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Abstract: This paper examines the role of heterogeneous agents in the study of voluntary contributions to
public goods. A human-subject experiment was conducted to classify agent types and determine their e�ects
on contribution levels. Data from the experiment was used to build and calibrate an agent-based simulation
model. The simulations display how di�erent compositions of agent preference types a�ect the contribution
levels. Findings indicate that the heterogeneity of cooperative preferences is an important determinant of a
population’s contribution pattern.
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Introduction

1.1 Cooperative behaviour is prevalent in a public goods setting. Why cooperation occurs, despite theoretical jus-
tification for non-cooperative behaviour, has preoccupied experimentalists acrossmany disciplines(Kurzban &
Houser 2005; Ledyard 1995). The main objectives of many of these experiments was to identify factors influ-
encing contribution rates as well as to explain dynamic contribution patterns(see survey articles by Chaudhuri
2011; Ledyard 1995). The decay phenomenon, in particular, has receivedmuch attention. Subjects initially con-
tribute a substantial amount of their endowment, between 40% and 60%. Contributions decline significantly
with repetition, though never reach the free-riding level predicted by rational choice theory(Dawes 1980; Led-
yard 1995).

1.2 While various explanations for declining contributions have been proposed, for example learning or strategic
considerations(Andreoni 1988), the most prominent explanation relates to intrinsic traits andmotivations that
shape an individual’s social preferences.

1.3 Public goods experiments designed to identify social preferences classify subjects into a few distinct groups,
mainly free-riders (subjects who never contribute to the public good) and conditional cooperators who recip-
rocate the contribution of other groupmembers (see for example Fischbacher et al. 2001). It is argued that the
existence of imperfect conditional cooperators, those who tend to contribute a value that is less than the av-
erage of their group, and free-riders, are the main cause of declining contributions over time. Contributions
remain above the free-riding level mainly due to above-average conditional cooperators (whose contributions
are above the average contribution) and unconditional cooperators (Fischbacher et al. 2001; Herrmann&Thöni
2009; Keser & Van Winden 2000; Kocher et al. 2015).

1.4 Experiments typically consist of a fewdecisionperiods (usually tendecisionperiods)whichmightbe insu�icient
to determinewhether declining contributions eventually reach the free-riding level. Furthermore, experiments
provide observations for one specific composition of social preference types of subjects present at a particular
experimental session. Thus, though experiments are very e�ective in providing a highly abstract and controlled
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environment to test specific hypotheses, they can become costly and are sometimes di�icult to extend beyond
a certain parameter space.

1.5 In response, an agent-basedmodel (ABM) could compensate for such shortcomings and enable the adjustment
of conditions of the system under study observing outcomes for di�erent compositions of agent preferences
and di�erent sets of parameter values over extended decision periods (Abdou et al. 2012; Helbing & Balietti
2011).

1.6 Furthermore there are incentives to combine simulation modeling with empirical methods. Human-subject
experiments (especially experimental economics) and agent-based modeling share the same basis. Both re-
ject the assumption of the homo-economicus individual, and instead endorse heterogeneity and bounded-
rationality of subjects/agents. Together, they form a powerful technique to understand and disentangle the
complexities underlying social behaviors and phenomena (Dal Forno & Merlone 2004; Du�y & Ünver 2006;
Janssen & Ahn 2006).

1.7 The methodology of agent-based modeling can enhance experimental studies involving human-subjects in a
number of ways. In agent-based modeling we can replace human-subjects with artificial agents; thus, allow-
ing for greater control over behaviors and information-processing capabilities of agents than in the case of lab
experiments (Dal Forno & Merlone 2004; Du�y & Ünver 2006). Agent-based modeling is also used to explain
results and findings of human-subject experiments (Boero et al. 2010; Wendel & Oppenheimer 2010). Finally,
data collected from experimental studies provide the needed empirical regularities for evaluating the validity
of an ABM.

1.8 In this study the approach of combining experiments and simulationmodels is used to enhance analysis on the
public goods problem. While the importance of heterogeneous agents in explaining the dynamics of voluntary
contributions to public goods is evident in numerous experimental studies, there are dimensions to analysis
of the public goods problem that would be di�icult to conduct or infeasible using human subject experiments.
Our ABM overcomes the shortcomings of experimental studies and extends the investigation of the e�ect of
heterogeneous social preferences on the dynamics of voluntary contributions in a public goods setting.

1.9 Relatively few studies have considered the e�ect of social preferences and conditional cooperation on contri-
butions to public goods using an integrated experimental-social simulation approach. The ABM in Lucas et al.
(2014) studies the e�ect of group compositions, which vary from completely homogeneous to completely het-
erogeneous agents, on contributions. The contribution of each social preference type is based on experimental
data from Fischbacher & Gächter (2010). Social preference heterogeneity is found to have a negative impact
on contributions. However, the dynamics of voluntary contributions, though an important dimension of the
public goods problem, is not dealt with in the research conducted by Lucas et al. (2014).

1.10 Arifovic & Ledyard (2012) formulate a model in which social preference types can evolve in a learning process.
Though their model replicates the decay phenomenon, as well as other observations in public goods experi-
ments, their assumption concerning the stability of preferences is not corroborated by experimental evidence.
Many experiments have demonstrated that social preferences are stable: agents’ intrinsic motivations do not
change (Burlando & Guala 2005; Chaudhuri 2011; Kurzban & Houser 2005).

1.11 We began our research by conducting an experiment designed to elicit cooperative behavior. The data ob-
served was then used to determine each subject’s social preference type. The experiment, based on a linear
public goods game, replicates Fischbacher & Gächter (2010). Description of the public goods game, as well as
the design and implementation of the experiment are presented in Section 2 of the paper. The procedure for
classifying social preferences of experimental subjects is presented in Section 3.

Experimental Procedure and Implementation

2.1 The experiment described in this section is based on the linear public goods game, using the voluntary contri-
bution mechanism (VCM) (Ledyard 1995). In the public goods game, an individual, i, is given an endowment,
I , and decides on its allocation between a private account and public account. The contribution to the public
account, yi, is made to maximize payo�. The payo� for individual i is:πi = (I − yi) + ( a

N )y. In the equation yi
is the allocated amount to the public account; xi = I − yi is the amount allocated to the private account; and
y =

∑N
i=1 yi is the total contribution to the public account made by theN members in the group. The public

account yields a return a, and ( a
N ) represents the marginal per capita return (mpcr). When the marginal per

capita returnmpcr < 1 the individual has an incentive to keep all contributions in the private account.
2.2 In the experiment, the endowment is fixed for all participants and all decision periods at I = 10 tokens; group

size is set atN = 4; marginal per capita return is set at a fixed value ofmpcr = 0.5.
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2.3 The experiment, following Fischbacher & Gächter (2010), is divided into two phases. The first phase of the ex-
periment (replicating Fischbacher et al. 2001) is dedicated to eliciting initial cooperative behaviors of subjects
and consists of two stages: a one-shot VCM public goods game (the unconditional contribution round) and a
contribution schedule or table (the contribution table stage). The aim of the unconditional contribution round
is to determine initial contributions of subjectswithout subjects being given any information about their group.
In the contribution table stage, subjects were asked to fill in a schedule of the amount they are willing to con-
tribute to the provision of a public good given di�erent hypothetical levels of average group contributions. The
aim of this stage is to determine the conditional cooperative tendencies of subjects.

2.4 The second phase of the experiment is a standard repeated VCMpublic goods game. The subjects are randomly
assigned to groups of size N = 4. The partners’ condition, in which subjects interact with the same group
through all the decision periods, was used. This allows individuals to form strategies in a repeated public goods
game and allows the experimenter tomonitor such strategicmoves. The repeated public goods game lasted for
ten decision periods. Subjects were informed of the number in their group andmarginal per capita return, but
were not informed about the number of decision periods to observe the formation of strategies of participants
independent of the end of termination e�ect. No communication was allowed during the experiment.

2.5 In each decision period, subjects were asked to report the amount he/she wants to contribute to the public
account and their belief concerning the average contribution their groupmembers are going to provide, which
is assumed to be an important influence of subjects’ contributions. Subjects were le� to decide, learn and
form strategies throughout the ten decision periods until the experimenter announced the end of the decision
rounds. At the end of each decision period, each participant was provided with information on the average
contribution of the other three groupmembers.

2.6 The repeated public goods game was followed by a questionnaire. In the questionnaire, participants provided
standard socio-economic information such as gender, age andmajor field of study.

2.7 Seventy-two students from the Faculty of Economics and Political Science, Cairo University, were recruited for
the experiment. Undergraduate students from all departments were invited to participate. Announcement for
the experiment was made by e-mail. Registration for the experiment was through an online form. The experi-
ment was conducted in six sessions and a pilot study session during a two-week period, from May 4th 2014 to
May 15th 2014 at the Faculty of Economics and Political Science Research lab. The experimental so�ware z-Tree
(Zurich Toolbox for Ready-made Economic Experiments) was used for the experiment (see Fischbacher 2007).
The control questions were presented in a separate program developed using Visual Basic.NET. Instructions
were given in Arabic. Each session included twelve subjects divided into three groups of four. The sessions
lasted around an hour and a half, and the average earnings for each participant was fi�y Egyptian pounds in-
cluding the show-up payment. To the best of our knowledge, students did not encounter any similar decision
problems in their undergraduate studies and have no prior knowledge about the public goods game.

2.8 The majority of the participants (85%) were females. According to Ledyard (1995), gender does not yield any
significant e�ect on the rates of contribution. In addition data analysis showed that the contribution behavior
of males and females do not di�er significantly. The age of participants ranged from 18 years to 22 years, with
an average of 20 years.

2.9 Beliefs were found to be highly dependent on the previous period contribution of the other group members.
There is a strong positive correlation between the average contributions and average belief of all subjects at
each decision period (Spearman’s correlation coe�icient= 0.9). Due to this high correlation, the choice to use
one indicator (i.e. previous decision period average contribution) was made.

Classifying Social Preference Types

3.1 The objective in this section of the paper is to analyze the experimental data. Themain purpose of this analysis
is to determine the social preference type of each subject, which is a challenging task. The procedurewe follow
first classifies the social preference type from data observed in the contribution schedule (phase one of the
experiment), then tests its consistency with data observed in the repeated experiment.

3.2 A subject is classified as a free-rider if the subject contributes 0 tokens at all ormost levels of other groupmem-
bers’ average contribution, or contributes atmost 1 tokenat somegiven levels of other groupmembers’ average
contribution. This definition is di�erent from the strict definition of free-riding usedby Fischbacher et al. (2001).
However, this alternative definition is used for two reasons: there is an insignificant number of strict free-riders
in the experiment and increasing the scale of free-riding makes it easier to observe the unraveling and decay
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of contributions. This alternative definition is used in experimental studies: Isaac & Walker (1988) define an
individual as a free-rider if his/her contribution to the public good is less than one third of the endowment.

3.3 A subject is classified as a conditional cooperator if the subject’s contribution increasesmonotonically with the
average contribution of other groupmembers (Fischbacher et al. 2001). A subject is classified as a triangular or
hump-shaped contributor if there is an increasing monotonic trend of contributions up to a certain level, then
a decreasing monotonic trend of contributions (Fischbacher et al. 2001). Lastly, a subject whose contribution
pattern does not follow any of the previously mentioned behaviors is classified as type “other". Since “other"
subjects show no particular contribution pattern, their contributions are considered random and hence are
called random contributors in the model.

3.4 In our experiment,we report four typesof conditional cooperators. Conditional cooperatorswhocontribute the
exact value of the average contribution of other group members are ‘perfect conditional cooperators’. Those
who contribute an amount greater than, or equal to, average contributions are ‘above-diagonal conditional co-
operators’. Conditional cooperators whose contribution is lower than, or equal to, average contribution are
‘below-diagonal conditional cooperators’. Finally, ‘alternating-diagonal conditional cooperators’ are condi-
tional cooperators who contribute a value greater than the average contribution when the average contribu-
tion is less than half the endowment; and contribute a value less than the average contribution, when the av-
erage contribution exceeds half the endowment. It is worth noting that contributions of alternating-diagonal
conditional cooperators are significantly di�erent from triangular contributors, as their contribution still has a
monotonically increasing relationship with the contribution of their groupmembers1. Fischbacher et al. (2001)
only report the first three types of conditional cooperators. Alternating-diagonal conditional cooperators have
not been reported in any similar experimental studies.

3.5 Initial classification, using data from the contribution schedule (phase one), suggests that 8.3% of subjects are
free-riders. This is remarkably less than that reported in Fischbacher et al. (2001), in which free-riders consti-
tute approximately 30% of the subject pool. Herrmann & Thöni (2009) replicating the same experiment with
Russian subjects report 6.3% free-riders, which is relatively close to the percentage found in our experiment.
Conditional cooperators are the vastmajority of the subjects (75%), while 5.6% are classified as triangular con-
tributors. The remaining 11.1% are subjects with peculiar contribution patterns classified as others2.

3.6 It is expected that actual contributions in the repeated public goods game for a subject will never be exactly
the same as the expressed contribution in the contribution schedule. The individual’s response is inconsis-
tent if his/her contribution pattern in the repeated game is di�erent from the expressed contribution pattern
in the contribution schedule at all levels. The second condition is that the values of actual contribution in the
repeated game deviates bymore than two tokens (±2) at more than half of the levels of a given belief of others
contribution.

3.7 Ten subjects displayed inconsistent contribution patterns (approximately 14% of the subjects). Those who dis-
played inconsistencieswere free-riders, below-diagonal conditional cooperators and alternating-diagonal con-
ditional cooperators. Inconsistent conditional cooperator subjects are found to fit better as another type of
conditional cooperator. Table 1 shows the classification of subjects according to their initial cooperative pref-
erences (i.e. phase one) as expressed in the contribution schedule and according the repeated public goods
game (i.e. phase two) a�er reclassification of inconsistent subjects3.

Subject Type Number of Subjects in Phase 1 Number of Subjects in Phase 2

Free-riders 6 5
Conditional Cooperators 54 55
Perfect Conditional Cooperators 3 3
Above-diagonal Conditional Cooperators 5 11
Below-diagonal Conditional Cooperators 25 24
Alternating-diagonal Conditional Cooperators 21 17
Triangular Contributors 4 4
Other 8 8

Total 72 72

Table 1: Classification of subjects according to contribution schedule (phase one) and repeated public goods
experiment (phase two).
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The Agent-Based Simulation Model (ABM)

4.1 The agent-based model is designed to simulate the response of di�erent social preference types observed in
the repeated linear public goods game. The initial endowment, number of decision periods, profit return on
one token invested in the public good and return on one token invested in the private good are set as the basic
parameters in the model. The main assumption underlying this ABM is that strategies used by agents are the
main determinant of the overall level of contribution to the public good. The ABM incorporates these di�erent
types of players by a set of programmed strategies based on the experimental data in the repeated experiment
(phase two of the experiment)4.

4.2 Themodel starts by creating an artificial society with a number of agents for each preference type as specified
by the user. Agents are assumed to have stable social preferences, so the strategy of each agent remains un-
changed throughout the simulations. Agents’ actions depend on their pre-programmed preference type and
the average contribution of other groupmembers in the previous decision period. Parameters used to simulate
agent type are obtained from our experiment. The initial contribution level is set at the average contribution
in the first decision period in the repeated public goods game. A�er an agent places its contribution in a given
time period, it is informed about the average contribution of its group, and adjusts its contribution behavior
accordingly for the following period. The total contribution and average contribution in each decision period
are calculated and reported. The model is programmed using Netlogo 5.1.0. The pseudo code and functional
forms of each strategy are presented in the Appendix5.

4.3 The programming of the model is followed by a thorough verification procedure to make sure that agents are
programmed to accurately simulate real-life players and that there are no technical problems with the model
(Sargent 2013). A�er verification of themodel, validation of themodel was conducted using the stylized facts of
the public goods problem from experimental studies and the results of our experiment. Simulations show that
the model is valid and capable of simulating real-life behavior.

4.4 A comparison between experimental and simulated average contribution levels over 10 decision periods is de-
picted in Figure 1. The simulated standard deviation at each period is also plotted. In the simulation, 72 agents
are created using the classification of preference types of subjects in phase two of the experiment. Each agent
receives an endowment of I = 10 tokens at the beginning of every time period and the marginal per capita
return is fixed atmpcr = 0.5. The simulation is run 1000 times.

4.5 Figure 1 shows that simulated contributions are comparable to the experimental values. The overall average
contributions reported in the experiment and that generatedby the simulationmodel are almost identical (2.25
tokens in the simulation compared to 2.27 tokens in the experiment). The ABM is able to adequately replicate
our experimental results.

Figure 1: Comparison between experimental and simulated average contribution levels over 10 decision peri-
ods. In the simulation, 72agentswerecreatedcorresponding to theclassificationofpreference typesof subjects
in phase two of the experiment. Each agent receives an endowment of I = 10 tokens at the beginning of every
decision period and thempcr is fixed atmpcr = 0.5. The simulation is run 1000 times. Standard deviation for
simulation and experimental results (a�er bootstrapping) at each period is plotted.
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The E�ect of Social Preference Types on Contributions

5.1 In this sectionof thepaper, our focus is todetermine theproportionsof di�erentpreference types that cause the
emergence of cooperation in a public goods dilemma. In Sections 5.3-5.8, we explore the discrepancy between
the theoretical stipulation that voluntary contributionswill reach free-ridingwith repetition in the public goods
setting, and the experimental observations that report contributions do in fact decline with repetition but do
not reach free-riding. In Sections 5.9-5.14, we analyze the e�ect of di�erent proportions of one preference type
in heterogeneous populations. Finally, in Sections 5.15-5.24, we examine the mutual interaction between two
types of agents.

5.2 In the reported simulations, we choose populations of size N = 100 to ensure a fair representation of the
di�erent agent preference types andmarginal per capita returnmpcr = 0.5. The endowment is fixed at I = 10
in each time period. We also choose to report results of 100 decision periods to ensure that populations have
reached their steady state contribution level6. Each simulation with a given setting is run 1000 times and the
average of the values is reported. This is done to ensure that the results reported are reliable and not a�ected
by the random elements embedded in the behavior of our agents (Gilbert & Troitzsch 2005).

Predicting steady state contribution levels

5.3 One of the benefits of agent-based modeling is the ability to extend the analysis to longer runs. In Figure 2, we
extend the previous simulation (depicted in Figure 1) to 100 decision periods to investigate steady state con-
tributions for a group with agent preference composition corresponding to our experiment. The average con-
tribution level reaches a steady state of 2 tokens (for groups without random contributors) and 2.5 tokens (for
groups with random contributors): this represents 10% and 15% above free-riding levels (the free-riding level
is set at 10% of the endowment). It is worth mentioning that most of the fluctuations in contributions occur in
the first 10 decision periods, a�er which the population settles onto the steady state.

Figure 2: Extension of simulations over 100 decision periods. Standard deviation bars are plotted.

5.4 An important issue froma theoretical perspective iswhether decaying contributions converge to theNash equi-
librium (i.e. the free-riding level). Experimental results indicate that decay in contributions is greatest in the first
fewdecisionperiods, but contributions donot reach the free-riding level (Ledyard 1995). Determining the range
of final period contributions is a di�icult task. From the experiments reviewed in Ledyard, final period contri-
butions may be as low as 4% and as high as 37% of the endowment. Although the design of our experiment
di�ers from experiments surveyed in Ledyard (1995), we refer to this literature due to the substantial number of
initial experiments conducted on public goods. Experiments based on conditional cooperation with repetition
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are relatively few (Burlando & Guala 2005; Fischbacher & Gächter 2010). Fischbacher & Gächter (2010) report
final period contributions, in their experiment, that range from 10% to 15% of the endowment7.

5.5 To further explore thedegreeof corroborationbetweenexperimentsandsimulations, ten thousandsimulations
with randomly selected agent types were conducted (random contributors excluded). Each simulation encom-
passes 100 agents, each receiving an endowment of I = 10 at the beginning of each period for 100 decision
periods. The marginal per capita return is fixed atmpcr = 0.5.

5.6 Figure 3 shows the probability distribution of steady state contributions (average of the final 5 periods) for the
10,000 populations. Approximately 3% of the populations have contributions 5% or less above the free-riding
level. Almost 69.4% of the populations have steady state contributions between 5% and 10% above free-riding
levels, 27.5%of thepopulations have contributions at 10% to 15%above free-riding levels and the small remain-
ing percentage of populations reach a steady state that is more than 15% above the free-riding level.

5.7 To test whether the steady state contributions of our populations are significantly greater than the free-riding
level, we conduct a one-sided t-test (H0: Steady state contribution ≤ 1,Ha: Steady state contribution> 1). The
t-test confirms that the steady states of our simulations are statistically greater than the free-riding level (t-test,
rejectH0, p-value < 0.05). Our simulation results indicate that contributions do not reach the free-riding level
and almost all populations have contributions between 5% and 15% above free-riding level.

Figure 3: Distribution of simulated average contribution levels.

5.8 Sensitivity analysis is an integral part of any simulation-based research. It concerns analyzing the robustness of
the results to changes in its parameters (Gilbert & Troitzsch 2005). As expectedmarginal per capita return does
not influence contributions in the simulations, since agents are responsive to each other’s contributions not
their own payo�8. Simulations were conducted for groups of size ofN = 4 andN = 100 agents. Themarginal
per capita return is fixed at a level ofmpcr = 0.5 for all group sizes. Small groups of size N = 4 contribute
more than groups of sizeN = 1009. In our simulations we setN = 100 to ensure a fair representation of each
agent type. We expect that for any given group composition higher contribution levels would be observed for
a small size group (N = 4).

The e�ect of one type of agent on contributions levels

5.9 Having corroborated experimental results that steady state contributions rarely reach the free-riding level, we
now study how di�erent preference types contribute to this observation. For this purpose, we classify our
agents into two categories based on their e�ect on contributions in a dynamic setting. Cooperation enhancing
agents, whose actions increase contributions in a dynamic setting, are perfect conditional cooperators, above-
diagonal conditional cooperators and alternating-diagonal conditional cooperators. Cooperation inhibiting
agents, whose actions cause contributions to decline in a dynamic setting, are free-riders, below-diagonal con-
ditional cooperators and triangular contributors. Random contributors are excluded from this classification
and from the subsequent simulations.
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5.10 In this section, we focus on the interaction of one type of agent in a heterogeneous population of randomly
selected agent types. In particular, the aim is to investigate the minimal percentage in the population of co-
operation inhibiting agents that leads to contributions decaying to the free-riding level. Likewise, we examine
the e�ect of each of the cooperation enhancing agents in a heterogeneous population that keeps contributions
above free-riding levels and that allow high cooperation levels to be sustained.

5.11 We use populations of sizeN = 100 and fix the marginal per capita return atmpcr = 0.5. The initial endow-
ment is fixed at I = 10 tokens for each decision period. We vary the percentage of each type of agent from 0%
to 100%. The average contribution of the last five periods, when the population has reached a steady state, is
plotted. Each simulation, with a single specified percentage of an agent type, is run a thousand times and the
contributions reported are the average of these runs. The program determines the composition of the remain-
ing population (excluding the agent type under examination) randomly.

5.12 These simulations give us an indication of critical points when a specific agent type dominates contribution
dynamics; in particular critical values at which contributions unravel towards the free-riding level. Figure 4
shows that contributions reach a free-riding level (average contribution less than one token) only when there
is a high proportion of free-riders: more than 40%. A population where at least 60% of the agents are below-
diagonal conditional cooperators will reach the free-riding zone. Triangular contributors also have a negative
e�ect on contributions. A higher proportion, approximately 85% of triangular contributors pull contributions
to the free-riding zone.

5.13 On the other hand, Figure 4 also shows that perfect conditional cooperators tend to retain contributions at a
level near the initial contribution and increases contribution when they constitute more than 80% of the pop-
ulation. A small proportion, 5%, of above-diagonal conditional cooperators is su�icient to keep contributions
above the free-riding level. Finally, only 10% of alternating-diagonal conditional cooperators can keep contri-
butions above the free-riding level.

5.14 Our simulations provide insights to critical levels of each agent type required for contributions to reach free-
riding levels. Experiments to determine theminimal percentage of each agent type in a heterogeneous popula-
tion that lead to convergence to the free-riding level have not been conducted. Thismaybedue to the extensive
number of trials that would be required.

Figure 4: The e�ect of di�erent percentages of one type of agents on average contributions in last five decision
periods. 99% confidence intervals for each percentage of an agent type are plotted. Red dashed line indicates
the free-riding level.

The e�ect of interaction between agent types on contribution levels

5.15 In the previous section, wemanaged to pinpoint the percentage of a specific agent type required to direct a het-
erogeneous population’s contribution to free-riding or to divert the population’s contribution from free-riding.

5.16 In this section, we consider a population consisting only of two agent types, and examine the e�ect of chang-
ing the proportion of each agent type on the contribution level. This exploration will help us understand how
di�erent agent types interact with each other and the critical points at which one type prevails and changes
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the course of contributions. We use a group size of N = 100 agents and fix the marginal per capita return
atmpcr = 0.5. Initial endowment is fixed at I = 10 for each decision period. We vary the percentages of two
types of agents from 0% to 100%. Each simulation run lasts for 100 time periods. The simulation is run 1000
times and the results reported are the average contribution of the one thousand simulation runs.

5.17 First, interaction between cooperation enhancing and cooperation inhibiting agents.
Figure 5 shows the dynamic interaction between populations consisting of one cooperation enhancing agent
type and each of the cooperation inhibiting agent types.

5.18 Above-diagonal conditional cooperators are the most cooperative agents and require a large percentage of
cooperation inhibiting agents for free-riding to occur. Approximately 30% of above-diagonal conditional co-
operators can keep a population of 70% free-riders above the free-riding level. Only 20% of above-diagonal
conditional cooperators are required to keep a population with a majority of below-diagonal conditional co-
operators above the free-riding level. Ten percent of above-diagonal conditional cooperators are required to
rescue contributions in a population with a majority of triangular contributors from the free-riding zone.

5.19 Prefect conditional cooperators reciprocate uncooperative behaviour immediately A population with only 10%
of free-riders or below-diagonal conditional cooperators (in a population with 90% perfect conditional coop-
erators) will bring contributions to a free-riding level. The unraveling of contributions towards free-riding is
observed in populations with 30% or more of triangular contributors (i.e. equivalent to 70% or less of perfect
conditional cooperators).

5.20 Alternating-diagonal conditional cooperators are the kind of cooperators who are helpful when contributions
are low and opportunistic when contributions are high. A population with 30% or more alternating-diagonal
conditional cooperators will keep contribution levels above free-riding when placed with free-riders or below-
diagonal conditional cooperators. Only 10% of alternating-diagonal conditional cooperators in a population
with triangular contributors will prevent contributions from unraveling towards free-riding.

Figure 5: Average steady state contribution (last five decision periods) in populations with di�erent percent-
ages of two complement types of agents (from 0% to 100%): one cooperation enhancing and one cooperation
inhibiting. 99% confidence intervals for each percentage are plotted. Red dashed line indicates the free-riding
level.

5.21 Second, interaction within cooperation enhancing populations and within cooperation inhibiting populations.
Figure 6 depicts the dynamic interaction within populations consisting of either two cooperation enhancing
agent types or two cooperation inhibiting agent types.

5.22 Steady state contributions are never above free-riding levels for any composition of a population consisting
only of cooperation inhibiting agents.

5.23 In a population of perfect and above-diagonal conditional cooperators, altruism is observed as total contri-
butions reach near the maximum level. For populations of above-diagonal and alternating-diagonal condi-
tional cooperators high contribution levels are achieved in most cases. Finally, in a population of perfect and
alternating-diagonal conditional cooperators, contribution stabilizes at 10% to 20%above the free-riding level.
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Figure 6: Average contribution in populations with agents having similar e�ects on contribution patterns. 99%
confidence intervals for each percentage are plotted. Red dashed line indicates the free-riding level. Red line
indicates the free-riding level.

5.24 In our simulations, we see that it is possible for populations of cooperation inhibiting agents to reach absolute
free-riding levels and for populations with above-diagonal conditional cooperators to achieve altruism. These
results confirm experimental observations. Burlando & Guala (2005) conducted an experiment to directly test
the role of each preference type in decaying contributions in a public goods game. A�er subjects participate in
a repeated public goods gamewithin a heterogeneous group they are classified according to preference types.
Subsequently, subjects were divided into homogeneous groups consisting only of their own preference type.
In the free-rider group, convergence to the Nash equilibrium of zero contribution is observed. Groups of coop-
erators havemuch higher contribution levels than the heterogeneous population, reachingmaximumpossible
contribution. Experiments to determine the interaction between two agent types have not been conducted. We
need to consider, in future research, how to experimentally test the e�ect of various frequencies of each agent
type on contribution patterns.

Conclusions

6.1 In this study the approach of combining experiments and agent-basedmodelswas used to enhance analysis on
thepublic goodsproblem. Our research focusedon the roleofheterogeneousagents inexplaining thedynamics
of voluntary contributions to public goods. The aim of this research is to extend the scope of analysis on public
goods not addressed by studies in the experimental literature. The main results of our study are mentioned in
the following.

6.2 Our simulation results corroborate experimental observations. Simulation results demonstrate that contribu-
tions do not reach the free-riding level and are expected to be between 5% and 15% of income as suggested by
experimental studies (Ledyard 1995). Our experiment replicates Fischbacher & Gächter (2010). Their analysis
deals with determining the main factor responsible for the decay in contributions using econometric models
which best fit their experimental data (see Fischbacher & Gächter 2010). Their results demonstrate that below-
average conditional cooperators do indeed result in the decay phenomenon. However, their study does not
deal with determining steady state contribution levels.

6.3 Simulations also demonstrate that the decay to free-riding occurs only in populationswith a high proportion of
cooperation inhibiting agents (more than40% free-riders; almost 60%belowdiagonal conditional cooperators;
and 90% triangular contributors). Free-riding is certain to occur only when all the population are cooperation
inhibiting agents. These results contrast to Fehr and Schmidt’s (1999) theoretical analysis. They show that only
one free-rider can cause a large number of inequity-averse conditional cooperators to behave selfishly, and
therefore, cause the emergence of free-riding behavior.

6.4 According to Fischbacher et al. (2001) the decay in contributions is the result of interaction between free-riders
and below-diagonal conditional cooperators. The proportion of these di�erent social preference types that ul-
timately lead to convergence to free-riding in the population was not considered. Our simulations investigated
critical proportions of each social preference type agent that drive the population towards free-riding.
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6.5 The simulation results suggest that conditions for the evolution of cooperation (denoted by positive contribu-
tion levels) are not stringent. A small proportion of contribution enhancing agents (for example 5% of above-
diagonal conditional cooperators in a population) may be su�icient for the provision of public goods. Related
research on social dilemmas also seems to support this observation. Using a di�erent approach, Axelrod (1984)
demonstrates that only a small proportion of cooperators, when interacting in clusters, is required for cooper-
ation to emerge in a population of defectors in the prisoner’s dilemma game.

6.6 Our results are based on the assumption that artificial agents do not change their strategies. This assumption is
based on experimental observations concerning the stability of social preference types. Previous studies have
considered how contributions change when learning and evolutionary dynamics is included. When learning
based on evolutionary principles is incorporated in the public goods model convergence to zero contribution
levels is observed (Miller & Andreoni 1991). Other mechanisms such as punishment are required in an evolu-
tionarymodel for positive contributions to public goods (Ye et al. 2011). Social structure has also been shown to
have significant e�ects on cooperation among heterogeneous agents (Bravo et al. 2012). In future research we
need to consider conditions that cause agents to change strategies and how contributions would changewhen
learning, social structure and evolutionary dynamics are included.

6.7 Our analysis relied on social simulation and experiments, but we could also consider other approaches that
integratemethodologies. Researchon social dilemmashave integrateddi�erentmethodologies to examine the
problem of cooperation. In the analysis of the prisoner’s dilemma simulations of a replicator dynamic model
used strategies that were submitted to participate in computer tournaments (Axelrod 1984).

6.8 The ultimate aim of our research is to understand factors that promote cooperation. Our ABM can be used as a
building block of a more inclusive platform for studying di�erent scopes of the public goods problem. Agents
can be programmed to be responsive to factors such as social information and marginal per capita return. In
addition, the model can be expanded to include other mechanisms in addition to the voluntary contribution
mechanism, such as incorporating a provision point or including the possibility of punishment and communi-
cation.

Notes

1Non-parametric statistical tests are used to determine whether there is a statistically significant di�erence
between the subcategories of conditional cooperators. Non-parametric tests do not assume the data is nor-
mally distributed. At a 95% confidence level, there is a significant di�erence between the four subcategories of
conditional cooperators at each and every level of hypothetical average contribution of other group members
(KruskalWallis H tests, p < 0.05). Tests are also conducted between pairs of subcategories. There is at least one
value of hypothetical group averagewhere the pairs of subcategories are significantly di�erent from each other
(Mann-Whitney tests, p < 0.05). These results confirm the validity of separate subcategories of conditional
cooperators.

2There is a significant di�erence between the number of free-riders reported in Fischbacher et al. (2001) and
other experiments (Fisher exact tests, p < 0.05). However, the percentage of free-riders in our experiment is
not significantly di�erent from that reported in Herrmann and Thoni’s (2009) (Fisher exact test, p = 0.58). The
percentages of triangular contributors across di�erent experiments are similar (Fisher exact tests, p > 0.05).

3McNemar tests are conducted to test if there are significant di�erences in the proportions of di�erent pref-
erence types in phase one and a�er classification in phase two. The tests showed that there is a significant
di�erence in the proportion of above-diagonal conditional cooperators in phase one and phase two (McNemar
test, p < 0.05).

4Another model was developed using experimental data from the first phase of the experiment (uncondi-
tional contribution round and contribution schedule) and results of the simulations were generally similar. We
choose to report the results of themodel based on the second phase of the experiment (repeated public goods
game).

5Themodel description, code, andexperimental instructions canbe foundathttps://www.openabm.org/
model/5168/version/3/view

6Simulations through 1000 and 2000 decision periods were conducted to determine if contribution pattern
changes through extended decision periods. No change in the contribution pattern was detected, so we termi-
nate our simulations at decision period number 100.
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7Burlando&Guala (2005) donot indicate the valueof contribution for heterogeneousgroups in the repeated
experiment.

8Since our artificial agents do not process payo�s, marginal per capita return should not have an e�ect
on their decisions. Simulations conducted with di�erent values of marginal per capita return (mpcr = 0.25,
mpcr = 0.5,mpcr = 0.75) anddi�erent preference types, confirm thatmarginal per capita return, as expected,
does not systematically a�ect contributions.

9Thedi�erences incontributionbetweendi�erentgroupsizesare found tobestatistically significant (Kruskal
Wallis, p-value < 0.05). Average contributions for group sizeN = 100 is 1.9 tokens and for group sizeN = 4 is
2.1 tokens which corresponds to 9% and 11% above the free-riding level (which in our case is 10%).
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Appendix

Pseudo code of the dynamics of the simulation model.

Create an artificial environment of N agents according to contribution preferences set by user
Set common parameters for all agents (return from public good and endowment)
Create a memory for each agent to store average contribution of other group members
Calculate and plot statistics

For each time period
For each agent

Receive endowment for time period
Place contribution according to an agent’s strategy

End for

Calculate total contribution and average contribution to public good

For each agent
Calculate own payoff
Calculate average contribution of other group members
Update memory

End for

Calculate and plot statistics

Agents’ behaviours functional form

Let the average contribution of other groupmembers in a previous time period be vt−1; the initial endowment
granted to each agent at each time period be I tokens (I = 10 in the experimental study).

Free riders

Theprobability of not contributing to thepublic goodat anygiven timeperiodbe l, where l followsa continuous
uniform distribution from 0 to 1. Then the contribution function at time period twill be:

Contributiont =

{
0 when l ≤ 0.75∀ vt−1

1 when l > 0.75∀ vt−1

(1)
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Perfect conditional cooperators

Contributiont=1 =

{
uniform

(
0,

1

2

)}
(2)

Contributiont>1 = {vt−1 +Normal(0.04, 0.4) when 0 ≤ vt−1 ≤ I} (3)

Above-diagonal conditional cooperator

Contributiont=1 = {Normal(3.8, 4.2)} (4)

Contributiont>1 =

{
vt−1 +Normal(1.9, 4.84) when 0 ≤ vt−1 ≤ 0.2I

vt−1 +Normal(1.09, 3.24) when 0.2T < vt−1 ≤ I
(5)

Alternating-diagonal conditional cooperator

Contributiont=1 = {Normal(3.2, 3.61)} (6)

Contributiont>1 =


vt−1 +Normal(1.25, 5.07) when 0 ≤ vt−1 ≤ 0.2I

vt−1 +Normal(−0.4, 4) when 0.2T < vt−1 ≤ 0.5I

vt−1 +Normal(−2.2, 6.76) when 0.5T < vt−1 ≤ 0.9I

vt−1 +Normal(−3.7, 14.44) when vt−1 = I

(7)

Below-diagonal conditional cooperator

Contributiont=1 = {Normal(2.7, 4.84)} (8)

Contributiont>1 =


vt−1 +Normal(−0.7, 1.15) when 0 ≤ vt−1 ≤ 0.3I

vt−1 +Normal(−2.3, 1.96) when 0.3T < vt−1 ≤ 0.5I

vt−1 +Normal(−4.07, 5.29) when 0.5T < vt−1 ≤ I
(9)

Triangular contributors

Contributiont=1 = {Normal(2.4, 3.61)} (10)

Contributiont =

{
vt−1 +Normal(−0.4, 2.25) when 0 < vt−1 ≤ 0.5I

vt−1 +Normal(−5.2, 12.96) when 0.5T < vt−1 ≤ I
(11)

Random contributors

Contributiont = Uniform(0, 10) when 0 ≤ vt−1 ≤ I (12)
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