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Abstract 
 
The dynamics of behavior observed in standard public-good experiments can be explained by 
imperfect conditional cooperation combined with social learning (Fischbacher and Gächter, 
2010). But it is unclear what determines first-round contributions. We argue that first-round 
contributions depend on the difference between the actual marginal per capita return (MPCR) 
and the minimal MPCR necessary to create a social dilemma for the given group size. We use 
a novel connected-lab design that allows members of large groups to simultaneously interact 
under laboratory conditions. In total, 5,220 subjects participated in our experiment in groups 
of up to 100 subjects. The results confirm that first-round contributions increase with the 
MPCR distance. This effect carries over to contributions made in subsequent rounds. Our 
results demonstrate that small groups behave similar to large groups and that the salience of 
the di-lemma situation is of great importance for contributions made to the public good. 

JEL-Code: C910, C720. 

Keywords: public-good experiments, large group size, connected-lab design, salience of the 
dilemma situation, social learning. 
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1. Introduction 

Experimental research in economics has demonstrated that people are willing to contribute vol-

untarily to the provision of public goods, even if the production function is linear and choosing 

a contribution of zero is the dominant strategy. As a result, subjects are partly successful in 

overcoming the social dilemma they are confronted with in a standard public-good experiment 

(SPGE).1 However, this result is often accompanied by the observation that contributions in 

repeated public-good games decay and cooperation breaks down in the last rounds. Cooperation 

appears to be possible but is fragile and unstable.2 

One prominent explanation for observed behavior is based on the assumption that people have 

social (or other-regarding) preferences (see, e.g., Thomas R. Palfrey and Jeffrey E. Prisbrey, 

1997). During the last decade, experimental economists have invested a considerable amount 

of effort in attempting to find an answer as to why cooperation decreases in the course of a 

repeated public-good game. They have identified a particular kind of other-regarding prefer-

ences that may cause the decrease of cooperation. People like to cooperate as long as others 

cooperate, i.e., they behave as conditional cooperators.3 In a recent study, Urs Fischbacher and 

Simon Gächter (2010) convincingly demonstrate that it is social learning in combination with 

imperfect conditional cooperation that drives contributions down. People learn that others con-

tribute (and how much they contribute) and this motivates conditional cooperators to behave 

cooperatively as well. However, they do not necessarily match the average contributions per-

fectly; rather they tend to choose a contribution level slightly below the average. This imperfect 

matching of the average contribution is a convincing explanation for the decay of cooperation 

that has been observed so often in SPGEs.  

The explanation given by Fischbacher and Gächter (2010) helps us to understand the dynamics 

of behavior in SPGEs, but an important piece is missing. Social learning about the behavior of 

others cannot explain the heterogeneity of first-round contribution levels observed across pre-

vious SPGEs (or, across one-shot public-good games). These first-round contribution levels are 

of great importance, since they are the starting point for social learning in all subsequent rounds 

                                                 
1 We define standard public-good experiments as those which (a) use the voluntary contribution mechanism with 

a linear production function introduced by Mark Isaac, James Walker and Susan Thomas (1984) and (b) are con-

ducted anonymously, which means that subjects have no direct contact and cannot communicate with each other.  
2 For an early overview see John Ledyard (1995) and for a more selective recent survey see Annanish Chaudhuri 

(2011). For the decay of contributions see, e.g., James Andreoni (1988, 1995), Joachim Weimann (1994), Roberto 

Burlando and John Hey (1997), Claudia Keser and Frans van Winden (2000), Simon Gächter and Ernst Fehr 

(1999), Axel Ockenfels and Joachim Weimann (1999), and Urs Fischbacher and Simon Gächter (2010). 
3 Claudia Keser and Frans van Winden (2000), Urs Fischbacher, Simon Gächter and Ernst Fehr (2001), Rachel 

Croson (2007). 
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and, thus, determine to a large extent the overall level of contributions (e.g., Claudia Keser and 

Frans van Winden, 2000, Martin Beckenkamp et al., 2013). If the average first-round contribu-

tion of group A is higher than that of group B, then it is very likely that overall contributions 

will be higher in A than in B. But what determines first-round contributions? 

It is a natural assumption that the perception people form of the game is created by its parame-

ters, i.e., by the payoff function given to subjects. The payoff function (including information 

on how many players are in the group) is all that subjects know about their decision situation 

when they start the experiment. Our conjecture is that the salience of the dilemma situation 

induced by this payoff function affects first-round contributions because in a social dilemma 

everybody profits from cooperating. This might convince conditional cooperators to make a 

voluntary contribution to the public good. But, as suggested by Fischbacher and Gächter (2010), 

conditional cooperators do not like to be the only ones to cooperate. They want to be confident 

that they are not exploited – and this already holds for the first round. Therefore, it is not only 

important that these subjects recognize that they are faced with a social dilemma (in which 

cooperation pays off for the group), but also that they are convinced that their group members 

realize, too, that they are in a dilemma situation. The more salient the dilemma situation is, the 

more subjects can be sure that all group members have understood the social dilemma they are 

in, and the more likely they are to cooperate.  

We argue that the salience of a dilemma situation in a SPGE is crucially influenced by what we 

call “MPCR distance”. We define MPCR distance as the difference between the actual marginal 

per capita return (MPCR) used in the experiment and the minimal MPCR necessary to create a 

social dilemma. It appears to be an appropriate measure for the salience of the public good 

problem for the following reason. If the actual MPCR is high enough (compared to the minimal 

MPCR) it is not only clear that it pays off for the group to cooperate, but also that all group 

members understand this. That is, a high MPCR distance implies a high salience of the dilemma 

situation and, consequently, induces high first-round contributions. Moreover, there might exist 

some high level of the MPCR distance, at which all group members recognize that they are 

faced with a dilemma situation and at which this is common knowledge. In such a situation, the 

dilemma situation is fully salient and a further increase in the MPCR distance should not affect 

first-round contributions. 

The minimal MPCR depends on the size of the group. If the group is large enough, even a small 

MPCR can create a high MPCR distance and, thus, a high salience of the dilemma situation. 

This implies that in large groups small changes in small MPCRs should have strong effects on 
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first-round contributions (as long as the dilemma situation is not fully salient yet, i.e. the MPCR 

distance is not too high). To test this implication, we conduct a series of experiments with large 

groups of 60 and 100 subjects, simultaneously playing the repeated public-good game under 

controlled laboratory conditions similar to those used for small groups. For both group sizes we 

employ a very small MPCR of 0.02, and increase this MPCR to 0.04. That is, we vary the 

MPCR distance for rather low values of this distance (0.003 to 0.030; see Table 1). For control 

purposes, we also employ groups with 30 and 40 subjects (and confront them with MPCRs of 

0.04, 0.06, and 0.12, resulting in MPCR distances ranging from 0.007 to 0.095) and rather small 

groups with 8 subjects (and confront them with an MPCR of 0.25, resulting in an MPCR dis-

tance of 0.125). There is an additional point that makes investigating large groups confronted 

with very small MPCRs attractive: with this parameter constellation we increase the external 

validity of SPGEs, since public good problems outside the laboratory are very often character-

ized by the combination of large groups and very small MPCRs. We contribute to the findings 

of Mark Isaac, James Walker, and Arlington Williams (1994), who were the first to investigate 

public good provision by large groups in an experiment (but used a different design and param-

eter constellation; see section 2). 

Our results strongly support the conjecture that the MPCR distance determines first-round con-

tributions. In particular, a higher MPCR distance is associated with a higher average level of 

first-round contributions as long as the MPCR distance is not too high. For high values, we find 

no effect on first-round contributions if we further increase the MPCR distance. In line with the 

explanation given by Fischbacher and Gächter (2010), we observe that in large groups contri-

butions also significantly decay over the course of the experiment. We provide further support 

for this explanation insofar as we observe less decay in contributions when giving no feedback 

about other group members' behavior, i.e., when preventing them from learning about others. 

Furthermore, this paper makes a methodological contribution to the literature: We employ a 

novel connected-lab design that allows the basic characteristics of conventional (one-) labora-

tory experiments to be maintained also with large groups.  

In section 2 we introduce our research questions and conjectures referring to the literature on 

public-good experiments. In section 3 we present the experimental design. Section 4 includes 

our results and statistical analyses. Section 5 summarizes and discusses our observations.  

2. MPCR distance  
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SPGEs share a lot of common design elements. For example, they are conducted anonymously 

without any communication between subjects. The payoff function often varies across experi-

ments, however. In a SPGE, the payoff function depends crucially on two parameters: the num-

ber of subjects in the group, N, and the marginal per capita return of an investment in the public 

good (MPCR). The public-good game is typically played repeatedly over T rounds. The total 

number of rounds is common knowledge and subjects are informed about the outcome after 

each round. Let zit denote the endowment of subject i in round t, bit the individual contribution 

to the public good in round t, and p the marginal return on the part of the endowment not in-

vested in the public good. The parameter a measures the marginal productivity of the public 

good. The payoff function for subject i in round t is then given by: 

 

 

 

Condition (1*) ensures that (1) describes a social dilemma, which is characterized by the fact 

that individually rational behavior leads to an inefficient provision of the public good. If we 

normalize p=1, it follows that MPCR=a/N and has to be larger than 1/N. Since 1/N is the lower 

bound for the MPCR (i.e., the minimal MPCR necessary to create a social dilemma), the size 

of the group and the marginal per capita return are not independent. We define MPCR distance 

d as 

d = MPCR – 1/N     (2) 

The effect of the MPCR distance on contributions in SPGEs has so far not been discussed in 

the literature. However, the data obtained in previous experiments already indicate an influence 

although past papers focus on average behavior and do not refer to first-round contributions 

specifically. We summarize the evidence below and then go on to formulate the conjectures 

that we test in our experiment. 

For small groups, there is some evidence that the MPCR is very important for the willingness 

to cooperate. For example, Anna Gunnthorsdottir, Daniel Houser, and Kevin McCabe (2007) 

find that for a fixed group size of four the variation of the MPCR (0.3, 0.5, and 0.75) has a 

positive but not linear impact on contributions. The MPCR distance for an MPCR of 0.3 here 

is 0.05. Increasing this distance to 0.25 (MPCR=0.5) has a strong effect, while a further increase 

to 0.5 (MPCR=0.75) has a rather small effect. These differences between contributions already 

appear in the first round of the experiment. The authors argue that the increase in contributions 
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can be explained by the fact that a higher MPCR makes it more effective to invest in the public 

good (p. 314).4 But this explanation cannot account for the decreasing strength of the MPCR-

effect.  

Mark Isaac and James Walker (1988) observe that the impact of an MPCR variation (0.3 vs. 

0.75) also depends on the size of the group. While the authors refer to average contributions, 

the effects are already identifiable in the first rounds. For groups of four the impact of an MPCR 

variation is much stronger than for groups of ten. This finding can be explained by the fact that 

for a group of four the MPCR distance is 0.05 for an MPCR of 0.3 and 0.5 for an MPCR of 

0.75, while for a group of ten the distance is 0.20 for an MPCR of 0.3 and 0.65 for an MPCR 

of 0.75. That is, when the MPCR distance is already very high (i.e., 0.2) a further increase of 

this distance does not much affect behavior, while this is not the case for a low MPCR distance. 

Another interesting observation made by these authors (p. 191) is that for a high MPCR of 0.75 

the group-size effect is rather weak (and not significant) but very strong for a low MPCR of 

0.3. Again, this effect might be due to the salience of the dilemma situation. For a high MPCR 

the MPCR distance is already 0.5 for a group of four (and 0.65 for a group of ten). Apparently, 

the social dilemma is already fully salient here and, consequently, a further increase has no 

significant effect on contributions.5 Mark Isaac, James Walker and Susan Thomas (1984) make 

a similar observation, which is replicated in Mark Isaac, James Walker and Arlington Williams 

(1994).6  

Jeffrey Carpenter (2007) examines MPCRs of 0.375 and 0.75 as well as groups of five and ten 

subjects. For neither of the two values of the MPCR does he find a significant group-size effect. 

None of these observations can be explained by either a pure group-size effect or a pure MPCR 

effect, but are in line with the idea that the salience of the dilemma situation affects first-round 

behavior. As the lowest MPCR-distance in this experiment is already 0.175, the social dilemma 

might be close to fully salient so that a further increase does not much affect behavior. 

                                                 
4 In the sense that the total payment to all group members is higher per unit invested in the public good.  
5 That efficiency concerns cannot explain this finding is demonstrated by the following calculation. For an MPCR 

of 0.3, the group payoff resulting from a one-dollar investment in the public good is $1.20 in a group of four and 

$3.00 in a group of ten. This increase in group size from four to ten significantly increases the average contribution 

observed in the experiment. For an MPCR of 0.75 the group payoff resulting from a one-dollar investment in the 

public good is $3 in a group of four and $7.5 in a group of ten. In this case, the increase in group size shows no 

significant impact on the average contribution. 
6 Referring to the data obtained by Mark Isaac, James Walker, and Arlington Williams (1994), Douglas Davis and 

Charles Holt (1993) mention a different form of interaction between group size and MPCR (compare also Charles 

Holt and Susan Laury, 2008). They introduce the Minimum Profitable Coalition (MPC) which is the minimum 

percentage of group members who have to contribute to the public good such that contributing members have a 

higher payoff as in the case in which no one contributes. They argue that cooperative behavior will be reversely 

related to the MPC. Our data do not support this idea, however (see our discussion in section 4.2). 
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Figure 1: The curve represents, for each group size, the minimum MPCR required to create 

a public-good situation (1/N) and the dots exhibit different combinations of N and MPCR 

found in the literature. In the connected boxes we find the respective average contributions. 

Numbers in parenthesis correspond to the following references: (1) and (2) Isaac et al. (1984), (3) Isaac 

et al. (1988), (4) Isaac et al. (1994), (5) and (6) Goeree et al. (2002), (7) Carpenter (2007), and (8) 

Nosenzo et al. (2012). 

Figure 1 exhibits the average MPCR and group-size combinations as well as the respective 

average contribution levels observed in previous SPGEs (for first-round contributions see Fig-

ure 2).7 These observations are plotted against the 1/N curve, which marks the minimal MPCR 

required to create a public-good situation for the respective group size. In other words, this 

curve marks for each group size the threshold value of the MPCR such that condition (1*) is 

satisfied. Figure 1 suggests the correlation between average contribution levels and MPCR is 

strong in the neighborhood of the 1/N curve, but becomes weak or non-existent if the vertical 

distance to this curve is larger. For example, for a group of ten and a MPCR of 0.3 the average 

contribution reported in the literature is about 30 percent. For the same group size and a slightly 

higher MPCR of 0.375 the reported average contribution increases to 54 percent, while a further 

doubling of the MPCR has no additional effect in three out of the four reported cases (and in 

the fourth case the effect is also not significant). To elucidate the relationship between average 

first-round contributions and MPCR distance, we directly relate them to each other in Figure 2. 

                                                 
7 See also the overview provided by Daniele Nosenzo, Simone Quercia, and Martin Sefton (2012). 
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Figure 2: MPCR distance and average first-round contributions (as share of the endowment) 

reported in the literature as cited in Figure 18 

Figure 2 reveals a positive but non-linear relationship and suggests that the MPCR distance d 

is likely to be a good indicator for observed first-round contributions (in particular for smaller 

MPCR distances).  

Based on the analysis of previous results summarized above, we argue that d determines the 

salience of the social dilemma and, thus, first-round contributions for low levels of d:  

Conjecture 1: The first-round contribution bi1 increases with d for small values of d. 

Fischbacher and Gächter (2010) argue that it is social learning in combination with imperfect 

conditional cooperation that drives contributions down. Given that imperfect conditional coop-

eration is based on contribution levels subjects observe after the (first) round, conjecture 1 

should also hold for average total contributions and last round contributions.  

Conjecture 2: The effects of d on first-round contributions are similar to those of d on total 

contributions and on last round contributions. 

In case subjects cannot observe (first-)round contributions made by other group members, so-

cial learning cannot take place. Accordingly, we should observe no or at least a lower decrease 

of contributions over the course of the experiment.9 

                                                 
8 All data on first-round contributions were kindly provided by the authors or published on personal homepages. 

The size of the circle represents the number of groups observed under the respective parameter constellation. 
9 There is a large literature on the role of observability in situations in which people have to decide whether to 

behave selfishly or in some sense other-regarding (Dan Ariely, Anat Bracha, and Stephan Meier, 2009, Roland 

Benabou and Jean Triole, 2006.). In particular Mari Rege and Kjetil Telle Kytel (2004) show that implicit social 

approval is an important driver for contributions in a public good experiment. Contributions increased strongly 

when they are publicly announced. Therefore the non-observability of individual contributions without feedback 

may also have a decreasing effect on contributions in general. 
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Conjecture 3: The decrease of contributions is lower without than with feedback. 

3. Experimental design  

In this study we run SPGEs with large groups consisting of 60 and 100 subjects who simulta-

neously interact under laboratory conditions.10 For these groups, we consider MPCRs of 0.02, 

0.04, and – for groups of 60 – also of 0.06. We use large groups because our conjectures imply 

that, if groups are large enough, even small changes of very small MPCR values will change 

the salience of the social dilemma situation. As a side effect, using large groups increases the 

external validity of SPGEs, because real public-good situations (like, e.g., environmental prob-

lems) typically affect large groups confronted with very low individual returns from their con-

tributions to the public good.11  

For control purposes, we additionally run treatments with groups of 30 and 40 with MPCRs of 

0.04, 0.06, and 0.12. Given these parameters, the MPCR distances span the range between d = 

0.007 and d = 0.095 while the treatments with large groups of 60 and 100 have values of d = 

0.003 to d = 0.043. Moreover, in one of the two treatments with groups of 30 we use a “no-

feedback” design, in which subjects decide ten times about their contributions, but never receive 

information about the contributions made by the other 29 group members in the course of the 

experiment. Furthermore, we run a control treatment with 20 subjects and an MPCR of 0.06. 

Another control involves two treatments with small groups of eight subjects and an MPCR of 

0.25. With these treatments we test whether contributions made under a connected-lab design 

(see below), which we employ to handle large-group SPGEs, differ from those made under a 

conventional one-lab design.  

All treatments were conducted with different subjects to enable between-subject comparisons 

within our experiment. In all treatments, a standard linear ten-round public-good game was 

played. The payoff function was identical to equation (1) above, with p=1. The initial endow-

ment in each of the ten rounds was 120 eurocent. In all treatments (except for control condition 

C1) we employed a connected-lab design, i.e., groups consisted of subjects who were located 

                                                 
10 As far as we know, 100 is the greatest number of subjects simultaneously participating in a laboratory experiment 

so far. It is in this sense that our experiment is “non-standard”.  
11 Mark Isaac, James Walker, and Arlington Williams (1994) also investigate large groups, but focus on high 

MPCRs. Their one observation for a large group with a small MPCR (group size 40 and MPCR=0.03) shows that 

the average contribution starts at 43 percent, but drops down very quickly to less than 10 percent in round 5 (see 

Figure 11, p. 28 of their paper). Compared to small groups with a high MPCR this indicates that large groups have 

more difficulties stabilizing high contribution levels. In their experiment, Mark Isaac, James Walker, and Arlington 

Williams (1994) neither vary the small MPCR nor the size of large groups faced with a small MPCR. Therefore, 

the combined effects of both parameters are unclear. 
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at four different experimental laboratories in Germany (i.e., the laboratories of the Universities 

of Bonn, Duisburg-Essen, Göttingen, and Magdeburg; see Figure 3) and who simultaneously 

decided over their individual contribution to the public good.  

 

Figure 3: The location of the four laboratories in Germany 

The four laboratories were connected via the Internet. In the treatments with group size 100 

(60) (40) (30) (20), on average 25 (15) (10) (7 or 8) (5) subjects participated in each laboratory. 

All treatments were coordinated by the laboratory in Magdeburg. The communication between 

laboratories was run via Skype. When entering the respective laboratory, subjects could see a 

(soundless) video conference of the four laboratories on a computer screen. Thus, each subject 

had the opportunity to verify that all laboratories were indeed connected and working simulta-

neously.  

At the beginning of each treatment, subjects received written instructions (see Appendix A). 

Before the start of the first round of the public-good game, they had to answer several questions 

concerning the payoff rules of the game in order to ensure that they had understood the game 

correctly. In all treatments (except for the no-feedback treatment) subjects were informed after 

each round about the amount they had kept, their own contribution, the average contribution to 

the public good of all group members, their individual payoff from the public good, their indi-

vidual earnings in the round just completed, and the cumulated earnings over all previous 

rounds. They knew that the experiment would be finished after ten rounds. Subjects were then 

paid in cash and left the laboratories. The sessions lasted for about 90 minutes and the average 

earning was 15.23 euro. The experiment was programmed using zTree (Urs Fischbacher, 2007) 

and the recruitment of subjects was operated at each of the four locations by ORSEE (Ben 

Greiner, 2004). 
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We conducted fifteen treatments and collected data for eight groups (independent observations) 

per treatment (except for the no-feedback treatment). Table 1 summarizes the treatments. In 

total 5,220 different subjects participated in the experiment.12  

Treatment Group size 

(average) 

MPCR 1/N MPCR 

distance 

Sessions / 

indep. obs. 

Lab 

T1 (8-0.25) 8 (8) 0.25 0.125 0.125 8 connected 

T2 (30-0.04) 30 (30) 0.04 0.033 0.007 8 connected 

T3 (30-0.06) 30 (30) 0.06 0.033 0.027 8 connected 

T4 (30-0.12) 30 (30) 0.12 0.033 0.087 8 connected 

T5 (40-0.04) 40 (40) 0.04 0.025 0.015 8 connected 

T6 (40-0.06) 40 (40) 0.06 0.025 0.035 8 connected 

T7 (40-0.12) 40 (40) 0.12 0.025 0.095 8 connected 

T8 (60-0.02) 60 (60) 0.02 0.017 0.003 8 connected 

T9 (60-0.04) 60 (60) 0.04 0.017 0.023 8 connected 

T10 (60-0.06) 60 (60) 0.06 0.017 0.043 8 connected 

T11 (100-0.02) 100 (99.6) 0.02 0.010 0.010 8 connected 

T12 (100-0.04) 100 (95.4) 0.04 0.010 0.030 8 connected 

C1 (8-0.25L) 8 (8) 0.25 0.125 0.125 8/32 local 

C3 (30-0.06nf) 30 (30) 0.06 0.033 0.027 1/30 connected 

C11 (20-0.06) 20 (20) 0.06 0.050 0.010 8 connected 

Table 1: Treatments 

Across twelve of the treatments we systematically vary group size and MPCR (T1 to T12) while 

three additional treatments serve as controls (C1, C3, and C11). The first treatment T1 with a 

small group size of eight and an MPCR of 0.25 serves as the baseline with the highest MPCR 

distance. In T2 (30-0.04), T3 (30-0.06), and T4 (30-0.12) groups of 30 subjects played the pub-

lic-good game facing MPCRs of 0.04, 0.06, and 0.12, respectively. Treatments T5 (40-0.04), 

T6 (40-0.06), and T7 (40-0.12) were conducted with a group size of 40 and the same MPCRs. 

For the larger groups we also considered a small MPCR of 0.02. In Treatments T8 (60-0.02), 

T9 (60-0.04), and T10 (60-0.06) groups of 60 subjects played the game with MPCRs of 0.02, 

                                                 
12 As far as we know this means that our project is also one of the biggest experimental investigations conducted 

in economics so far.  
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0.04, and 0.06. In Treatments T11 (100-0.02) and T12 (100-0.04) groups of 100 faced MPCRs 

of 0.02 and 0.04. Because of no-shows, the number of 100 subjects per group was not always 

reached. In T11 and T12 the average numbers of subjects were 99.6 and 95.4.13 

In all treatments except for C1, subjects were distributed over the four laboratories. To test 

whether the connected-lab design had any influence on subjects’ decisions we also ran the con-

trol treatment C1. In C1 (8-0.25L), we used an MPCR of 0.25 and local groups of eight subjects; 

that is, each laboratory locally collected data of eight independent groups each consisting of 

eight subjects. This treatment can directly be compared to T1 (8-0.25) that employed the same 

parameter constellation, but was conducted with subjects in each of the four laboratories that 

formed a group of eight in the connected lab.  

Across treatments subjects were informed about the outcome of the game after each round. In 

C3 (30-0.06nf), however, we did not provide feedback. Other than this, the treatment was iden-

tical to T3 (30-0.06). Note that in C3 individual contributions are independent of each other. 

Therefore one group consisting of 30 subjects yields 30 independent observations. 

In the third control treatment C11 (20-0.06) we introduce a new parameter constellation. In this 

treatment groups of 20 subjects played the public-good game facing an MPCR of 0.06. This 

treatment can be compared to T11 (100-0.02). The parameters of both treatments yield the same 

MPCR distance of 0.01. If conjectures 1 and 2 are correct, we should observe very similar 

contributions in the two treatments although they differ a lot with respect to group size and 

MPCR. 

The combinations of group-sizes and MPCRs employed in T2 to T12 and C11 are displayed in 

Figure 4. This figure spans the N-MPCR space for N between zero and 100. In addition to the 

eleven points representing our treatments, it shows the 1/N curve, which for each group size 

provides the minimal MPCR for the public-good condition to be satisfied. We see, for example, 

that an increase in the group size from 60 to 100 results in a smaller change of the MPCR 

distance than the increase of the MPCR from 0.02 to 0.04. It follows from our conjectures that, 

for these treatments, the MPCR effect should be stronger than the group size effect. 

                                                 
13 Since each individual decision in the first round is an independent observation, we can check if groups of less 

than (but close to) 100 behaved differently from those with exactly 100 subjects. We found no significant differ-

ence (p>0.390 two-sided Mann-Whitney-U tests). 
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Figure 4: MPCR, group size, and MPCR distance (T2 to T12 and C11)  

4. Results  

4.1 Overview 

Before analyzing behavior in more detail, we have to check the critical assumption that the 

connected-lab design that connects group members at different laboratories in Germany has no 

influence on subjects’ behavior. Comparing T1 (8-0.25) and C1 (8-0.25L), we cannot reject the 

hypothesis that average contributions are independent of whether we conduct the experiment in 

one laboratory or in a connected laboratory.14 There is neither a significant difference between 

local groups and groups in the connected lab regarding average contributions made over all ten 

rounds nor regarding average contributions made in each of the rounds. From a methodological 

point of view this finding is good news, because it appears that the capacity of laboratories can 

be multiplied by virtually connecting them without inducing significant behavioral effects. Fig-

ure 5 illustrates the average contributions over the ten rounds in T1 and C1. 

                                                 
14 p>0.264 for comparing contributions in each of the 10 rounds and p=0.685 for comparing overall contributions 

(two-sided Mann-Whitney U tests; unless reported otherwise, in the following all p-value refer to two-sided Mann-

Whitney U tests). All data are available at http://www.ovgu.de/vwl3/experiments/pg_large_groups/ A summary 

of descriptive statistics is included in Appendix B. 
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Figure 5: Mean contributions in treatments T1 and C1 

Figure 6 shows the average share of contributions across the eleven remaining treatments over 

the 10 rounds sorted by group size. Figure 7 presents the contributions in the two other control 

treatments. In all of these treatments we observe the typical decay of contributions over time. 

Table 2 summarizes the descriptive statistics of all treatments including participants' age and 

gender. 

 

 

Figure 6: Mean contributions across treatments T2 to T12 over group size 
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Figure 7: Mean contributions in the control treatments C3 and C11 

Treatment  Contributions  Age Female  

 Round 1 Round 10 All rounds in years dummy 

T1 (8-0.25) 0.418 0.126 0.269 23.297 0.547 

 (0.127) (0.101) (0.110) (3.077) (0.221) 

T2 (30-0.04) 0.264 0.040 0.103 23.287 0.471 

 (0.017) (0.032) (0.026) (0.842) (0.072) 

T3 (30-0.06) 0.404 0.049 0.195 22.729 0.525 

 (0.060) (0.020) (0.029) (0.421) (0.131) 

T4 (30-0.12) 0.374 0.148 0.256 23.283 0.525 

 (0.065) (0.028) (0.039) (0.721) (0.087) 

T5 (40-0.04) 0.348 0.052 0.155 22.734 0.531 

 (0.074) (0.034) (0.038) (0.660) (0.084) 

T6 (40-0.06) 0.356 0.071 0.190 23.022 0.478 

 (0.036) (0.029) (0.028) (0.627) (0.093) 

T7 (40-0.12) 0.419 0.183 0.306 22.784 0.569 

 (0.055) (0.06) (0.059) (0.508) (0.079) 

T8 (60-0.02) 0.263 0.028 0.111 22.979 0.519 

 (0.047) (0.013) (0.021) (0.462) (0.049) 

T9 (60-0.04) 0.356 0.075 0.202 23.125 0.517 

 (0.028) (0.030) (0.019) (0.502) (0.076) 

T10 (60-0.06) 0.404 0.103 0.260 22.723 0.494 

 (0.054) (0.031) (0.046) (0.545) (0.076) 

T11 (100-0.02) 0.321 0.037 0.134 23.709 0.439 

 (0.047) (0.009) (0.021) (0.599) (0.034) 

T12 (100-0.04) 0.391 0.077 0.228 23.169 0.487 

 (0.053) (0.008) (0.031) (0.539) (0.083) 

C1 (8-0.25L) 0.391 0.146 0.261 22.773 0.590 

 (0.13) (0.127) (0.146) (1.322) (0.188) 

C3 (30-0.06nf) 0.316 0.166 0.238 24.067 0.400 

 (0.32) (0.285) (0.265) (3.403) (0.498) 

C11 (20-0.06) 0.253 0.045 0.120 22.581 0.500 

 (0.079) (0.035) (0.053) (0.463) (0.080) 

Table 2: Summary of means and standard deviations (in brackets) 
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Given the descriptive statistics of our results some remarks are in order. First, notice that the 

MPCR effect for a given group size displayed in Figure 6 is rather strong. On the other hand, 

the differences between groups of different sizes but the same MPCR (for example T2 versus 

T5, T3 versus T6) seem to be much smaller. The comparison of T11 and C11 shows that indeed 

the contributions in the two treatments are very similar over the whole course of the experiment, 

although group size (20 versus 100) and MPCR (0.06 versus 0.02) differ a lot. Remember that 

the MPCR distance is the same in both treatments. These observations might be regarded as 

first evidence that our conjectures are confirmed by our experimental results. In the next sub-

section we present the results of regression analyses that control for age, gender, and location 

of participants. 

4.2 MPCR distance and contributions 

Conjecture 1 states that first-round contributions are an increasing function of the MPCR dis-

tance. Furthermore, it states that the effect is most pronounced for small values of d. This can 

be captured by assuming that the marginal effect of the MPCR distance d is decreasing. More 

formally, for the following analysis we hypothesize that bt1 is a function that is increasing but 

concave in d: 

     (3) 

In our econometric estimation we model an individual’s contribution bi1 as a linear function of 

individual specific control variables xi consisting of age, gender and location dummies.15 The 

effect of MPCR distance is captured by a linear term di as well as quadratic term di
2. εi denotes 

the error-term. 

bi1 = β0 + β1di + β2di
2 + β3‘xi + εi    (4) 

Tables 3a to 3c present several regression results. Table 3a includes the above specification in 

column 3 as well as specifications that either ignore the linear term (columns 2) or the quadratic 

term (columns 1). Treatments T1 (8-0.25), T4 (30-0.12) and T7 (40-0.12) are characterized by 

rather high MPCR distances of 0.125, 0.087 and 0.095. Therefore, we conduct the regressions 

excluding treatments T1, T4 and T7 with d ≤ 0.043 (on the left side of the table) and including 

treatments T1, T4, and T7 (on the right side). We also vary the dependent variable. The above 

specification focuses on Conjecture 1. To check whether the influence of the MPCR distance 

                                                 
15 We do not consider the effect of these controls in detail in this study. Roughly: Female (older) subjects contribute 

more than male (younger) subjects, and subjects in Essen and Göttingen contribute more than subjects in Bonn 

and Magdeburg.  
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persists throughout the ten rounds of the game as stated in Conjecture 2, we also run the regres-

sion on average contributions bi and last-round contributions bi10 (Tables 3b and 3c). 

  d ≤ 0.043     Full Sample  

 (1) (2) (3)  (1) (2) (3) 

MPCR Distance 3.387*** 

(0.436)  

7.493*** 

(1.654) 

 1.247*** 

(0.203)  

4.555*** 

(0.649) 

(MPCR Distance)2  65.302*** 

(10.193) 

-91.193** 

(36.160) 

  8.249** 

(1.788) 

-31.626*** 

(5.992) 

N 4,120 4,120 4,120  4,744 4,744 4,744 

N left-censored 763 763 763  839 839 839 

N right-censored 367 367 367  443 443 443 

AIC 5536.468 5553.130 5530.629  6421.643 6450.398 6384.310 

Table 3a – Tobit regressions on contributions in round 1 

  d ≤ 0.043     Full Sample  

 (1) (2) (3)  (1) (2) (3) 

MPCR Distance 3.448*** 

(0.283)  

4.892*** 

(1.033) 

 1.632*** 

(0.157)  

4.547*** 

(0.418) 

(MPCR Distance)2  70.081*** 

(7.172) 

-32.054 

(24.595) 

  11.927*** 

(1.558) 

-27.838*** 

(4.055) 

N 2760 2760 4,120  4,744 4,744 4,744 

N left-censored 355 355 501  540 540 540 

N right-censored 5 5 11  15 15 15 

AIC -1853.508 -1806.391 -1856.351  -1617.257 -1455.968 -1751.084 

Table 3b – Tobit regressions on average contributions over all rounds 

  d ≤ 0.043     Full Sample  

 (1) (2) (3)  (1) (2) (3) 

MPCR Distance 1.353*** 

(0.172)  

1.344** 

(0.662) 

 1.005*** 

(0.097)  

2.027*** 

(0.277) 

(MPCR Distance)2  27.903*** 

(3.890) 

0.194 

(15.467) 

  7.973*** 

(1.029) 

-9.578*** 

(2.611) 

N 4,120 4,120 4,120  4,744 4,744 4,744 

N left-censored 2,431 2,431 2,431  2,689 2,689 2,689 

N right-censored 55 55 55  80 80 80 

AIC 3387.769 3392.54 3389.769  4227.447 4274.144 4211.691 

This table reports average marginal effects on the observed contributions. Regressions include controls for age, gender and 

location. Standard errors clustered on the session level are given in parentheses. * p<0.10, ** p<0.05, *** p<0.01 (two-sided). 

Table 3c – Tobit regressions on contributions in round 10 
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Let us first consider first-round contributions. As the regression results in Table 3a show, the 

full model yields the best fit in both, the restricted and the full sample as indicated by Akaike’s 

information criterion (AIC). The results are illustrated by Figure 8a, which includes average 

first-round contributions as well as the predictions of our three model specifications.  

What conclusions can we draw from these results? On the small dataset with d ≤ 0.043 the 

increase in d from 0.01 to 0.02 yields a predicted increase in first-round contributions by 4.8 

percent while the increase from 0.03 to 0.04 yields a predicted increase of 1.1 percent. On the 

full data set the increase in d from 0.01 to 0.02 yields a predicted increase of 3.6 percent while 

the increase from 0.03 to 0.04 yields a predicted increase of 2.3 percent. In line with Conjecture 

1, d exhibits a positive, but diminishing influence on first-round contributions for small values 

of d. In fact, the predicted influence of d becomes negative for large values of d. This is, of 

course, an artifact of our model specification. As the results of previous studies summarized in 

section 2 and displayed in Figure 2 suggest, the level of first-round contributions in studies with 

higher MPCR distances ranging up to 0.65 never falls considerably below the level of contri-

butions we observe for d=0.125 in T2. 

Do the differences we observe in the first-round carry over to the remaining rounds? In Con-

jecture 2 we propose that the influence of the MPCR distance persists when considering average 

contributions over all rounds or last-round contributions. Figure 8b displays average contribu-

tions made over all rounds over the MPCR distance d. Again, we observe a positive, but dimin-

ishing increase of contributions in d. This is confirmed by the regressions reported in Table 3b. 

The effect of d is significant and positive. And, as for first round-contributions, the full model 

fits best for both data sets based on the AIC because it captures the diminishing effect of d on 

contributions. In the last round, contributions have considerably decayed and are low across 

treatments. But in this round the positive relationship between d and contributions still persists. 

In this case, for the low d treatments the linear model captures the relationship best. Once we 

include T1, T4, and T7, it is again the full model that yields the best fit because the influence 

of d diminishes. 
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Figure 8a: Average contributions and MPCR distance in round 1. 

 

Figure 8b: Average contributions and MPCR distance over all rounds 

 

Figure 8c: Average contributions and MPCR distance in round 10 
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Douglas Davis and Charles Holt (1993) mention an alternative form of interaction between 

group size and the MPCR. They argue that cooperative behavior is inversely related to the size 

of the Minimum Profitable Coalition (MPC). The MPC is the minimum percentage of group 

members who have to fully contribute to the public good such that their resulting individual 

payoff is higher than the individual payoff, which results in case that nobody contributes. To 

compare the MPC and the MPCR distance we run regressions with both variables and compare 

the resulting AIC. We also run regressions with both variables in one model and compare the 

significance. We find that the MPCR distance outperforms the MPC in all regressions suggest-

ing that the former has more predictive power than the latter (all regressions are included in 

Appendix B). 

4.3 Dynamics of contributions 

As Figure 6 has shown, average behavioral patterns observed for groups consisting of 8, 30, 40, 

60 or 100 subjects are very similar to each other. Not only are the average first-round contribu-

tions positive across treatments, but there is also a decay of average contributions over the ten 

rounds. In particular, comparing average first-round contributions with those made in the last 

round, we find significant differences for all treatments (p≤0.012, Wilcoxon tests, two-sided). 

Moreover, in all treatments average last-round contributions are significantly lower than total 

contributions. However, when comparing average first-round contributions with total contribu-

tions, we find significant differences for all treatments (p≤0.012) except for C3. Only in the 

treatment without feedback average total contributions do no differ significantly from first-

round contributions (p=0.452).  

This can be regarded as evidence that imperfect conditional cooperation and social learning 

takes place in large groups as well. C3 only differs from T3 with respect to the information 

subjects receive during the course of the game. In both treatments we observe a decay of con-

tributions. To check whether the strength of the decay depends on feedback we run the follow-

ing panel regression. Let bit denote the contribution of player i in round t of the game. We model 

the contribution as a linear function of round t and the treatment characteristics as indicated by 

a vector of treatment dummies Ti as follows 

bit = β0 + β1‘Ti + β2tit + β3‘Titit + β4‘xi + ηi + εit. 

We assume independent and normally distributed error terms denoted by ηi and εij that capture 

differences between individuals and idiosyncratic effects within rounds. The vector of dummy 

variables Ti indicates individual’s i respective treatment (T1 to T12, C1, C11) while C3 serves 
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as the baseline. This regression reveals a significant and negative effect of the round on contri-

butions in C3 (β2=-0.025, p=0.000). However, the interactions of the treatment dummies and 

the round reveal that the decay is significantly stronger in Treatments T1 to T12 than in C3 

(β3i≤-0.010, p≤0.024). In treatment T7 this effect is only weakly significant (p=0.067). It is not 

significant in treatment T4 (β34=-0.009, p=0.115). See Appendix C for the full regression re-

sults. 

The significant difference in decay between C3 and T3 supports Conjecture 3 that stated less 

decay in contributions without feedback than with feedback. It appears that social learning in 

the feedback treatment drives contributions down over all 10 rounds, while the absence of social 

learning possibilities stabilizes contributions in the no-feedback treatment over several rounds. 

The restriction that subjects cannot observe each other’s contributions in the no-feedback treat-

ment might have also reduced their initial willingness to cooperate. Contributions are signifi-

cantly lower in the first round of C3 than in that of T3 (p=0.001, Mann-Whitney-U test, two-

sided). This observation might be interpreted as support for previous results of experiments 

showing an impact of implicit social approval (e.g., Dan Ariely, Anat Bracha, and Stephan 

Meier, 2009, see footnote 11) in the context of large groups. 

5. Discussion 

It is known from the literature that both group size and marginal per capita return (MPCR) of 

an investment in the public good influence contributions in standard public-good experiments. 

But both effects interact with each other. The main contribution of the present paper is that it 

presents and tests an explanation for this interaction. Our explanation is derived from the idea 

that the salience of a social dilemma determines first-round contributions. The higher the sali-

ence of the dilemma, the more subjects are aware of this situation and the more subjects can be 

sure that everybody else knows that contributing to the public good will make all group mem-

bers better off. If the MPCR is larger than 1/N (given that the payoff from the private investment 

is normalized to 1), it is efficient to invest in the public good. We argue that the dilemma situ-

ation is salient to subjects only when the distance between the MPCR and 1/N is high enough. 

The interaction of group size and MPCR is expressed in this distance that we label “MPCR 

distance”. According to our explanation, the MPCR distance determines first-round contribu-

tions in a particular way: As long as it is small (i.e., as long as the dilemma situation is not fully 

salient to group members), an increase will have a strong and positive effect on first-round 

contributions, because it makes the social dilemma more salient.  
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To test our hypothesis, we designed the experiment in such a way that small changes in small 

MPCR distances can be investigated. We did this by conducting experiments with large groups 

and very small MPCRs. Both are common features of real-world public good problems. In this 

environment even very small changes of the MPCR should strongly affect contributions. This 

is exactly the effect we observe. Furthermore, we find that the MPCR distance also explains 

considerable variation of contributions between treatments in subsequent rounds.16  

Our MPCR distance explanation complements the theory by Fischbacher and Gächter (2010) 

by explaining variations in first-round contributions. Fischbacher and Gächter (2010) focus on 

the dynamics of cooperation and identify social learning as the driving force for the decay of 

contributions in repeated public-good games. Our study provides further support for this expla-

nation by demonstrating that social learning drives the decay of contributions also in large 

groups. 

We make two additional contributions. First, we introduce a connected-laboratory design. By 

connecting four laboratories we are able to conduct experiments with large groups while main-

taining the control of a laboratory environment. Second, using large groups and small MPCRs 

we increase the external validity of standard public-good experiments. In the real world, public 

good problems usually involve large groups and these large groups are very often confronted 

with small MPCRs (e.g., in environmental settings or voting).  

Our results have an important implication for the experimental investigation of public good 

situations because they demonstrate that behavioral dynamics are the same in small groups with 

a high MPCR and in large groups with a small MPCR. Thus small groups seem to be well suited 

to cover essential characteristics of public goods in a laboratory situation. At the same time, our 

explanation of the behavior in those experiments implies that for the investigation of real public 

good problems the salience of the social dilemma seems to be of great importance. Therefore, 

our results have several practical implications. They demonstrate that in order to motivate peo-

ple to contribute to a public good, the salience of the dilemma is crucial. For example, in the 

case of environmental problems it is important that, first, people know that their own coopera-

tive contribution is efficiency enhancing, and that, second, they are convinced that the social 

dilemma situation is common knowledge for all people in the group. Probably, the salience of 

                                                 
16 This effect is also in line with an explanation involving reference points that are initially set by the MPCR 

distance. A reference point may be an anchor for the decision of how much to contribute or it might be an element 

of the “social situation”, which prescribes the behavior necessary to maintain the social identity of a person. See, 

e.g., the model by George Akerlof and Rachel Kranton (2000), which is based on the assumption that social identity 

is an important argument in utility functions. See also the psychological and sociological literature on the im-

portance of social identity cited therein.  



 

 

24 

real world public good problems will not only depend on the MPCR distance. Identifying ad-

ditional influences is an important task for future research. 
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Appendix A: Instructions Treatment 5 (100-0.02)  

 

Instructions 100 

 

Preliminary: You are participating in an economic experiment focusing on decision making. If 

there are any questions left after having read these instructions or during the experiment, please 

raise your hand. We will then come to your cubicle.  

While participating in the experiment, you have to take a sequence of decisions. You will earn 

money. But, how much money you will earn will depend both on your decision and the deci-

sions of the other participants. Your total earnings will be paid in cash at the end of the experi-

ment. Both your decisions and your payoff are confidential, i. e. no other participant will receive 

this information.. 

You are part of a group of 100 participants. These 100 people are located in four experimental 

laboratories across Germany, connected via internet. All group members received the same 

instructions. Moreover, the laboratories are connected via a video connection. If you have any 

doubts about this procedure, please take a look at our video conference! 

You and the other 99 group members are facing the following identical decision situation during 

10 consecutive rounds: In each round, you receive an endowment of 120 Euro Cent. You decide 

how much of this endowment you want to “keep”, and how much you want to “contribute”. 

Each contribution x is creating an amount 0.02 x for each group member (including the con-

tributor). That means that for every Euro Cent you contribute, the whole group will be paid 2 

Euro Cent (0.02x100). For each Euro Cent you do contribute, you will be paid 0.02 Euro Cent 

like all other group members. That part of your endowment that you do not contribute (i. e. that 

you “keep”), you keep for yourself. 

Summing up in one formula, your earnings in Euro Cent per round are as follows:  

120 – Your Contribution + 0.02  (Sum of all group members’ contributions) 

 

Please note that your contribution per round can be any amount between 0 and 120 Euro Cent 

and that all group members are facing an identical decision situation. After each round you will 

be informed on the amount you kept, your contribution, the average contribution of all 100 

group members, your payoff based on the contributions of all group members, your payoff in 
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the respective round and your payoff cumulated over all periods. Moreover, you will see a table 

listing the same information for all previous rounds. 

Practice rounds: Before starting with the experiment, you have the opportunity to decide in 

three practice rounds. In these practice periods, the average contribution of all other group 

members will be given as it is randomly generated. Furthermore, your own contribution will be 

preset, too. Your task is to calculate the earnings in the respective round yourself. To that end, 

we provide you with a calculator, paper, and pencil. After having entered your solution into the 

respective box, please click on the “Solution” button. You then will be informed on whether 

your answer is right or wrong. Also the calculation method will be shown. If you have any 

questions during the practice rounds, please raise your hand. Right after the practice periods are 

over, the experiment will start automatically. 

Payoff: Please stay in your cubicle after all 10 rounds have ended. You will be called individu-

ally to receive your payoff. Please hand in your participation number (which you have drawn 

at the beginning of the experiment) and enter your name and signature in the payment list. 

Please leave the laboratory after having received your money. 

Finally we would like to ask you to not talk to anybody about the content of this experiment to 

avoid influencing future participants. Thank you for your cooperation! 
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Appendix B: Comparison of MPC and MPCR distance  

 

The MPC explanation (Davis and Holt, 1993) provides another explanation that builds on a 

simple relationship of MPCR and group size N. Our treatments also allow testing it.17 Figure 

B1 depicts our treatments together with iso-MPC curves for MPC values of 27.8 (T4, T10), 

41.7 (T6, T9), 50.0 (T1, T11), and 83.3 (T2, T8, T11). The average contributions over the ten 

rounds grouped by MPC are displayed in Figure B2. 

It appears that treatments with the same MPC yield quite similar contributions in three of the 

four comparisons. Note that the treatments within these three comparisons are quite similar to 

each other. The group sizes never differ by more than 40 subjects and the MPCRs never differ 

by more than 0.06. The comparison of T1 and T11, however, with 8 versus 100 participants and 

an MPCR of 0.25 versus an MPCR of 0.02 yields quite different contributions in all of the 10 

rounds. 

We also include the MPC in Tobit regressions similar to those presented in the main part of the 

paper. The results are reported in Table B1 and support the idea that MPC is inversely related 

to contributions. They also reveal that the full model specification based only on MPCR dis-

tance yields the best fit based on the AIC values when considering round 1 or round 10 (column 

(4)). When considering average contributions of all rounds the models including only MPCR 

distance (columns (3) and (4)) fare better than the models including only MPC (columns (1) 

and (2)). A model including linear terms and quadratic terms of MPC and MPCR distance 

yields a slightly better fit. In this specification (column (6)) the terms based on MPC are, how-

ever, only weakly significant while the terms based on MPCR distance are significant with 

p<0.05. 

                                                 
17 For simplicity we ignore the condition that the number of coalition members must be an integer. This improves 

the fit of most of the following regression models that include MPC. 



 

 

31 

 

Figure B1: MPCR, group size, and iso-MPC curves (T2 to T12 and C11) 

 

 

Figure B2: Mean contributions grouped by MPC 
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 (1) (2) (3) (4) (5) (6) 

MPC  -0.002*** 

(0.000) 

-0.002 

(0.002)   

-0.002*** 

(0.000) 

0.001 

(0.002) 

(MPC)2  0.000 

(0.000)  

 

 

-0.000 

(0.000) 

MPCR distance   

 

1.247*** 

(0.203) 

4.555*** 

(0.649) 

0.484* 

(0.249) 

3.503*** 

(1.285) 

(MPCR distance)2  

  

-31.626*** 

(5.992)  

-23.594** 

(9.825) 

N 4,744 4,744 4,744 4,744 4,744 4,744 

N left-censored 839 839 839 839 839 839 

N right-censored 443 443 443 443 443 443 

AIC 6394.140 6396.083 6421.643 6384.310 6390.718 6384.932 

Table B1a – Tobit regressions on contributions in round 1 

 (1) (2) (3) (4) (5) (6) 

MPC  -0.002*** 

(0.000) 

-0.005*** 

(0.001)   

-0.002*** 

(0.000) 

-0.002** 

(0.001) 

(MPC)2  0.000*** 

(0.000)  

 

 

0.000* 

(0.000) 

MPCR distance   

 

1.632*** 

(0.157) 

4.547*** 

(0.418) 

0.938*** 

(0.184) 

3.084*** 

(0.736) 

(MPCR distance)2  

 

 -27.838*** 

(4.055)  

-17.759*** 

(5.980) 

N 4,744 4,744 4,744 4,744 4,744 4,744 

N left-censored 540 540 540 540 540 540 

N right-censored 15 15 15 15 15 15 

AIC -1648.270 -1675.880 -1617.257 -1751.084 -1737.209 -1764.131 

Table B1b – Tobit regressions on average contributions over all rounds 

 (1) (2) (3) (4) (5) (6) 

MPC  -0.001*** 

(0.000) 

-0.004*** 

(0.001)   

-0.000*** 

(0.000) 

-0.001* 

(0.001) 

(MPC)2  0.000*** 

(0.000)    

0.000* 

(0.000) 

MPCR distance   

 

1.005*** 

(0.097) 

2.027*** 

(0.277) 

0.813*** 

(0.117) 

1.874*** 

(0.448) 

(MPCR distance)2  

  

-9.578*** 

(2.611)  

-8.775** 

(3.718) 

N 4,744 4,744 4,744 4,744 4,744 4,744 

N left-censored 2,689 2,689 2,689 2,689 2,689 2,689 

N right-censored 80 80 80 80 80 80 

AIC 4294.998 4278.508 4227.447 4211.691 4218.133 4212.625 

This table reports average marginal effects on the observed contributions. Regressions include controls for age, gender and 

location. Standard errors clustered on the session level are given in parentheses. * p<0.10, ** p<0.05, *** p<0.01 (two-sided). 

Table B1c – Tobit regressions on contributions in round 10 
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Appendix C 

 

 Coefficient Standard Error 

Treatment T1 0.062 (0.041) 

Treatment T2 -0.074** (0.036) 

Treatment T3 0.055 (0.036) 

Treatment T4 0.048 (0.036) 

Treatment T5 0.000 (0.035) 

Treatment T6 0.026 (0.035) 

Treatment T7 0.079** (0.035) 

Treatment T8 -0.060* (0.035) 

Treatment T9 0.036 (0.035) 

Treatment T10 0.081** (0.035) 

Treatment T11 -0.021 (0.035) 

Treatment C3 0.069** (0.035) 

Round t -0.015*** (0.003) 

Treatment T1 * Round t  -0.011*** (0.004) 

Treatment T2 * Round t -0.010*** (0.003) 

Treatment T3 * Round t -0.016*** (0.003) 

Treatment T4 * Round t -0.005 (0.003) 

Treatment T5 * Round t -0.014*** (0.003) 

Treatment T6 * Round t -0.012*** (0.003) 

Treatment T7 * Round t -0.006* (0.003) 

Treatment T8 * Round t -0.010*** (0.003) 

Treatment T9 * Round t -0.013*** (0.003) 

Treatment T10 * Round t -0.012*** (0.003) 

Treatment T11 * Round t -0.016*** (0.003) 

Treatment C3 * Round t -0.016*** (0.003) 

N 47,740 

N left-censored 16,296 

N right-censored 1,572 

AIC 28675.590 

This table reports average marginal effects on the observed contributions per round.  

Regressions include controls for age, gender and location. Baseline: Treatment C11. Standard errors are given in parentheses. 

 * p<0.10, ** p<0.05, *** p<0.01 (two-sided). 

Table C1 – Random-effects Tobit regression of marginal effects on the observed contributions per round  
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