability FM assigns to SM cooperating. Using the random utility choice rule, 

FM cooperates if and only if 

 
17 Table F1 in Appendix  F reports average FM cooperation rates for each of the 64 games 
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ௗܸ െ ܸ < ܼ, where ܼ  ܰሺߤǡ  ,(ଶߪ

and from this it follows that FM cooperates with probability:  

��ሼݏ݁ݐܽݎ݁ܿ�ܯܨሽ ൌ ߪȀߤሺߔ�  ሺܴݍ  ሺͳ െ ሻܵݍ െ ܲሻȀߪ  ߬ሺͳ െ ሻሺܶݍ െ ܵሻȀߪሻǤ 

As before, we estimate the parameters ߤǡ  and ߬ using maximum likelihood probit ߪ

regressions. We are able to estimate individual parameters for 84 of 97 FMs. The average 

estimate of ߬ is -0.11 (s.d. 0.30). Sixty-two of the estimates are insignificantly different from 

zero. Eleven are significantly negative and 13 are significantly positive. Despite this 

heterogeneity we find that the population mean of ߬ is significantly different from zero (p = 

0.010) providing evidence for other-regarding preferences.18 Figure 6 shows a histogram of the 

estimates.  

 

FIGURE 6. Distribution of FM social preference parameter (Ĳ) estimates  

 
Most notably, we find WKDW�WKH�ZHLJKW�)0�SODFHV�RQ�60¶V�SD\RII�WHQGV�WR�EH�ORZHU�WKDQ�

WKH�ZHLJKW�60�SODFHV�RQ�)0¶V�SD\RII��7KLV�LV�FRQVLVWHQW�ZLWK�WKH�DVVXPSWLRQ�LQ�&KDUQHVV�DQG�

Rabin (2002) that the weight placed on the otKHU¶V�SD\RII�depends on whether a player is ahead 

or behind. Note also that a substantial proportion of FMs SXW�D�SRVLWLYH�ZHLJKW�RQ�60¶V�SD\RII��

even when SM earns more ± these subjects are not consistent with difference aversion models 

since only those subjects with ߬ ൏ Ͳ are averse to disadvantageous inequality in the sense of 

Fehr and Schmidt. Lastly, as in the case for SM, for the FM we also find large heterogeneity in 

 
18  In line with the SM analysis, we compute the standard error of our estimate as ݁ݏሺσ Ƹ߬Ȁ݊ሻ ൌ
ሺͳȀ݊ሻξሺσ݁ݏሺ Ƹ߬ሻଶሻ ൌ ͲǤͲͶͶ. 
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our estimated bias with a small and insignificant population mean of ߤƸ  = -0.18 (s.d. 126.84; p 

= 0.980).19 

5. Discussion and conclusion 

To our knowledge, our study is the first to empirically examine the within-subject variability 

of conditional cooperation when payoffs vary. To do this, we have subjects play eight one-shot 

sequential prisoner's dilemma games with varying payoff parameters. We find that conditional 

cooperation varies across games, and most subjects change strategies at least once across games. 

This switching between strategies varies systematically with the distributional consequences 

of free-riding relative to conditionally cooperating. Subjects conditionally cooperate more 

often when free-riding imposes larger losses on the FM, or when free-riding provides smaller 

gains for oneself.  Further, in a second study, we jointly estimate social preference parameters 

and noise parameters at the individual level and find that the majority of our subjects place a 

VLJQLILFDQWO\�SRVLWLYH�ZHLJKW�RQ�RWKHUV¶�payoff.  

 These findings provide two important implications. First, the within-subject variation 

of conditional cooperation with payoffs suggests that conditional cooperation should be viewed 

as an endogenous behavior arising from interaction between underlying motives and payoff 

variations, rather than a preference itself (Arifovic and Ledyard (2012)). A majority of subjects 

change their SM strategy when material payoffs change, and so classifications of individuals 

as conditional cooperators or free-riders should not be generalized to other games with different 

material payoffs. Moreover, identical payoffs could be internalized differently by individuals 

implying that across samples it is possible to observe different classifications in types even 

whilst maintaining the same game parameters. Lastly, it must be noted that other studies have 

HOLFLWHG� ³FRQGLWLRQDO� FRRSHUDWLRQ� SUHIHUHQFHV´� DW� WKH� LQGLYLGXDO� OHYHO� DQG� IRXQG� WKHP� WR� EH�

predictive of behavior in another, related, game (e.g. Eichenseer and Moser, 2020, Mullet et 

al., 2020). Our view is that these findings are not in conflict with ours, but we suggest a different 

interpretation whereby subjects classified as conditional cooperators can be viewed as subjects 

with sufficiently strong preference parameters, and it is these parameters that explain behavior 

in the related game. 

Second, our findings support the underlying role of social preferences in conditional 

cooperation. We find that simple distributional preferences, where preferences depend on the 

 
19Following our previous approach, we use the following to compute the standard error of our estimate: as 
ƸȀ݊ሻߤሺσ݁ݏ ൌ ሺͳȀ݊ሻξሺσ݁ݏሺߤƸሻଶሻ ൌ ͳͲǤͲǤ 



 
28 

 
 

distribution of payoffs, can explain a lot of conditional cooperation, and we find little support 

for reciprocity augmented models. This may reflect our particular focus on a sequential 

dilemma game in which only positive reciprocity can play a role, and the well-known evidence 

that positive reciprocity concerns are generally weaker than negative reciprocity (e.g., Abbink, 

et al. (2000); Offerman (2002)). :H� DOVR� ILQG� WKDW�ZHLJKWV� SODFHG� RQ� RWKHU¶V� SD\RIIV� YDU\�

substantially between first movers and second movers. Since, in our games, second movers 

earn at least as much as first movers in any outcome, this finding is consistent with individuals 

SODFLQJ�OHVV�ZHLJKW�RQ�RWKHU¶V�SD\RII�ZKHQ�RWKHUV�DUH�DKHDG�DQG�PRUH�ZHLJKW�RQ�RWKHU¶V�SD\RIIV�

when others are behind. These results are also qualitatively consistent with those reported in 

Bruhin, et al. (2019) LQ�WKDW�WKH\�DOVR�ILQG�VXEMHFWV�SODFH�PRUH�ZHLJKW�RQ�RWKHU¶V�earnings when 

others are behind. 
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