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Abstract

SOCIAL PREFERENCES, LEARNING, AND THE DYNAMICS OF COOPERATION IN
NETWORKED SOCIETIES: A DIALOGUE BETWEEN EXPERIMENTAL AND COM-
PUTATIONAL APPROACHES

Chenna Reddy Cotla, PhD

George Mason University, 2016

Dissertation Director: Dr. Robert Axtell

In this dissertation, I empirically investigate cooperative behavior in networks using the

framework of network public goods games. To do so, I use a dialogue between behavioral

experiments and agent-based models. I design and conduct behavioral experiments to gen-

erate data to construct boundedly rational agents that behave like humans and reproduce

stylized facts in public goods environments. The human-like agents are deployed in a small-

scale agent-based model to make novel quantitative predictions that can be statistically

tested using a new set of behavioral experiments. This ensures that the behavioral specifi-

cation of agents carries predictive value so that quantitative predictions made using it can

be reproduced with human subject experiments. The high fidelity agent-based model is then

extended to study the dynamics cooperation in networked environments. The dissertation

is organized into three chapters.



In the first chapter, using experimental data from a number of published studies on

repeated public goods games, I examine the ex-post descriptive fit and ex-ante predictive

accuracy of several learning models. I show that choices in repeated public goods games are

best explained by an averaging reinforcement learning model. The second chapter builds

on the experimental evidence that social preferences are necessary alongside with learning

to explain contribution patterns in repeated public goods games. I design and conduct

novel behavioral experiments to disentangle the roles of social preferences and learning in

explaining repeated game choices. I find that choices in the repeated public goods games are

best described by social preferences affecting the choice of first round contributions and then

subsequent contributions based on payoff-based averaging reinforcement learning. I deploy

the behavioral specification thus obtained in an agent-based model. Simulations using

the agent-based model demonstrate a novel result that reducing the price of cooperation

in the first round alone is sufficient to sustain significantly higher contributions over the

later rounds of a repeated game. The quantitative predictions of the empirical agent-based

model are successfully reproduced using follow-up behavioral experiments substantiating

the predictive value of agents’ behavioral specification.

In the third chapter, using the empirical agent-based model constructed from the ex-

perimental data, I show that network size, network density, degree heterogeneity, and the

average path length of a network have no significant effect on the cooperation levels in

public goods games. These results stand in contrast to the existing findings in the agent-

based modeling literature and demonstrate that agent-based models based on empirical

micro-foundations can lead to different conclusions than that of agent-based models based

on micro-foundations extrapolated from other domains like that of biology. This disserta-

tion illustrates that empirical understanding of determinants of behavior in social dilemmas

is instrumental to identify mechanisms that can promote cooperation using agent-based

models.



Chapter 1: Learning in Repeated Public Goods Games - A

Meta Analysis

Abstract

I examine the generalizability of a broad range of prominent learning models in explaining contri-

bution patterns in repeated linear public goods games. Experimental data from twelve previously

published papers is considered in testing several learning models in terms of how accurately they

describe individuals’ round-by-round choices. The experimental data is split into 18 datasets. Each

of these datasets is different from the remaining in at least one of the following aspects: the marginal

per capita return, group size, matching protocol, number of rounds, and endowment that determines

the number of stage game strategies. Both ex-post descriptive fit of learning models and their ex-

ante predictive accuracy are examined. The following learning models are included in the study:

reinforcement learning, normalized reinforcement learning, reinforcement average model with loss

aversion strategy (REL), stochastic fictitious play, normalized stochastic fictitious play, experience

weighted attraction learning (EWA), self-tuning EWA, and Impulse matching learning. REL out-

performs all other learning models in both within dataset descriptive fit and out-of-sample dataset

predictive accuracy. While all the learning models out-perform the random choice benchmark, only

REL performs at least as well as the model that reflects dataset level overall empirical frequencies.

The results suggest that learning in repeated linear public goods games is more in line with reinforce-

ment learning than that of belief learning or regret-based learning. Finally, REL also outperforms

individual evolutionary learning (IEL) in predicting the full distribution of contributions. Average

reinforcement learning that is sensitive to the observed payoff variability and insensitive to the payoff

magnitude underlie the success of REL in explaining contributions in repeated public goods games

over a broad spectrum of game parameters.
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1.1 Introduction

In this Chapter, I use data from controlled lab experiments and standard econometric

methods to compare a number of competing behavioral specifications of agents that are

specified as different learning models in the context of repeated public goods games. The

best performing learning model identified here will be used for further analysis in conjunction

with social preferences in Chapter 2. The analysis here and Chapter 2 will inform the

behavioral specification of agents in an empirical agent-based model of public goods games

in networked communities in later chapters. Thus, the investigations and results in this

Chapter create a foundation over which the later chapters of the dissertation are developed.

A handful of earlier studies have used data from laboratory experiments on public goods

games to test competing learning models (Cooper & Stockman, 2002; Janssen & Ahn, 2006;

Arifovic & Ledyard, 2012; Wunder, Suri, & Watts, 2013). However, the approaches used

in these studies have limitations in terms of model generalizability either due to the data

used or the set of learning models considered or both. Cooper and Stockman (2002) use

the cumulative reinforcement learning model of Roth and Erev (1995) to model learning

behavior in step level public goods games. They have used the data from their own exper-

iments to fit the model and derive conclusions. Previous research shows that cumulative

reinforcement learning is outperformed by average reinforcement learning in predicting be-

havior (Erev & Roth, 1998; Ho, Camerer, & Chong, 2007). Arifovic and Ledyard (2012) and

Janssen and Ahn (2006) consider data from multiple experiments conducted by Mark Isaac

and his coauthors in studying learning in public goods games. However, similar to Cooper

and Stockman (2002), they also considered only one learning algorithm in their studies.

The former exclusively considers their own Individual Evolutionary Learning (IEL) model

while the latter considers only Experience Weighted Attraction (EWA) learning model of

Camerer and Ho (1999). Both of these papers, examine learning models in terms of their

within sample descriptive fit.Thus, these analyses are subject to the potential problem of

model overfitting. Wunder et al. (2013) consider a number of learning models, however,
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they take a purely machine learning approach by considering models that are difficult to

interpret from the cognitive plausibility perspective. Furthermore, they consider data from

the experiments conducted in Suri and Watts (2011) which involve public goods game with

only one set of game parameters. While their stochastic discounted two-factor model does

very well in both descriptive fit and predictive accuracy compared to a number of other

learning models considered in their paper, it is unclear if the model will also be successful

in explaining behavior in public goods games with different values for the game parameters

like the endowment, marginal return, number of rounds, and matching. This is a valid con-

cern since previous studies have supported different models of learning in different games

and the relationship among distinct conclusions obtained in different studies is often not

clear (Erev & Haruvy, 2013). Therefore, it remains an open question if any of the models

that were considered in these earlier studies are general enough to explain behavior in public

goods environments with wide ranging parameters.

The obstacles faced in understanding the learning mechanism individuals use in repeated

public goods environment, or for that matter in any repeated strategic environment, using

data from experiments can be listed as follows:

1. Small datasets due to the small number of experimental subjects: Small

sized data sets due to the small number of experimental subjects can induce selec-

tion biases in econometric investigations. Often, datasets that are generated using

controlled lab experiments contain individuals in sub hundreds. They may not have

enough variation to compare competing learning models. Furthermore, an experi-

mental dataset considered in isolation may consist of individuals drawn from a very

narrow spectrum of the population. Thus, a model that is favored by a single data

set may not generalize over.

2. Small number of rounds of in repeated games: Small number of rounds could

potentially lead to misleading conclusions regarding which learning model performs

best. Learning models generally require sufficiently large number of rounds before

learning process unfolds. When there are data for only a couple of rounds learning
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models’ performance could depend strongly on initial conditions. Different learning

models could be made favorites by cleverly choosing suitable initial conditions.

3. The problem of model overfitting: Salmon (2001) and Hopkins (2002) have shown

that learning models can be very easily overfitted to the experimental data. The

problem of overfitting is exacerbated when one is dealing with small data set sizes

and a small set of learning models (Erev, Ert, & Roth, 2010).

4. Consideration of a relatively small set of models: Since every learning model

is a simplified representation of an underlying cognitive or neural mechanism, it is

fair to say each of them is misspecified. If one considers only a very small set of

learning models, it is difficult to get a relative sense of what constitutes a good learning

description in a given environment. Therefore, the choice of the set of learning models

that one chooses to study can influence what conclusions one reaches. This point can

also be demonstrated using the results in this Chapter. If one considered only belief

learning models, one could potentially argue, using the results in this Chapter, that

learning does not perform better than a random choice model and thus is not useful

in predicting behavior in public goods environments. By considering a large set of

learning models that span across different families of learning, one can reduce the

potential model selection bias.

5. Choice of model comparison metric: The choice of a metric that one uses to com-

pare the performance of different learning models can potentially influence the conclu-

sion one reaches. Feltovich (2000) studies the performance of reinforcement and belief

learning models in the context of multi stage asymmetric information games. When

he compares models using maximum log-likelihood achieved by them, a belief learning

model outperforms a set of other models that includes a reinforcement learning model.

However, when he considers Mean Squared Deviation (MSD) as the comparison met-

ric, the reinforcement learning model outperforms the belief learning model. In the

work of Chmura, Goerg, and Selten (2012), the authors find that impulse matching
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learning outperforms a number of other models in replicating aggregate frequencies of

observed choices, but, self-tuning EWA performs the best in predicting individuals’

round-by-round behavior in twelve 2×2 games. Thus, the choice of comparison metric

can have significant influence on the conclusions one reaches.

In this chapter I address these obstacles in understanding learning in public goods games

by:

1. Considering a large dataset involving 1201 individuals and 17250 decisions that is

constructed using the experimental data from 12 different published studies. These

studies are conducted with subjects from different nations, educational backgrounds,

and are conducted by different researchers. This reduces the potential data selection

bias in my investigation. As Erev and Roth (1998) states, there is danger that re-

searchers treat the models they propose as their toothbrushes, by using one’s model on

one’s own data. Experimenters may also unconsciously make some decisions in their

experimental design that could favor some learning models over others. My study

seeks to overcome this danger by considering data from multiple experiments.

2. Considering data on public goods games that involve at least 10 rounds of play and

thus sufficiently allowing the learning process to unfold.

3. Comparing models using both descriptive fit and prediction accuracy. I divide the ex-

perimental data on 1201 individuals into 18 separate datasets each of which involves

a public goods game with a unique set of game parameters. I compare how gener-

alizable each learning model is in two ways. First, using the parameter estimates of

each learning model estimated from the pooled data of 1201 individuals, I test how

well the same parameters explain behavior across datasets with varying parameters of

the game. Second, for each dataset I predict choices in it using each learning model

with parameters estimated using the remaining 17 datasets. I compare models based

on how well they do in the prediction task. In both of these comparisons testing the

generalizability of models, I use only non-parametric exact tests.
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4. Considering nine learning models that cover a broad spectrum of types of learning.

The following learning models are considered to model individual level adaptive be-

havior: reinforcement learning (RL), normalized reinforcement learning (NRL), rein-

forcement average model with loss aversion strategy (REL), stochastic fictitious play

(SFP), normalized stochastic fictitious play (NFP), experience weighted attraction

learning (EWA), self-tuning EWA (STEWA), Impulse matching learning (IM), and

Individual Evolutionary Learning (IEL). These models cover the ideas of reinforce-

ment learning, belief learning, regret-based learning, hybrid learning that incorporate

elements from both belief and reinforcement learning, and individual evolutionary

learning. This choice of wide ranging models, helps to minimize methodological bias

that can enter into the analysis due to the consideration of a very narrow set (often

of size one or two) of learning models.

5. Using a wide ranging comparison metrics in analyzing the effectiveness of learning

models in replicating the observed behavior in the data. I consider log-likelihood (LL),

Akaike Information Criterion (AIC), Bayesian Information Criterion (BIC), and Mean

Quadratic Score (MQS)1 achieved by learning models in comparing their descriptive

fit and prediction accuracy. I also compare the most successful model REL with

the evolutionary learning model IEL using the distance between the observed and

predicted distribution of choices.

The main finding in this study is that REL outperforms all other learning models in

terms of both descriptive fit and prediction accuracy. It is the only model to outperform

dataset level overall empirical frequencies in both descriptive fit and predictive accuracy

when model performance is compared using MQS. In terms of LL and BIC, REL performs

as well as the empirical frequencies in both comparisons. None of the remaining models

outperform the empirical frequencies in both comparisons according to any of the metrics.

EWA and NRL jointly take the second place. They are outperformed by the dataset level

1Note that MQS is equivalent to Mean Squared Deviation (MSD) by an affine transformation. MQS =
1 - MSD for one dimensional distributions.
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empirical frequencies in terms of LL and BIC. But, they do as well as the dataset level

empirical frequencies in terms of MQS. The ordering of learning models in both comparisons

is identical: REL, NRL, EWA, RL, NSFP, SFP, IM, STEWA (the ordering is not strict in

all cases. REL performs strictly better than all other models). Belief learning models

and regret-learning models perform poorly in comparison to reinforcement models. In

public goods environments, learning is more in line with reinforcement learning. Average

reinforcement learning that is adaptive to observed payoff variability and insensitive to the

payoff magnitude underlies the success of REL. REL also outperforms IEL in predicting

full distribution of contributions across all data sets.

The chapter is organized as follows. In Section 1.2, I describe the linear public goods

environment. Section 1.3 describes the data that is used in econometric investigations.

Section 1.4 presents a brief description of learning models. Section 1.5 presents results. A

brief discussion is presented in Section 1.6. Section 1.7 concludes the chapter by summing

up the findings and discussing future directions.

1.2 Linear Public Goods Game

Before I proceed to the data and learning models that are considered in my analysis, I first

briefly describe the linear public goods environment. A linear public good game consists

of Ng individuals. Index these individuals as i = 1, 2, .., Ng. Each individual is endowed

with an amount wi and must decide how much to contribute to the public good from his

endowment and how much he wants to keep to himself. In this paper, I study public

goods games where each individual is endowed with the same amount wi = E,∀i. Say an

individual’s contribution is denoted as ci ∈ [0, E], then his payoff from his contribution

decision is given as:

πi = E − ci +M

Ng∑
j=1

cj
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Where M is the marginal per capita return (MPCR) from the public good. As long as

1
Ng

< M < 1, it is individually rational to contribute nothing to the public good but the

social optimum is achieved when everybody contributes their entire endowment. In this

way, a linear public goods game epitomizes the tension between private and public interests

that is the basis of any standard social dilemma.

In a repeated game, the stage described above is repeated over T number of rounds. In

a finitely repeated game, the number of rounds, T , is determined beforehand. It is easy to

see that zero contribution in each round is individually rational in a finitely repeated public

goods game.

1.3 Data

A number of published studies involving repeated public goods game experiments with at

least 10 rounds were considered for data collection. Since the main aim of this study is

to evaluate different learning models in terms of their descriptive and predictive power in

explaining choices over time, I considered only the baseline studies where no additional

mechanism like punishment was in place. For the studies where the data was not publicly

made available at the time of data collection, data was requested from the correspond-

ing authors. Data was obtained for experiments conducted in the following twelve pub-

lished studies: Andreoni (1988, 1995b, 1995a); Isaac and Walker (1988); Isaac, Walker,

and Williams (1994); Fehr and Gächter (2000); Nikiforakis and Normann (2008); Gächter,

Renner, and Sefton (2008); Sefton, Shupp, and Walker (2007); Kosfeld, Okada, and Riedl

(2009); Botelho, Harrison, Pinto, and Rutström (2009); Keser and Van Winden (2000).

While a few more studies had data on baseline repeated public goods games of length 10

or more rounds, the data was not readily available at the time of this study.

The experimental data from 12 published papers under consideration is reorganized into

18 datasets. Data from identical treatments across studies is combined and put into a single

dataset to obtain 18 distinct datasets that are different from each other in terms of at least
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one parameter of the public goods game itself. The parameters of the game that are used

to distinguish among datasets are: the number of rounds of the repeated game (T ), group

size (Ng), endowment (E), marginal per capita return (M), and matching protocol. The

matching protocol can be Partners, Strangers, or Perfect Strangers. In Partners matching,

group composition stays fixed over the rounds of a repeated game. In Strangers’ matching,

groups are reshuffled in each round using the subject pool a given experimental session.

However, Strangers’ matching does not guarantee that any two subjects will not be matched

more than once over the rounds of a repeated game. Perfect Strangers’ matching is identical

to the Strangers’ matching except that it ensures that no two subjects will be matched

more than once over the rounds of a repeated game. Table 1.1 presents 18 datasets that

are constructed from the data obtained from published studies. No two datasets contain

the same individual. These datasets cover a broad range of game parameters. For example,

E ranges from 6 to 60, M varies between 0.03 to 0.8, Ng varies between 3 to 40, T ranges

from 10 to 50. All three matching protocols are observed across the datasets.

1.4 Learning Models

In this section, I briefly describe each learning model that is considered in this Chapter.

In total, I consider eight learning models.2 These eight models cover a broad spectrum of

learning sophistication. Models that use reinforcement learning occupy the lower end of the

learning sophistication spectrum since they characterize a very basic principle of reinforcing

actions that led to higher payoffs in previous rounds. I consider three variations of reinforce-

ment learning: Reinforcement Learning Model (RL), Normalized Reinforcement Learning

Model (NRL), and Reinforcement Average Model with a Loss Aversion Strategy (REL). Be-

lief learning models and regret-based learning models rank high on learning sophistication.

2in the Discussion section of this chapter, I also consider Individual Evolutionary Learning (IEL) which
makes the count nine. I do not consider IEL in this Section and the Results section since maximum likelihood
methods cannot be used in the estimation of IEL.
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Table 1.1: Data

Dataset Source T Ng E M N Matching

DS1 Andreoni 1988 10 5 50 0.5 40 Strangers

DS2 Andreoni 1988 10 5 50 0.5 30 Partners

DS3 Andreoni 1995a, 1995b 10 5 60 0.5 80 Strangers

DS4 Isaac & Walker 1988 10 10 10 0.75 30 Partners

DS5 Isaac & Walker 1988 10 10 25 0.3 30 Partners

DS6 Isaac & Walker 1994 10 40 50 0.3 120 Partners

DS7 Isaac & Walker 1994 10 40 50 0.03 40 Partners

DS8 Fehr & Gachter (2000), Niki-
forakis (2008)

10 4 20 0.4 96 Partners

DS9 Fehr & Gachter (2000), Niki-
forakis (2008)

10 4 20 0.4 72 Strangers

DS10 Gachter et al. (2008) 10 3 20 0.5 60 Partners

DS11 Gachter et al. (2008) 50 3 20 0.5 51 Partners

DS12 Sefton et al. (2007) 10 4 6 0.5 144 Partners

DS13 Kosfield et al. (2009) 20 4 20 0.4 40 Partners

DS14 Kosfield et al. (2009) 20 4 20 0.65 36 Partners

DS15 Botelho et al. (2009) 10 4 20 0.8 56 Strangers

DS16 Botelho et al. (2009) 10 4 20 0.8 116 Perfect Strangers

DS17 Keser & van Winden(2000) 25 4 10 0.5 40 Partners

DS18 Keser & van Winden(2000) 25 4 10 0.5 120 Strangers

Ntotal: No. of Total Subjects 1201
No. of Total Decisions 17250
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Belief learning and regret-based learning models capture a notion of counterfactual think-

ing by considering foregone payoffs from unobserved strategies. Hybrid models like that

of Experience Weighted Attraction (EWA) learning model of Camerer and Ho (1999) and

Self-tuning Experience Weighted Attraction learning (STEWA) of Ho et al. (2007) combine

the elements of both reinforcement and belief learning.

All of the learning models presented below have two elements in common. They assume

that strategies have propensities and propensities are linked to the probabilities of choice

using a choice rule. The learning algorithm of a given model dictates how the propensities of

strategies are updated. Propensities of strategies are often referred to as attractions. Given

this framework, each learning model can be succinctly described by defining the specification

of initial attractions, attraction updating rule, and choice rule. All investigated learning

models will start with a randomization of available strategies in the first round. This is

done by setting initial attractions to zero. Alternatively, one could initialize attractions to

be equal to the payoff from a random choice. However, in my estimations it did not make

any difference. One could also estimate the initial attractions based on the first round

data. This would improve the fit of the learning model since it provides a better description

of the first round. For games with large strategy spaces like that of public goods games,

estimating the first round attractions would mean estimating too many parameters. To

maintain model parsimony, I did not pursue estimating the first round attractions. A brief

description of each learning model follows in the remainder of this section.

I refer to strategy j available to individual i as sji . There are mi strategies available to

individual i. The chosen strategy of i in round t is denoted as si(t). ui(s
j
i , s−i(t)) is the

payoff obtained by i in round t when it chooses sji and others choose strategies given in

s−i(t). The attraction of strategy j of agent i in round t is denoted as Aji (t).
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1.4.1 Reinforcement Learning Model (RL)

This is the variation of reinforcement learning model considered in Erev, Roth, Slonim, and

Barron (2007). It differs from its earlier version proposed in Erev and Roth (1998) in the

way attractions are related to choice probabilities. In the earlier version proposed in Erev

and Roth (1998), attractions are translated to choice probabilities via simple normalization,

whereas, in the version considered in Erev et al. (2007) choice probabilities are computed

from attractions using a logit function as described below. The three components of this

learning model are described below:

• Initial Attractions: In the first round, attractions of all strategies are zero. There-

fore, Aji (1) = 0. Thus in the first round, all choices have equal probabilities for being

chosen.

• Attraction Updating: Strategy j of agent i has attraction Aji (t) in round t:

Aji (t) = [1− w.I(sji , si(t− 1))].Aji (t− 1) + [w.I(sji , si(t− 1))].ui(s
j
i , s−i(t− 1))

Where I(sji , si(t − 1)) is an Indicator function and equals 1 when sji = si(t − 1).

Otherwise it is zero. ui(s
j
i , s−i(t − 1)) is the payoff obtained when the agent chooses

strategy sji given other have chosen strategies given by si−1(t− 1) in round (t− 1).

• Stochastic Choice Rule: Probability that agent i chooses strategy j in round t:

P ji (t) =
eλA

j
i (t)∑mi

l=1 e
λAjl (t)

There are two free parameters to be estimated in the RL model: the attraction sensi-

tivity parameter λ and the attraction weighting parameter w. For large λ, strategies with

higher attractions are chosen with a higher probability where as when λ→ 0 choice rule is
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equivalent to a random choice.

1.4.2 Normalized Reinforcement Learning Model (NRL)

Normalized Reinforcement Learning (Erev et al., 2007) is similar to the RL model described

earlier with one exception: attraction sensitivity is adaptive and decreases with increasing

observed payoff variability. When observed payoff variability increases decision making

moves closer to the random choice behavior.

The three components of this learning model are as below:

• Initial Attractions: In the first round, attractions of all strategies are zero. There-

fore, Aji (1) = 0. Thus in the first round, all choices have equal probabilities for being

chosen.

• Attraction Updating: Strategy j of agent i has attraction Aji (t) in round t:

Aji (t) = [1− w.I(sji , si(t− 1))].Aji (t− 1) + [w.I(sji , si(t− 1))].ui(s
j
i , s−i(t))

Where I(sji , si(t − 1)) is an Indicator function and equals 1 when sji = si(t − 1).

Otherwise it is zero.

• Stochastic Choice Rule: Probability that agent i chooses strategy j in round t:

P ji (t) =
e

λ
PVi(t)

Aji (t)∑mi
l=1 e

λ
PVi(t)

Ajl (t)

Where PVi(t) is the measure of observed payoff variability for agent i. PVi(0) is set

equal to λ. In each round PVi(t) is updated as below:

PVi(t) = (1−w).PVi(t− 1) +w.|max{recent1i , ..., recentmi } − ui(s(t− 1), s−i(t− 1))|
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Where recentji is the most recent observed payoff from choosing the strategy sji . Before

the first observation of the payoff of strategy sji , recent
j
i = A(1).

There are two free parameters to be estimated in the RL model: the attraction sensitivity

parameter λ and the attraction weight parameter w.

1.4.3 Reinforcement Average Model with a Loss Aversion Strategy (REL)

The REL model was proposed by Erev, Bereby-Meyer, and Roth (1999) to circumvent the

problems faced by the reinforcement model of Erev and Roth (1998) in explaining behavior

in games when a constant is added to all payoffs. It introduced two modifications to the

original reinforcement model: sensitivity to payoff variability and insensitivity to payoff

magnitude. The model is similar to the NRL model described above in the sense that

attraction sensitivity is adaptive and decreases with increasing observed payoff variability.

However, unlike the NRL model, it accounts for the insensitivity for payoff magnitude by

initializing the first round payoff variability as the expected absolute difference between the

observed payoff from random choice and the average payoff from random choice. The REL

model, though originally was proposed to explain the choice behavior in the presence losses,

was observed to provide a better account for the games considered in Erev and Roth (1998)

that did not involve losses.

The three components of this learning model are as below:

• Initial Attractions: In the first round, attractions of all strategies are zero. There-

fore, Aji (1) = 0. Thus in the first round, all choices have equal probabilities for being

chosen.

• Attraction Updating: Strategy j of agent i has attraction Aji (t) in round t:
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Aji (t) =


[
Aji (t−1)[Cji (t−1)+N(1)]+ui(s

j
i ,s−i(t−1))

[Cji (t−1)+N(1)+1]

]
if sji = si(t− 1)

Aji (t− 1) otherwise

where Cji (t) is the number of times sji has been chosen in the first t rounds and N(1)

is a free parameter that determines the strength of the initial attractions. A large

N(1) means that effect of actual payoffs in later rounds on attractions will be smaller.

The attractions of unchosen strategies are not updated.

• Stochastic Choice Rule: Probability that agent i chooses strategy j in round t:

P ji (t) =
e

λ
PVi(t)

Aji (t)∑mi
l=1 e

λ
PVi(t)

Ajl (t)

where λi is a free parameter that determines the reinforcement sensitivity of the

individual i. PVi(t) is the measure of payoff variability.

The payoff variability is updated according to:

PVi(t) =
[PVi(t− 1)(t− 1 +miN(1)) + |ui(si(t− 1), s−i(t− 1))− PAi(t− 1)|]

[t+miN(1)]

where PAi(t) is the accumulated payoff average in round t and m is the number of

strategies. PVi(1) > 0 is initialized as the the expected absolute difference between

the obtained payoff from a random choice and the average payoff from a random

choice.

PAi(t) is calculated in a similar manner.

PAi(t) =
[PAi(t− 1)(t− 1 +miNi(1)) + ui(si(t− 1), s−i(t− 1))]

[t+miNi(1)]
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I initialized PAi(1) as initial attraction of a any strategy which is 0. There are two free

parameters to be estimated in the REL model: the attraction sensitivity parameter λ

and the strength of initial attractions N(1).

1.4.4 Stochastic Fictitious Play (SFP)

Stochastic Fictitious Play (SFP) (Fudenberg & Levine, 1998; Cheung & Friedman, 1997;

Cooper, Garvin, & Kagel, 1997) is a prototypical characterization of belief learning. Here

I consider the variation of the model described in Erev et al. (2007).

• Initial Attractions: In the first round, attractions of all strategies are zero. There-

fore, Aji (1) = 0. Thus in the first round, all choices have equal probabilities for being

chosen.

• Attraction Updating: Strategy j of agent i has attraction Aji (t) in round t:

Aji (t) = [1− w].Aji (t− 1) + w.ui(s
j
i , s−i(t− 1))

ui(s
j
i , s−i(t−1)) is the payoff obtained when the agent chooses strategy sji given other

have chosen strategies given by s−i(t− 1) in round (t− 1).

• Stochastic Choice Rule: Probability that agent i chooses strategy j in round t:

P ji (t) =
eλA

j
i (t)∑mi

l=1 e
λAjl (t)

There are two free parameters to be estimated in the SFP model: the attraction sensi-

tivity parameter λ and the attraction weight parameter w.

16



1.4.5 Normalized Fictitious Play (NFP)

Normalized Fictitious Play (NFP) is similar to the SFP with the exception of the scaled

attractions sensitivity. I follow its description in Ert and Erev (2007):

• Initial Attractions: In the first round, attractions of all strategies are zero. There-

fore, Aji (1) = 0. Thus in the first round, all choices have equal probabilities for being

chosen.

• Attraction Updating: Strategy j of agent i has attraction Aji (t) in round t:

Aji (t) = [1− w].Aji (t− 1) + w.ui(s
j
i , s−i(t− 1))

ui(s
j
i , s−i(t−1)) is the payoff obtained when the agent chooses strategy sji given other

have chosen strategies given by s−i(t− 1) in round (t− 1).

• Stochastic Choice Rule: Probability that agent i chooses strategy j in round t:

P ji (t) =
e

λ
PVi(t)

Aji (t)∑mi
l=1 e

λ
PVi(t)

Ajl (t)

Where PVi(t) is the measure of observed payoff variability for agent i. PVi(0) is set

equal to λ. In each round PVi(t) is updated as below:

PVi(t) = (1−w).PVi(t− 1) +w.|max{recent1i , ..., recentmi }− ui(si(t− 1), s−i(t− 1))|

Where recentji is the most recent observed payoff from choosing the strategy sji . Before

the first observation of the payoff of strategy sji , recent
j
i = A(1).

There are two free parameters to be estimated in the NFP model: the attraction sensitivity

parameter λ and the attraction weight parameter w.
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1.4.6 Experience Weighted Attraction Learning (EWA)

EWA introduced by Camerer and Ho (1999) is a hybrid model that encompasses a non-

linear combination of reinforcement learning and belief learning. In this way, it is more

sophisticated than the models described earlier. The three components of EWA learning

model are described below.

• Initial Attractions: In the first round, attractions of all strategies are zero. There-

fore, Aji (1) = 0. Thus in the first round, all choices have equal probabilities for being

chosen.

• Attraction Updating: Strategy j of agent i has attraction Aji (t) in round t:

Aji (t) =
φ.N(t− 1).Aji (t− 1) + [δ + (1− δ).I(sji , si(t− 1))].ui(s

j
i , s−i(t− 1)

N(t)

Where I(sji , si(t − 1)) is an Indicator function and equals 1 when sji = si(t − 1).

Otherwise it is zero.

Each attraction is applied an experience weight using:

N(t) = 1 +N(t− 1)φ(1− κ), with N(0) =
η

1− φ(1− κ)

• Stochastic Choice Rule: Probability that agent i chooses strategy j in round t:

P ji (t) =
eλA

j
i (t)∑mi

l=1 e
λAjl (t)

In total EWA has five parameters: λ, δ, φ, κ, η. λ is the attraction sensitivity parameter
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and when it approaches zero the decision making approaches a random choice rule. φ ∈ [0, 1]

represents a notion of forgetting. A large φ implies that previous attractions are highly

discounted and will not have a large effect on future decision making. κ ∈ [0, 1] characterizes

if the attraction updating is cumulative or averaging. η ∈ [0, 1] enters into the computation

of initial experience weight N(0). Finally, δ ∈ [0, 1] captures the relative weight given to

the foregone payoffs compared to the actual payoffs in updating attractions. According

to Camerer and Ho (1999), δ in EWA helps it to capture both the law of actual effect as

in reinforcement learning and law of simulated effect as in belief learning. For different

constellations of parameters, EWA takes the form of different well known learning models.

When δ = 0, φ = 1, κ = 1 EWA is equivalent to the cumulative reinforcement model (Roth

& Erev, 1995; Bush & Mosteller, 1955; Cross et al., 2008; Arthur, 1991). EWA is like the

average reinforcement model of Erev and Roth (1998) when δ = 0, φ = 1, κ = 0. When

δ = 1, φ = 0, κ = 1 EWA is equivalent to the Cournot learning model. EWA is identical to

weighted fictitious play when δ = 1, φ = 1, κ = 0.

1.4.7 Self-Tuning EWA Learning (STEWA)

The STEWA learning was introduced by Ho et al. (2007) as a one-parameter variation of

the original EWA model of Camerer and Ho (1999). STEWA fixes the parameters {κ,N(0)}

of the EWA model at κ = 0, N(0) = 1. By fixing κ = 0, STEWA considers only average

updating of attractions. It also replaces the two other parameters φ and δ of the EWA

model with functionals φ(t) and δ(t) respectively. The motivation behind STEWA was

to circumvent the problem of overfitting in EWA due to the large number of estimable

parameters. Ho et al. (2007) show that STEWA outperformed EWA in a cross-validation

tests using data from Mixed strategy, Patent race, Continental divide, Median action, Pot

games, p-Beauty Contest and Price matching games. I consider STEWA among other

models in this paper because of its success in out-of-sample prediction across wide range of

games. The learning model is described below.
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• Initial Attractions: In the first round, attractions of all strategies are zero. There-

fore, Aji (1) = 0. Thus in the first round, all choices have equal probabilities for being

chosen.

• Attraction Updating: Strategy j of agent i has attraction Aji (t) in round t:

Aji (t) =
φi(t).Ni(t− 1).Aji (t− 1) + [δji (t) + (1− δji (t)).I(s

j
i , si(t− 1))].ui(s

j
i , s−i(t− 1))

Ni(t)

Where I(sji , si(t − 1)) is an Indicator function and equals 1 when sji = si(t − 1).

Otherwise it is zero.

Each attraction is applied an experience weight using:

Ni(t) = 1 +Ni(t− 1)φ(t− 1), with Ni(0) = 1

The change-detector function φ(t) weights the lagged attractions and characterizes a

given player’s perception about how quickly the learning environment is changing (Ho

et al., 2007). It is defined as,

φi(t) = 1− 1

2
Si(t);

Si(t) =

m−i∑
k=1

(hki (t)− rki (t))2

where k is the strategy profile of other players. The cumulative history vector,hki (t),

records the historical frequencies of the choices by other players (including the period
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t).

hki (t) =

∑t−1
τ=1 I(k, s−i(τ))

t

where s−i(τ) is the observed choice of strategies by others in round τ . The immediate

history vector, rki (t), is a vector of 1’s and 0’s. Therefore in the round t, rki (t) =

I(k, s−i(t). S(t) is the quadratic distance between the cumulative history vector hki (t)

and the immediate history vector rki (t). It captures the degree of surprise due to

change in the observed choices of the other players. It will always lie between 0 and

2 and so φi(t) lies in between 0 and 1.

The last component of the STEWA model, the attention function δi generates a weight

for foregone payoffs and turns the attention to the strategies that would have led to

higher payoffs. δqi (t) is given as:

δqi (t) =

 1 if ui(s
q
i , s−i(t− 1)) ≥ ui(si(t− 1), s−i(t− 1))

0 Otherwise

• Stochastic Choice Rule: Probability that agent i chooses strategy j in round t:

P ji (t) =
eλA

j
i (t)∑mi

l=1 e
λAjl (t)

where λ is a free parameter that determines the attraction sensitivity.

1.4.8 Impulse Matching Learning (IM)

Chmura et al. (2012) have introduced IM by combining the concepts of impulse-balance

equilibrium (Selten & Chmura, 2008) and learning direction theory (Selten & Stoecker,

1986). In their study, using the data from Selten and Chmura (2008) on twelve 2 × 2
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games that cover both constant sum and non-constant sum games, Chmura et al. (2012)

found that IM explains choices very well compared to a number of other equilibrium and

learning models including basic reinforcement learning , self tuning EWA, impulse-balance

equilibrium, and action-sampling learning.

In IM, a player receives an impulse in a given round from a strategy that results in a

lower payoff to a strategy that results in a higher payoff. In this manner, impulse matching

learning encompasses the idea of regret-learning (Marchiori & Warglien, 2008). The impulse

sums of strategies determine their propensities to be chosen by a player. In Chmura et al.

(2012) impulses were calculated using transformed payoffs since original payoffs involved

losses. In the context of public goods games, there are no losses so I compute impulses

using original payoffs.

The description of the model is as below. In this learning model, propensities of strate-

gies are described using impulse sums accumulated by strategies over time. Denote impulse

sum of strategy j of individual i in round t as Rji (t). The description of the model presented

here differs slightly from the original version proposed in Chmura et al. (2012). In the orig-

inal version, impulse sums are translated to choice probabilities via simple normalization,

whereas, here choice probabilities are computed from impulse sums using a logit function

as described below. The original version without any free parameters did very poorly and

so I do not consider it here.

• Initial Impulse Sums: In the first round, impulse sums of all strategies are zero.

Therefore, Rji (1) = 0. Thus in the first round, all choices have equal probabilities for

being chosen.

• Impulse Sum Updating: Rji (t) is the sum of all impulses from all other strategies

of individual i towards sji experienced up to period t− 1.

Impulse from strategy ski towards strategy sji in period t− 1 for individual i is:

rjki (t− 1) = max[0, ui(s
j
i , s−i(t− 1))− ui(ski , s−i(t− 1))]

22



and impulse sum for strategy j in period t for individual i is:

Rji (t) = Rji (t− 1) +

mi∑
k=1

rjki (t− 1)

ui(s
j
i , s−i(t−1)) is the payoff obtained when the agent chooses strategy sji given other

have chosen strategies given by si(t− 1) in round (t− 1).

• Stochastic Choice Rule: Probability that agent i chooses strategy j in round t:

P ji (t) =
eλR

j
i (t)∑mi

l=1 e
λRjl (t)

where λ is a free parameter that determines the sensitive to impulse sums.

1.5 Results

1.5.1 Descriptive Success of Learning Models

To begin with I compare descriptive success of learning models by reporting their aggregate

fit computed using the pooled data from 18 datasets. Define Nd as the number of individuals

and Td as the number of rounds of the repeated public good game in dataset d. Then, the

total number of individuals in the pooled data is Ntotal =
∑18

d=1Nd. For a given learning

model with parameters given by θ, let P ji (t) is the predicted probability of individual i

choosing a strategy (contribution level) sji . Then, the log-likelihood function for the learning

model can be written as:

LL(θ) =
18∑
d=1

Nd∑
i=1

Td∑
t=1

mi∑
j=1

ln

(
I(sji , si(t))P

j
i (t)

)
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Wheremi are the number of stage game strategies available to individual i and I(sji , si(t))

is the indicator function which is equal to 1 if sji = si(t) and 0 otherwise. si(t) is the strategy

chosen by individual i in round t.

I used Broyden-Fletcher-Goldfarb-Shanno (BFGS) algorithm with numerical derivatives

to maximize the log-likelihood function and estimate the parameters for each learning model.

The fit of each learning model is described using four metrics: Log-Likelihood (LL), Akaike

Information Criterion (AIC), Bayesian Information Criterion (BIC), and Pseudo-R2. LL

is the maximum log-likelihood achieved by a learning model. The last three metrics are

defined as below for a learning model:

AIC = LL− k

BIC = LL− k

2
ln(Ntotal)

Pseudo-R2 =
AIC − LLR

LLR

Where k is the number of parameters of the learning model, Ntotal is the total number

of observations, and LLR is the log-likelihood obtained by a random choice model. Since

choices of an individual are not independent I consider the number of individuals as the

effective size of the sample in the computation of BIC. Therefore, Ntotal is equal to 1201

here. AIC and BIC penalize models for their complexity and therefore are superior metrics

than log-likelihood for model comparison.

In evaluating models in terms of their descriptive and predictive success, I also consider

two basic benchmarks. The first benchmark is derived from a random choice model. Denote

the random choice model as RAND. Since the datasets differ in terms of the number of

strategies(contribution levels) available to individuals, it should be noted that RAND model

can only be derived at the dataset level. For example, in a dataset where the endowment is

20, e.g. as in DS9, RAND model predicts any given observed choice in that data set with
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Table 1.2: Aggregate fit metrics and parameter estimates of learning models - Pooled data
of 1201 individuals

Model Parameter Estimates LL AIC BIC Pseudo-R2

REL λ 2.2983 -35286 -35288 -35293 0.3080
N1 1.0839

EMP† -36517 0.2838

EWA λ 0.0316 -40712 -40717 -40730 0.2015
δ 0.5880
φ 0.9688
κ 0.9322
η 0.8927

NRL λ 1.6616 -41086 -41088 -41093 0.1942
w 0.0147

RL λ 1.4882 -42111 -42113 -42118 0.1741
w 0.0075

NFP λ 2.0621 -49422 -49424 -49429 0.0307
w 0.0149

SFP λ 0.4709 -49477 -49479 -49485 0.0297
w 0.0307

IM λ 0.0006 -49475 -49476 -49479 0.0297

STEWA λ 0.0133 -50235 -50236 -50238 0.0148

RAND‡ -50992 0.0000

Total number of individuals 1201
Total number of decisions 17250

EMP is the model based on empirical frequencies of strategies within each dataset. Note that
the empirical frequencies are derived at the dataset level and not the pooled data level. This
is because the number of strategies available to individuals are not identical across datasets
due to varying levels of endowment.

RAND is the random choice model derived at the dataset level. This is because the number
of strategies available to individuals are not identical across datasets due to varying levels of
endowment.
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a probability of 1
21 . Instead, if the endowment in a data set is 50 as in DS1, RAND model

predicts any given observed choice in that data set with a probability of 1
51 . Obviously,

the RAND benchmark is not a serious benchmark and I expect that every learning model

should beat it. The second benchmark is derived from a model that is derived from the

overall empirical frequencies of choices in each dataset. This model is referred to as EMP in

the remainder of the paper. In the context of my analysis, EMP has 18 degrees of freedom

since it is derived separately for each dataset. Thus, it is allowed to differ across datasets.

A problem in deriving one model for the pooled data of 18 datasets is that, the number

of strategies available to individuals varies across datasets. Without some kind of artificial

aggregation of strategies (for example, one can put available strategies into three groups

as low contribution, medium contribution, high contribution and then derive empirical

frequencies of these constructed strategies across the pooled data), one cannot derive a

single model of empirical frequencies by combining the data from all datasets. Since EMP

is based on observed empirical frequencies of choices and is derived at the dataset level, it

has a strong potential to fit the data very well. Thus, EMP is a very challenging benchmark

for learning models to beat.If a learning theory successfully describes choice adjustments

over time in a data set, it would obtain better fit than EMP since the latter does not depend

upon temporal information.

Table 1.2 presents the parameter estimates that maximized the log-likelihood of the

pooled data for each learning model. It also presents four aggregate fit metrics computed

using the maximum likelihood parameter estimates. The fit achieved by the two bench-

marks, RAND and EMP, is also reported for comparison. Using these results, the learning

models can be ordered in terms of their performance as REL, EWA, NRL, RL, SFP, NSFP,

IM, STEWA. This ordering holds according to any of the four fit metrics that are reported.

REL outperforms all other models and the performance gap between REL and the second

best performer EWA is quite large. This convinces at least from an aggregate descriptive fit

point of view that REL explain the aggregate data convincingly better than all other models

that are considered in this paper. As expected, all learning models are able to the perform

26



better than the random choice benchmark. However, except REL all learning models fail

to explain the data at least as well as EMP according to all four reported metrics. REL

outperforms EMP meaning that REL is able to explain choice adjustment over time.

One of the clear patterns in Table 1.2 is that reinforcement learning models do relatively

better in comparison to belief learning or regret learning models in explaining the data.

Furthermore, models with adaptive attraction sensitivity, i.e. NRL and NFP, fit better

compared to their counterparts, i. e. RL and SFP. Thus, adaptive attraction sensitivity

that depends upon observed payoff variability seems to be important in explaining behavior

in repeated public goods games. Despite having more degrees of freedom, EWA performs

significantly worse than REL. IM and STEWA lie at the bottom of the table and perform

marginally (but significantly according to likelihood ratio tests) better than a random choice

model.

Another way to look into descriptive success of a learning model is by evaluating how

well one set of parameters of the model that is estimated using the pooled data can explain

observed choices in different datasets that correspond to different sets of game parameters.

This is one way to evaluate the generalizability of a given learning model in terms of

its descriptive success. A model that is generalizable should be able to explain behavior

across games with varying game parameters (MPCR, endowment, number of rounds, and

matching) without the need to adjust its learning parameters based on the parameters of

the games. To evaluate models’ descriptive generalizability, I compute LL, BIC, and Mean

Quadratic Score of each learning model for each of the 18 datasets separately. In doing

so, I use the parameter estimates of each learning model computed from the pooled data

reported in Table 1.2.

The computation of LL and BIC was introduced earlier. Mean Quadratic Score (MQS)

of a learning model is computed for a dataset using the quadratic scoring rule. The quadratic

scoring rule was first introduced by Brier (1950), and was axiomatically characterized in

Selten (1998). Let, for a subject i in round t of a repeated game, a given learning model

predicts each strategy sij with a probability pij(t). If the subject’s observed strategy in
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round t is sik, then the quadratic score of the learning model in round t is given as:

qi(t) = 2pik(t)−
mi∑
j=1

(pij(t))
2

Thus, in computing the quadratic score, the observed choice is interpreted as a degen-

erate probability distribution with observed strategy having a probability of 1 and all other

strategies having a probability of 0. The quadratic score ranges between [-1, +1].3 Higher

scores indicate the relative success of a model in predicting observed choices.

If there are Nd individuals in dataset d and the public goods game is repeated for Td

rounds, then the MQS achieved by the learning model for the dataset d is:

MQS =

Nd∑
i=1

[ Td∑
t=1

qi(t)

Nd × Td

]

Table 1.3 compares LL, BIC, and MQS achieved by each learning model at the dataset

level. For each learning model, I compute the three fit metrics for each of the 18 datasets.

For each pair of learning models, one sided p-value favoring the learning model in the row

is reported using the 18 measures of each fit metric computed at the dataset level. The

p-values are computed using the Exact Wilcoxon Signed-Rank Test for matched pairs. The

results in Table 1.3 lead to similar conclusions as in Table 1.2. REL outperforms all other

learning models in terms its descriptive success at the dataset level according to LL, BIC,

and MQS metrics. This indicates that the parameter estimates of REL obtained using the

estimation with pooled data are quite general that they explain behavior in different public

goods games with parameters spanning a broad spectrum. What this indicates is that the

parameters of REL need not to be significantly adjusted based on the parameters of the game

to describe choice behavior in it. REL outperforms EMP in terms of MQS but performs

3If the observed choice is completely in line with prediction of the model then quadratic score achieves
+1. This happens if the model puts a probability of one on the observed choice. The quadratic score would
be minimum at -1 if the model puts all the probability on a strategy different from that of the observed
strategy. All other probability distributions over strategies result in a score strictly between -1 and +1.
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Table 1.3: Comparison of descriptive success of learning models. For each pair of learning
models, one sided p-value favoring the learning model in the row is reported using the 18
measures of each fit metric computed at the dataset level. The p-values are computed using
the Exact Wilcoxon Signed-Rank Test for matched pairs.

EMP NRL EWA RL NFP SFP IM STEWA RAND

REL
LL 0.3509 0.0000 0.0001 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000
BIC 0.3830 0.0000 0.0001 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000
MQS 0.0001 0.0000 0.0001 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000

EMP
LL 0.0333 0.0368 0.0104 0.0000 0.0000 0.0000 0.0000 0.0000
BIC 0.0333 0.0269 0.0091 0.0000 0.0000 0.0000 0.0000 0.0000
MQS 0.7387 0.8677 0.3198 0.0000 0.0000 0.0000 0.0000 0.0000

NRL
LL 0.7659 0.0003 0.0003 0.0003 0.0004 0.0003 0.0006
BIC 0.6647 0.0003 0.0003 0.0003 0.0004 0.0003 0.0006
MQS 0.6006 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000

EWA
LL 0.0014 0.0004 0.0003 0.0004 0.0003 0.0006
BIC 0.0038 0.0004 0.0003 0.0004 0.0003 0.0006
MQS 0.0002 0.0000 0.0000 0.0000 0.0000 0.0000

RL
LL 0.0005 0.0004 0.0004 0.0004 0.0006
BIC 0.0005 0.0004 0.0004 0.0004 0.0006
MQS 0.0000 0.0000 0.0000 0.0000 0.0000

NFP
LL 0.4661 0.6006 0.3509 0.0216
BIC 0.4661 0.6491 0.3830 0.0368
MQS 0.2211 0.5339 0.3198 0.0038

SFP
LL 0.7246 0.1733 0.0152
BIC 0.8036 0.2086 0.0241
MQS 0.5675 0.3047 0.0038

IM
LL 0.3047 0.0069
BIC 0.3047 0.0091
MQS 0.4325 0.0017

STEWA
LL 0.0024
BIC 0.0028
MQS 0.0000

Notes:

LL - Log-Likelihood

BIC - Bayesian Information Criterion

MQS - Mean Quadratic Score

EMP is the model based on empirical frequencies of strategies within each dataset. Note that the empirical
frequencies are derived at the dataset level and not the pooled data level. This is because the number of
strategies available to individuals are not identical across datasets due to varying levels of endowment.

RAND is the random choice model derived at the dataset level. This is because the number of strategies
available to individuals are not identical across datasets due to varying levels of endowment.
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equally as well as EMP in terms of LL and BIC. However, one need to keep in mind that

EMP is a very tough benchmark to beat since the EMP model is derived separately for each

data set helping it to fine tune its fit at the data set level. None of the other learning models

are able to outperform EMP according to LL and BIC. NRL, EWA, and RL perform as well

as EMP in terms of MQS. NRL and EWA jointly take the second place. They both perform

equally well in explaining behavior across datasets with one set of parameters according to

LL, BIC, and MQS metrics. RL comes third. As observed earlier, belief learning models do

not perform well in explaining the data in comparison to the reinforcement models. NSFP,

SFP, IM, and STEWA are statistically indistinguishable in terms of their performance. It

is interesting to note that the top two models, REL and NRL, are similar in the sense

they both use adapt attraction sensitivity based on the observed payoff variability. NRL

performs significantly better than RL which is its identical counterpart without the dynamic

attraction sensitivity adjustment confirming adaptive attraction sensitivity is an important

construct in explaining behavior in repeated public goods games. In addition, REL scales

the initial attraction sensitivity parameter using the expected payoff variability due to a

random choice. What this scaling does is, it makes the learning model insensitive to payoff

magnitudes. This appears to be instrumental in explaining learning behavior across different

datasets involving a wide range possible payoffs. Thus, both of these features, the dynamic

adjustment of attraction sensitivity based on observed payoff variability and the scaling

of initial attraction sensitivity using a baseline payoff variability, appear to be important

components of a learning model that does successfully explain behavior in repeated public

goods games across a wide range of game parameters.

1.5.2 Predictive Accuracy of Learning Models

A more challenging test of model robustness and generalizability concerns with out-of-

sample predictive accuracy of a given model. This line of analysis was pioneered in the

context of learning in games in earlier studies by Erev and Roth (1998) and Ho et al.

(2007). These studies have compared learning models by first estimating the parameters of
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the models using data on a set of games and then comparing how well the models predict

choices in a new game with the estimated model parameters. My analysis here is different

in that I study only one type of games here. But, the parameters of the game vary across

datasets. To compare the out-of-sample predictive accuracy of learning models, I predict

choices according to each learning model in each of the 18 datasets using the parameters

estimated for the learning model using the remaining 17 datasets excluding the data set

under consideration. These results test whether a model that is fitted using the data on

public goods games with a set of given parameters (e.g. group size, marginal per capita

return, number of rounds, matching protocol) can successfully predict choices in a public

goods game with a set of game parameters that was not observed previously.

I characterize dataset level predictive accuracy of each learning model using five met-

rics: LL, AIC, BIC, Pseudo-R2, and Mean Quadratic Score (MQS). Table 1.4 presents

results about the predictive accuracy of models. For each dataset, I report LL, AIC, BIC,

Pseudo-R2, MQS achieved by each learning model with the parameters estimated from the

remaining 17 datasets. The performance of RAND and EMP benchmarks is also reported

for each dataset. Both of these benchmarks represent models derived at the data set level

using the data within the dataset. In that sense, their scores do not reflect their predictive

success but their descriptive success. A challenge in reporting predictive accuracy of these

models is that data from different datasets cannot be pooled to derive empirical frequencies

since the datasets vary in terms of the number of strategies (meaning they involve different

levels of endowment) available to individuals. Since EMP reflects within data set empirical

frequencies, it is impressive for a learning model if it can do as well as or better than EMP

in prediction. In Table 1.4 , I marked the best score achieved for a given data set by any

learning model with an asterisk. I marked EMP with a dagger in data sets where none of

the learning models performed at least well as EMP in their predictions.

All the learning models other than REL, do not beat EMP in any of the data sets

in terms of prediction. REL outperforms EMP in 9 datasets: DS4, DS9, DS11, DS12,

DS14, DS15, DS16, DS17, DS18. In other datasets, it is outperformed by EMP. Among the
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learning models, REL is outperformed only in one instance by EWA in data set DS13 (the

difference is very small). Interestingly, REL is the only model that outperforms random

benchmark in all data sets. All the remaining learning models fail to perform at least as

well as RAND in at least one of the datasets (for a given model, these are the instances

where Pseudo-R2 is negative).

The general picture that emerges here is similar to that of my findings in the descriptive

fit results. Reinforcement learning models fare relatively well compared to that of belief

learning models. The only regret-based learning model, IM, performs very poorly.

Table 1.4: Predictive accuracy of learning models: Out-of-sample prediction
using out-dataset estimates. Fit metrics are computed for each learning model
for each data set using the learning parameter estimates from 17 remaining
data sets.

Learning Model LL AIC BIC Pseudo-R2 MQS

DS1

RL -1293.08 -1295.08 -1296.76 0.1765 0.1176

NRL -1294.75 -1296.75 -1298.44 0.1755 0.1222

REL -1237.83* -1239.83* -1241.52* 0.2117* 0.1282*

SFP -1541.99 -1543.99 -1545.68 0.0183 0.0243

NFP -1536.83 -1538.83 -1540.51 0.0216 0.0248

EWA -1284.80 -1289.80 -1294.02 0.1799 0.1181

STEWA -1517.21 -1518.21 -1519.06 0.0347 0.0283

IM -1539.17 -1540.17 -1541.02 0.0207 0.0268

EMP† -986.64 -986.64 -986.64 0.3727 0.1097

RAND -1572.73 -1572.73 -1572.73 0.0000 0.0196

DS2

RL -929.67 -931.67 -933.07 0.2101 0.1382

NRL -915.07 -917.07 -918.47 0.2225 0.1553

REL -872.29* -874.29* -875.69* 0.2588* 0.1648*

SFP -1114.40 -1116.40 -1117.80 0.0535 0.0314

NFP -1114.97 -1116.97 -1118.37 0.0530 0.0316

EWA -878.14 -883.14 -886.64 0.2513 0.1649

STEWA -1112.34 -1113.34 -1114.04 0.0561 0.0319

Continued on next page
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Learning Model LL AIC BIC Pseudo-R2 MQS

IM -1092.50 -1093.50 -1094.20 0.0729 0.0394

EMP† -680.57 -680.57 -680.57 0.4230 0.1557

RAND -1179.55 -1179.55 -1179.55 0.0000 0.0196

DS3

RL -2356.95 -2358.95 -2361.33 0.2827 0.1956

NRL -2345.58 -2347.58 -2349.96 0.2862 0.2076

REL -2212.09* -2214.09* -2216.47* 0.3268* 0.2268*

SFP -3184.93 -3186.93 -3189.31 0.0309 0.0250

NFP -3181.67 -3183.67 -3186.05 0.0319 0.0252

EWA -2311.96 -2316.96 -2322.92 0.2955 0.2169

STEWA -3100.64 -3101.64 -3102.83 0.0569 0.0296

IM -3154.38 -3155.38 -3156.57 0.0405 0.0344

EMP† -1828.64 -1828.64 -1828.64 0.4440 0.1498

RAND -3288.70 -3288.70 -3288.70 0.0000 0.0164

DS4

RL -578.07 -580.07 -581.47 0.1936 0.2450

NRL -565.70 -567.70 -569.11 0.2108 0.2674

REL -548.20* -550.20* -551.61* 0.2352* 0.2837*

SFP -717.96 -719.96 -721.36 -0.0008 0.0919

NFP -718.09 -720.09 -721.49 -0.0010 0.0919

EWA -571.92 -576.92 -580.42 0.1980 0.2508

STEWA -700.65 -701.65 -702.35 0.0246 0.1047

IM -718.44 -719.44 -720.15 -0.0001 0.0915

EMP -624.86 -624.86 -624.86 0.1314 0.1625

RAND -719.37 -719.37 -719.37 0.0000 0.0909

DS5

RL -835.56 -837.56 -838.96 0.1431 0.1185

NRL -820.82 -822.82 -824.22 0.1582 0.1322

REL -757.89* -759.89* -761.29* 0.2226* 0.1736*

SFP -912.86 -914.86 -916.26 0.0640 0.0587

NFP -913.89 -915.89 -917.29 0.0630 0.0581

EWA -778.23 -783.23 -786.74 0.1987 0.1622

STEWA -929.67 -930.67 -931.37 0.0478 0.0530

IM -925.95 -926.95 -927.65 0.0516 0.0544

EMP† -679.64 -679.64 -679.64 0.3047 0.1804

RAND -977.43 -977.43 -977.43 0.0000 0.0385

DS6

Continued on next page
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Learning Model LL AIC BIC Pseudo-R2 MQS

RL -12101.90 -12103.90 -12106.69 -1.5654 -0.0553

NRL -8712.81 -8714.81 -8717.60 -0.8471 -0.0129

REL -3421.43* -3423.43* -3426.22* 0.2744* 0.1820*

SFP -6131.71 -6133.71 -6136.49 -0.3000 0.0024

NFP -5633.40 -5635.40 -5638.18 -0.1944 0.0082

EWA -12416.31 -12421.31 -12428.28 -1.6326 -0.0662

STEWA -12281.91 -12282.91 -12284.30 -1.6033 -0.0032

IM -5851.64 -5852.64 -5854.03 -0.2404 0.0018

EMP† -3013.44 -3013.44 -3013.44 0.3613 0.1462

RAND -4718.19 -4718.19 -4718.19 0.0000 0.0196

DS7

RL -992.97 -994.97 -996.66 0.3674 0.2684

NRL -897.94 -899.94 -901.63 0.4278 0.3489

REL -752.10* -754.10* -755.79* 0.5205* 0.4500*

SFP -1249.33 -1251.33 -1253.02 0.2044 0.0711

NFP -1233.11 -1235.11 -1236.80 0.2147 0.0758

EWA -752.45 -757.45 -761.68 0.5184 0.4308

STEWA -1416.00 -1417.00 -1417.85 0.0990 0.0397

IM -1115.11 -1116.11 -1116.96 0.2903 0.1191

EMP† -568.99 -568.99 -568.99 0.6382 0.4781

RAND -1572.73 -1572.73 -1572.73 0.0000 0.0196

DS8

RL -2625.48 -2627.48 -2630.05 0.1010 0.0973

NRL -2548.19 -2550.19 -2552.75 0.1275 0.1196

REL -2261.99* -2263.99* -2266.55* 0.2254* 0.2114*

SFP -2766.53 -2768.53 -2771.09 0.0528 0.0653

NFP -2756.64 -2758.64 -2761.21 0.0561 0.0667

EWA -2458.23 -2463.23 -2469.64 0.1572 0.1341

STEWA -2833.88 -2834.88 -2836.16 0.0301 0.0573

IM -2821.73 -2822.73 -2824.02 0.0342 0.0587

EMP† -2202.31 -2202.31 -2202.31 0.2465 0.1864

RAND -2922.74 -2922.74 -2922.74 0.0000 0.0476

DS9

RL -1912.45 -1914.45 -1916.73 0.1266 0.1192

NRL -1842.03 -1844.03 -1846.31 0.1588 0.1515

REL -1605.08* -1607.08* -1609.36* 0.2669* 0.2703*

SFP -2078.85 -2080.85 -2083.12 0.0507 0.0643

Continued on next page
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Learning Model LL AIC BIC Pseudo-R2 MQS

NFP -2072.32 -2074.32 -2076.60 0.0537 0.0655

EWA -1797.04 -1802.04 -1807.73 0.1779 0.1575

STEWA -2118.23 -2119.23 -2120.37 0.0332 0.0585

IM -2121.45 -2122.45 -2123.58 0.0318 0.0579

EMP -1638.84 -1638.84 -1638.84 0.2524 0.1866

RAND -2192.06 -2192.06 -2192.06 0.0000 0.0476

DS10

RL -1680.61 -1682.61 -1684.71 0.0789 0.0842

NRL -1646.93 -1648.93 -1651.03 0.0973 0.0988

REL -1549.13* -1551.13* -1553.22* 0.1509* 0.1332*

SFP -1787.85 -1789.85 -1791.94 0.0202 0.0550

NFP -1790.20 -1792.20 -1794.30 0.0189 0.0547

EWA -1635.25 -1640.25 -1645.49 0.1021 0.0981

STEWA -1799.10 -1800.10 -1801.15 0.0146 0.0525

IM -1798.50 -1799.50 -1800.55 0.0149 0.0526

EMP† -1449.12 -1449.12 -1449.12 0.2067 0.1338

RAND -1826.71 -1826.71 -1826.71 0.0000 0.0476

DS11

RL -5146.47 -5148.47 -5150.40 0.3368 0.3028

NRL -5381.18 -5383.18 -5385.11 0.3066 0.2726

REL -4723.23* -4725.23* -4727.16* 0.3914* 0.3223*

SFP -7930.38 -7932.38 -7934.31 -0.0217 0.0985

NFP -8171.66 -8173.66 -8175.60 -0.0528 0.0913

EWA -6419.82 -6424.82 -6429.65 0.1724 0.2368

STEWA -7586.61 -7587.61 -7588.58 0.0227 0.0550

IM -7211.07 -7212.07 -7213.03 0.0710 0.0829

EMP -5776.30 -5776.30 -5776.30 0.2560 0.1762

RAND -7763.53 -7763.53 -7763.53 0.0000 0.0476

DS12

RL -2667.58 -2669.58 -2672.55 0.0473 0.1739

NRL -2621.45 -2623.45 -2626.42 0.0638 0.1867

REL -2496.56* -2498.56* -2501.53* 0.1083* 0.2375*

SFP -2813.96 -2815.96 -2818.93 -0.0049 0.1407

NFP -2816.64 -2818.64 -2821.61 -0.0059 0.1402

EWA -2674.78 -2679.78 -2687.21 0.0437 0.1711

STEWA -2801.52 -2802.52 -2804.01 -0.0001 0.1430

IM -2802.45 -2803.45 -2804.94 -0.0005 0.1428

Continued on next page
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Learning Model LL AIC BIC Pseudo-R2 MQS

EMP -2735.24 -2735.24 -2735.24 0.0239 0.1583

RAND -2802.11 -2802.11 -2802.11 0.0000 0.1429

DS13

RL -2081.74 -2083.74 -2085.43 0.1445 0.1320

NRL -2060.82 -2062.82 -2064.51 0.1531 0.1383

REL -1892.62 -1894.62 -1896.31 0.2221 0.1818

SFP -2177.31 -2179.31 -2180.99 0.1052 0.0849

NFP -2182.20 -2184.20 -2185.89 0.1032 0.0845

EWA -1858.98* -1863.98* -1868.20* 0.2347* 0.1897*

STEWA -2351.47 -2352.47 -2353.31 0.0341 0.0585

IM -2252.47 -2253.47 -2254.32 0.0748 0.0737

EMP† -1853.36 -1853.36 -1853.36 0.2391 0.1541

RAND -2435.62 -2435.62 -2435.62 0.0000 0.0476

DS14

RL -1626.38 -1628.38 -1629.96 0.2571 0.2374

NRL -1584.17 -1586.17 -1587.75 0.2764 0.2587

REL -1480.27* -1482.27* -1483.85* 0.3238* 0.2858*

SFP -2274.53 -2276.53 -2278.11 -0.0385 0.0390

NFP -2319.41 -2321.41 -2323.00 -0.0590 0.0348

EWA -1612.05 -1617.05 -1621.01 0.2623 0.2449

STEWA -2202.48 -2203.48 -2204.28 -0.0052 0.0468

IM -2209.20 -2210.20 -2210.99 -0.0083 0.0457

EMP -1842.77 -1842.77 -1842.77 0.1593 0.1256

RAND -2192.06 -2192.06 -2192.06 0.0000 0.0476

DS15

RL -1408.14 -1410.14 -1412.17 0.1729 0.1564

NRL -1373.61 -1375.61 -1377.63 0.1932 0.1730

REL -1297.78* -1299.78* -1301.80* 0.2376* 0.2097*

SFP -1724.40 -1726.40 -1728.43 -0.0126 0.0445

NFP -1726.30 -1728.30 -1730.32 -0.0137 0.0442

EWA -1412.01 -1417.01 -1422.07 0.1689 0.1563

STEWA -1715.50 -1716.50 -1717.52 -0.0068 0.0465

IM -1710.65 -1711.65 -1712.66 -0.0039 0.0467

EMP -1401.02 -1401.02 -1401.02 0.1783 0.1256

RAND -1704.93 -1704.93 -1704.93 0.0000 0.0476

DS16

RL -2790.79 -2792.79 -2795.54 0.2092 0.1938

Continued on next page
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Learning Model LL AIC BIC Pseudo-R2 MQS

NRL -2685.64 -2687.64 -2690.39 0.2390 0.2254

REL -2513.88* -2515.88* -2518.63* 0.2876* 0.2766*

SFP -3558.55 -3560.55 -3563.30 -0.0082 0.0457

NFP -3560.73 -3562.73 -3565.48 -0.0088 0.0456

EWA -2799.87 -2804.87 -2811.75 0.2058 0.1919

STEWA -3498.62 -3499.62 -3500.99 0.0091 0.0523

IM -3534.05 -3535.05 -3536.43 -0.0010 0.0475

EMP -2704.55 -2704.55 -2704.55 0.2342 0.1620

RAND -3531.65 -3531.65 -3531.65 0.0000 0.0476

DS17

RL -1933.20 -1935.20 -1936.89 0.1930 0.2340

NRL -1861.05 -1863.05 -1864.74 0.2230 0.2673

REL -1644.38* -1646.38* -1648.07* 0.3134* 0.3372*

SFP -2371.23 -2373.23 -2374.91 0.0103 0.0994

NFP -2377.79 -2379.79 -2381.48 0.0076 0.1016

EWA -1913.91 -1918.91 -1923.13 0.1998 0.2370

STEWA -2370.28 -2371.28 -2372.12 0.0111 0.0963

IM -2372.80 -2373.80 -2374.65 0.0100 0.0959

EMP -1960.87 -1960.87 -1960.87 0.1823 0.1907

RAND -2397.90 -2397.90 -2397.90 0.0000 0.0909

DS18

RL -5586.16 -5588.16 -5590.95 0.2232 0.2543

NRL -5226.96 -5228.96 -5231.75 0.2731 0.3044

REL -4093.37* -4095.37* -4098.16* 0.4307* 0.4393*

SFP -6670.77 -6672.77 -6675.56 0.0724 0.1258

NFP -6651.66 -6653.66 -6656.44 0.0751 0.1275

EWA -5190.02 -5195.02 -5201.99 0.2778 0.2964

STEWA -6992.92 -6993.92 -6995.31 0.0278 0.1037

IM -6968.91 -6969.91 -6971.31 0.0311 0.1052

EMP -4570.10 -4570.10 -4570.10 0.3647 0.3653

RAND -7193.69 -7193.69 -7193.69 0.0000 0.0909

† EMP outperforms all learning models in this data set.

∗ Best among all other learning models for this data set. EMP is not consid-
ered in this comparison.
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Table 1.5 compares LL, BIC, and MQS achieved by each learning model in predicting

choices at the dataset level. For each pair of learning models, one sided p-value favoring the

learning model in the row is reported using the 18 measures of each fit metric computed

at the dataset level. The p-values are computed using the Exact Wilcoxon Signed-Rank

Test for matched pairs. REL outperforms all other learning models in terms its predictive

success at the dataset level according to LL, BIC, and MQS metrics. REL, NRL, RL, and

EWA comfortably outperform the random choice benchmark. It is very impressive that

REL outperforms EMP in its predictive success in terms of MQS given that EMP is derived

within the sample. In terms of LL and BIC, REL performs as well as EMP. Again, one

need to keep in mind that EMP is a very tough benchmark to beat since the EMP model is

derived separately for each data set helping it to fine tune its fit at the dataset level. None

of the other learning models are able to outperform EMP according to LL and BIC. NRL,

EWA, and RL perform as well as EMP in terms of MQS. NRL and EWA jointly take the

second place. RL comes third.

Belief learning models (SFP and NFP), regret learning model (IM), and the hybrid

model of STEWA are indistinguishable from each other. They barely outperform the RAND

benchmark. Thus, I reach a similar conclusion that learning in public goods games is more

in line with reinforcement learning than belief learning or regret based learning.

1.6 Discussion

1.6.1 EWA Overfits and REL Generalizes Well

In this subsection I discuss the factors that contribute to REL’s success in its descriptive

success and predictive accuracy. First, I compare it side by side with EWA which does

not do as as well. Among the learning models that are considered in this paper, EWA

is the most flexible model since it has free parameters that help it to adjust the rate of

discounting previous attractions using φ, type of learning (i.e. reinforcement or belief based
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Table 1.5: Comparison of predictive accuracy of learning models. For each pair of learning
models, one sided p-value favoring the learning model in the row is reported using the 18
measures of each fit metric computed at the dataset level. The p-values are computed using
the Exact Wilcoxon Signed-Rank Test for matched pairs.

EMP NRL EWA RL NFP SFP IM STEWA RAND

REL
LL 0.3669 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000
BIC 0.3994 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000
MQS 0.0002 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000

EMP
LL 0.0269 0.0028 0.0091 0.0000 0.0000 0.0000 0.0000 0.0000
BIC 0.0269 0.0028 0.0091 0.0000 0.0000 0.0000 0.0000 0.0000
MQS 0.6170 0.6953 0.2899 0.0000 0.0000 0.0000 0.0000 0.0000

NRL
LL 0.5169 0.0008 0.0010 0.0010 0.0010 0.0000 0.0010
BIC 0.3994 0.0008 0.0010 0.0010 0.0010 0.0000 0.0010
MQS 0.2341 0.0003 0.0000 0.0000 0.0000 0.0000 0.0000

EWA
LL 0.0333 0.0010 0.0010 0.0010 0.0000 0.0010
BIC 0.0708 0.0010 0.0010 0.0010 0.0000 0.0010
MQS 0.0104 0.0000 0.0000 0.0000 0.0000 0.0000

RL
LL 0.0010 0.0010 0.0010 0.0000 0.0010
BIC 0.0010 0.0010 0.0010 0.0000 0.0010
MQS 0.0001 0.0001 0.0000 0.0000 0.0000

NFP
LL 0.4493 0.5841 0.3994 0.1144
BIC 0.4493 0.6331 0.4325 0.1519
MQS 0.2899 0.3353 0.0982 0.0060

SFP
LL 0.7914 0.3830 0.0770
BIC 0.8376 0.3994 0.0982
MQS 0.3509 0.1061 0.0069

IM
LL 0.1733 0.0080
BIC 0.1733 0.0104
MQS 0.0837 0.0033

STEWA
LL 0.0024
BIC 0.0028
MQS 0.0024

Notes:

LL - Log-Likelihood

BIC - Bayesian Information Criterion

MQS - Mean Quadratic Score

EMP is the model based on empirical frequencies of strategies within each dataset. Note that the empirical
frequencies are derived at the dataset level and not the pooled data level. This is because the number of
strategies available to individuals are not identical across datasets due to varying levels of endowment.

RAND is the random choice model derived at the dataset level. This is because the number of strategies
available to individuals are not identical across datasets due to varying levels of endowment.
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or a mix of the two) using δ, the type of attraction updating (i.e. cumulative or averaging)

using the parameter κ. Despite all the flexibility it has, it does not fare as well as REL.

To gain insight into what is behind the superior performance of REL compared to EWA in

its generalizability, I fit these two models at the data set level. Under Calibration in Table

1.6, the parameter values that maximized log-likelihood of a given dataset are reported

for the REL Model. Under Prediction in Table 1.6, the parameter values that maximized

log-likelihood across the 17 datasets other than a given dataset are reported. These are

the parameters that were used to predict the choices in the dataset in Section 1.5.2. MQS

values achieved in calibration and prediction are also reported. Table 1.7 presents parameter

estimates and MQS achieved for both calibration and prediction for EWA model. The

parameters in the calibration of EWA help it to fit the choices in each dataset separately

giving it a much better chance in fitting the data due to its high degrees of freedom. Indeed,

when we compare the MQSs achieved by EWA and REL at the dataset level calibration,

EWA outperforms REL (Exact Wilcoxon Signed-Rank Test: p < 0.001). However, as we

noted in the Results section 1.5.2, in prediction REL outperforms EWA (Exact Wilcoxon

Sign-Rank Test: p < 0.001). This highlights the problem with EWA: it overfits the data.

The parameter values for REL are very close in both calibration and prediction for all

datasets helping it to achieve very close performance in both calibration and prediction.

Note that one cannot achieve a better fit than the fit achieved in calibration. However, in

the context of EWA, there are significant differences in the estimated parameter values in

calibration and prediction. Since the parameters used for prediction are way far away from

the calibration parameters that lead to the maximum possible likelihood using the learning

model (the log-likelihood in calibration), the achieved prediction MQS values are quite low.

The most important parameters in EWA learning model are the rate of forgetting pa-

rameter φ, the aspiration level parameter δ that determines the type of learning, and κ that

determines whether attractions are updated cumulatively or by averaging. Table 1.7 shows

that large discrepancies are occurring in terms of κ and δ between the calibrated parameters
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and prediction parameters. κ’s used for prediction are closer to 1 meaning attraction updat-

ing is cumulative, but the calibrated parameter values are significantly smaller indicating

that learning that achieves the best fit is actually closer to an averaging attraction updating

model. Similarly, the prediction δ values lean towards more of belief learning (δ = 1 indi-

cates pure belief learning and δ = 0 indicates pure reinforcement learning). However, for

many data sets (for example DS6, DS15, DS16), the calibrated δ is very close to 0 indicating

the learning that explains the data in those datasets is much closer to that of reinforce-

ment learning. The parameters that are used for prediction are very close the parameters

that maximized log-likelihood for the pooled data reported in Table 1.2, which makes sense

because these parameters were estimated with 17 of the 18 datasets. The take away from

the comparison of calibration and prediction parameters of EWA is that the model param-

eters need to be adjusted significantly based on the game parameters to explain behavior

and it has a hard time finding one set of parameters that can describe well the behavior

across public goods games with a wide range of parameters. Such discrepancies between

the parameters estimated using pooled data and the parameters estimated at the individual

dataset level are also reported in Erev and Haruvy (2005). These results demonstrate how

easy it is to run into overfitting problems when studying learning in games. For example, if

we take any of the 18 datasets in isolation, EWA achieves significantly better performance

than REL in fitting the data, therefore one may have to conclude learning is more in line

with that of EWA. We are only able to identify the overfitting problem of EWA by studying

its performance in describing and predicting choices in multiple datasets that have data on

public goods games with a wide ranging parameters.

There are two components in REL that set it apart from other models in the reinforce-

ment family: adaptive attraction sensitivity that decreases with increasing payoff variability

and its insensitivity to payoff magnitude. By comparing RL and NRL, one can conclude

that adaptive attraction sensitivity that decreases with increasing payoff variability is im-

portant in explaining choice behavior in public goods environment. NRL is identical to RL

but has an adaptive attraction sensitivity and achieves a significantly better performance
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in both descriptive fit and predictive accuracy. Apart from very minor specification details,

both REL and NRL are identical in that they both use average choice reinforcement and

both employ an adaptive attraction sensitivity that decreases with increasing payoff vari-

ability. Here, I assess if REL’s insensitivity to payoff magnitude puts it ahead of NRL. REL

achieves insensitivity to payoff magnitude by scaling the attraction sensitivity parameter

(λ) by baseline payoff variability that is computed based on a random choice in the first

round. Therefore, first round’s effective attraction sensitivity is λ/PV 1. For example, in

DS1 where E = 50 and M = 0.5, PV1 is 26.07. Whereas in DS4 where E = 10 and M =

0.75, PV1 is 18.47. First round effective attraction sensitivity of the REL learning model

will be different for individuals in these two data sets. In contrast, NRL’s first round payoff

variability is initialized as PV 1 = λ. This makes the effective attraction sensitivity, λ/PV 1,

equal to 1 in any dataset irrespective of E or M. Thus, in NRL learning will be sensitive to

payoff magnitudes in the game which depend upon the game’s E and M. To evaluate how

much REL’s payoff magnitude insensitivity contribute to its success , I estimate a variation

of REL model where I initialize PV 1 = λ making the first round effective attraction sensi-

tivity equal to 1 as in NRL. The resulting model indeed performs significantly worse than

the original REL (Likelihood Ratio Test, χ2 = 842, p < 0.0001). I conclude that both adap-

tive attraction sensitivity that scales with payoff variability and leaning that is insensitive

to payoff magnitudes are important factors that underlie the success of REL in explaining

choice behavior in public goods games.
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Table 1.6: Fit and parameter estimates for calibration and validation of REL at the dataset
level

Characteristics Calibration Prediction

Data Set T E M MT MQS λ N1 MQS λ N1

DS1 10 50 0.5 S 0.127 2.275 0.762 0.128 2.299 1.100
DS2 10 50 0.5 P 0.182 2.795 0.063 0.165 2.295 1.116
DS3 10 60 0.5 S 0.248 3.008 0.082 0.227 2.292 1.250
DS4 10 10 0.75 P 0.288 2.759 1.861 0.284 2.296 1.082
DS5 10 25 0.3 P 0.179 2.503 0.205 0.174 2.297 1.113
DS6 10 50 0.3 P 0.220 2.936 0.496 0.182 2.279 1.344
DS7 10 50 0.03 P 0.565 3.788 1.029 0.450 2.271 1.147
DS8 10 20 0.4 P 0.214 2.235 2.125 0.211 2.311 1.058
DS9 10 20 0.4 S 0.272 2.408 2.444 0.270 2.296 1.027
DS10 10 20 0.5 P 0.160 1.909 2.555 0.133 2.326 1.090
DS11 50 20 0.5 P 0.336 2.334 4.363 0.322 2.293 0.984
DS12 10 6 0.5 P 0.257 1.920 3.728 0.238 2.323 0.975
DS13 20 20 0.4 P 0.190 2.111 2.475 0.182 2.319 1.102
DS14 20 20 0.65 P 0.289 2.146 1.642 0.286 2.305 1.071
DS15 10 20 0.8 S 0.217 2.058 0.549 0.210 2.316 1.130
DS16 10 20 0.8 PS 0.276 2.331 1.975 0.277 2.299 1.035
DS17 25 10 0.5 P 0.340 2.117 1.700 0.337 2.303 1.022
DS18 25 10 0.5 S 0.441 2.674 2.549 0.439 2.271 1.039

T - Number of Rounds
E - Endowment
M - MPCR
MT - Matching: P-Partners, S - Strangers, PS-Perfect Strangers
MQS - Mean Quadratic Score of REL at the data set level
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1.6.2 Comparison of REL with Individual Evolutionary Learning

There is one thing that is common among the learning models that are considered so far in

this chapter. All of them are based on interpretable cognitive or psychological mechanisms

that were put forward by decades of experimental research on humans and animals. For

example, the idea of reinforcing actions that led to higher payoffs in the previous rounds

of play with higher probabilities is one of the simplest and oldest of learning models and

its origins can be traced to the psychological learning theories of Luce (2005), Thurstone

(1930) and Bush and Mosteller (1955). Thus, learning models considered until now rank

high in terms of cognitive plausibility. On the other end of the spectrum are learning models

based on the template of evolution. These models are often hard to interpret in terms of

underlying cognitive or neural mechanism substrates. A number of papers have considered

if evolutionary learning models can provide a successful account of the outcomes in linear

public goods games. For example, see Clemens and Riechmann (2006); Miller and Andreoni

(1991); Arifovic and Ledyard (2012).

In this subsection, I compare the Individual Evolutionary Learning (IEL) model put

forward by Arifovic and Ledyard (2012) with REL model in its ability to explain contribu-

tion patterns observed in the data considered in this Chapter Arifovic and Ledyard (2012)

have shown that IEL in conjunction with their social preference model can explain many

observed regularities in repeated public goods games. To put IEL and REL on the same

footing, in this paper I do not consider social preferences in conjunction with IEL. A brief

description of IEL learning model is provided in Appendix 1.8. There are two free parame-

ters in IEL model: memory size (J), experimentation probability (ρ). J denotes the size of

the set of strategies an individual remembers and ρ determines the probability with which

each strategy in the memory of an individual gets replaced by a random strategy that is

picked from all available strategies.

Standard econometric methods like maximum likelihood estimation are difficult to use

with IEL since it induces a Markov process on the sets of actions rather than on individual
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actions. Therefore, I use simulation methods to compare IEL with REL in terms of how

closely they fit the distribution of choices in the data.

Since the decision making process in the learning models is stochastic, I conduct 100

simulations per dataset and derive a measure of how close the simulated contributions are

to the observed contributions. One way to evaluate the closeness of observed contributions

and simulated contributions is to compare the average contributions in simulations with the

average contributions observed in each dataset over the rounds. First average contribution

in each round is computed in each simulation run to derive the path of average contribu-

tions. These simulated paths of average contributions over 100 simulation are averaged to

obtain the representative path of average contributions. One can then compute the dis-

tance between the computed path of average contributions with the actual path of average

contributions in the dataset. This distance measure average over 18 data sets would give a

measure of how successful a learning model is in generating the average contributions that

are closer to the observed average contributions. This is the approach taken by a number

of previous papers in evaluating learning models (Deadman, 1999; Janssen & Ahn, 2006;

Castillo & Saysel, 2005). However, contributions in public good experiments are consistently

observed to be multi modal with generally three peaks at zero, half endowment, and full

endowment(Ledyard, 1995). While contributions decrease over time, multi modal nature of

them persists. Thus a model that produces a very close pattern of average contributions

over time might not necessarily capture the distributional aspect of the contributions well.

In light of this, a good model should be the one that generates a distribution of contributions

in each round that is close to the distribution of observed contributions in that round. I

characterize the similarity between the distribution of choices simulated by a learning model

in a round with the distribution of the observed choices using two distributional distance

measures. I use two measures, since it was observed in previous literature that different

choices of distance measures can lead to different conclusions in model selection (Feltovich,

2000). To guard the analysis from such an occurrence here, I use two distance measures to

compare REL and IEL.
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To compare how well IEL and REL generate contributions that are closer to the ob-

served contributions, I use two distributional distance measures. A number of distance

metrics are proposed to measure the distance between two probability distributions. The

Kullback-Leibler (KL) divergence and Pearson’s-χ2 divergence are two of the well-known

such metrics. A particular concern in using these widely used metrics is that they are asym-

metric. To circumvent this problem, I use symmetric versions of these divergence measures:

Jensen-Shannon divergence (Lin, 1991) is a symmetric extension of Kullback-Leibler (KL)

divergence and Probabilistic Symmetric−χ2 (Deza & Deza, 2006) is a symmetric variation

of the Pearson’s-χ2. Say the empirical discrete distribution of the observed contributions

in a given round is P and the empirical discrete distribution of the simulated choices in the

round is Q. If E is the endowment, there are E + 1 strategies (discrete contribution levels

from 0 to E.). The two distance measures can then be defined as:

1. Probabilistic Symmetric−χ2 distance:

dχ2 = 2
E∑
j=0

(Pj −Qj)2

Pj +Qj

2. Jensen-Shannon divergence:

dJS =
1

2

[ E∑
j=0

Pjln

(
2Pj

Pj +Qj

)
+

E∑
j=0

Qjln

(
2Qj

Pj +Qj

)]

For REL and IEL, I compute the distance measures for each of the 18 datasets using

simulation. I take an average of the dataset level distance measures as the overall measure

of distance between the simulated and observed contributions. I conduct a grid search to

find the values of learning parameters that minimize the distances for each model. For

REL, I varied λ from 0 to 4 in increments of 0.1 and varied N1 from 0 to 10 in increments

of 1. For IEL, I varied J from 50 to 200 in increments of 10 and varied ρ from 0 to 1 in
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Figure 1.1: Evaluation of the distribution of the population’s contributions for REL and IEL
models. JS divergence and Symmetric-χ2 distances measure ( symmetrically) the difference

between the true data and the model output. Lower JS divergence and Symmetric-χ2

distances represent higher accuracy. The plots show computed distance measures at each
pair of parameter values in the grid search.
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Table 1.8: Evaluation of the distribution of the population’s contributions for REL and IEL
models. JS divergence and Symmetric-χ2 measure ( symmetrically) the distance between

the true data and the model output. Lower JS divergence and Symmetric-χ2 distances
represent higher accuracy. Reported are the minimum distances achieved by each model.

JS-Divergence Symmetric-χ2

Model Parameters dJS Parameters dχ2

REL λ = 1.9, N1 = 2 0.2838 λ = 1.9, N1 = 2 1.7885

IEL J = 50, ρ = 1 0.3048 J = 50, ρ = 1 1.8750

increments of 0.02. Achieved distance measures over the corresponding grids are shown in

Figure 1.1 for both models. The smallest distances achieved for two models are presented

in Table 1.8. REL outperforms IEL in predicting the full distribution of contributions over

rounds. From Figure 1.1 it can be noted that IEL performs better for high values of ρ. The

best score achieved by IEL is for ρ = 1 which means that every strategy in the memory is

replaced by a random strategy with a probability of 1 in each round. REL does better than

a random choice model since the best score REL achieves is better than what it achieves

when λ = 0 (when λ = 0, REL is equivalent to the random choice model). I conclude that

REL outperforms IEL in predicting full distribution of contributions.

1.7 Conclusions

In this Chapter, the models of reinforcement learning (RL), normalized reinforcement learn-

ing (NRL), reinforcement average model with loss aversion strategy (REL), stochastic fic-

titious play (SFP), normalized stochastic fictitious play (NFP), experience weighted at-

traction learning (EWA), self-tuning EWA (STEWA), and impulse matching learning (IM)

were applied and tested in the environment of public goods games with a wide ranging

game parameters. Experimental data from 12 published studies was used to construct 18
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datasets each of which is different from the remaining in at least one the public goods game

parameters: marginal per capita return, group size, number of rounds, endowment, and

matching protocol. Learning models were compared on the basis of their descriptive fit and

prediction accuracy.

The main finding in this study is that REL outperforms all other learning models in

terms of both descriptive fit and prediction accuracy. It is the only model to outperform

dataset level overall empirical frequencies in both descriptive fit and predictive accuracy

when model performance is compared using Mean Quadratic Score (MQS). In terms of

log-likelihood (LL) and BIC, REL performs as well as the dataset level overall empirical

frequencies in both comparisons. None of the remaining models out-perform the dataset

level overall empirical frequencies in both comparisons according to any of the metrics. EWA

and NRL jointly take the second place. They are outperformed by the dataset level overall

empirical frequencies in terms of LL and BIC. But, they do as well as the dataset level overall

empirical frequencies in terms of MQS. The ordering of learning models in both comparisons

is identical: REL, NRL, EWA, RL, NSFP, SFP, IM, STEWA (the ordering is not strict in

all cases. REL performs strictly better than all other models). REL also outperforms

individual evolutionary learning (IEL) in predicting full distribution of contributions.

The results in this chapter suggest that belief learning models and regret-based learning

models perform poorly in comparison to reinforcement models in public goods environments.

Learning in public goods games appears to be more in line with reinforcement learning.

Average reinforcement learning that is adaptive to observed payoff variability and insensitive

to the payoff magnitude underlies the success of REL. These results stand in stark contrast

to the results from studies with 2 × 2 games. For example, Chmura et al. (2012) finds

that regret-based models and belief learning models out-perform reinforcement learning

models in explaining data from twelve 2× 2 games that cover both constant sum and non-

constant sum games. One potential reason for the success of reinforcement learning models

in public goods games could be that individuals perceive public goods environments being

too complex and thus resort to simple experience based reinforcement learning model rather
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than much more complex belief learning or regret-based learning.

There could be two additional potential reasons behind the failure of belief based and

regret-based learning models in linear public goods environments. First, in the basic public

goods game setting, these models imply a faster learning of the Nash equilibrium contri-

bution which is zero. Thus contributions drop very fast to near zero. This also happens

with IEL model without social preferences. But in the data, the movement towards zero

is slow and contributions in the later rounds of a repeated game are multi-modal with a

non-trivial probability mass at non-zero contribution levels. Second, it is possible that indi-

viduals could be forming beliefs in a way very different from that of what is captured in the

belief learning models like SFP and NFP. In Chapter 2, I evaluate if belief learning models

can perform better at explaining public goods game data when they are combined with a

model of social preferences. Social preferences help the learning models not to drop to zero

contributions since multiple Nash equilibria are possible and not all of them involve zero

contributions. I also study if elicited beliefs capture the learning much more accurately than

the beliefs modeled by prominent belief learning models. To do so, I conduct experiments

where I elicit beliefs of individuals in each round of a repeated public goods game in an

incentive compatible manner.

1.8 Appendix

1.8.1 Individual Evolutionary Learning (IEL)

Denote a given repeated public goods game as (G,T ). Where G is the stage game and

T is the number of rounds. The stage game G = (N,X, u, r) consists of the number of

players in the group N, the strategy space Xi = [0, E] for i ∈ N , the payoff function

ui = ui(x1, x2, ..., xN ), and the information reported to player i at the end of a round,

ri(x). IEL posits that individual i remembers a finite set of strategies Ait in round t and

Ait ⊂ Xi. The size of the set Ait, which can be interpreted as memory size, is bounded and
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is a parameter of the learning model. It is assumed that the size |Aij | = J is identical for

all rounds t ∈ T and across all agents. The probability that a strategy aij,t ∈ Ait is chosen

by i is computed from a probability measure on Ait.

IEL has four components as described below:

• Initilization:

Following, Arifovic and Ledyard (2012) I assume things begin randomly. This also

puts things on the same footing compared to the other learning models I considered

earlier. Ai1 is population randomly with J random draws from Xi. This is a reasonable

assumption from an empirical standpoint as it would explain why contributions start

around average endowment in the first round.

• Experimentation:

For each j = 1, ..., J , with experimentation probability ρ, a random strategy aik is

selected from Xi and replaces aij . a
i
k is a random draw from the normal distribution

whose mean is aij and standard deviation is σ which is a parameter of the learning

model. Arifovic and Ledyard (2012) set σ = E
10 , where E is the endowment, in their

paper and I follow the same.

• Replication:

The idea of replication is to reinforce strategies that could lead to higher payoffs in

the previous rounds. Thus replication of strategies is done using foregone payoffs.

Say, the foregone utility of strategy j is denoted by vi(aijt|ri(xt)), where ri(xt) is the

information given to the individual i after round i. The way replication works is

described as follows. For j = 1, ...J , pick two members from Ait randomly (giving

equal probability to each member) with replacement. Let these two members are aim,t

and ain,t. Then the jth member of Ait+1 is chosen as:

52



aij,t+1 =

 aim,t if vi(aim,t|ri(xt)) > vi(ain,t|ri(xt))

ain,t Otherwise

• Selection:

Each strategy aik,t+1 ∈ Ait+1 is selected with probability

P ik,t+1 =
ui(ak,t+1|ri(xt))− εit+1∑J

j=1

[
ui(aj,t+1|ri(xt))− εit+1

]
for al i ∈ 1, ..., N and all k ∈ 1, ..., J , where

εit+1 = min
a∈Ait+1

{0, ui(a|ri(xt))}

53



Chapter 2: Social Preferences and Learning in Public Goods

Games: An Experimental Investigation

Abstract

I examine social preferences and learning in linear public goods games. I conduct eco-

nomic experiments in which I collect decisions on conditional contributions in one-shot

games and contributions in finitely (and indefinitely) repeated games at different relative

costs of cooperation (i.e. the marginal per capita return (MPCR) to the public good) for

each participant. Data from conditional contribution choices is used to estimate a structural

model of social preferences. The estimated distribution of social preference parameters is

reasonably successful in explaining the aggregate changes in the distribution of coopera-

tive types (free riders, conditional cooperators, and full cooperators) when prices change.

Choices in the repeated games are best described by social preferences of participants af-

fecting the choice of first round contributions and then subsequent contributions based on

payoff-based reinforcement learning. I find that learning is identical across finitely and in-

definitely repeated public goods games. I deploy the behavioral specification thus obtained

in an agent-based model. Simulations using the agent-based model demonstrate a novel

result that reducing the price of cooperation in the first round alone is sufficient to sustain

significantly higher contributions over the later rounds of a repeated game. The quan-

titative predictions of the empirical agent-based model are successfully reproduced using

follow-up behavioral experiments substantiating the predictive value of agents behavioral

specification.
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2.1 Introduction

In this chapter, I study the role of social preferences and learning in repeated (linear) public

goods games. The econometric investigations in Chapter 1 have compared a broad set of

models from the families of reinforcement learning, belief learning, regret learning, and

evolutionary learning and concluded that learning in public goods games is more in line

with an average reinforcement learning model. Several research papers have argued that

individuals’ predisposition towards cooperation is also important alongside with learning

in explaining contributions in repeated public goods games (Janssen & Ahn, 2006; Wendel

& Oppenheimer, 2010; Arifovic & Ledyard, 2012). These arguments were put forward

based on the experimental evidence that individuals vary in their predisposition towards

cooperation and can be categorized into cooperative types (Fischbacher, Gächter, & Fehr,

2001; Fischbacher & Gächter, 2010; Kurzban & Houser, 2001, 2005; Burlando & Guala,

2005; Duffy & Ochs, 2009; Kocher, Cherry, Kroll, Netzer, & Sutter, 2008; Herrmann &

Thöni, 2009; Muller, Sefton, Steinberg, & Vesterlund, 2008; Bardsley & Moffatt, 2007).

Some individuals give everything or act as full cooperators (FC), some individuals give

nothing or act as free riders (FR), and some individuals act as conditional cooperators

(CC) meaning they match the average contribution of others in public goods games. In

their seminal study, Fischbacher and Gächter (2010) devised an experimental design where

they elicited the cooperative type information of individuals in a one-shot game and then

observed the same individuals in a repeated game. In the repeated game, both contribution

decisions and beliefs about the average contribution of others were elicited. Their empirical

analysis showed that belief formation is identical across cooperative types. However, an

individual’s contribution choices were significantly informed by his cooperative type and

average contributions in the repeated game were significantly different across types. While

my investigation of learning models in Chapter 1 is extensive in that it considers a broad

range of learning models and data from a number of experimental studies, it is necessarily

incomplete. All the learning models I have considered in Chapter 1 do not incorporate
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elements that can explain why contributions will be different across cooperative types.

An individual’s predisposition towards cooperation or his cooperative type is argued to

be arising from the so-called social preferences (Fehr & Schmidt, 1999; Bolton & Ocken-

fels, 2000; Charness & Rabin, 2002; Cox & Sadiraj, 2007; Cox, Friedman, & Sadiraj, 2008;

Arifovic & Ledyard, 2012). According to the models of social preferences, an individual’s

cooperative type is something that emerges in the equilibrium due to the interaction be-

tween his social preferences and the parameters of the public goods game. There is empirical

evidence that an individual’s cooperative type can change when the price of cooperation

changes (Cartwright & Lovett, 2014). In theory, social preference models can account for

this change in the cooperative type of an individual when prices change. An individual

with given social preference parameters can be a free rider when the price of cooperation is

sufficiently high and can behave as a full cooperator when the price of cooperation is suffi-

ciently low and vice versa. Other transitions are also possible. By allowing type transitions,

models of social preferences provide quantitative predictions about how the proportions of

the cooperative types change when prices change. In this Chapter, I empirically test if a

model of social preferences can indeed explain the observed changes in the distribution of

types when the price of cooperation changes using the data generated from an experiment.

The findings from Fischbacher and Gächter (2010) imply that a possible reason for why

belief learning models performed poorly in comparison with reinforcement learning models

in my earlier investigations in Chapter 1 could be that they were not considered along-

side with social preferences. Without social preferences, belief learning models converge

to zero contribution very fast since it is the only Nash equilibrium. But in the data, the

movement towards zero is slow and contributions in the later rounds of a repeated game are

multi-modal with a non-trivial probability mass at non-zero contribution levels. Directional

learning as in belief learning models using social preferences can explain this since non-zero

contributions can be sustained in equilibrium. In light of this, I re-evaluate representative

models of learning by merging them with social preferences. I consider the reinforcement

average model (REL) that was found to be the most successful in the previous chapter as
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the representative model of reinforcement learning. I consider Normalized Stochastic Ficti-

tious Play (NFP) as the representative model of belief learning. For each of these models,

I consider two variations: the first variation does not consider social preferences whereas

the second variation merges learning with social preferences. By comparing the variations

of learning models that consider social preferences with their counterpart variations that

do not consider social preferences, I study the role of social preferences in explaining the

contribution patterns. Another potential reason for the poor performance of belief learning

models could be that individuals may be forming beliefs in a manner that is very different

from that of how beliefs are formed in the mainstream belief learning models. By com-

paring the belief learning model, NFP, with a model that considers elicited beliefs (in an

experiment) of individuals, I examine if the belief learning model performs poorly because

it does not model the actual belief formation of individuals accurately.

To investigate if social preferences are able to organize changes in the distribution of

cooperative types when prices change and to examine the performance of learning models

in conjunction with social preferences, I use data generated from controlled laboratory

experiments. The experiments are based on Fischbacher and Gächter (2010) and designed

to observe the behavior of a given participant in four linear public goods game settings.

These are a one-shot conditional contribution game (labeled the P-task) and a repeated

game with partners (labeled the R-task) at two different costs to cooperate (i.e. marginal

per capita return (MPCR) levels), one low and one high, that preserve the social dilemma.

The one-shot game uses the strategy method to elicit an unconditional contribution and

conditional contributions based on several possible average contributions of the other group

members. Each one-shot game is then followed by a repeated game at the same MPCR

level. In this game, for each participant along with a contribution decision in each round, I

also elicited a belief about the average contribution of the other members of his group. The

elicited beliefs allow for an examination of belief learning over rounds. The one-shot and

repeated game sequence is then conducted again at a different MPCR level. In addition,

across sessions but not within sessions, I varied whether the repeated games were finite
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or indefinite. The data from indefinitely repeated games in conjunction with data from

finitely repeated games allows me to study if individuals learn differently across these two

environments. Finally, the order of which MPCR is seen first is also reversed across sessions

to control for experience effects.

The novelty of my approach here is two-fold. First, using the conditional responses

in P-tasks elicited at two different prices the experimental design affords the possibility of

testing if a single distribution of social preferences can explain the conditional choices of the

same set of individuals at two different prices. In other words, the design allows me to test if

one distribution of social preferences can explain changes in the distributions of cooperative

types when prices change. A further innovation in this work is the structural estimation of

social preferences separate from decision error. Much of the research on social preferences

either assumes no error or does not explicitly model it at the individual level. If individuals

do make errors, then not accounting for these in the estimations would produce biased

results. The bias could be particularly pronounced in environments such as linear public

goods games where both pure self-interested (free riding) behavior and full cooperation

would be underestimated due to errors because any deviation from these two extremes

(zero and full contribution) would be interpreted as an evidence against those behaviors. I

also incorporate heterogeneity in the tendency to make random optimization errors in my

estimations, and this allows for cleaner estimates of social preferences. Second, separate

estimation of social preferences of participants from P-tasks allows me the opportunity

to disentangle the role of social preferences and learning in explaining their choices in

repeated games. One of the challenges in previous research in disentangling the roles of

social preferences and learning was that they estimated both social preferences and learning

parameters together using only the repeated game data. I overcome this challenge by

measuring social preferences separately using the data from P-tasks.

This Chapter has a number of results. First, the structural estimation of social prefer-

ences using the data from P-tasks shows that the distribution of social preference parameters
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needs to be shifted significantly to explain the distributions of cooperative types under dif-

ferent prices. However, when the effect of experience is accounted for, the model is able

to predict the direction and quantity of change in the proportion of different types when

prices change reasonably well. The effect of experience on social preferences is well doc-

umented in the earlier literature and I also find similar results here that with experience

individuals move towards selfish behavior (Brosig, Riechmann, & Weimann, 2007; Sass &

Weimann, 2012). Once the effect of experience is accounted for, the social preference model

is able to explain the general direction of change in the distribution of cooperative types

when prices change. However, there are some minor discrepancies in the quantities of type

transitions. Second, when learning models are merged with social preferences they perform

significantly well with the exception of reinforcement learning. The gains in the explanatory

power of the belief learning model, NFP, are significant when it is merged with social pref-

erences. A model of elicited beliefs and social preferences perform significantly better than

NFP indicating that elicited beliefs capture belief formation more accurately compared to

that of NFP. Reinforcement learning model, REL, performs at least as well as the model

with elicited beliefs and social preferences and outperforms NFP. Interestingly, merging

the learning model with social preferences does not improve the fit of REL significantly.

In other words, it does not make a difference in terms of the fit if the attractions of the

strategies in REL model are updated using pure payoffs in the game or utilities computed

with social preferences. Third, I show that first round choices in the repeated games are

significantly different across cooperative types. In other words, they are not random but are

informed by social preferences. I find that choices in the repeated games are best described

by social preferences affecting the choice of first round contributions and then subsequent

contributions based on payoff-based reinforcement learning. Differences in the first round

contributions and high inertia of reinforcement learning explain the differences in average

contributions among different cooperative types. Fourth, I find that learning is identical in

both finitely and indefinitely repeated games. This finding explains identical contribution

patterns across finitely and indefinitely repeated public goods games as found in earlier
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studies (Tan & Wei, 2014; Lugovskyy et al., 2015). Finally, using a dialogue between agent-

based models and behavioral experiments I show that subsidizing cooperation in the first

round alone could be sufficient to sustain significantly higher average levels of cooperation

in the later rounds.

My results contribute to the ongoing discussion of the relative importance of social pref-

erences and learning in explaining contributions in repeated public goods games. Learning

in repeated public goods games is hypothesized to be individual level directional learning

based on social preferences (Anderson, Goeree, & Holt, 2004; Wendel & Oppenheimer, 2010;

Cooper & Stockman, 2002; Janssen & Ahn, 2006; Arifovic & Ledyard, 2012). Recent exper-

imental results, however, have found that social preferences may be unnecessary to explain

contributions in repeated games and that individuals learn based on pure payoffs in the

game (Burton-Chellew & West, 2013; Burton-Chellew, Nax, & West, 2015). My analysis

shows that the importance of social preferences may be overestimated in the former and

underestimated in the latter. The results in this Chapter show that social preferences mat-

ter to the extent that they determine the first round contributions, thereafter, individuals’

behavior is explained by pure payoff-based reinforcement learning.

The Chapter proceeds as follows. In Section 2.2, I discuss the experimental design.

Section 2.3 presents a descriptive analysis of the data. Section 2.4 describes the social

preference and learning models, and section 2.5 outlines the econometric model that is used

in the estimations. In Section 2.6, I present results. I close with conclusions in Section 2.7.

2.2 Experimental Design & Procedures

The experiment uses a linear public goods game. Each individual i is assigned to a group

with N members and is given an endowment w that can be invested in a public good account

and a private account. The sum of contributions by all group members to the public good

account is multiplied by an enhancement factor, E, where 1 < E < N , and the resulting

amount is redistributed equally among all the members of the group. Player i′s contribution
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to the public good account is ci ∈ [0, w], and i′s payoff is then

πi = w − ci +M
N∑
j=1

cj

whereM = E
N is the marginal per capita return (MPCR) from contributing one unit from

the endowment to the public good account. The social dilemma is evident. For any given

level of contribution by i’s group members, a payoff-maximizing individual’s best response is

to contribute nothing. Thus Nash equilibrium predicts a zero contribution from everybody

in the group. However, a Pareto optimum is achieved when everybody contributes the entire

endowment to the public good. In all decisions, there are three individuals in each group,

and the endowment is 20 tokens. All decisions were made with tokens, and converted into

a monetary payoff at a rate of 20 tokens = $1.

The experiment is based on the Fischbacher and Gächter (2010) design. Each participant

is asked to complete four tasks in the following order: P1, R1, P2, R2. In the P − task,

the participant completes a conditional contribution table in which he decides how much to

contribute to the public good account for 21 possible average contribution amounts of his

group members (e.g. 0, 1, 2, ..., 20). He also makes an unconditional contribution decision

by choosing how many of the 20 tokens to contribute to the public good. Payoffs from this

task are determined as follows. Once all decisions are completed by the group members,

two group members are chosen at random. The unconditional contributions of those two

group members are averaged together and rounded up or down to the nearest integer k.

The contribution of the third group member is determined by the amount specified in the

conditional contribution table for the average contribution amount of k by the other two

group members. The total amount then contributed to the public good account is the

sum of the unconditional contributions of the first two group members and the conditional

contribution of the third. Participant payoffs are based on this. Everyone knows these

procedures before making their decisions.
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In the R − task, participants make an unconditional decision of how many tokens to

put in the public good account. This decision is repeated over several rounds, and the

members of a group are fixed for all rounds in an R-task. This is a partners matching

protocol. After deciding how much to contribute to the public good account, a participant

is asked to state his belief of the average contribution of the other two group members in

the current round. Participants were paid for the accuracy of this stated belief.1 At the

end of a round, a participant is informed of the exact contribution of each group member,

the average contribution, and his payoff for that round.

In sessions with finitely repeated games, the number of rounds was fixed at seven. In

the sessions with indefinitely repeated games, there was at least one round and then after

that the probability of a subsequent round was 0.85. The continuation probability of 0.85

yields, on average, seven rounds of play so the finitely repeated games was fixed at seven

rounds to make the games comparable in the expected number of rounds.

Each session had exactly 15 participants and thus 5 groups in each of the tasks. Par-

ticipants were randomly reshuffled across groups before each of the tasks and subjects were

aware of this before making decisions. Tasks P1 and R1 use the same MPCR level, and

tasks P2 and R2 also use the same MPCR level. The MPCR used for P1 and R1 is different

than that used for P2 and R2. The two MPCR levels are 0.4 (Low) and 0.8 (High). In five

sessions, the low MPCR was used for P1 and R1 and the high MPCR was used for P2 and

R2. To control for order effects, in five sessions, this was reversed. Each participant com-

pleted all four tasks. Participants knew that there would be four tasks, and the instructions

for each task were distributed and read out loud prior to the start of each task.2 To make

1Specifically, the individual was asked to guess the average contribution of the two other group members
rounded to the nearest integer. If the guess was exactly equal to the rounded average contribution of the
group members, an individual was paid three tokens ($0.15) in addition to the other experimental earnings.
If the guess deviated by only one point, payment was 2 tokens, and if the guess deviated by two points,
payment was 1 token. If the guess was off by three points, no tokens were paid. The financial incentives to
elicit beliefs were small to avoid hedging.

2Participant instructions for sessions with indefinitely repeated games are in Appendix 2.8.1. These
include screen shots of the decision screens participants used to make decisions during the experiment.
The instructions for the sessions with finitely repeated games are identical except that they mention the
repeated games last exactly seven rounds. The instructions for finitely repeated games are available online
at http://www.chennacotla.org/research
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sure participants understood the decisions they are asked to make and how to calculate

payoffs, a short quiz was administered prior to the start of Task P1. Answers to the quiz

were explained before proceeding to the experiment. Participants were paid their earnings

for all tasks and all rounds within a task. Earnings were paid privately and in cash at the

end of the session.

Participants made their decision on a computer, using a web-based software. The ex-

periments were run in the Interdisciplinary Center for Economic Science (ICES) at George

Mason University during September and October of 2014. Ten sessions were run, and there

were a total of 150 participants. Participants were randomly assigned to cubicles and made

their decisions privately and anonymously. Six of the ten sessions involved indefinitely re-

peated games and four sessions involved finitely repeated games. No one participated in

more than one session. Participants were recruited via email from a pool of George Mason

University students who had all previously registered to receive invitations for experiments.

Each experimental session lasted for approximately 1.5 hours. Average participant earnings

were $26.36 (s.d. $8.67).

2.3 Data

In this section, I describe the conditional contribution decisions from the P-tasks and the

contribution and belief decisions from the R-tasks.

To examine the conditional contributions in the P-tasks, I classified participants into co-

operative types using the statistical classification algorithm of Kurzban and Houser (2005).

This algorithm uses a linear conditional-contribution profile (LCP) to determine a given

participant’s type. The LCP is the result of an ordinary least squares regression of a

participant’s conditional contribution in the P-task on each of the 21 possible average con-

tributions of the other group members. If the estimated LCP is strictly below half the

endowment everywhere, then the participant is classified as a Free Rider (FR). A partici-

pant is classified as a Full Cooperator (FC) if the LCP lies at or above half the endowment
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Table 2.1: Distribution of cooperative types in strategy games computed using the LCP
method.

Type P1 P2 Low MPCR (0.4) High MPCR (0.8)

Free Riders 36 (24%) 54 (36%) 54 (36%) 36 (24%)
Conditional Cooperators 89 (59%) 69 (46%) 71(47%) 87 (58%)
Full Contributors 17 (11%) 20 (13%) 18 (12%) 19 (13%)
Noisy Contributors 8 (5%) 7 (5%) 7 (5%) 8 (5%)

Total 150 (100%) 150 (100%) 150(100%) 150 (100%)

everywhere. If the LCP of a participant has a positive slope and lies both above and below

half the endowment then he is a Conditional Cooperator (CC). Any participant who did

not fall into one of these three categories is classified as a Noisy Contributors (NC).3

The distribution of types identified with the classification algorithm is presented in

Table 2.1. The first two columns present the distributions observed in the P1 and P2 tasks.

The third and fourth columns present the distributions observed in the low MPCR and

high MPCR P-tasks respectively. Consistent with previous studies, most participants are

classified as conditional cooperators, and roughly one quarter are classified as free riders.4

These two types account for more than 80% of participants in the combined P1 and P2

tasks and also when separated by the high and low MPCR treatments. Full cooperators

and noisy contributors are less frequent. From the P1 to P2 task, as experience increases,

there is a significant change in the distribution of types, with an increase in the proportion

of free riders and a decrease in the proportion of conditional cooperators (Chi-Squared Test,

χ2(3) = 12.39; p = 0.006). From the low to high MPCR, as the cost to cooperate declines,

there is also a significant shift in the distribution, with the proportion of full cooperators

rising (Chi-Squared Test, χ2(3) = 12.12; p = 0.007). A social preference model should be

able to explain the transition of the distribution of types when prices change. And, I test

3In Kurzban and Houser (2005), the authors classify individuals into only the first three groups and
exclude analysis on three participants who did not fall into these categories.

4Previous studies include Fischbacher et al. (2001); Fischbacher and Gächter (2010); Kurzban and Houser

(2001, 2005); Burlando and Guala (2005); Duffy and Ochs (2009); Kocher et al. (2008); Herrmann and Thöni

(2009); Muller et al. (2008); Bardsley and Moffatt (2007)

64



this in the later parts of this chapter.

Looking at the contribution behavior of each type, in P1, the average contribution across

all conditional contributions is 2.39 tokens for free riders, 9.66 for conditional cooperators,

18.10 for full contributors and 10.45 for noisy contributors. In P2, the average contribution is

2.47 for free riders, 9.69 for conditional cooperators, 17.53 for full contributors, and 9.80 for

noisy contributors. In both P1 and P2, average contributions across types are significantly

different (Kruskal-Wallis tests, p < 0.0001).

Turning now to the R-task, four of my ten experimental sessions involved finitely re-

peated games of seven rounds each. The remaining six sessions used indefinitely repeated

games. The probabilistic continuation rule produced rounds of the following length for R1

and R2 across the six sessions: {{6,7}, {3,25}, {7,12}, {5,2}, {9,5}, {6,5}}. While the fi-

nite and indefinitely repeated games had different lengths, I find no significant difference in

average contributions across these games.5 The high MPCR results in higher contributions

in both the finitely and indefinitely repeated games, and this is consistent with previous re-

search (Isaac, Walker, & Thomas, 1984; Lugovskyy et al., 2015).6 Consistent with previous

studies on repeated public goods games, contributions decline over rounds in both finitely

and indefinitely repeated games. When contributions are regressed over round number the

coefficient on the round number is negative and significantly different from zero as shown

in Table 2.2. The Table also shows that the coefficients on Finitely Repeated dummy and

its interaction with round number are not significant.

I also find that elicited beliefs are identical across finitely and indefinitely repeated

games.7 The round level contributions and beliefs are positively and significantly correlated

in all ten sessions, as also found in previous studies (Fischbacher & Gächter, 2010; Croson,

5This was also found by Lugovskyy et al. (2015). I test for the effect of indefinite repetition by clustering

at the session level and find no effect on contributions (F (1, 9) = 0.24, p = 0.634). Identical conclusions are
reached using clustering at the participant level. Since the participants are shuffled across 3-person groups
at the start of each of the strategy and repeated games, I favor the session level clustering to report the
results

6All sessions:F (1, 9) = 16.78, p = 0.0027; Finitely Repeated: F (1, 3) = 14.96, p = 0.0306; Indefinitely

Repeated: F (1, 5) = 13.31, p = 0.0148
7I test for the effect of indefinite repetition by clustering at the session level and find no effect on beliefs

(F (1, 9) = 0.37, p = 0.557)
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Table 2.2: Contributions over rounds

Contribution

(1) (2)

Constant 11.79*** 11.58***
(0.92) (0.78)

Round -0.17*** -0.16**
(0.049) (0.051)

Finitely Repeated 0.22
(1.40)

Finitely Repeated × Round 0.056
(0.13)

N 2220 2220
R2 0.014 0.015
F 11.92 20.91
Prob > F 0.0072 0.0002

Notes: ∗p < 0.1, ∗ ∗ p < 0.05, ∗ ∗ ∗p < 0.01. Robust
standard errors clustered at the session level are reported.
There are in total 10 sessions.

2007; Weimann, 1994).8 Figures 2.1 and 2.2 show session level average contributions and

beliefs in finitely and indefinitely repeated games. Appendix 2.8.2 provide plots of average

contributions and beliefs across groups.

2.4 Social Preferences and Learning Models

In this section, I describe the utility specification and learning models that forms the basis

of the econometric analysis of social preferences and learning. I use the utility function

of Arifovic and Ledyard (2012) in the basic specification because it accommodates social

preferences that include altruism and concern with one-sided fairness. I then proceed to a

description of learning models that I use to explain the repeated game data.

8The correlations in each of the ten sessions are: 0.61, 0.81, 0.73, 0.50, 0.76, 0.82, 0.41, 0.62, 0.62, and
0.72. Spearman rank correlation tests, p < 0.0001.
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Figure 2.1: Contributions and beliefs in finitely repeated sessions. Average contributions
and beliefs are reported for each round in a session.
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Figure 2.2: Contributions and beliefs in indefinitely repeated sessions. Average contribu-
tions and beliefs are reported for each round in a session.
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2.4.1 Arifovic-Ledyard Model of Social Preferences

I use the linear utility specification with social preferences as developed in Arifovic and

Ledyard (2012) for the context of public goods games. Consider a group of size N and

an MPCR level M . Each individual i ∈ {1, 2, ...N} is endowed with w. The payoff an

individual i receives by contributing ci when others in his/her group contribute on average

o can be written as πi(ci, o)) = w − ci + M(ci + (N − 1)o). Similarly, the average payoff

of the group can be written as π̄(ci, o) = w − c̄ + MNc̄, where c̄ = ci+(N−1)o
N . The utility

derived by the individual i:

ui(ci, o) = πi(ci, o) + βiπ̄(ci, o)− γimax{0, π̄(ci, o)− πi(ci, o)} (2.1)

Where βi ≥ 0; γi ≥ 0 are social preference parameters. βi > 0 implies that individual i

has a preference for a higher average payoff to all agents in the group and thus higher welfare

of group members. In other words, βi characterizes an individual’s altruistic preference.

γi > 0 implies that individual i obtains a disutility when his/her payoff is smaller than the

average payoff of the group, i.e. when π̄(c, o) > πi(c, o). γi captures the discomfort the

individual i face when being taken advantage of by the group.

In the equilibrium individual i would choose a contribution ci as follows:

ci =


0 if 0 ≥

(
M − 1

N

)
βi +M − 1

c̄ if γi
(
N−1
N

)
≥
(
M − 1

N

)
βi +M − 1 ≥ 0

w if γi
(
N−1
N

)
≤
(
M − 1

N

)
βi +M − 1

(2.2)

The social preference parameters (βi, γi) along with the parameters of the public goods

game (N,M) determine his cooperative type, i.e. if individual i behaves as a free rider or

a conditional cooperator or acts as a pure altruist (full cooperator).9 Figure 2.3 illustrates

9While social preference models of Fehr and Schmidt (1999) and Charness and Rabin (2002) also capture
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Figure 2.3: Distribution of cooperative types across two different MPCR levels. Group size
is 3. β, γ are distributed according to a uniform distribution over [0, 100] × [0, 100]. Left
panel corresponds to the case when MPCR = 0.4. Right panel corresponds to the case
when MPCR = 0.8.

how social preference parameter values determine cooperative types under two different

MPCR levels M = 0.4 and M = 0.8 that are considered in this paper when the group size

is N = 3. In the figure, I consider β and γ distributed independently according to a uniform

distribution over [0, 100] for illustration purposes. The left panel of the figure corresponds

to the case when M = 0.4 and right panel of the figure corresponds to the case when M =

0.8. In both panels, the area colored in green refers to the social preference parameter pairs

that correspond to full cooperator behavior. The area colored in red refers to the preference

parameter pairs that correspond to conditional cooperator behavior. The area colored blue

refers to the preference parameter pairs that correspond to free rider behavior.

It is easy to see that for some pairs of social preference parameters, there is a switch in

the behavior when M changes. For example, consider a participant with β = 2 and γ = 1

in our experiments where N = 3, and M ∈ {0.4, 0.8}. In the equilibrium this participant

will give nothing when M = 0.4 and thus acts as a free rider. However, when M = 0.8

the effect of MPCR (M) on the cooperative type of an individual, they suggest behavior is independent of
group size. Thus, they do not pick up the variation in observed contributions across small and larger groups
as identified in Isaac et al. (1994); Isaac and Walker (1988). Other regarding preference model of Arifovic

and Ledyard (2012) can explain this variation.
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he will contribute all of the endowment and thus behaves as a full cooperator. Thus,

the social preference model provides a theoretical foundation for the observed changes in

conditional contribution preferences. The theory does not allow all possible type switches

when MPCR changes. Appendix 2.8.3 presents the ranges of β, γ for different types at

different levels of MPCR in our experiments. It also presents which type switches are

possible and which are not when MPCR changes. Possible switches of types due to changes

in prices can also be obtained by superimposing the left and right panels. The intersection

of the areas corresponding to three types would indicate the possible type switches under

the two MPCRs. Since the the parameters are assumed to be independently distributed

according to uniform distribution, it can be noted that the colored areas also correspond

to the proportions of the corresponding types. Thus the social preference model makes

testable quantitative predictions of the distribution of cooperative types at different levels

of MPCR. The econometric model setup in the next section tests the predictions of the

social preferences model using data from our experiments.

2.4.2 Learning Models

I consider three learning models to model the learning mechanism of the participants in

the repeated games. The three models are: Reinforcement Average Model with Loss Aver-

sion Strategy (REL), Normalized Stochastic Fictitious Play (NFP), and Social Preference

Based Empirical (Elicited) Belief Learning Model (AL). The description of REL and NFP

is presented in Section 3 of Chapter 1. For each of these learning models, I estimate four

variations: payoff based learning with no parameter heterogeneity, social preference based

learning with no parameter heterogeneity, payoff based learning with parameter heterogene-

ity, and social preference based learning with parameter heterogeneity. In the payoff based

version of a model, attractions of the strategies (contributions) in the learning model are

updated using payoffs in the game. In the utility based model, attractions of the strategies

are updated using utilities computed with social preferences. I use the distribution of social

preferences estimated from strategy experiments (P-tasks) in computing the utilities. In
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Chapter 1, all learning models were estimated from the standpoint of a representative agent

meaning learning parameters were constrained to be identical for all individuals. However,

it would be more realistic to assume that learning parameters are heterogeneous across

individuals. Previous research has shown that allowing for heterogeneity in learning param-

eters improves the explanatory power of learning models significantly in public goods games

(Wunder et al., 2013). By comparing the variations of the learning models that allow for

parameter heterogeneity with the variations that do not allow it, I examine if parameter

heterogeneity leads to significant gain in the explanatory power of learning models.

The new model introduced here, AL, assumes that the participants are stochastically

best responding to their elicited beliefs according to the utility function in Equation 3.3.

Thus, the learning mechanism is captured by the updating of beliefs about the average

contribution of the other group members over time in the repeated game and best responding

to the beliefs according to one’s social preferences. By comparing Comparing AL with NFP,

I examine if NFP perform poorly because they do not model actual belief formation of

individuals accurately.

2.5 Econometric Framework

In this section, I formulate structural econometric models of discrete choice that can be

estimated by maximum likelihood to estimate the social preference parameters and learning

parameters allowing for heterogeneity. This is the appropriate approach when using the data

generated in our experiments because choices are made on a discrete scale.

2.5.1 Estimation of Social Preferences from the Strategy Games

Based on the specification of the utility function that includes social preferences in Equation

3.3, I formulate structural econometric models of discrete choice that can be estimated by

maximum likelihood. Let Ti is the number of decision situations an individual i has faced in

the strategy games. Let Ci = {cit|t ∈ {1, 2, ...., Ti}} be the vector of observed contributions
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of the individual i and Oi = {oit|t ∈ {1, 2, ...., Ti}} be the vector of the average contributions

of i’s group members (excluding i itself). The average contributions of other group members

are stated explicitly in the P-tasks.

I begin developing the econometric model by assuming the participants’ decisions reflect

maximization of utility function with social preferences specified in Equation 3.3. In the

absence of any errors in decision making, for a given level of average contribution of others

in his/her group, a participant chooses a contribution that maximizes his/her utility.

As a first step to allow for stochastic decision making, I add a standard extreme value

distributed error term to the utility derived from each level of contribution. Assuming that

these errors are independent of other parameters of the model and regressors, I obtain the

logit probability of choosing a contribution level cit as:

lit =
eU

it(cit,oit)∑20
j=0 e

U it(j,oit)

The errors from a standard extreme value distribution that are added to the utility

capture the idea that a participant’s computation of subjective utility may be subject to

some variability (Loomes, 2005). In addition to these errors, a number of experimental

studies involving public goods games also found an evidence for the so-called “trembles”

or “random choice errors” (Bardsley & Moffatt, 2007; Moffatt & Peters, 2001). These

“trembles” account for a participant’ failure to understand the decision problem or attention

lapses during decision making. I model the propensity of a participant to chose randomly

in any given task using a “trembling hand” parameter. A participants’ tendency to make a

random choice in a decision situation is given by a parameter ωi.
10 Since each participant is

endowed with 20 tokens, the probability of choosing a given contribution level via random

choice is 1
21 .

10Alternatively, one could also model error heterogeneity at the individual level via individual level

parameter τi ∈ R+ that scales the variance of the extreme value distributed error term. However, Hess and
Rose (2012) show that scale heterogeneity and parameter heterogeneity are hard to identify separately when
utility is linear in parameters
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Then, for the participant i, the probability of observed level of contribution cit for an

average contribution oit of his/her group members can be written as:

lit(cit, oit, βi, γi, ωi) = (1− ωi)
eU

it(cit,oit)∑20
j=0 e

U it(j,oit)
+
ωi
21

(2.3)

A random coefficient model is employed to estimate the distribution of the individual-

specific structural parameters βi, γi and ωi in the population. This has a better justification

than doing a separate estimation for each participant since the number of observed choices

will be rather small. The random coefficient model proves to be more useful in study-

ing treatment effects on preference parameters, since the numbers of observed choices per

participant and experiment (strategy or repeated) combination are much smaller.

Since β, γ are constrained to be positive I modeled them using log-normal distribu-

tions.11,12 To bound ω between 0 and 1, I modeled it as a logistic-normal distribution over

[0 1]. For a concise notation define,

ηi = gη(X
η
i δ

η + ξηi ), ηi ∈ {βi, γi, ωi}

ηi denotes one of the three individual specific parameters, Xη
i are 1 × Kη vectors of

regressors, δη are Kη × 1 parameter vectors, and ξηi are the unobserved heterogeneity com-

ponents of the parameters. The first element of each Xη
i contains 1. The functions gη(.)

impose theoretical restrictions on the individual specific parameters. For β, γ it is the ex-

ponential function ensuring that they are positive. For ω, it is the logistic distribution

function ensuring that ω is always between zero and one. g(Xiδ+ ξi) stands for a vector of

11Arifovic & Ledyard (2012) consider a mixed distribution of social preference parameters. They assumed
that the parameters are distributed identically and independently according to a distribution where the
probability that (β, γ) = (0, 0) is P and the rest of the distribution is F (β, γ) = U([0, B]) × U([0, G]).

Where where U([0, D]) is the uniform density on the interval [0, D]. I did not follow this specification here
for two reasons. It is not intuitive to specify treatment effects on parameters using a uniform distribution
specification. Furthermore, the log normal distribution being flexible than a uniform distribution can account
for the presence of selfish individuals by putting mass close to zero for both parameters.

12Alternatively, (β, γ) can be modeled using a bounded logistic-normal distribution. However, this spec-
ification found to be difficult to empirically identify as shown in Appendix 2.8.6
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the three functions.

I assume that ξi = (ξβi , ξ
γ
i , ξ

ω
i )′ follows a jointly normal distribution with a diagonal

covariance matrix Σ independent of the regressors. The regressor matrix contains only ones

in the minimal estimation. In the full estimation case, it contains a dummy for high MPCR,

a dummy for repeated game treatment, and a dummy for experience which was one for the

second strategy game (P2) and the second repeated game (R2).

The likelihood contribution of participant i can be written as:

li =

∫
R3

[
Ti∏
t=1

lit(cit, oit, g(Xiδ + ξ))

]
φ(ξ)dξ (2.4)

where lit is the probability given in Equation 2.3 and φ(.) denotes the density of multi-

variate normal ξ. The above integral does not have a closed form solution. I approximate

it using R = 100 Halton draws from ξ to obtain simulated likelihood (Train, 2009; Bhat,

2001). The simulated likelihood contribution of participant i is:

sli =
R∑
r=1

li(ξr)

R

The (simulated) log-likelihood is given by the sum of the logarithms of sli over all re-

spondents in the sample. I maximized the log-likelihood function of entire sample using a

two-step hybrid approach a multiple number of times as discussed in Liu and Mahmassani

(2000) to avoid local maxima.13 The variance-covariance matrix of the parameter estimates

is computed using the sandwich estimator (Wooldridge, 2010). Standard errors are calcu-

lated using the sandwich estimator and treating all of each participant’s choices as a single

13In the first step, I have employed a genetic algorithm to find parameters that maximize log-likelihood
of the sample. Genetic algorithms are very effective in searching many peaks of likelihood function based
on a rich “population” of solutions and thus reduce the probability of trapped into a local maximum.
Since they do not require gradients to be computed, they are computationally very efficient for a global
search of the parameters. In the second step, I used the solution of genetic algorithm as a starting point
to Broyden-Fletcher-Goldfarb-Shanno (BFGS) algorithm with numerical derivatives to maximize the log-
likelihood function.
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super-observation, that is, using degrees of freedom equal to the number of participants

rather than the number of participants times the number of choices made. Standard errors

for transformed parameters are calculated using the delta method.

2.5.2 Estimation of Learning Models

Estimation of the belief learning model with social preferences, AL, is straightforward. In

R-tasks, beliefs about the average contribution of other group members are elicited from

the participants. AL assumes that the participants stochastically best respond (subject

to noise in decision making) to their beliefs in each round. The estimated distribution of

social preferences obtained from P-tasks is used to specify social preferences of the same

individuals in R-tasks. The estimation methodology is then identical to the estimation of

random coefficients model described in the context of strategy game data except that I only

estimate the distribution of the random choice propensity parameter. I left random choice

choice propensity parameter as a free parameter since the repeated game environment being

naturally more complex compared to the one-shot game in P-tasks could possibly involve a

higher level of decision error. Allowing the random choice parameter to be different in the

repeated environment captures this possibility.

Estimation of learning models, REL and NFP, without parameter heterogeneity follows

the description in Section 4 of Chapter 1. Here, I describe in detail the estimation method

used in the context of REL with parameter heterogeneity. The method can then be eas-

ily extended to other learning models when parameter heterogeneity is considered. The

REL model has two structural parameters: the attraction sensitivity parameter λi and the

parameter that defines the initial strength of attractions Ni(1). I model both of them as

random coefficients allowing for individual level heterogeneity. Using the notation in the

previous subsection:

ηi = gη(X
η
i δ

η + ξηi ), ηi ∈ {λi, Ni(1)}
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ηi denotes one of the two individual specific parameters, Xηi are 1 × Kη vectors of

regressors, δη are Kη × 1 parameter vectors, and ξηi are the unobserved heterogeneity com-

ponents of the parameters. The first element of each Xη
i contains 1. Since both λi, Ni(1)

are positive, I used the exponential function for gη for both parameters. Assuming that

ξi = (ξλi , ξ
N(1)
i )′ follows a jointly normal distribution with a diagonal covariance matrix Σ

independent of the regressors, the likelihood contribution of participant i can be written as:

li =

∫
R2

[
Ti∏
t=1

( 20∑
l=0

I(cit, l)P li (t)
)]

φ(ξ)dξ (2.5)

Where

P li (t) =
e

λi
PVi(t)

Ali(t)∑20
k=0 e

λi
PVi(t)

Aki (t)

is the probability of choosing contribution level l in round t. cit is the observed contribution

in t. I(cit, l) = 1 if cit = l, 0 otherwise. Ti is the total number of rounds in the repeated

games R1 and R2 that individual i has participated in (it should be noted that attractions,

payoff variability, and accumulated payoff average in REL model will be reinitialized at

the start of the R2). The integral in Equation 2.5 is computed using simulation and the

total log-likelihood of the sample is computed as the sum of the logarithms of simulated

individual level likelihoods of all respondents. I maximized the log-likelihood function of

the entire sample using a two-step hybrid approach (described in the previous subsection)

a multiple number of times to avoid local maxima. The variance-covariance matrix of the

parameter estimates is computed using the sandwich estimator.

The NFP model has two structural parameters: the attraction sensitivity parameter

λi ∈ R+ and the experience weighting parameter wi ∈ [0, 1]. I model both of them as

random coefficients. λi is modeled as a log-normal distribution and wi is modeled as a

logistic-normal distribution. Both of these distributions are assumed to be independent of
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each other and also are independent of any regressors. The estimation procedure is identical

to the simulated maximum likelihood method described in the context of REL model.

2.6 Results

I present the results in four stages. First, using the structural econometric approach outlined

in the previous section, I examine how estimated social preferences from decisions in a one-

shot environment, using data from the P-tasks, are affected by the cost to cooperate and

experience. Second, I examine the choices solely in the repeated game environment by

comparing variations of representative learning models that differ in terms of whether they

allow for parameter heterogeneity and whether they consider social preferences. Third, I

conduct a study in which I assess the roles of social preferences and learning in explaining

choices in the repeated game environment. I conclude by studying if learning is influenced

by the type of repetition.

2.6.1 Cooperative Types and Social Preferences in the One-Shot Envi-

ronment

Conditional choices in the P-tasks provide data to directly test if the social preferences model

that is outlined earlier can organize changes in cooperative disposition due to changes in

the MPCR. The decisions made in this task do not require computations of beliefs about

others’ contributions since others’ contributions are explicitly presented. Choices should

then reflect best responses given social preferences as accurately as possible. Of course,

decisions errors are possible, and the estimation approach takes this into account.

Table 2.3 reports the estimates for the three parameter vector δη, η ∈ {β, γ, ω} for both

minimal and full estimation cases. The minimal model contains only intercept terms for the

parameters. The full model contains an intercept and also treatment dummies for experience

and high MPCR for each parameter. The values in the table are in the original parameters’
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Table 2.3: Distribution of social preferences (β, γ) and random choice propensity (ω) pa-
rameter estimated using data from strategy games.

β γ ω

Min Full Min Full Min Full

Constant 10.23*** 31.30*** 11.45*** 8.89*** 0.12*** 0.0042
(0.80) (3.62) (0.91) (0.79) (0.017) (0.0048)

Experience -22.21*** 0.11 -0.0042
(2.75) (1.20) (0.0048)

High MPCR -25.89*** -6.26*** 0.086
(3.15) (0.76) (0.14)

σ 3.09*** 2.21*** 1.79*** 2.06*** 3.34*** 13.99***
(0.029) (0.056) (0.016) (0.050) (0.24) (2.13)

N 150 150 150 150 150 150
LL -13625 -12902 -13625 -12902 -13625 -12902

Notes: ∗p < 0.1, ∗ ∗ p < 0.05, ∗ ∗ ∗p < 0.01. Coefficients are transformed back to the original scale. A
treatment effect is the (partial) effect of moving from the baseline treatment to the corresponding treatment
on the median parameter value. Standard errors are calculated using the sandwich estimator and treating
all of each subjects choices as a single super observation. The entries for σ are the standard deviations of
the untransformed normal distributions of the random coefficients.

scale. In the full estimation, the constant term is gη(δ
η
1) and represent the median parameter

value for the baseline treatment, which is the P1 task with a low MPCR. Treatment effects

reported in the table are the calculated partial effects of moving from the baseline treatment

to the treatment under consideration using the median parameter value. For example, the

value shown in the table for the high MPCR dummy is gη(δη1 + δηHighMPCR) − gη(δη1) and

represents the partial effect of moving from the baseline to the high MPCR treatment on

the parameter η ∈ {β, γ, ω}.14

According to the minimal model the medians of the estimated β, γ are 10.23, 11.45.

Using the categorization outlined in Appendix 2.8.3, a median participant is a conditional

cooperator at both MPCR levels M = 0.4 and M = 0.8. This is in line with the classifi-

cation results using the LCP method presented in Section 2.1. The median random choice

14For illustration, in the estimations I have, δβ1 = 3.44 and δβHighMPCR = −1.75. Note that gβ is the

exponential function. The corresponding treatment effect of the high MPCR on the median value of β is

computed as e(3.44−1.75) − e3.44 = −25.89 and is reported in the table.
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Table 2.4: Distribution of cooperative types computed from the estimated distribution of
social preferences from strategy games. Full refers to the case where the proportions of types
are computed from the distribution of social preferences derived from the full estimation.
Min refers to the case where the proportions of types are computed from the distribution
of social preferences derived from the minimal estimation.

P1-Low P1-High P2-Low P2-High

Full Min Full Min Full Min Full Min

Free Riders 19% 46% 4 % 4% 49% 46% 19% 4%
Conditional Cooperators 54% 42% 42% 56% 41% 42% 52% 56%
Full Contributors 27% 12% 54% 40% 10% 12% 29% 40%

propensity parameter is 12%, which means 12% of the choices in P-tasks can be categorized

as being made randomly. According to the estimates for the full model, there are significant

effects of MPCR and experience on the median values of social preference parameters. This

indicates that the distribution of social preferences need to be shifted significantly to explain

the changes in the proportion of cooperative types (free riders, conditional cooperators, and

full cooperators) due to experience and due to changes in prices. Or, in other words, a single

distribution of social preferences estimated in the minimal model is not able to account for

the changes in the distribution of cooperative types due to the changes in experience and

prices. There is also a strong effect of MPCR on random choice propensity parameter.

To understand the estimates of treatment effects on the social preference parameters,

it is important to keep in mind that the distribution of cooperative types is determined by

the joint distribution of β, γ conditional on the group size (N) and the MPCR (M).15 Table

2.4 shows the proportions of types by MPCR and experience level using the estimates in

Table 2.3.16

15The social preference parameter ranges that lead to different type behaviors are reported in Appendix
2.8.3.

16These proportions are determined in a given treatment using the estimated joint distribution of β and
γ in that treatment. The joint distribution of β and γ is identical across treatments when results from the
minimal model are used. When the estimates from the full model are considered, the distributions of β and
γ in a treatment are adjusted based on the effects of experience and MPCR. The proportions of different
types are computed using Appendix 2.8.3. For example, the proportion of free riders in P1-Low is computed
as the probability that β ≤ 8.57, the proportion of conditional cooperators in P1-Low is computed as the
probability that β > 8.57 and β ≤ 8.57 + 9.43γ, and finally, the proportion of full contributors in P1-Low is
computed as the probability that β ≥ 8.57 + 9.43γ given the joint distribution of β and γ for P1-Low.
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Table 2.4 shows that the estimation results from the full and minimal models predict

that the proportion of full contributors rises with an increase in the MPCR level. This

is consistent with changes in the distribution of types based on the LCP classification

algorithm reported in Table 2.1. However, the exact proportions of types predicted by the

full and minimal model are different across treatments. The full model estimates show

that the proportion of free riders substantially rises with experience, moving from 19% in

P1-Low to 49% in P2-Low and from 4% in P1-High to 19% in P2-High. Thus, we observe

an increase in selfish behavior with the experience similar to the findings of Brosig et al.

(2007) and Sass and Weimann (2012). The minimal model cannot explain this effect of

experience.

One of my primary objectives in this chapter is to test if the social preference model is

able to explain the changes in the distribution of cooperative types when prices change. The

estimates from the full model show that this is not the case since they show a significant

effect of MPCR on the social preference parameters even after controlling for experience

effects. In other words, the distribution of social preferences has to be shifted significantly

to explain the changes in the distribution of cooperative types when the prices change. A

potential candidate of explanation for the significant effect of MPCR on the social pref-

erence parameters can be the misspecification of the distribution of social preferences. I

chose a bivariate log-normal distribution to model the distribution of social preferences in

my estimations. There are two explanations for this choice. First, in my investigations

with a bounded logistic-normal distribution specification for social preferences parameters I

faced empirical identification issues. Appendix 2.8.6 illustrates the empirical identification

issues with logistic-normal specification for social preference parameters. Second, when I

considered a uniform distribution for social preference parameters, the achieved fit was sig-

nificantly worse compared to that of the case when I considered the log-normal distribution

specification. Thus, I preferred the log-normal specification over these two alternatives.

But, a numerous other specifications can be used to model the distribution of social prefer-

ence parameters. Evaluating all possible specifications and identifying the least misspecified
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specification for the distribution of social preferences is not a primary objective of this chap-

ter and so I do not pursue that line of investigation here. Instead, given the log-normal

specification assumption, I evaluate how worse off the minimal model is in predicting the

changes in the distribution of cooperative types across different levels of MPCR compared to

that of the full model that incorporates the effects of MPCR. Despite the significant effects

of MPCR on the median values of the parameters, if the minimal model is able to capture

the general direction of changes in the distribution of cooperative types one could use it as a

practical unifying model of organizing different distributions of types under varying prices.

Table 2.5 presents the changes in the percentages of each cooperative type when one

moves from low MPCR (0.4) to high MPCR (0.8). The table reports the changes in the per-

centages of types using the minimal model and full model. The changes in the percentages

of types is reported for P1 and P2 tasks separately. This helps to understand separately

how successful is the minimal model in explaining the changes in the distribution of types

due to the changes in MPCR when participants do and do not have experience. In both P1

and P2, the full and minimal models predict that percentage of free riders decreases and the

percentage of full cooperators increases when one moves from low MPCR to high MPCR. In

P1, there is disagreement between the full model and minimal model in terms of change in

the percentage of conditional cooperators. There is a substantial difference in terms of the

magnitude of change in the percentages of free riders and conditional cooperators between

the full and minimal models in P1. However, both models provide a very close prediction

of changes in percentages of types in P2. Thus, if one considers that with experience par-

ticipants’ responses are less noisy, the minimal model is quite good at describing how the

proportions of cooperative types change when the MPCR changes.

Another way to evaluate the success of social preference model is to see how many

individual level type transitions are consistent with the model. A type transition at the

individual level is consistent if one can find at least one pair of social preference parameters

according to which the transition is possible. Appendix 2.8.3 describes which individual

level transitions are possible and which are not possible according to the social preference
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Table 2.5: Changes in the percentages of cooperative types predicted by the full model
and minimal model in P1 and P2 tasks across MPCR levels. Reported are the differences
in percentages obtained by subtracting the percentage of a type at low MPCR from the
percentage of a type at high MPCR.

P1 P2

Full Min Full Min

Free Riders -15% -42% -30 % -42%
Conditional Cooperators -12% 14% 11% 14%
Full Contributors 27% 28% 19% 28%

model. The only individual level transitions that are not possible are the transitions from

CC to FR, from FC to FR, and from FC to CC when MPCR changes from 0.4 to 0.8

(or the transitions in the opposite direction when MPCR changes from 0.8 to 0.4). A

small number of these transitions in the data would support that social preference model is

relatively successful. Table 2.6 shows the individual level types at the two MPCR levels in

the experiment. Individual level type information is computed using the LCP method as

described in Section 2.3. I have dropped the cases where the transitions involved a noisy

type. In total, the table reports the type transition for 137 individuals in the data. There

are only 12 cases where type transitions are not consistent with the social preference model.

Five of them involve a transition from CC to FR when MPCR changes from 0.4 to 0.8, two

of them involve a transition from FC to FR when MPCR changes from 0.4 to 0.8 and five

of them involve transition from FC to CC when MPCR changes from 0.4 to 0.8 . Thus,

only 8.7% of individual level transitions cannot be accounted by the social preference model

indicating that the model is reasonably successful in organizing changes in behavior when

prices change.

2.6.2 Comparing Models of Learning with Repeated Game Data

In this section, I conduct an investigation to build on the results in Chapter 1. In Chapter

1, all learning models were estimated from the standpoint of a representative agent. The
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Table 2.6: Cross tabulation of types at two MPCR levels: MPCR = 0.4 and MPCR = 0.8.
Types are computed using Linear Contribution Profile (LCP) method.

MPCR = 0.8

FR CC FC

Free Riders (FR) 43 22 5
MPCR = 0.4 Conditional Cooperators (CC) 5 59 5

Full Cooperators (FC) 2 5 10

results indicated that REL outperforms all other learning models and the learning is more

in line with choice reinforcement in public goods games. It remains an open question if

the ordering of learning models changes if one allows heterogeneity in the learning model

parameters. Furthermore, a number of previous studies have argued that social preferences

are important alongside with learning in explaining contribution patterns in repeated games.

It could be possible that belief learning models perform well when they are merged with

social preferences. Belief learning models without social preferences imply a faster learning

of the only Nash equilibrium contribution which is zero. Thus, contributions drop very fast

to near zero. In the actual data, the movement is relatively slow. Social preferences will help

the belief learning models not to drop to zero contributions since multiple Nash equilibria

are possible as can be seen in Equation 3.4 and not all of them involve zero contributions.

Finally, it is possible that individuals could be forming beliefs in a way different from that

of what is captured in the belief learning models. I evaluate this possibility using empirical

beliefs elicited in the data from the experiments in this Chapter.

I consider REL as the representative model of reinforcement learning and NFP as the

representative example for belief learning. These models can help me to examine whether

belief learning or reinforcement learning best explains the choices when parameter hetero-

geneity is allowed and when merged with social preferences. For each of these learning

models, I estimate four variations: payoff based learning with no parameter heterogeneity,

social preference based learning with no parameter heterogeneity, payoff based learning with
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parameter heterogeneity, and social preference based learning with parameter heterogeneity.

In the payoff based version of a model, attractions of the strategies in the learning model

are updated using the payoffs in the game. In the utility based model, attractions of the

strategies are updated using the utilities computed with social preferences. I use the dis-

tribution of social preferences estimated from strategy experiments (P-tasks) in computing

the utilities. I consider estimates from the minimal estimation in Table 2.3. The payoff

based variation of a learning models is suffixed with PAYOFF and the social preferences

based variation of a learning model is suffixed with UTIL. Finally, AL models individuals as

best responding to their elicited beliefs and evaluates how well the elicited beliefs capture

learning of individuals. Here, the best responses are computed by integrating over the dis-

tribution of social preferences estimated from P-tasks. AL has two free parameters which

characterize the distribution of its random choice propensity parameter.

All the learning models are estimated using the aggregated repeated game data. The

estimation methodology follows the description in Section 2.5. To keep all models on the

same footing initial attractions of all strategies in the first round are set to zero. Thus in

the first round, all choices have equal probabilities for being chosen according to all these

models. I revisit this assumption in the next subsection. Table 2.7 reports the parameter

estimates of each of the models and the corresponding fit metrics. I report the maximum

log-likelihood (LL) achieved, AIC, BIC, and Pseudo-R2 for each learning model.17 The

performance of a random choice model, RAND, is also reported for comparison purposes.

First, I compare the variations of REL and NFP that allow for parameter heterogeneity

with the ones that do not allow for parameter heterogeneity. In all cases, the variations

17

AIC = LL− k

BIC = LL− k

2
ln(Ntotal)

Pseudo-R2 =
AIC − LLR

LLR

Where k is the number of the parameters of the learning model, Ntotal is the total number of observations,
and LLR is the log-likelihood obtained by a random choice model. Since choices for an individual are not
independent I consider the number of individuals as the effective size of the sample in the computation of
BIC. Therefore, Ntotal is equal to 150 here. AIC and BIC penalize models for their complexity and therefore
are superior metrics than log-likelihood for model comparison.
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Table 2.7: Comparison of learning models. UTIL means utilities computed using social pref-
erences are used for attraction updating and PAYOFF means pure payoffs in the repeated
game are used for attraction updating in the learning model.

Model Parameter Estimates LL AIC BIC Pseudo-R2

Models with Parameter Heterogeneity†

AL νω 0.3377 σω 1.3875 -5017 -5019 -5022 0.2574

REL-UTIL νλ 1.3958 σλ 0.3449 -5099 -5103 -5109 0.2450
νN1 0.0148 σN1 9.0662

REL-PAYOFF νλ 1.3850 σλ 0.3099 -5103 -5107 -5113 0.2444
νN1 0.0966 σN1 5.9423

NFP-UTIL νλ 1.2110 σλ 2.1653 -5496 -5500 -5506 0.1863
νw 0.0252 σw 2.1807

NFP-PAYOFF νλ 4.4674 σλ 156.10 -6305 -6309 -6315 0.0666
νw 0.0010 σw 1.4160

Models Without Parameter Heterogeneity

REL-UTIL λ 1.7866 N1 0.0435 -5222 -5225 -5228 0.2269

REL-PAYOFF λ 0.9202 N1 10.8527 -5246 -5248 -5251 0.2234

NFP-UTIL λ 1.9370 w 0.0114 -5546 -5547 -5551 0.1792

NFP-PAYOFF λ 153448 w 0.0028 -6754 -6755 -6759 0.0004

Random Choice Benchmark

RAND‡ -6759 -6759 -6759 0.0000

† ν stands for the median of the distribution of a parameter. Therefore, νλ refers to the median value of
λ. σ stands for the standard deviation of the untransformed normal distribution of a random coefficient.
Therefore, σλ is the standard deviation of the normal distribution that was exponentiated to obtain the
log-normal distribution of λ.
‡ RAND is the random choice model. According to this model any choice has a probability of 1

21
of being

chosen.
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Table 2.8: Comparison of learning models. UTIL means utilities computed using social
preferences are used for attraction updating and PAYOFF means pure payoffs in the game
are used for attraction updating in the learning model. For each pair of learning models, a
two sided p-value favoring the learning model in the row is reported. The two-sided p-values
are computed using the Vuong Test for Non-Nested Models.

REL-
UTIL

REL-
PAYOFF

NFP-
UTIL

NFP-
PAYOFF

RAND

AL 0.2830 0.2550 0.0000 0.0000 0.0000

REL-UTIL 0.7467 0.0000 0.0002 0.0000

REL-PAYOFF 0.0002 0.0000 0.0000

NFP-UTIL 0.0000 0.0000

NFP-PAYOFF 0.0011

with parameter heterogeneity outperform the variations without parameter heterogeneity

(Likelihood Ratio Tests, p < 0.0000).18 Therefore, in the following discussion I consider

only the variations of the models that allow for heterogeneity in learning parameters.

Comparing the variations of the models (that allow for parameter heterogeneity) that

consider payoffs in the learning and utilities in the learning, it can be seen that considering

utilities appear to improve the fit. The gains are very prominent in the case of NFP. AL

achieves the best fit in terms of all four fit metrics. However, one needs to keep in mind

that AL uses twice as much of the data as all other learning models use since AL uses

elicited beliefs in each round along with choices. Since, all the models considered here, AL,

REL-PAYOFF, REL-UTIL, NFP-PAYOFF, and NFP-UTIL are non-nested, I assess their

performance in pairs using the Vuong’s test for non-nested models (Vuong, 1989) as a model

selection criterion. Table 2.8 presents p-values computed using the Vuong test for each pair

of learning models. A two sided p-value favoring the learning model in the row is reported.

AL, REL-UTIL, REL-PAYOFF perform equally well. This is significant since it indicates

18For each of the models, REL-UTIL, REL-PAYOFF, NFP-UTIL, and NFP-PAYOFF, a Likelihood ratio
test is done between the two variations: the one that allows parameter heterogeneity and the one that does
not. Note that the variation that does not allow parameter heterogeneity is nested within the model that
allows parameter heterogeneity.
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that the REL variations are able to perform as well as AL though AL uses twice the amount

of the data compared to that of REL variations. The p-values computed for AL and REL

provide an unfair advantage to AL since the Vuong test does not take into account the fact

that AL uses twice the amount of data compared to that of REL. Interestingly, for REL

it does not seem to matter whether attractions are updated using the payoffs or utilities.

This is in contrast with the results from NFP. NFP-UTIL which uses the utilities computed

with social preferences to update attractions perform significantly better. NFP-PAYOFF

barely outperforms the random choice benchmark.

The results on this section reinforce my findings in Chapter 1. REL provides the best

account of observed choices in repeated games. NFP performs significantly better when it

is merged with social preferences. However, it does not beat the both variations of REL.

For REL, the payoff based attraction updating works as well as the utility based attraction

updating.

2.6.3 Explaining the Repeated Game Choices: Disentangling the Roles

of Social Preferences and Learning

My analysis thus far has found that the payoff based and utility based REL models provide

the best account of the repeated game data. Both of the REL’s variations, REL-PAYOFF

and REL-UTIL, are identical in terms of their explanatory power. Thus, the behavior in

repeated games is more in line with reinforcement learning than that of belief learning.

An equally important observation from the repeated game data is that there are sub-

stantial differences in contributions across cooperative types. For example, using the LCP

classification of types in P1-task as in Section 2.3, the average contribution of free riders,

conditional cooperators, and full cooperators are 7.53, 12.45, and16.14 respectively in R1.

The contributions are significantly different across types (Kruskall-Wallis Test: p < 0.0001),

and there is a significant increasing trend in contributions across the groups (Jonckheere-

Terpstra Test, p < 0.0001). Similarly, using the type information from the P2-task, the
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average contribution of free riders, conditional cooperators, and full cooperators are 6.30,

12.28, and 15.28 respectively in R2. The contributions are significantly different across

types (Kruskall-Wallis Test: p < 0.0001), and there is a significant increasing trend in con-

tributions (Jonckheere-Terpstra Test, p < 0.0001). This indicates that social preferences

elicited in P-tasks have a nontrivial relevance in explaining the average contributions in the

repeated games.

Earlier studies have argued that differences in contributions of different cooperative

types occur because these types learn their equilibrium contribution as the game progresses

(Cooper & Stockman, 2002; Janssen & Ahn, 2006; Wendel & Oppenheimer, 2010; Arifovic

& Ledyard, 2012). This assumption would argue that REL-UTIL should perform better

than REL-PAYOFF. Note that both REL-UTIL and REL-PAYOFF start with random con-

tributions in the first round. But, my results in the previous subsection indicate REL-UTIL

does not explain the data better than REL-PAYOFF. REL-PAYOFF makes no distinction

among cooperative types and models all of them as learning based on payoffs. Thus, all

cooperative types would be learning the only Nash equilibrium that is zero contribution. In

this manner, my results are at odds with the assumption made in the earlier research.

It should be noted that REL involves high inertia and slow learning. The learning is

much slower in public goods environments since there are no negative payoffs involved. One

potential way in which the aggregate differences would be emerging across the different

cooperative types could be due to the fact that different cooperative types may be start-

ing with different first round contributions. This combined with high inertia of REL can

account for aggregate differences in the contributions across the types. To investigate if

this is indeed the case, I look into the first round contributions in repeated games across

cooperative types computed using the LCP method. To begin, I compare the first round

contributions in repeated games and the unconditional contributions in strategy games

and find they are not significantly different from each other (Paired Hotelling’s T 2 test,

p = 0.118). In addition, the first round contributions in repeated games and the uncondi-

tional contributions in strategy games are significantly different across types (Kruskal Wallis
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Tests: p < 0.0001 in all cases). Figure 2.4 presents the average contribution by cooperative

types in the first round of a repeated game and the average unconditional contribution by

cooperative types in the corresponding strategy game. Cooperative type information for

P1 and R1 is computed using the conditional responses in P1 and the cooperative type

information for P2 and R2 is computed using the conditional responses in P2. There is

also a significant increasing trend in the first round contributions in the repeated games

across free riders, conditional cooperators and full cooperators (R1: Jonckheere-Terpstra

Test, p < 0.0001; R2: Jonckheere-Terpstra Test, p < 0.0001). The trend is also signifi-

cant for the unconditional contributions in the strategy games across these three types (P1:

Jonckheere-Terpstra Test, p < 0.0001; P2: Jonckheere-Terpstra Test, p < 0.0001). Thus,

the first round contributions in the repeated game are similar to the unconditional con-

tributions in the corresponding strategy game and are informed by individual level social

preferences derived from the strategy game. In the first round of a repeated game, free

riders tend to start with contributions that are significantly smaller on average (though not

exactly zero) and full contributors start with significantly higher contributions on average

(though not exactly full endowment). The remaining participants start around half of the

endowment.

Thus, it is possible that aggregate differences across types are arising simply because they

are starting at different levels of initial contributions and their learning in later rounds is

characterized by high inertia like that of REL’s. This stands in contrast with the assumption

in earlier literature that the aggregate differences across types arise because types start

with random contributions and learn their equilibrium contributions over time. It is also

possible that aggregate differences are emerging because individuals start with different

initial contributions and then they also proceed to learn equilibrium contributions. To be

able to systematically disentangle the roles of social preferences and learning in repeated

games, I consider four models that involve different assumptions about learning and social

preferences.

• RAND-PAYOFF: REL learning based on payoffs in the game with random first
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Figure 2.4: Unconditional contributions across types in P-tasks and the first round contri-
butions across types in R-tasks. P1-UC refers to the unconditional contributions in P1 and
P2-UC refers to the unconditional contributions in P2. R1-C1 refers to the contributions
in the first round of R1 and R2-C1 refers to the contributions in the first round of R2.
Cooperative types in P1-UC and R1-C1 are computed using the conditional choices in P1
and types in P2-UC and R2-C1 are computed using the conditional choices in P2. Error
bars represent 95% confidence intervals.

round contributions. This model does not use any information about the social pref-

erences of the participants. In the learning phase, individuals use the payoffs in each

round to update the attractions of strategies in the REL learning model.

• RAND-UTIL: REL learning based on utilities in the game with random first round

contributions. In the learning phase, individuals use the utilities computed with

estimated distribution of social preferences from the P-tasks to update the attractions

of strategies in each round in the REL learning model.
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• SP-PAYOFF: REL learning based on payoffs in the game with the first round con-

tributions determined from the social preference parameters of the participants. The

first round contribution decisions of individuals are modeled as best responses to their

elicited beliefs in the first round given the distribution of social preferences estimated

from P-tasks. In the learning phase, individuals use payoffs in each round to update

attractions of strategies in reinforcement learning model.

• SP-UTIL: REL learning based on utilities in the game with the first round con-

tributions determined from the social preference parameters of the participants. The

first round contribution decisions of individuals are modeled as best responses to their

elicited beliefs given the distribution of social preferences estimated from the P-tasks.

In the learning phase, individuals use the utilities computed with estimated distribu-

tion of social preferences from the P-tasks to update the attractions of strategies in

each round in the REL learning model.

The parameter estimates and fit of the four models are reported in Table 2.9. Models

whose first round contributions are determined by social preferences achieve higher likeli-

hood compared to the models that use random contributions in the first round. It does not

seem to matter much whether payoffs or utilities are used in updating the attractions in the

REL learning model. Table 2.10 reports two-sided p-values computed using the Vuong’s

test for each pair of the four models. SP-UTIL and SP-PAYOFF perform equally well

in explaining contributions. They outperform RAND-UTIL and RAND-PAYOFF models.

RAND-UTIL and RAND-PAYOFF are indistinguishable from each other in terms of their

performance. The results highlight the fact that initial contributions determined by social

preferences combined with high inertia associated with REL learning model explain the ag-

gregate differences in contributions across cooperative types. This result stands in contrast

to the assumption in the existing literature that individuals start with random contribu-

tions and then move towards their equilibrium contributions based on learning with utilities

derived from social preferences (Cooper & Stockman, 2002; Janssen & Ahn, 2006; Wendel

& Oppenheimer, 2010; Arifovic & Ledyard, 2012). No significant difference between the
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Table 2.9: Disentangling the role of social preferences and learning. REL is used to model
learning. SP means social preferences determine the first round choices and RAND means
the first round choices are drawn from a uniform distribution. UTIL means utilities com-
puted using social preferences are used for attraction updating and PAYOFF means pure
payoffs in the game are used for attraction updating in the learning model.

Model Parameter Estimates LL AIC BIC Pseudo-R2

SP-UTIL µλ 1.4873 σλ 0.3132 -5025 -5029 -5035 0.2559
µN1 0.0753 σN1 7.9524

SP-PAYOFF µλ 1.3959 σλ 0.3286 -5032 -5036 -5042 0.2549
µN1 0.2624 σN1 5.5052

RAND-UTIL µλ 1.3958 σλ 0.3449 -5099 -5103 -5109 0.2450
µN1 0.0148 σN1 9.0662

RAND-PAYOFF µλ 1.3850 σλ 0.3099 -5103 -5107 -5113 0.2444
µN1 0.0966 σN1 5.9423

RAND‡ -6759 -6759 -6759 0.0000

‡ RAND is the random choice model. According to this model any choice has a probability of 1
21

of being

chosen.

fit of SP-PAYOFF and SP-UTIL indicates that once initial round contributions are deter-

mined by the social preferences, there is no additional information to be gained about the

path of the contributions by using social preferences based utilities to update the attrac-

tions of strategies rather than using simple payoffs within the a repeated game. In other

words, social preferences matter insofar they determine the first round contributions and

then individuals behave solely based on payoff-based learning.

My analysis shows that choices in the repeated games are best described by social pref-

erences affecting the choice of first round contributions and then subsequent contributions

based on payoff-based learning. Free riders contribute on average less than other coopera-

tive types in the repeated games, but their contributions are significantly larger than zero.

An interesting candidate explanation for this observation is that free riders are behaving

strategically (Muller et al., 2008; Ambrus & Pathak, 2011). In an experiment where the type

information of the group one belongs to is common knowledge, Ambrus and Pathak (2011)
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Table 2.10: Disentangling the role of social preferences and learning. REL is used to model
learning. SP means social preferences determine first round choices and RAND means first
round choices are drawn from a uniform distribution. UTIL means utilities computed using
social preferences are used for attraction updating and PAYOFF means pure payoffs in the
game are used for attraction updating in the learning model. For each pair of learning
models, a two sided p-value favoring the learning model in the row is reported. The two-
sided p-values are computed using the Vuong Test for Non-Nested Models.

SP-PAYOFF RAND-UTIL RAND-PAYOFF RAND

SP-UTIL 0.4625 0.0003 0.0003 0.0000

SP-PAYOFF 0.0011 0.0000 0.0000

RAND-UTIL 0.7467 0.0000

RAND-PAYOFF 0.0000

find that free riders reduce their contributions significantly earlier than that of others, thus

providing evidence for strategic motives. I test this proposition using the data from the

repeated games. I compute the number of the round in which the drop in contributions is

the largest and test if the round number is significantly smaller for free riders compared to

others. I do not find a significant difference in either R1 or R2 games (R1: Mann-Whitney

test, p = 0.299; R2: Mann-Whitney test, p = 0.951) or when I consider games with finite

and indefinite repetition separately (finitely repeated: Mann-Whitney test, p = 0.487; in-

definitely repeated: Mann-Whitney test, p = 0.796). Thus, I do not find evidence that free

riders contribute larger than zero in the first round because they are strategic. In fact, I

do not find difference across all types in either R1 or R2 games (R1: Kruskal-Wallis test,

p = 0.390; R2: Kruskal-Wallis test, p = 0.962) or when I consider games with finite and

indefinite repetition separately (finitely repeated: Kruskal-Wallis test, p = 0.329; indefi-

nitely repeated: Kruskal-Wallis test, p = 0.792). Therefore, behavior in repeated games is

more in line with learning based on payoffs rather than strategic motives. It is also equally

important to note that while full contributors contribute significantly higher amounts in the

first round of a repeated game compared to other types, their contributions are significantly
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Table 2.11: Effects of the type of repetition on the parameters of REL learning model

λ N1

Constant 1.46*** 0.090
(0.12) (0.067)

Infinitely Repeated 0.23 -0.0054
(0.16) (0.12)

σ 0.31*** 6.67***
(0.10) (0.47)

N 150
LL -5022

Notes: ∗p < 0.1, ∗ ∗ p < 0.05, ∗ ∗ ∗p < 0.01. Coefficients are transformed back to the original scale. A
treatment effect is the (partial) effect of moving from the baseline treatment to the corresponding treatment
on the median parameter value. Standard errors are calculated using the sandwich estimator and treating
all of each subjects choices as a single super observation. The entries for σ are the standard deviations of
the untransformed normal distributions of the random coefficients.

smaller on average than the full endowment. The underlying reason for these patterns of

first round contributions of the free riders and full contributors could be potentially their

resistance to use extreme strategies (Kümmerli, Burton-Chellew, Ross-Gillespie, & West,

2010).

2.6.4 Effect of Finite and Indefinite Repetition on Learning

My analysis thus far has shown that choices in the repeated games are best described

by social preferences affecting the choice of first round contributions and then subsequent

contributions based on payoff-based reinforcement learning. In this subsection, I investigate

if the type of repetition has any effect on the learning parameters of REL model.

Table 2.11 reports estimation results using only repeated game data from the R1 and

R2-tasks. It contains the estimates for the two parameters of REL model, λ and N1 for

the model that contains an intercept and a dummy for the finitely repeated game. All

values are on the original scale. There are no significant effects of finite repetition on the

estimated parameters of the REL learning model. Thus learning is identical in both finitely
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and indefinitely repeated games. This result explains the similar observed contribution

patterns across finitely and indefinitely repeated games.

2.6.5 Predictive Power of Behavioral Specification: Subsidizing Cooper-

ation in the First Round Can Sustain Higher Levels of Cooperation

In Section 2.6.3, I obtained a behavioral specification for individuals that can successfully

explain the observed regularities in repeated public goods games. In this subsection, I

investigate if this behavioral has predictive power. In other words, I test if the quantitative

predictions made using this behavioral specification can be reproduced in lab experimentally.

In Section 2.6.3, I showed that first round contributions are in line with that of social

preferences and in later rounds decision making is in line with reinforcement learning. This

implies that by changing price of cooperation in the first around alone relative to the price

of cooperation in later rounds one can manipulate average contributions in the later rounds

of a repeated game. By reducing the cost of cooperation in the first round alone, one can

make individual contributions higher in the later rounds. This is because, at low prices the

proportion of free riders decreases and full cooperators increases. Given my finding that

individuals learn using a high inertia learning rule like that of reinforcement, the higher

level of contributions in the first round would mean that higher levels of contributions will

be sustained in later rounds too. Analogously, by increasing the cost of cooperation in the

first round alone, one can make individual contributions lower in the later rounds.

I examine these predictive implications of the behavioral specification using a dialogue

between agent-based models and lab experiments. I construct an empirical agent-based

model with the behavioral specification obtained in previous subsections to make quantita-

tive predictions about the mean contribution levels when cooperation is subsidized in the

first round and when it is made costly in the first round relative to the later rounds. Then,

I conduct behavioral experiments with treatments that are identical to the treatments in

agent-based simulations. The data from lab experiments is used to test the quantitative
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Table 2.12: Means and standard deviations of the underlying normals of the distributions
of social preference and learning parameters

β γ λ N1

µ 2.3257 2.4382 0.3336 -1.3380
σ 3.0894 1.7865 0.3286 5.5052

predictions obtained from the agent-based models. If lab experiments can reproduce the

results from the agent-based model, it would confirm that the behavioral specification ob-

tained in this chapter not only explains the observed regularities in repeated public goods

games but also carries predictive value so that quantitative predictions made using it can

be reproduced with human subject experiments.

The empirical agent-based model is formulated after the estimation results in Section

2.6.3. I consider an agent population of size 76. For each agent, the social preference

parameters and the learning parameters are drawn from the corresponding estimated dis-

tributions. The minimal model estimated in Table 2.3 is used to specify social preferences

of individuals. The learning parameters are specified using the estimates for SP-PAYOFF

model in Table 2.9. Note that social preference parameters and learning parameters were

specified and estimated as log-normal distributions. Table 2.12 presents the means and

standard deviations of the underlying normals of the log-normal distributions of the param-

eters. For each agent, each parameter value is assigned using a random draw taken from

the corresponding log-normal distribution. In the simulations of repeated games, in the

first round each agent makes a contribution decision based on its social preferences and a

random belief. In the later rounds, agents use REL learning model with their corresponding

agent-specific parameters to make contribution decisions.

The simulations are carried out for two different treatments. In both treatments, ini-

tial endowment is 20 tokens. The agent population is split into groups of size 4 in both

treatments and the repeated public goods game lasts for 10 rounds. In the first treatment,
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Figure 2.5: The empirical distribution of difference in average contributions in rounds 2-
10 across high first round MPCR treatment and low first round MPCR treatment from
agent-based simulations. The empirical distribution is obtained from 100,000 agent-based
simulations of two treatments.

I fix the first round MPCR at 0.26 and the MPCR in later rounds is 0.5. In the second

treatment, I fix the first round MPCR at 0.99 and in the later rounds the MPCR is 0.5. I

then simulate a repeated public goods game for 10 rounds. The composition of each group

remains fixed for all 10 rounds (the Partners’ matching). In each simulation, I run the

agent-based model for each treatment and record the difference between average contri-

butions in rounds 2-10 across the treatments. In total, I conducted 100,000 simulations.

The empirical distribution of difference between high first round MPCR treatment and low

first round MPCR treatment is shown in Figure 2.5. Mean difference in contributions in

rounds 2-10 across two treatments is 2.72 (s.d 0.74) and is significantly different from zero

(Empirical p-value < 0.0001). As hypothesized from the behavioral specification, average

contributions in later rounds significantly depend on the MPCR in the first round relative
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Table 2.13: Validation experiment treatments

PG Game Parameters: Group Size =4, No. of Rounds = 10, MPCR2−10 = 0.5, Partners’ Matching

Treatment 1 Treatment 2

First Round MPCR = 0.99 First Round MPCR = 0.26
4 sessions 5 sessions

(20, 20, 20,16) = 76 subjects (20,16, 16, 8,12) = 72 subjects

to the MPCR in the later rounds. Average contribution in rounds 2-10 when the first round

MPCR is 0.99 is 10.31 (s.d 0.56). Average contribution in rounds 2-10 when the first round

MPCR is 0.26 is 7.59 (s.d 0.51).

I followed up the results from the empirical agent-based model using a set of behavioral

experiments. I conducted experiments involving two treatments which are identical to the

simulation treatments. Details of the treatments and conducted sessions per each treatment

are presented in Table 2.13. The experiments were run in the Interdisciplinary Center

for Economic Science (ICES) at George Mason University between February and April of

2016. Nine sessions were run, and there were a total of 148 participants. Participants

were randomly assigned to cubicles and made their decisions privately and anonymously.

Five of the nine sessions involved low first round MPCR of 0.26. There were in total 72

participants in these sessions. Four of the nine sessions involved high first round MPCR of

0.99. There were in total 76 participants in these sessions. Both treatments involved an

MPCR of 0.5 in rounds 2-10 of the repeated game and employed Partners’ matching with

groups of size 4. Each experimental session lasted for approximately 1.5 hours. Average

participant earnings were $22.27. Experimental instructions for the high first round MPCR

treatment are provided in Appendix 2.8.9 19. These include screen shots of the decision

screens participants used to make decisions during the experiment.

In the high first round MPCR treatment, I find that average contribution in rounds 2-10

is 7.93 tokens. In the low first round MPCR treatment, I find that average contribution in

19The instructions for the low first round MPCR treatment are available online at
http://www.chennacotla.org/research
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Figure 2.6: Observed difference in average contributions in rounds 2-10 across high first
round MPCR treatment and low first round MPCR treatment of human subject experiments
is shown in green. 10% critical region of the empirical distribution of difference in average
contributions in rounds 2-10 from agent-based simulations is shown in orange.

rounds 2-10 is 6.25. The difference between two treatments is 1.67 tokens and significantly

different from zero ( Contributions in 2-10 rounds are regressed on high first round MPCR

dummy. Standard errors are clustered at the subject level. P-value value on high first round

MPCR is 0.069). These findings confirm that just by making cooperation less or more costly

in the first round, one could significantly influence average contributions in later rounds.

More importantly, the difference between average contributions in rounds 2-10 across two

treatments is not significantly different from the average difference between contributions

across two treatments from the empirical agent-based model (empirical two sided p-value =

0.152). Figure 2.6 shows 10% critical region in the empirical distribution of the difference

between contributions in rounds 2-10 across two treatments obtained from the agent-based

simulations. It can be seen that the observed difference between contributions in rounds
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2-10 across two treatments in behavioral experiments cannot be rejected at 10% significance

level as being different from the mean difference between contributions in rounds 2-10 across

two treatments obtained from the empirical agent-based model. This validates that the

behavioral specification obtained in this chapter not only explains the previously observed

behavioral regularities but also carries predictive accuracy in making novel predictions that

can be reproduced in the lab with human subjects.

2.7 Conclusions

This paper investigates if the framework of social preferences can organize varying distribu-

tions of conditional contribution decisions when prices change. I use laboratory experiments

and structural estimation of preference parameters to investigate this. Estimated distribu-

tion of social preference parameters is reasonably successful in explaining the aggregate

changes in the distribution of cooperative types (free riders, conditional cooperators, and

full cooperators) when prices change. The model is able to predict an increasing proportion

of full cooperators when the price of cooperation gets smaller. However, there is a signifi-

cant effect of experience on the distribution of cooperative types. There are more free riders

than predicted by the social preference model in the treatment where subjects had prior

experience.

A number of previous studies have recognized that both learning and social prefer-

ences are important in explaining the contribution patterns in repeated public goods games

(Cooper & Stockman, 2002; Janssen & Ahn, 2006; Wendel & Oppenheimer, 2010; Arifovic

& Ledyard, 2012). These studies assume individuals start with random contributions and

move towards the equilibrium contributions determined by their social preferences. This is

inconsistent with choices we observe in our repeated game data. First round contributions

are not random and do correlate with individual social preferences. A hybrid model in which

first round contributions are determined by social preferences and after that participants

use a payoff-based reinforcement learning to make contribution decisions best reconciles
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choices across the one-shot and repeated environments.

Voluntary cooperation is inherently fragile. Mechanisms like costly punishment have

been shown to sustain cooperation (Fehr & Gächter, 2000; Sefton et al., 2007), however,

such mechanisms in addition to being costly to implement can also lead to undesirable out-

comes of antisocial behavior (Herrmann, Thöni, & Gächter, 2008). My findings show that

individuals are identical in the manner in which they learn, no matter what the underlying

social preferences are, but differ in terms of the contributions that they start with. High

inertia learning like that of reinforcement that individuals use in public goods games implies

that higher first round contributions would lead to higher sustained levels of cooperation

over time. Higher first round contributions can be induced by reducing the cost of coopera-

tion in the first round since individuals are observed to make their first round choices based

on their social preferences. Thus, subsidizing cooperation in the first round alone could

be sufficient to sustain higher average levels of cooperation in the later rounds. I test and

confirm this novel finding using a dialogue between agent-based simulations and behavioral

experiments. This result can have attractive policy implications since subsidizing cooper-

ation in the first round is straightforward to implement and will not invoke undesirable

outcomes of antisocial behavior like mechanisms similar to that of punishment.
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2.8 Appendix

2.8.1 Experiment Instructions

.

Instructions

Welcome and thank you for participating in todays economic experiment. Please put away

all your belongings and turn off your cell phones. You are not allowed to talk to any other

participant during the experiment. If you have any questions, please raise your hand. We

will come to you and answer your questions in private. The experiment will be run entirely

on the computer and all interactions between yourself and others will take place via the

computer terminal.

You have earned $5 just for showing up on time. This is yours to keep. In addition,

depending upon the decisions you make, the decisions others make and random choice, you

can earn more money. These instructions describe in detail the experiment and tasks you

are asked to complete.

During the experiment, your earnings will be described in terms of tokens. At the end

of the experiment, the total number of tokens you have earned will be converted to money

at the following rate:

20 tokens = $1 (1 token = 5 cents)

The experiment consists of four tasks. You will receive instructions for each task prior

to making decisions for that task. Your total earnings from the experiment will be the sum

of your earnings in each task. At the end of the session, the total number of tokens earned

across all four tasks will be converted to money and paid to you privately in cash, along

with the $5 show-up fee.
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Your Neighborhood

You will be placed in a network with 14 other participants as shown in the Figure below.

The placement of participants in the network is random, and participants do not know who

is connected to whom.

Each participant is placed at one position on the network, shown in the Figure below,

and is connected to exactly two other participants. This placement and connection are fixed

throughout each of the four tasks. You and the two other participants that are connected to

you in the network define your neighborhood. In the Figure, for example, if you are placed

in the position of the circle that is highlighted in pink then your neighbors are highlighted

in yellow. In the network, there are three connected participants in each neighborhood and

five neighborhoods.

Figure 2.7: Groups in the experiment
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The Decision Situation

Each participant is provided with 20 tokens and must decide how to allocate the tokens

between a private account and a group project. You can choose to put none, all or some of

your tokens into the group project. The tokens you choose not to contribute to the group

project will remain in your private account. Everyone makes the same decision.

For each token put in the private account you earn exactly one token. You are the only

one who earns tokens from your private account.

What you earn from the group project depends on the total number of tokens that

you and your neighbors contribute to the group project. The more each member of the

neighborhood contributes to the group project, the more each member earns. Remember

that your neighborhood includes you and two other participants.

Your earnings from the group project are best explained by a number of examples.

Example 1: Suppose that you decided to contribute no tokens to the group project

but the 2 other members of your neighborhood contribute a total of 36 tokens. Then your

earnings from the group project would be 36 tokens × 0.4 = 14.4 tokens. Everyone else in

your group would also earn 14.4 tokens.

Example 2: Suppose that you contribute 15 tokens to the group project and the 2 other

members of your neighborhood invest a total of 36 tokens. This makes a group total of 51

tokens. Your earnings from the group project would be 51 tokens × 0.4 = 20.4 tokens. The

other 2 members of the group would also earn 20.4 tokens.

Example 3: Suppose that you contribute 20 tokens in the group project but the other 2

members in your neighborhood invest nothing. Then you, and everyone else in the group,

would earn from the group project 8 tokens (20 tokens × 0.4 = 8 tokens).

As you can see, every token contributed to the group project earns 0.4 tokens for every

member of the neighborhood, not just the participant who puts it there. It does not matter

who contributes tokens to the group project. Everyone will get a return from every token

contributed therewhether they contributed tokens in the group project or not.

Your total earnings from the private account and group project will be:
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Your total earnings = 20 - your tokens contributed to the group project + 0.4 × sum

of tokens contributed to the group project by all members of your neighborhood

You will now complete some questions to make sure everyone understands how earnings

are calculated.

106



Questions

Subject number:

Please answer the following questions. These will help you understand how earnings are

calculated. Your payoff is not affected by your answers to these questions.

Each token in the private account earns 1 token. Each token in the group project earns

0.4 tokens for each participant in the neighborhood.

1. Each participant has 20 tokens. Suppose you contribute 12 tokens to the group

project and the other two participants contribute 18 tokens in total.

What are your earnings from your private account?

What are your earnings from the group project?

What are your neighbors earnings from the group project?

What are your total earnings?

2. Each participant has 20 tokens. Suppose you contribute 20 tokens to the group

project and the other two participants contribute 38 tokens in total.

What are your earnings from your private account?

What are your earnings from the group project?

What are your neighbors earnings from the group project?

What are your total earnings?

3. Each participant has 20 tokens. Suppose you contribute 2 tokens to the group project

and the other two participants contribute 38 tokens in total.

What are your earnings from your private account?

What are your earnings from the group project?

What are your neighbors earnings from the group project?

What are your total earnings?
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Instructions for Task 1 − A-Task

In the A-task, you will make a choice for the decision situation described earlier. You

will have 20 tokens and must decide how many to put into your private account and the

group project. You will be randomly assigned to a 3-participant neighborhood.

Each participant has two decisions in this task: make an unconditional contribution and

complete a contribution table. Details about these two decisions are as follows.

Unconditional Contribution: In this decision, you must decide how many of the 20

tokens you would like to put in the group project. You will make your decision on a screen

such as the following.

Figure 2.8: Decision screen for unconditional contribution choice in strategy games
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Contribution Table: In this decision, you must decide how many tokens you would

like contribute to the group project for each possible average contribution of your neighbors

(e.g. 0, 1, 2,..., 20). That is, if your neighbors contributed 0 tokens on average, how

much would you contribute? If they contributed 1 token on average, how much would you

contribute? If they contributed 2 tokens on average, how much would you contribute? And

so on, up to 20 tokens on average.

This means that in total you have to give 21 responses. You will make your decisions

on a screen such as the following

Figure 2.9: Decision screen for conditional contribution table in strategy games
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Once each participant has made the unconditional decision and completed the contri-

bution table, the computer will randomly determine if the unconditional contribution or

the contribution table will be used to determine your earnings. In each neighborhood,

one of the three participants is randomly chosen to have the contribution table count to

calculate earnings. For the other two participants in the neighborhood, the unconditional

contribution counts to calculate earnings. How is this done? If the participant is chosen

to have his contribution table count for earnings, first the unconditional contributions to

the group project of his neighbors are averaged and rounded to the nearest integer (e.g.

0,1,2,...,20). Then, the contribution table of the participant is used to determine how many

tokens the participant contributes to the group project. The number of tokens contributed

is the amount he specified for the average contribution of his neighbors.

So, if the average contribution of his neighbors is 16 tokens, and he specified 10 tokens

if the average contribution of his neighbors is 16, the total contributed to the group project

by everyone in the neighborhood would be 42 (16×2+10) tokens.

You will not know if advance which decision, the unconditional contribution or the

contribution table, will count to determine your earnings, so you should make each decision

as though it will count for your earnings.

The following examples should help make this procedure clear.

Example 1: Suppose the contribution table was randomly chosen to count for you.

This means that the decisions you made in the contribution table determine your earnings.

For the other two neighbors their unconditional contributions determine their earnings.

Suppose that the total contributions of the other two neighbors are 26 tokens, and the

average contribution 13 tokens (26 tokens/2). In your contribution table, suppose you

chose to contribute 4 tokens if the average contribution of your neighbors is 13, then your

earnings for Task 1 would be: 20 - 4 + 0.4 × (4 + 26) = 28. If instead you chose to

contribute 14 if the average contribution of neighbors is 13, your payoff would be: 20 - 14

+ 0.4 × (14 + 26) = 22.

Example 2: Suppose the unconditional contribution was randomly chosen to count for
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your earnings. Also, suppose that the unconditional contribution of the neighbor who was

not selected for the contribution table to count is 12. If your unconditional contribution is

20, then the average unconditional contribution is 16 tokens ((20 + 12)/2). If the neighbor

selected to have his contribution table count chose 18 tokens if the average contribution of

his neighbors is 16, then your earnings are: 20 - 20 + 0.4 × (20 + 12 + 18) = 20.

Are there any questions before we begin?
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Instructions for Task 2 − B-Task

In the B-Task, you will be randomly assigned to a 3-participant neighborhood as described

earlier. Your neighbors in Task 2 may be different from your neighbors in Task 1, however,

you will remain with the same neighbors for all decisions you make in Task 2.

The B-Task lasts for several rounds. The number of rounds is randomly determined.

In each round, you face the basic decision situation described at the beginning of the

experiment. After each round, there is an 85% probability that there will be one more

round. So, for instance, if you are in round 2, the probability there will be a third round

is 85% and if you are in round 9, the probability there will be another round is also 85%.

How this works is as follows. After each round, the computer will randomly draw a number

between 1 and 100 (e.g. 1, 2, 3,..., 100), where each number is equally likely to be chosen.

If the chosen number is 85 or lower, there will be another round. If the chosen number is

86 or above, there will be no additional rounds, and the task will end. You will know there

is another round if you see the decision screen again and are asked to make a decision. If

the task ends, you will get a message saying the task is done. You will not know ahead of

time for how many rounds you will make decisions.

In each round, you will be given 20 tokens and must decide how many tokens you would

like to contribute to the group project and how many you would like to put in your private

account. You will receive earnings only from the group project that involves participants

in your neighborhood. Your earnings from your contribution decision in a given round are

determined as:

Your total earnings in a round = 20 - your tokens contributed to the group project +

0.4 × sum of tokens contributed to the group project by all members of your neighborhood

You will participate in the decision situation repeatedly with the same neighbors, until

it is randomly determined that there are no more rounds.

112



You will make decisions on a screen such as the following:

Figure 2.10: Decision Screen for contribution choice in repeated game

Here is an example to explain how earnings are calculated in each round:

Example 1: Suppose you chose to contribute 12 tokens and your neighbors chose to

contribute 30 tokens in total. Your earnings in that round would be: 20 - 12 + 0.4 × (12

+ 30) = 24.8 tokens.

In each round, after you decide how much to contribute to the group project, you will

be asked to guess the average contribution to the project (rounded to the nearest integer) of

your two neighbors. You will receive tokens for the accuracy of your estimate. If your guess

is exactly equal to the average contribution of your neighbors you will receive 3 tokens in

addition to your earnings for that round. If your guess was off by 1 token, you will get 2
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additional tokens. If your guess was off by 2 tokens, you will get 1 additional token. And,

if your guess was off by 3 or more tokens, you will get 0 additional tokens.

When everybody in your neighborhood has completed the two decisions, you will be

shown each of their contributions, the total contributions to the group project, and the

average contribution. You will only be informed of the contributions of those in your neigh-

borhood. You will not be informed of contributions of participants in other neighborhoods.

You will also be informed of your earnings for the current round.

Once all subjects in the experiment have completed the two decisions and are told their

earnings and the contributions of their neighbors in the current round, the computer will

randomly draw a number between 1 and 100 to see if everyone plays another round. If there

is not another round, the task is done.

Are there any questions before we begin?
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Instructions for Task 3 − A-Task

In Task 3, you will make two decisions again as you did in the Task 1 A-Task. The difference

between this task and Task 1 is that for each token contributed to the group project you,

and the other two neighbors, will get 0.8 tokens back.

Things to remember:

1. You will be randomly placed on the network at the beginning of the task and assigned

to a 3-participant neighborhood. Your neighbors in this Task 3 may be different than

in the previous two tasks.

2. You will make two decisions.

3. The first decision, the unconditional contribution, is how many of your 20 tokens you

want to contribute to the group project.

4. The second decision, completing the contribution table, is how many of your 20 tokens

you want to contribute to the group project for each possible average contribution of

your neighbors (e.g. 0, 1, 2,..., 20).

5. Each token contributed to the group project will earn 0.8 tokens for each participant

in the neighborhood.

6. One of the two decisions, the unconditional contribution or the contribution table, will

be randomly chosen to determine earnings. You will not know ahead of time which

decision will count.

Are there any questions before we begin?
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Instructions for Task 4 − B-Task

In Task 4, you will make decisions again as you did in the Task 2 B-Task. The difference

between this task and Task 2 is that for each token contributed to the group project you,

and the other two neighbors, will get 0.8 tokens back.

Things to remember:

1. You will be randomly placed on the network at the beginning of the task and assigned

to a 3-participant neighborhood. Your neighbors in Task 4 may be different than in

the previous tasks, however, you will remain with the same neighbors for all rounds

in this task.

2. You will face the same decision situation for several rounds. You must decide how

many of your 20 tokens you want to contribute to the group project.

3. The number of rounds is randomly determined. After each round, there is an 85

4. If there is another round, you will see a decision screen to make another choice. If

there is not another round, you will be a message saying the task is over.

Are there any questions before we begin?
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2.8.2 Group Level Contributions and Beliefs

In experiments with Strangers’ matching, which randomly shuffle participants across groups

in each round, the unit of interaction is all participants in a session in a repeated game. In

contrast, the unit of interaction in our repeated games is a 3-person group since our design

uses fixed groups in repeated games (the Partners’ matching). Therefore, contribution

and beliefs patterns at a group level rather than the session level are more informative in

understanding the contribution dynamics in the repeated games. Figures 2.11, 2.12, 2.13

and 2.14 provide plots of average contributions and beliefs across groups in the experiments.

We have in total 50 distinct groups in R1 and R2 each. 25 of the groups involve high MCPR

and 25 of the groups involve low MPCR in each case. We have split the groups according to

the level of MPCR in the figures. Each group level plot contains information about group

number, whether it is from R1 or R2, the type of repetition (I - Indefinitely repeated, F-

finitely repeated), MPCR (0.4 or 0.8) and composition of the group in format of (no. of

FR - no. of CC - no. of FC - no. of NC) in its title. The type information is computed

using the classification algorithm using LCP (Kurzban & Houser, 2005). The x-axis label

of each plot contains information about the individual level first round contribution and

corresponding types. Types are coded as FR-1, CC-2, FC-3, NC-4.

2.8.3 Arifovic-Ledyard Model of Social Preferences and Type Switches

Monetary payoff from contributing c

πi = ei − ci + α

Ng∑
j=1

cj

Arifovic-Ledyard (2012) specification: Utility derived for agent i from contributing
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Figure 2.11: Group level contributions and beliefs in R1 - Low MPCR (0.4)
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Figure 2.12: Group level contributions and beliefs in R1 - High MPCR (0.8)
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Figure 2.13: Group level contributions and beliefs in R2 - Low MPCR (0.4)
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Figure 2.14: Group level contributions and beliefs in R2 - High MPCR (0.8)
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amount c when others contribute o on average:

ui(c, o) = πi(c, o) + βiπ̄(c, o)− γimax{0, π̄(c, o)− πi(c, o)}

Where βi ≥ 0; γi ≥ 0; π̄ =
∑
πi

N

From equation (2) in Arifovic & Ledyard (2012), three equilibria are possible for a given

combination of β ≥ 0 and γ ≥ 0 of an individual: Free Riding(FR), Conditional Cooperation

(CC), and Full Cooperation (FC). We derive conditions for these three possibilities below

for each MPCR levels in our experiments:

• When MPCR = 0.4

FR: 0 ≥ 0.07β − 0.6

CC: 0.67γ ≥ 0.07β − 0.6 ≥ 0

FC: 0.67γ ≤ 0.07β − 0.6

• When MPCR = 0.8

FR: 0 ≥ 0.47β − 0.2

CC: 0.67γ ≥ 0.47β − 0.2 ≥ 0

FC: 0.67γ ≤ 0.47β − 0.2

Our data is unique in the sense, we have observations for a given individual under

MPCR = 0.4 and MPCR = 0.8. This makes it possible to see if type switches are in

congruence with what theory allows. For example, according to the theory some of

the transitions among types are not impossible (for example, a person cannot switch

from being a Free Rider to a Conditional Cooperator when MPCR changes from 0.8

to 0.4).
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• Possible Switches

– switching from FR - CC when MPCR changes from 0.4 and 0.8:

β ∈ [0, 8.57] and β ∈ [0.42, 1.40γ + 0.42]

– switching from FR - CC when MPCR changes from 0.8 and 0.4:

β ∈ [0, 0.42] and β ∈ [8.57, 9.43γ + 8.57] (Not Possible)

– switching from FR - FC when MPCR changes from 0.4 and 0.8:

β ∈ [0, 8.57] and β ∈ [1.40γ + 0.42,∞]

– switching from FR - FC when MPCR changes from 0.8 and 0.4:

β ∈ [0, 0.42] and β ∈ [9.43γ + 8.57,∞] (Not Possible)

– switching from CC - FC when MPCR changes from 0.4 and 0.8:

β ∈ [8.57, 9.43γ + 8.57]and β ∈ [1.40γ + 0.42,∞]

– switching from CC - FC when MPCR changes from 0.8 and 0.4:

β ∈ [0.42, 0.42 + 1.40γ] and β ∈ [9.43γ + 8.57,∞] (Not Possible)

• No Switch Conditions

– FR - FR in both cases β ≤ 0.43 & β ≤ 8.57

– CC-CC β ∈ [8.57, 9.43γ + 8.57] & β ∈ [0.42, 0.42 + 1.40γ]

– FC-FC β ∈ [9.43γ + 8.57,∞]& β ∈ [1.40γ + 0.42,∞]

2.8.4 Separate Estimation of Strategic and Repeated Experiments

Table 2.14 presents the estimates of the social preference parameters and the random choice

probability parameter for strategy and repeated games separately.

2.8.5 Econometric Model - Empirical Identification

To investigate empirical identification of the econometric model we used in Results section,

we set up a Monte Carlo experiment. Following the procedure outlined in (Cherchi & de
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Table 2.14: Separate estimation of β, γ and ω

Strategy Game Data Repeated Game Data

Median (β) 10.23*** 17.92***
(0.81) (0.15)

σβ 3.09*** 2.01***
(0.029) (0.0037)

Median (γ) 11.45*** 13.28***
(0.91) (0.083)

σγ 1.79*** 1.76***
(0.016) (0.0041)

Median (ω) 0.12*** 0.36***
(0.017) (0.036)

σω 3.34*** 1.67***
(0.24) (0.19)

N 150 150
LL -13625 -4964

Notes: ∗p < 0.1, ∗ ∗ p < 0.05, ∗ ∗ ∗p < 0.01. Coefficients are transformed back to the original scale. A
treatment effect is the (partial) effect of moving from the baseline treatment to the corresponding treatment
on the median parameter value. Standard errors are calculated using the sandwich estimator and treating
all of each subjects choices as a single super observation. The entries for σ are the standard deviations of
the untransformed normal distributions of the random coefficients.

Dios Ortúzar, 2008), we simulated a collection of data sets following the decision making

process outlined in Section 2.5. In this exercise, we generated artificial datasets involving

150 individuals making decisions across P1 and P2 games as described in Section 2.2. We

have used the parameter estimates obtained using the minimal model estimation without

any co-variates using only strategy game data as reported in Table 2.14 to generate artificial

data sets. Monte carlo procedure is as follows:

• For each data set i in [1..50]

1. for each individual j in [1...150]

– Draw βj , γj and ωj from distributions specified by original parameters

– Generate series of choice situation corresponding P1 and P2 experiments

with MPCR levels 0.4, 0.8 respectively
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Table 2.15: Empirical identification results for log-normal specification of parameters

Parameter True Recovered† Bias T-stat Cohen’s d MSE

µβ 2.22 (9.21) 2.23 (9.80) 0.0073 0.15 0.022 0.11
σβ 2.68 2.96 0.28 3.31*** 0.47 0.43
µγ 2.17 (8.81) 2.19 (9.30) 0.018 0.48 0.064 0.072
σγ 1.59 2.07 0.48 7.04*** 0.99 0.46
µω -0.73 (0.33) -0.92 (0.29) -0.19 -6.94*** -0.98 0.072
σω 1.61 1.64 0.024 1.15 0.016 0.023

Notes:
1. ∗p < 0.1,∗∗ p < 0.05,∗∗∗ p < 0.01
2. In brackets transformed median value

– In each choice situation

∗ compute utilities of each contribution level using βj , γj

∗ Add EV1 error to the utility of each contribution and call it the observed

utility

∗ Draw a random number r from Uniform[0,1]. if r < (1− ωj) choose the

contribution level with highest observed utility . Otherwise, choose each

contribution level with equal probability.

2. Run estimation as outlined in Section 2.5 and collect the estimated parameters.

Table summarizes results from the Monte Carlo experiment outlined above. It can be

seen that original parameters used in generating data are recovered very closely. However in

two instances, σβ, σγ and µω, the recovered parameters seem to be statistically significantly

different from true parameter values. While the t-tests show that we can reject the true

parameter being the mean of the distribution represented by recovered parameters, we can

observe that MSE (bias2 +variance) is quite small in these cases. For σβ, σγ , the bias could

be arising due to unbounded nature of log-normal distribution.
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Table 2.16: Estimation of β, γ and ω using strategy experiments: Logistic-normal specifi-
cation

Parameter Estimate

Median (β) 13.34***
(0.15)

σβ 5.28***
(0.09)

Median (γ) 43.83***
(0.27)

σγ 4.27***
(0.021)

Median (ω) 0.30***
(0.061)

σω 1.55***
(0.15)

N 150
LL -13601

Notes: ∗p < 0.1, ∗ ∗ p < 0.05, ∗ ∗ ∗p < 0.01. Coefficients are transformed back to the original scale. A
treatment effect is the (partial) effect of moving from the baseline treatment to the corresponding treatment
on the median parameter value. Standard errors are calculated using the sandwich estimator and treating
all of each subjects choices as a single super observation. The entries for σ are the standard deviations of
the untransformed normal distributions of the random coefficients.

2.8.6 Alternative Specifications of Distributions of Social Preference Pa-

rameters and Identification

As alternative to the log-normal specification of β, γ, in this appendix we explored a logistic-

normal specification and its empirical identifiability. Both specifications are theoretically

identified. Table 2.16 presents estimation results from logistic-normal specification using

data from strategy experiments. We use these estimates to do an empirical identification

exercise as described in Appendix 2.8.5. The results from the empirical identification exer-

cise are presented in Table 2.17. We conclude from the large bias in identified parameters

in Table 2.17 that this specification has significant problems with empirical identification

given our design and sample size.
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Table 2.17: Empirical identification of logistic-normal specification

Parameter True Recovered† Bias T-stat Cohen’s d MSE

µβ -1.87 (13.34) -1.23 (22.99) 0.63 13.35*** 1.88 0.51
σβ 5.29 6.84 1.56 8.032*** 1.14 4.34
µγ -0.25 (43.83) -0.039 (48.92) 0.21 3.36*** 0.48 0.23
σγ 4.28 4.38 0.10 0.51 0.072 1.99
µω -0.83 (0.30) -0.98 (0.27) -0.15 -7.14*** -1.01 0.043
σω 1.55 1.56 0.018 0.94 0.13 0.018

Notes:
1. ∗p < 0.1,∗∗ p < 0.05,∗∗∗ p < 0.01
2. In brackets transformed median value

Table 2.18: Types in P1 and P2 across different levels of MPCR computed using the LCP
method

Type P1-Low P1-High P2-Low P2-High

Free Riders 20 (27%) 16 (21%) 34 (45%) 20 (27%)
Conditional Cooperators 45 (60%) 44 (59%) 26 (35%) 43 (57%)
Full Contributors 7 (9%) 10 (13%) 11 (15%) 9 (12%)
Noisy Contributors 3 (4%) 5 (7%) 4 (5%) 3 (4%)

Total 75(100%) 75 (100%) 75(100%) 75(100%)

2.8.7 Distribution of Types Based on Classification using LCP

Table 2.18 presents the distribution of types in P1 and P2 experiments at different levels of

MPCR.

2.8.8 Belief Formation in Repeated Games

We used the regression approach of Fischbacher and Gächter (2010) to study belief formation

in repeated games. Regressions are conducted with the belief in a given round as the

dependent variable and the belief from the previous round and the average contribution

of other members of the group in the previous round as explanatory variables. Table 2.19
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Table 2.19: Beliefs in repeated games

Belieft (1) (2) (3)

Belieft−1 0.38*** 0.39*** 0.38***
(0.034) (0.088) (0.028)

Average Others’ Contributiont−1 0.62*** 0.62*** 0.62***
(0.034) (0.084) (0.032)

Constant -0.026 0.049 -0.056
(0.14) (0.48) (0.10)

Obs 1920 720 1200
R2 0.87 0.85 0.88

∗p < 0.1,∗∗ p < 0.05,∗∗∗ p < 0.01
Robust standard errors clustered at session level in parentheses

presents the regression estimates. Model (1) presents results for all sessions, whereas Models

(2) and (3) report results for sessions with finitely repeated and indefinitely repeated games

respectively. In all cases, the coefficient on the constant is insignificant and the sum of

the coefficients on the belief and average contribution of others in the previous round is

not different from one (all sessions: F (1, 9) = 0.44, p = 0.522; finitely repeated sessions:

F (1, 3) = 0.01, p = 0.944; indefinitely repeated sessions: F (1, 5) = 0.89, p = 0.388). Beliefs

in a given round are updated as a weighted average of the beliefs in the previous round and

average of the others’ contributions in the previous round. The results are consistent with

the findings in Fischbacher and Gächter (2010), and they use Strangers’ matching in the

experiments. The regression coefficients are not different across the finitely and indefinitely

repeated games (Chow-test, F (3, 9) = 0.04, p = 0.990). Thus, we conclude that belief

formation is identical across finitely and indefinitely repeated games.
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2.8.9 Validation Experiment Instructions

INSTRUCTIONS

Welcome and thank you for participating in todays economic experiment. Please put

away all your belongings and turn off your cell phones. You are not allowed to talk to any

other participant during the experiment. If you have any questions, please raise your hand.

We will come to you and answer your questions in private. The experiment will be run

entirely on the computer and all interactions between yourself and others will take place

via the computer terminal.

You have earned $5 just for showing up on time. This is yours to keep. In addition,

depending upon the decisions you make, the decisions others make and random choice, you

can earn more money. These instructions describe in detail the experiment and the tasks

you are asked to complete.

During the experiment, your earnings will be described in terms of tokens. At the end

of the experiment, the total number of tokens you have earned will be converted to money

at the following rate:

20 tokens = $1 (1 token = 5 cents)

The experiment consists of two tasks. You will receive instructions for each task prior

to making decisions for that task. Your total earnings from the experiment will be the sum

of your earnings in each task. At the end of the session, the total number of tokens earned

across the two tasks will be converted to money and paid to you privately in cash, along

with the $5 show-up fee.

In each task, all participants will be randomly divided in groups of four members.

Participants do not know who is in which group.
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The Decision Situation

You will be a member of a group consisting of 4 people. Each group member is provided

with 20 tokens and must decide how to allocate the tokens between a private account and a

group project. You can choose to contribute none, all, or some of your tokens to the group

project. The tokens you choose not to contribute to the group project will remain in your

private account. Everyone makes the same decision.

For each token put in the private account you earn exactly one token. For example, if

you put 20 tokens into your private account (and therefore do not contribute to the group

project) your earnings from this account will be 20 tokens. If you put 6 tokens into your

private account, your earnings from this account will be 6 tokens. You are the only one

who earns tokens from your private account.

What you earn from the group project depends on the total number of tokens that

you and the other members in your group contribute to the group project and a return

rate. The return rate, denoted by M, specifies how much a token contributed to the group

project returns to every member of the group. The return rate M will always be strictly

between 0.25 and 1 in the experiment. For example, if the return rate is 0.5, then each

token contributed to the group project returns 0.5 tokens to every member of the group.

You will always be told the return rate before you make your contribution decision. The

more each member of the group contributes to the group project, the more each member

earns from the group project.

Your earnings from the group project are best explained by a number of examples.

Example 1: Suppose that you decided to contribute no tokens to the group project

but the three other members in your group contribute a total of 40 tokens. This makes a

total contribution of 40 tokens to the group project.

Suppose each token contributed to the group projects returns M = 0.3 tokens to each

group member. Then your earnings from the group project would be 40 tokens × 0.3 = 12

tokens. Everyone else in your group would also earn 12 tokens from the group project.

Suppose instead that each token contributed to the group projects returns M = 0.5
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tokens to each group member. Then your earnings from the group project would be 40

tokens × 0.5 = 20 tokens. Everyone else in your group would also earn 20 tokens from the

group project.

Suppose instead that each token contributed to the group projects returns M = 0.8

tokens to each group member. Then your earnings from the group project would be 40

tokens × 0.8 = 32 tokens. Everyone else in your group would also earn 32 tokens from the

group project.

Example 2: Suppose that you decided to contribute 10 tokens to the group project

and the three other members in your group contribute a total of 40 tokens. This makes a

total contribution of 50 tokens to the group project.

Suppose each token contributed to the group projects returns M = 0.3 tokens to each

group member. Then your earnings from the group project would be 50 tokens × 0.3 = 15

tokens. Everyone else in your group would also earn 15 tokens from the group project.

Suppose instead that each token contributed to the group projects returns M = 0.5

tokens to each group member. Then your earnings from the group project would be 50

tokens × 0.5 = 25 tokens. Everyone else in your group would also earn 25 tokens from the

group project.

Suppose instead that each token contributed to the group projects returns M = 0.8

tokens to each group member. Then your earnings from the group project would be 50

tokens × 0.8 = 40 tokens. Everyone else in your group would also earn 40 tokens from the

group project.

As you can see, it does not matter who contributes tokens to the group project. Everyone

will get a return from every token contributed-whether they contributed tokens in the group

project or not.

Your total earnings will be the sum of the tokens you earn from your private account

and the tokens you earn from the group project. Therefore, your total earnings will be:

Your total earnings = 20 - your tokens contributed to the group project + M × sum of

tokens contributed to the group project by everybody in your group
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You will now complete some questions to make sure everyone understands how earnings

are calculated.
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Questions

Subject number:

Please answer the following questions. These will help you understand how earnings are

calculated. Your payoff is not affected by your answers to these questions.

Each token in the private account earns 1 token.

1. Each participant has 20 tokens. Suppose you contribute 10 tokens to the group

project and the other three other members in your group contribute 40 tokens in total.

Each token in the group project earns M = 0.5 tokens for each participant in the group.

What are your earnings from your private account?

What are your earnings from the group project?

What are the earnings of your group members from the group project?

What are your total earnings?

2. Each participant has 20 tokens. Suppose you contribute 20 tokens to the group

project and the other three members in your group contribute 30 tokens in total. Each

token in the group project earns M = 0.8 tokens for each participant in the group.

What are your earnings from your private account?

What are your earnings from the group project?

What are the earnings of your group members from the group project?

What are your total earnings?

3. Each participant has 20 tokens. Suppose you contribute 12 tokens to the group

project and the other three members in your group contribute 38 tokens in total. Each

token in the group project earns M = 0.3 tokens for each participant in the group.

What are your earnings from your private account?

What are your earnings from the group project?

What are the earnings of your group members from the group project?

What are your total earnings?
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Instructions for Task 1 - A-Task

In the A-task, you will make a choice for the decision situation described earlier. You

will have 20 tokens and must decide how many to put into your private account and the

group project. You will be randomly assigned to a 4-member group and will not know who

is in your group.

Each token contributed to group project in this task returns M = 0.5 tokens to each

group member.

Each participant has two decisions to make in this task: make an unconditional contri-

bution and complete a contribution table.

Unconditional Contribution: In this decision, you must decide how many of the 20

tokens you would like to contribute to the group project. You will make your decision on a

screen such as the following.

Figure 2.15: Decision screen for unconditional contribution choice in strategy games
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Contribution Table: In this decision, you must decide how many tokens you would

like contribute to the group project for each possible average contribution of the other group

members (e.g. 0, 1, 2,..., 20). That is, if the other group members contributed 0 tokens

on average, how much would you contribute? If they contributed 1 token on average, how

much would you contribute? If they contributed 2 tokens on average, how much would you

contribute? And so on, up to 20 tokens on average.

This means that in total you have to give 21 responses. You will make your decisions

on a screen such as the following:

Figure 2.16: Decision screen for conditional contribution table in strategy games
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Once each participant has made the unconditional decision and completed the contribu-

tion table, the computer will randomly determine if the unconditional contribution or the

contribution table will be used to determine your earnings. In each group, one of the four

participants is randomly chosen to have the contribution table count to calculate earnings.

For the other three participants in the group, the unconditional contribution counts to cal-

culate earnings. How is this done? If the participant is chosen to have his contribution table

count for earnings, first the unconditional contributions to the group project of the three

other members in his group are averaged and rounded to the nearest integer (e.g. 0,1,2,

,20). Then, the contribution table of the participant is used to determine how many tokens

the participant contributes to the group project. The number of tokens contributed is the

amount he specified for the average contribution of the other members in his group.

For example, if the average contribution of the other group members in his group is 16

tokens (48 tokens/3), and he specified 10 tokens if the average contribution of the other

group members is 16, the total contributed to the group project by everyone in the group

would be 58 (10 + 48) tokens.

You will not know in advance which decision, the unconditional contribution or the

contribution table, will count to determine your earnings, so you should make each decision

carefully as though it will count.

The following examples should help make this procedure clear.

Example 1: Suppose the contribution table was randomly chosen to count for you. This

means that the decisions you made in the contribution table determine your earnings. For

the other three members of your group their unconditional contributions determine their

earnings. Suppose that the total contribution of the other three group members is 39 tokens,

and the average contribution 13 tokens (39 tokens/3). In your contribution table, suppose

you chose to contribute 11 tokens if the average contribution of the other group members is

13, then your earnings for Task 1 would be: 20 - 11 + 0.5 × (11 + 39) = 34. If instead you

chose to contribute 1 if the average contribution of the other group members is 13, your

payoff would be: 20 - 1 + 0.5 × (1 + 39) = 39.
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Example 2: Suppose the unconditional contribution was randomly chosen to count for

your earnings. Also, suppose that the unconditional contributions of the two group members

who were not selected for the contribution table to count are 12, 18. If your unconditional

contribution is 20, then the average unconditional contribution is 17 tokens ((20 + 12 +

18)/3). If the group member selected to have his contribution table count chose 10 tokens

if the average contribution of his other group members is 17, then your earnings are: 20 -

20 + 0.5 × (20 + 12 + 18 + 10) = 30.

Are there any questions before we begin?

Instructions for Task 2 - B-Task

In the B-Task, you will be randomly assigned to a group of four as described earlier.

Your group members in Task 2 may be different from your group members in Task 1,

however, you will remain with the same group members for all decisions you make in Task

2.

The B-Task lasts for 10 rounds. In each round, you will be given 20 tokens and must

decide how many tokens you would like to contribute to the group project and how many

you would like to put in your private account.

Prior to making your contribution decision in each round, you will be informed of the

return amount M (0.25 < M < 1) from each token contributed to the group project by your

group. The return amount M could change across rounds. If each token contributed to the

group project returns M tokens to each group member in a given round, your earnings from

your contribution decision in that round are:

Your total earnings = 20 - your tokens contributed to the group project + M × sum of

tokens contributed to the group project by everybody in your group

You will participate in the decision situation repeatedly with the same group members

for all 10 rounds.

You will make decisions on a screen such as the following:
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Figure 2.17: Decision Screen for contribution choice in repeated game

Here is an example to explain how earnings are calculated in each round:

Example 1: Suppose the return rate M = 0.5 tokens for a particular round. Suppose

you chose to contribute 10 tokens and the other three group members chose to contribute

40 tokens in total in that round. Your earnings in that round would be: 20 - 10 + 0.5 ×

(10 + 40) = 35 tokens.

In each round, after you decide how much to contribute to the group project, you will

be asked to guess the average contribution to the project (rounded to the nearest integer)

of the three other members of your group. You will receive tokens for the accuracy of your

estimate. If your guess is exactly equal to the average contribution of the other group

members, you will receive 3 tokens in addition to your earnings for that round. If your

guess was off by 1 token, you will get 2 additional tokens. If your guess was off by 2 tokens,

you will get 1 additional token. And, if your guess was off by 3 or more tokens, you will get

0 additional tokens.

When everybody in your group has completed the two decisions in a given round, you
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will be shown the total contributions to the group project, the average contribution of the

other three group members, and your total earnings in that round.

Once all subjects in the experiment have completed the two decisions and are told their

earnings and the average contribution of their group members in the current round, the

task proceeds to the next round. After the 10th round, the task is done and there will be

no more rounds.

Are there any questions before we begin?
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Chapter 3: Cooperation in Networked Communities: An

Experiment and an Empirical Agent-Based Model

Abstract

Understanding the fundamental patterns and determinants of cooperation within social groups re-

mains a challenge across disciplines. It has become an accepted paradigm that social networks are

important determinants of group outcomes. Results from agent-based simulations suggest that pres-

ence of a network structure that constrains the interaction among individuals can prevent complete

free riding in social dilemmas. Furthermore, social diversity due to degree heterogeneity in networks

was found to enhance cooperation significantly. However, the behavioral specification of agents in

these studies is often formulated after evolutionary mechanisms inspired from microbiology. In this

Chapter, I empirically investigate individual decision making in network public goods games using

incentivized experiments. Econometric investigations of the experimental data show that choices in

repeated network public goods games are explained by social preferences and reinforcement learning.

Using an empirical agent-based model in which behavioral specification of agents is derived from the

experimental data, I show that degree heterogeneity, network size, network density, and the average

path length of a network have no significant effect on the cooperation levels in public goods games.

These results demonstrate that agent-based models based on empirical micro-foundations can lead

to very different conclusions than that of agent-based models based on micro-foundations extrapo-

lated from other domains like that of biology. The empirical agent-based model shows that reducing

the price of cooperation in the first round can sustain higher levels of cooperation over later rounds

of a repeated game. This is due to the way social preferences interact with the price of cooperation

and the high inertia associated with reinforcement learning. These insights illustrate that empirical

understanding of determinants of behavior in social dilemmas is instrumental to explore effective

mechanisms that can promote cooperation using agent-based models.
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3.1 Introduction

In this Chapter, I study cooperation in networked communities using empirical agent-based

models in which behavioral specification of agents is derived from the econometric analysis

of data from behavioral experiments. I use a network public goods game as the prototypi-

cal framework to study the problem of cooperation in networks. In a network public goods

game, individuals engage in “local” public goods games over a network structure. Numerous

studies have used agent-based models to demonstrate that the presence of network structure

is sufficient to sustain higher levels of cooperation in cooperative dilemmas including public

goods games (Nowak, Bonhoeffer, & May, 1994; Nowak, 2006; Szabó & Fáth, 2007; F. San-

tos, Santos, & Pacheco, 2008; Poncela, Moreno, et al., 2007; Roca, Cuesta, & Sánchez,

2009). Furthermore, social diversity introduced by heterogeneous graphs like scale-free net-

works is found to enhance significantly higher levels of cooperation compared to that of

homogeneous graphs like regular lattices (F. C. Santos & Pacheco, 2005; F. Santos et al.,

2008).

There are two main concerns with the results in the earlier studies about the effect of

network structure on cooperation in social dilemmas. First, the behavioral specification of

agents in these studies is inspired from insights in microbiology. The agents are assumed to

imitate the behavior of more successful individuals in their neighborhoods. The neighbor-

hood of an individual includes itself and all the individuals that are connected to it on a

network. In some cases, this imitation is extremely simple in that agents imitate the strat-

egy of the most successful neighbor (Nowak et al., 1994).1 Success is measured in terms

of the payoff obtained in the previous round or cumulative payoff achieved until the cur-

rent round of play. Sometimes, imitation is stochastic (F. Santos et al., 2008). One of the

given agent’s neighbors is randomly picked. If the randomly chosen neighbor had achieved

a higher payoff then the agent imitates the strategy of the randomly picked neighbor with

a probability proportional to the difference between the payoff of the neighbor and that

1An agent is a neighbor of itself.
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of the agent. While this behavioral description could be best suited to describe decision

making of micro-organisms studied in microbiology, it is unclear if it is a good description

of how humans make decisions in strategic environments. Second, recent experiments with

public goods games over networks have shown no evidence of network structure affecting

cooperation levels achieved in a significant manner (Suri & Watts, 2011; Rand, Arbesman,

& Christakis, 2011; Wang, Suri, & Watts, 2012). However, the absence network effect in

these experiments may not necessarily mean networks are irrelevant in promoting coopera-

tion. A potential problem with these experimental studies is the size of the networks under

consideration. In these studies, the networks are too small so they may not be presenting

opportunities for significant aggregate differences in outcomes. At the same time, it is also

impractical to conduct experiments with thousands of individuals. Large scale experiments

can be very expensive and cumbersome. Furthermore, there could be logistic issues in

terms of having a lab to accommodate thousands of individuals. In this Chapter, I address

the difficulties in empirically investigating the effects networks could have on cooperation

in network public goods games by merging experiments and agent-based models. I derive

empirical behavioral specification of agents using the data from lab experiments. I then de-

ploy these agents in agent-based models to explore the network effects on cooperation. The

empirical agent-based model thus obtained helps one to overcome the limitations of lab ex-

periments in studying large scale networks. Moreover, the empirical behavioral specification

derived from experimental data helps one to do away with unverified theoretical behavioral

specification of agents. Finally, empirical agent-based models can be used to systematically

explore practically countless counterfactual scenarios. For example, the average path length

of a network can be varied in the simulations to study the effect of the average path length

on cooperation. Likewise, the average clustering coefficient can be varied systematically to

study its effects on the aggregate cooperation levels.

While the data from the study of Suri and Watts (2011) on network public goods

games can be used to elicit the empirical behavioral specification of agents, there are a few

concerns in doing so. First, the experiments in their paper are conducted over internet using
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Amazon Mechanical Turk (AMT), and when participants dropped out from the experiments

before they ended a computer program made decisions for those participants. If one drops

all the sessions where at least one participant dropped out before an experiment ended,

the resulting dataset is quite small. Second, some of the experiments involved computer

programs making decisions alongside with human participants. The main goal was to

embed a full cooperator or a full free rider in the network and study their effect on human

participants. This arrangement could potentially have a significant effect on the social

preferences and/or learning of human participants. If participants knew that there are

non-human agents in the experiment, their behavior could potentially be very different

since their concern for the welfare of computer programs could be different to that of

their concern for the welfare of human participants. This introduces complications in the

estimation of social preferences and understanding their role in the decision making process

of individuals. Finally, the data from these experiments consists of choices made only

in repeated environments and thus poses a challenge in disentangling the roles of social

preferences and leaning in repeated network public goods games. In Chapter 2, I found

that both social preferences and learning are important in explaining choices in repeated

games. Without having a measurement of social preferences separately, it will be challenging

to understand to what extent behavior is due to social preferences and to what extent it is

due to learning in a repeated game. Therefore, I do not use data from the study of Suri

and Watts (2011) to derive the behavioral specification of agents.

Local public goods games that individuals participate in network public goods games

are identical to that of public goods games encountered in Chapter 1 and Chapter 2. The

analyses of experimental data in Chapter 1 and Chapter 2 have shown that contribution

choices in repeated public goods games are best described by social preferences of partic-

ipants affecting the choice of first round contributions and then subsequent contributions

based on payoff-based reinforcement learning. At first, it is tempting to think that one

could directly deploy this empirical behavioral specification for agents to study cooperative

behavior in networked environments. However, such an “extrapolation” of behavior from
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non-networked environments to networked environments implicitly assumes that social pref-

erences and learning are identical in networked and non-networked environments. It remains

an open question if these assumptions are true. To this end, I empirically investigate social

preferences and learning in network public goods games. To do so, I use data from behav-

ioral experiments. The experimental design is based on that of Fischbacher and Gächter

(2010) and is identical to the experimental design in Chapter 2 except that participants are

placed on a network. These experiments are designed to observe the behavior of a given

participant in four network public goods game settings. These are a one-shot conditional

contribution game (labeled the P-task) and a repeated game (labeled the R-task) at two

different costs to cooperate (i.e. marginal per capita return (MPCR) levels), one low and

one high, that preserve the social dilemma. The one-shot game uses the strategy method to

elicit an unconditional contribution and conditional contributions based on several possible

average contributions of the neighbors on the network of a given participant. Each one-shot

game is then followed by a repeated game at the same MPCR level. In this game, for each

participant along with a contribution decision in each round, I also elicited a belief about

the average contribution of his neighbors on the network. The elicited beliefs allow for an

examination of belief learning over rounds. The one-shot and repeated game sequence is

then conducted again at a different MPCR level. In addition, across sessions but not within

sessions, I varied whether the repeated games were finite or indefinite. The data from in-

definitely repeated games in conjunction with data from finitely repeated games allows me

to study if individuals learn differently across these two environments. Finally, the order of

which MPCR is seen first is also reversed across sessions to control for experience effects.

Thus, the experimental design is identical to that of the experimental design in Chapter 2.

The only difference is that groups are separate in the Partners’ matching of experiments in

Chapter 2 whereas here groups (neighborhoods to be precise) overlap since individuals are

connected via a network. This provides a cleaner comparison of data from two experiments

to see if the presence of network alone affects contributions in any significant manner.

The results in this Chapter are presented in two stages. The first stage results concern
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with the decision making of individuals in repeated network public goods games. I find that

contributions and beliefs in repeated network public goods games are identical to that of

non-network public goods games (Partners’ treatment) considered in Chapter 2. Thus, the

presence of a network does not seem to be affecting contributions. I also find that the dis-

tribution of cooperative types (free riders, conditional cooperators, and full cooperators) in

network public goods games is identical to that of the distribution of types in non-network

public goods games. I find that the estimated distribution of social preference parameters is

reasonably successful in explaining the aggregate changes in the distribution of cooperative

types when prices change. The model is able to predict an increasing proportion of full co-

operators when the price of cooperation gets smaller. Finally, identical to the non-network

case, I find that contribution choices in repeated network public goods games are best de-

scribed by social preferences of participants affecting the choice of first round contributions

and then subsequent contributions based on payoff-based reinforcement learning. Learning

is identical across finitely and indefinitely repeated network public goods games. The sec-

ond stage results are derived from an empirical agent-based model. Agents in the empirical

agent-based model are modeled after the results in the first stage. The agent-based model is

then deployed to investigate the effects of network size, degree heterogeneity, neighborhood

size, network density, and the average path length on contributions. All of these structural

characteristics of networks do not affect contributions. These results stand in contrast with

the results from agent-based models that modeled agents after insights from evolutionary

dynamics. Finally, I show that subsidizing cooperation in the first round can lead to higher

levels of contributions in network public goods games. This is due to the fact that frequency

of full cooperators increases in the first round due to the low price of cooperation and then

the high inertia of reinforcement learning sustains these high levels of contributions over

later rounds.

This Chapter also contributes to the methodology of agent-based modeling. Realistic

representation of behavior and its heterogeneity across individuals is one of the well docu-

mented strengths of agent-based modeling framework (Axtell, 2000b, 2007; Gilbert, 2008).
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However, there are two long standing methodological challenges in this framework. First

challenge concerns with the way behavioral representation is actually reified in agent-based

models and the validity of such reification. Second challenge concerns with how heterogene-

ity is incorporated into the behavioral representation of agents.

Many agent-based modelers subscribe to the notion of near-decomposability of social

systems (Simon, 1996). According to this paradigm, a given system is organized into hi-

erarchical layers of components, components of components, components of components of

components and so on. The hierarchical structure is so that the behavior at a given level

emerges primarily due to the components at the immediate lower level and their organiza-

tion rather than the components at much lower levels. Many agent-based models subscribe

to this paradigm by modeling the aggregate outcome of interest as emerging due to the

interaction of components at the level immediately below the level of outcome variable of

interest. In other words, behavioral specification of agents is often constrained to one level,

the level that is supposed to be immediately below the level of the outcome variable of inter-

est. For example, agent specification often is derived completely from cognitive foundations

or social foundations but not mixed. This is because, traditionally social determinants of

behavior are put strictly above cognitive determinants of behavior. But, the results from my

investigations using the econometric analysis of experimental data show that both cognitive

determinants of behavior, i.e. the learning mechanism as characterized by reinforcement

learning, and social determinants of behavior, i.e. the social preferences, are important in

explaining observed behavior in public goods games. However, this does not necessarily

mean both cognitive and social determinants of behaviors are simultaneously important in

other domains. For example, when one studies an environment like that of double auction

markets the relevance of social preferences in explaining emergent aggregate patterns might

be insignificant as attested by experiments (Gode & Sunder, 1993). Thus, when thinking

about the relevant ingredients of behavioral specification of agents in studying social sys-

tems, it is not straightforward whether it is sufficient to stick to one level of behavioral

determinants or to consider behavioral determinants across levels. There is no silver bullet.
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Theoretical understanding of hierarchies of behavioral determinants may not help one to

come up with a behavioral specification of agents’ that sufficiently captures the decision

making of individuals across social domains. Significant determinants of behavior in one

domain (e.g. a domain characterized by a cooperative environment) may or may not be

effective in explaining behavior in a different domain (e.g. a domain characterized by a

competitive environment). While observational data can be used to determine the behav-

ioral determinants in a given domain, identification could be problematic due to the lack

of data from counterfactuals. Furthermore, determinants and the resulting behaviors could

be coevolving. Experimental economics solves this problem using randomized experiments

to tease out the causal relations in microeconomic systems (Smith, 1976, 1982). In this

Chapter, I illustrate how incentivized experiments can be used to identify relevant behav-

ioral determinants that can then be used to specify the behavior of agents in agent-based

models. My study involves network public goods games, but it is straightforward to extend

this type of approach to other domains.

Even after one identifies behavioral determinants with respect to the problem at hand,

there is ambiguity in the agent-based modeling literature about how one goes about charac-

terizing and implementing the heterogeneity in behavioral determinants across agents. It is

well argued that it is realistic to assume agents are heterogeneous in their behaviors and the

incorporation of heterogeneity is one of the foundational principles of agent-based modeling.

However, the literature on how this is to be done in a systematic way is scant. Sometimes,

the approaches are ad-hoc. For example, the parameters that characterize behavioral het-

erogeneity are assumed to be in some range or distributed according to some probability

distribution. These decisions are more often made based on intuition or established rules of

thumb. Even in cases where the distributional assumptions about the parameters are based

on well-documented domain specific stylized facts, more often than not, the distributions

are not estimated from the data. In this Chapter, I illustrate that econometric methods that

allow for observed and unobserved parameter heterogeneity across individuals like that of

Mixed Logit methods (Train, 2009) provide a systematic foundation for characterizing and
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incorporating behavioral heterogeneity across agents in agent-based models. These methods

are readily available in the main stream econometric packages of statistical platforms like

that of MATLAB, R, or STATA for conducting estimations with empirical or experimental

data. It is straightforward to use the estimated distributions of behavioral parameters in

specifying the heterogeneity across agents. This approach has potential to standardize how

agent-based modelers implement agent heterogeneity.

The Chapter is organized as follows. In Section 3.2, I describe the network public

goods environment. Section 3.3 presents the experimental design, procedures, data, and

econometric investigations. Section 3.4 describes the empirical agent-based model and the

results. I close with conclusions in Section 3.5.

3.2 Network Public Goods Game

Figure 3.1: A network public goods game

Network public goods games have been the workhorse of studying cooperation in net-

worked communities (F. Santos et al., 2008; Suri & Watts, 2011). In a networked public

goods game, players are located on the nodes of a given network and play “local” public
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goods games with their neighbors. For each player, its neighborhood includes itself and

all other players that are connected to it in the network. The number of other players

connected to a given player is known as the degree of the player. Therefore, the size of

the neighborhood of a player is its degree plus one. In a network public goods game, every

player makes a contribution decision and receives a payoff from the local public goods game

that is centered on it. Importantly, each member of the network receives information on

the contributions of others only within its neighborhood. Figure 3.1 shows an example of a

networked public goods game. Here the player situated on the pink node receives a payoff

from the public goods game centered on it that includes all the players situated on the blue

nodes in the highlighted neighborhood.

Consider a network public goods game consisting of N individuals. Index these individ-

uals as i = 1, 2, .., N . Denote the neighborhood of i using Γi and the size of i’s neighborhood

as Ni = |Γi|. Note that i’s neighborhood includes i itself. Each individual is endowed with

an amount wi and must decide on a contributions decision ci ∈ [0, wi]. In this paper, I study

public goods games where each individual is endowed with the same amount wi = E,∀i.

The payoff from the local public goods game of i is given as:

πi = E − ci +
r

Ni

∑
j∈Γi

cj (3.1)

Where r is called the enhancement factor. As long as 1 < r < Ni,∀i, it is easy to see

that individually rational decision is not to contribute anything but the social optimum is

achieved when everybody contributes their entire endowment. In this way, a network public

goods game extends the tension between private and public interests that is the basis of any

standard social dilemma to a networked community. Note that, in this formulation M = r
Ni

is the marginal per capita return (MPCR or simply M) from the local public goods game

of individual i.

The network public goods game is often framed in two ways. In the first way, a fixed

r is chosen to model situations where an individual’s contribution is split evenly across
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all the local public goods games of its neighbors and itself. Note that when one uses this

formulation, if the degrees of players are heterogenous, it is possible that for some players

the social dilemma may not hold for a fixed r. For example, consider r = 3. For a player

whose degree is 4, the MPCR will be M = 3
5 and the local public goods game is a social

dilemma. Now consider a player whose degree is 2, i. e. he is connected to two other

players. For this player, MPCR is M = 3
3 = 1. Thus, the local public goods game is not a

social dilemma because the full contribution is the Nash equilibrium. This problem can be

overcome by choosing r that is greater than 1 but strictly less than that of the neighborhood

size of a node whose degree is the minimum in the network. For example, in a network

with a minimum degree of m, the dilemma can be enforced for every player by choosing

1 < r < m + 1. The second way of framing network public goods game is by choosing a

fixed MPCR level. In this framing, an individual’s contribution is replicated evenly across

all the local public goods games of its neighbors and itself. This framing is useful to capture

situations involving, for example, informational goods that can be replicated without any

extra cost. This formulation also faces the problem of preserving the dilemma for all players

in the network. The problem can be overcome by fixing MPCR at a level so that the social

dilemma is preserved for all players. This is achieved by choosing MPCR such that it

satisfies 1
m+1 < M < 1 where m is the minimum degree in the network. The payoff from

the local public goods game of i is given in this formulation as:

πi = E − ci +M
∑
j∈Γi

cj (3.2)

In a repeated game, the stage described above is repeated over T number of rounds. In

a finitely repeated game, the number of rounds, T , is determined beforehand. It is easy

to see that zero contribution in each round is individually rational in a finitely repeated

network public goods game when the social dilemma is preserved for each player in the

network.
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Figure 3.2: Overlapping neighborhoods in a network public goods game

In a network public goods games, neighborhoods of different players overlap. The neigh-

bors of player i are also members of other neighborhoods, and i is a member of other neigh-

borhoods. This is illustrated in Figure 3.2. Consider Player 2 on the node that is colored

pink. His neighborhood is shown by the shaded area around the yellow, pink and yellow

positions (numbered 1, 2, 3) in the network. The neighborhood of player 2’s neighbor to

the right is shown by the shaded area around the pink, yellow and blue positions (numbered

2, 3, 4). In other words, player 2 is in its neighborhood and is in the neighborhood of its

neighbor to the right. Likewise, player 2 is in the neighborhood of its neighbor to the left.

This stands in contrast with the Partners’ matching that we considered in Chapter 2. The

overlapping neighborhoods can provide different opportunities for strategic behavior and

learning. In the next section, I conduct an experiment with a network public goods game

and compare its data with that of the experiment using Partners’ matching gathered in

Chapter 2 to assess if the presence of a network leads to different outcomes and behaviors.
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3.3 Social Preferences and Learning in Network Public Goods

Games: An Experiment

In this section, I describe an experiment involving a network public goods game. The

data from the experiment is used to investigate the roles of social preferences and learning

in explaining decision-making in repeated network public goods games. This section is

organized into eight subsections. First, I use the model of social preferences by Arifovic

and Ledyard to model social preferences in network public goods games. Second, I describe

the experimental design. Third, I present a descriptive analysis of the experimental data

and its comparison with the data from Partners’ treatment in Chapter 2. Fourth, I present

estimation results for social preferences using the data on strategy games of network public

goods games and compare them with the estimation results from the data on Partners’

treatment in Chapter 2. Fifth, I estimate learning models and determine which learning

model describes the repeated game data best in network public goods games. Sixth, I

disentangle the roles of social preferences and learning in explaining choices in repeated

games. Seventh, I investigate if learning is different across finitely and indefinitely repeated

network public goods games. I conclude with a short summary in the eighth subsection.

3.3.1 Social Preferences in Network Public Goods Game

It is straightforward to extend the linear social preference model of Arifovic and Ledyard

discussed in Chapter 2 to network public goods games. Say Γi is the neighborhood of

individual i and Ni is the neighborhood size of i.

The payoff that an individual i receives by contributing ci when others in his/her neigh-

borhood contribute on average o can be written as πi(ci, o)) = w − ci +M(ci + (Ni − 1)o).

Where M is the MPCR. Similarly, the average payoff of the neighborhood can be written

as π̄(ci, o) = w − c̄+MNic̄, where c̄ = ci+(Ni−1)o
Ni

. The utility derived by the individual i:
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ui(ci, o) = πi(ci, o) + βiπ̄(ci, o)− γimax{0, π̄(ci, o)− πi(ci, o)} (3.3)

Where βi ≥ 0; γi ≥ 0 are social preference parameters. βi > 0 implies that individual

i has a preference for a higher average payoff to all individuals in his neighborhood. In

other words, βi characterizes an individual’s altruistic preference. γi > 0 implies that

individual i obtains a disutility when his/her payoff is smaller than the average payoff of

the neighborhood, i.e. when π̄(c, o) > πi(c, o). γi captures the discomfort the individual i

face when being taken advantage of by his neighbors.

In the equilibrium individual i would choose a contribution ci as follows:

ci =


0 if 0 ≥

(
M − 1

Ni

)
βi +M − 1

c̄ if γi
(
Ni−1
Ni

)
≥
(
M − 1

Ni

)
βi +M − 1 ≥ 0

w if γi
(
Ni−1
Ni

)
≤
(
M − 1

Ni

)
βi +M − 1

(3.4)

3.3.2 Experimental Design & Procedures

The experiment uses a network public goods involving a network as depicted in Figure 3.3.

Every individual in the network has exactly two neighbors. The motivation behind choosing

this design is that it makes the experiment directly comparable to the experiment in Chapter

2 that involves fixed groups of 3 individuals. The neighborhood size in the network under

consideration in the experiments is also exactly 3. By comparing data from the experiments

here with the data on public goods games in Chapter 2, I can study the effect of overlapping

neighborhoods on the contributions in public goods setting. This is possible since everything

other than overlapping neighborhoods is identical across experiments in Chapter 2 and here.

Each individual i is connected to exactly two other individuals on the network. Thus,

the neighborhood sizes are identical across all individuals. Each individual is endowed with

an amount wi and must decide on a contributions decision ci ∈ [0, wi]. In this paper, I study
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Figure 3.3: Network in the experimental network public goods game

public goods games where each individual is endowed with the same amount wi = E,∀i.

The payoff from the local public goods games of i is:

πi = E − ci +
r

Ni

∑
j∈Γi

cj (3.5)

Where r is called the enhancement factor. As long as 1 < r < Ni,∀i, it is easy to see

that individually rational decision is not to contribute anything but the social optimum

is achieved when everybody contributes their entire endowment. Since each individual is

connected to exactly two other individuals Ni = 3 here. Note that in this formulation

M = r
Ni

= r
3 is the marginal per capita return (MPCR or simply M) from the local public

goods game of individual i. In terms of marginal per capita return, the payoff function can

be written as:

πi = E − ci +M
∑
j∈Γi

cj (3.6)
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As long as 1 < r < 3, M will be greater than 0.33 and less than 1. The social dilemma

is evident. For any given level of contribution by i’s neighbors other than itself, a payoff-

maximizing individual’s best response is to contribute nothing. Thus Nash equilibrium

predicts a zero contribution from everybody in the network. However, a Pareto optimum

is achieved when everybody contributes the entire endowment to the public good. In all

decisions, there are three individuals in each neighborhood, and the endowment is 20 tokens.

All decisions were made with tokens, and converted into a monetary payoff at a rate of 20

tokens = $1.

Similar to the experiment in Chapter 2, the experiment is based on the Fischbacher and

Gächter (2010) design. Each participant is asked to complete four tasks in the following

order: P1, R1, P2, R2. In the P−task, the participant completes a conditional contribution

table in which he decides how much to contribute to the public good account for 21 possible

average contribution amounts of his neighbors (e.g. 0, 1, 2, ..., 20). He also makes an

unconditional contribution decision by choosing how many of the 20 tokens to contribute

to the public good. Payoffs from this task are determined as follows. Once all decisions are

completed by the participants, five members are chosen at random. These five members

are chosen in such a way that in any neighborhood there is exactly one of the chosen five

members present. For example, the five members can be 1, 4, 7, 10, 13. It is easy to see

that in any neighborhood exactly one of these members will be present. For these randomly

chosen five members, contribution table is payoff relevant. For each of these five members,

the unconditional contributions of their two neighbors is averaged and then conditional

contribution table is used to determine his contribution decision. For all the remaining

participants, their unconditional contributions are pay-off relevant. Everyone knows these

procedures before making their decisions.

In the R− task, participants make an unconditional decision of how many tokens to put

in the public good account. This decision is repeated over several rounds. After deciding

how much to contribute to the public good account, a participant is asked to state his belief

of the average contribution of the other two members in his neighborhood in the current
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round. Participants were paid for the accuracy of this stated belief.2 At the end of a round,

a participant is informed of the exact contribution of each of his other two neighbors, the

average contribution, and his payoff for that round.

In sessions with finitely repeated games, the number of rounds was fixed at seven. In

the sessions with indefinitely repeated games, there was at least one round and then after

that the probability of a subsequent round was 0.85. The continuation probability of 0.85

yields, on average, seven rounds of play so the finitely repeated games was fixed at seven

rounds to make the games comparable in the expected number of rounds.

Each session had exactly 15 participants. The placement of participants in the network

is random, and participants do not know who is connected to whom. Participants were

randomly reshuffled on the network before each of the tasks and participants were aware of

this before making decisions. Tasks P1 and R1 use the same MPCR level, and tasks P2 and

R2 also use the same MPCR level. The MPCR used for P1 and R1 is different than that

used for P2 and R2. The two MPCR levels are 0.4 (Low) and 0.8 (High). In five sessions,

the low MPCR was used for P1 and R1 and the high MPCR was used for P2 and R2. To

control for order effects, in five sessions, this was reversed. Each participant completed all

four tasks. Participants knew that there would be four tasks, and the instructions for each

task were distributed and read out loud prior to the start of each task.3 To make sure

participants understood the decisions they are asked to make and how to calculate payoffs,

a short quiz was administered prior to the start of Task P1. Answers to the quiz were

explained before proceeding to the experiment. Participants were paid their earnings for

all tasks and all rounds within a task. Earnings were paid privately and in cash at the end

of the session.

2Specifically, the individual was asked to guess the average contribution of the two other neighbors
rounded to the nearest integer. If the guess was exactly equal to the rounded average contribution of the
two other neighbors, an individual was paid three tokens ($0.15) in addition to the other experimental
earnings. If the guess deviated by only one point, payment was 2 tokens, and if the guess deviated by
two points, payment was 1 token. If the guess was off by three points, no tokens were paid. The financial
incentives to elicit beliefs were small to avoid hedging.

3Participant instructions for sessions with indefinitely repeated games are in Appendix 3.6.1. These
include screen shots of the decision screens participants used to make decisions during the experiment.
The instructions for the sessions with finitely repeated games are identical except that they mention the
repeated games last exactly seven rounds. The instructions for finitely repeated games are available online
at http://www.chennacotla.org/research
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Participants made their decision on a computer, using a web-based software. The ex-

periments were run in the Interdisciplinary Center for Economic Science (ICES) at George

Mason University during September and October of 2014. Ten sessions were run, and there

were a total of 150 participants. Participants were randomly assigned to cubicles and made

their decisions privately and anonymously. Six of the ten sessions involved indefinitely re-

peated games and four sessions involved finitely repeated games. No one participated in

more than one session. Participants were recruited via email from a pool of George Mason

University students who had all previously registered to receive invitations for experiments.

Each experimental session lasted for approximately 1.5 hours. Average participant earnings

were $23.99.

3.3.3 Data

In this section, I describe the conditional contribution decisions from the P-tasks and the

contribution and belief decisions from the R-tasks.

To examine the conditional contributions in the P-tasks, I classified participants into co-

operative types using the statistical classification algorithm of Kurzban and Houser (2005).

This algorithm uses a linear conditional-contribution profile (LCP) to determine a given

participant’s type. The LCP is the result of an ordinary least squares regression of a partic-

ipant’s conditional contribution in the P-task on each of the 21 possible average contribu-

tions of his other two neighbors.. If the estimated LCP is strictly below half the endowment

everywhere, then the participant is classified as a Free Rider (FR). A participant is classi-

fied as a Full Cooperator (FC) if the LCP lies at or above half the endowment everywhere.

If the LCP of a participant has a positive slope and lies both above and below half the

endowment then he is a Conditional Cooperator (CC). Any participant who did not fall

into one of these three categories is classified as a Noisy Contributor (NC).4

The distribution of types identified with the classification algorithm is presented in

4In Kurzban and Houser (2005), the authors classify individuals into only the first three groups and
exclude analysis on three participants who did not fall into these categories.
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Table 3.1: Distribution of cooperative types in strategy games of network public goods
games computed using the LCP method.

Type P1 P2 Low MPCR (0.4) High MPCR (0.8)

Free Riders 53 (35%) 73 (49%) 71 (47%) 55 (37%)
Conditional Cooperators 77 (51%) 61 (41%) 64 (43%) 74 (50%)
Full Contributors 10 (7%) 11 (7%) 8 (5%) 13 (9%)
Noisy Contributors 10 (7%) 5 (3%) 7 (5%) 8 (5%)

Total 150 (100%) 150 (100%) 150(100%) 150 (100%)

Table 3.1. The first two columns present the distributions observed in the P1 and P2 tasks.

The third and fourth columns present the distributions observed in the low MPCR and high

MPCR P-tasks respectively. Consistent with previous studies and results in Chapter 2, most

participants are classified as conditional cooperators, and roughly one quarter are classified

as free riders. These two types account for more than 80% of participants in the combined

P1 and P2 tasks and also when separated by the high and low MPCR treatments. Full

cooperators and noisy contributors are less frequent. From the P1 to P2 task, as experience

increases, there is a significant change in the distribution of types, with an increase in the

proportion of free riders and a decrease in the proportion of conditional cooperators (Chi-

Squared Test, χ2(3) = 13.89; p = 0.003). From the low to high MPCR, as the cost to

cooperate declines, there is also a significant shift in the distribution, with the proportion

of full cooperators rising (Chi-Squared Test, χ2(3) = 8.04; p = 0.045). A social preference

model should be able to explain the transition of the distribution of types when prices

change. And, I test this in the later parts of this chapter.

Comparing the distribution of types in network public goods games with that of the

distribution of types in Partners’ data in Chapter 2, I find that there are no significant

differences. For P1, comparing the distribution of types in Table 3.1 with that of distribution

of types in Partners’ case presented in Table 2.1, the p-value obtained from a Chi-Squared

test is 0.104 indicating no significant difference. Similarly, for P2, the p-value is 0.10. At the

low MPCR level of 0.4, I find significant difference at the 10% level but not at the 5% level.
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Table 3.2: Contributions over rounds in repeated network public goods games

Contribution

(All-1) (All-2) (MPCR = 0.4) (MPCR = 0.8)

Constant 9.18** 9.41*** 8.16*** 11.59***
(0.98) (1.04) (0.63) (1.52)

Round -0.10 -0.11 -0.31** -0.18
(0.14) (0.13) (0.12) (0.13)

Finitely Repeated -0.43 0.41 -1.12
(2.13) (1.99) (2.50)

N 1710 1710 840 870
R2 0.0013 0.0023 0.0094 0.0092
F 0.51 0.38 3.24 1.48
Prob > F 0.4936 0.6975 0.0871 0.2786

Notes: ∗p < 0.1, ∗ ∗ p < 0.05, ∗ ∗ ∗p < 0.01. Robust standard errors clustered
at the session level are reported. There are in total 10 sessions.

The corresponding p-value is 0.090. At the high MPCR level of 0.8, I find no significant

difference in the distribution of types computed using LCP method in both Partners’ and

Network treatments. The p-value obtained is 0.11. Therefore, it is reasonable to conclude

that there is no significant effect of network on the distribution of types observed at different

experience levels or at different MPCR levels.

Looking at the contribution behavior of each type, in P1, the average contribution across

all conditional contributions is 3.04 tokens for free riders, 9.65 for conditional cooperators,

18.07 for full contributors and 10.17 for noisy contributors. In P2, the average contribution

is 2.18 for free riders, 9.33 for conditional cooperators, 18.27 for full contributors, and

11.14 for noisy contributors. In both P1 and P2, average contributions across types are

significantly different (Kruskal-Wallis tests, p < 0.0001).

Turning now to the R-task, four of my ten experimental sessions involved finitely re-

peated games of seven rounds each. The remaining six sessions used indefinitely repeated

games. The probabilistic continuation rule produced rounds of the following length for R1
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Figure 3.4: Contributions and beliefs in finitely repeated sessions of network public goods
games. Average contributions and beliefs are reported for each round in a session.
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Figure 3.5: Contributions and beliefs in indefinitely repeated sessions of network public
goods games. Average contributions and beliefs are reported for each round in a session.
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and R2 across the six sessions: {{7,1}, {4,12}, {2,1}, {2,7}, {10,1}, {4,7}}. While the fi-

nite and indefinitely repeated games had different lengths, I find no significant difference in

average contributions across these games.5 The high MPCR results in higher contributions

(F (1, 9) = 8.30, p = 0.0182). Surprisingly, when I regress contributions over rounds, I do

not find a significant effect on round number. See columns All-1 and All-2 in Table 3.2.

However, the combined data has data for both low and high MPCR levels. When I do

separate regressions for two MPCR levels, I do find contributions decline significantly in

MPCR = 0.4 case. Contributions do not decline when MPCR is 0.8 as shown in the Table

3.2. Sustenance of high levels of contributions at a higher MPCR level is also reported

in other studies (Botelho et al., 2009). The table also shows that contributions are not

different across finitely and indefinitely repeated games at both levels of MPCR. I also find

that elicited beliefs are identical across finitely and indefinitely repeated games.6 The round

level contributions and beliefs are positively and significantly correlated in all ten sessions,

as also found in the Partners treatment studied in Chapter 2.7 Figures 3.4 and 3.5 show

session level average contributions and beliefs in finitely and indefinitely repeated games.

Finally, in Table 3.3, I compare contributions and beliefs across Partners’ and Network

treatments. I combined data from the Partners’ treatment in Chapter 2 with the data

from the network public goods game in this Chapter. Table 3 shows that contributions

and beliefs are identical across Partners’ and Network treatments. Thus, presence of a

network involving overlapping neighborhoods does not seem to affect contribution choices or

belief formation of individuals. The table also shows that contributions and beliefs are also

identical across finitely and indefinitely repeated games in both Partners’ and Networked

treatments.

5I test for the effect of indefinite repetition by clustering at the session level and find no effect on
contributions (F (1, 9) = 0.04, p = 0.853).

6I test for the effect of indefinite repetition by clustering at the session level and find no effect on beliefs
(F (1, 9) = 0.24, p = 0.639).

7The correlations in each of the ten sessions are: 0.74, 0.59, 0.27, 0.65, 0.49, 0.64, 0.65, 0.75, 0.43, and
0.72. Spearman rank correlation tests in all cases, p < 0.0001 except in the third case where p = 0.0723.
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Table 3.3: Contributions and beliefs across Partners and Network treatments

Contributions Beliefs

Constant 10.86*** 10.54*** 11.23*** 10.86***
(0.72) (0.60) (0.70) (0.63)

Network -2.10 -1.58 -1.73 -0.86
(1.26) (1.36) (1.24) (1.40)

Finitely Repeated 0.85 0.98
(1.68) (1.57)

Network ×Finitely Repeated -1.26 -2.00
(2.68) (2.57)

N 3930 3930 3930 3930
R2 0.021 0.024 0.022 0.029
F 2.77 0.96 1.93 0.71
Prob > F 0.1126 0.4317 0.1812 0.5586

Notes: ∗p < 0.1, ∗ ∗ p < 0.05, ∗ ∗ ∗p < 0.01. Robust standard errors clustered at the
session level are reported. There are in total 20 sessions. 10 sessions for Partners’
treatment and 10 sessions for Network treatment.

3.3.4 Social Preferences

Using the estimation strategy outlined Section 2.5 of Chapter 2, I estimate the distribution

of social preference parameters from the data on P-tasks. The aim of the analysis here is

two-fold: parallel to what I have done in Chapter 2, I would like to study if experience and

MPCR have significant effects on social preferences and if estimated social preference can

explain the changes in the distribution of types across MPCR levels.

Table 3.4 reports the estimates for the three parameter vector δη, η ∈ {β, γ, ω} for both

minimal and full estimation cases. Notation adopted here is from Section 2.5 of Chapter

2. β, γ are modeled as log-normal distributions and ω is modeled as a logistic-normal

distribution. The minimal model contains only intercept terms for the parameters. The full

model contains an intercept and also treatment dummies for experience and high MPCR

for each parameter. The values in the table are in the original parameters’ scale. In the

full estimation, the constant terms represent the median parameter values for the baseline

treatment, which is the P1 task with a low MPCR. Treatment effects reported in the table
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Table 3.4: Distribution of social preferences (β, γ) and random choice propensity (ω) pa-
rameter estimated using data from the strategy games of network public goods games

β γ ω

Min Full Min Full Min Full

Constant 16.24*** 26.35*** 8.88*** 2.69*** 0.13*** 0.028
(0.54) (3.44) (0.30) (0.47) (0.013) (0.052)

Experience -16.69*** -0.25 -0.028
(2.75) (0.35) (0.051)

High MPCR -24.31*** 1.10 -0.018
(3.21) (0.90) (0.036)

σ 5.05*** 2.20*** 1.86*** 1.67*** 2.70*** 4.99***
(0.013) (0.16) (0.011) (0.13) (0.15) (1.06)

N 150 150 150 150 150 150
LL -13856 -13121 -13856 -13121 -13856 -13121

Notes: ∗p < 0.1, ∗ ∗ p < 0.05, ∗ ∗ ∗p < 0.01. Coefficients are transformed back to the original scale. A
treatment effect is the (partial) effect of moving from the baseline treatment to the corresponding treatment
on the median parameter value. Standard errors are calculated using the sandwich estimator and treating
all of each subjects choices as a single super observation. The entries for σ are the standard deviations of
the untransformed normal distributions of the random coefficients.

are the calculated partial effects of moving from the baseline treatment to the treatment

under consideration using the median parameter value.

According to the minimal model the medians of the estimated β and γ are 16.24 and 8.88.

Using the categorization outlined in Appendix 2.8.3 8, a median participant is a conditional

cooperator at both MPCR levels M = 0.4 and M = 0.8. This is in line with the classification

results using the LCP method presented in Table 3.1. The median random choice propensity

parameter is 13%, which means 13% of the choices in P-tasks can be categorized as being

made randomly. According to the estimates for the full model, there are significant effects of

MPCR and experience on the median values of social preference parameters. This indicates

that the distribution of social preferences need to be shifted significantly to explain the

changes in the proportion of cooperative types (free riders, conditional cooperators, and full

8note that the categorization can be used as is for the network public goods games since the neighborhood
size of each participant is fixed at 3 which is the group size considered in Chapter 2
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Table 3.5: Distribution of cooperative types computed from the estimated distribution of
social preferences from the strategy games of network public goods games. Full refers to the
case where the proportions of types are computed from the distribution of social preferences
derived from the full estimation. Min refers to the case where the proportions of types are
computed from the distribution of social preferences derived from the minimal estimation.

P1-Low P1-High P2-Low P2-High

Full Min Full Min Full Min Full Min

Free Riders 22% 39% 3 % 5% 47% 39% 2% 5%
Conditional Cooperators 36% 38% 17% 42% 31% 38% 32% 42%
Full Contributors 41% 23% 80% 53% 22% 23% 66% 53%

cooperators) due to experience and due to changes in prices. Or, in other words, a single

distribution of social preferences estimated in the minimal model is not able to account

for the changes in the distribution of cooperative types due to the changes in experience

and prices. There is also a strong effect of MPCR on random choice propensity parameter.

These estimates and effects are very close to what I found in the case of Partners’ treatment

in Chapter 2 presented in Table 2.1.

To understand the estimates of treatment effects on the social preference parameters,

it is important to keep in mind that the distribution of cooperative types is determined by

the joint distribution of β, γ conditional on the group size (N) and the MPCR (M).9 Table

3.5 shows the proportions of types by MPCR and experience level using the estimates in

Table 3.4.10

Table 3.5 shows that the estimation results from the full and minimal models predict

that the proportion of full contributors rises with an increase in the MPCR level. This

is consistent with changes in the distribution of types based on the LCP classification

9The social preference parameter ranges that lead to different type behaviors are reported in Appendix
2.8.3.

10These proportions are determined in a given treatment using the estimated joint distribution of β and
γ in that treatment. The joint distribution of β and γ is identical across treatments when results from the
minimal model are used. When the estimates from the full model are considered, the distributions of β and
γ in a treatment are adjusted based on the effects of experience and MPCR. The proportions of different
types are computed using Appendix 2.8.3. For example, the proportion of free riders in P1-Low is computed
as the probability that β ≤ 8.57, the proportion of conditional cooperators in P1-Low is computed as the
probability that β > 8.57 and β ≤ 8.57 + 9.43γ, and finally, the proportion of full contributors in P1-Low is
computed as the probability that β ≥ 8.57 + 9.43γ given the joint distribution of β and γ for P1-Low.
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Table 3.6: Changes in the percentages of cooperative types in network public goods games
predicted by the full model and minimal model in P1 and P2 tasks across low and high
MPCR levels. Reported are the differences in percentages obtained by subtracting the
percentage of a type at low MPCR from the percentage of a type at high MPCR.

P1 P2

Full Min Full Min

Free Riders -19% -34% -45 % -34%
Conditional Cooperators -16% 4% 1% 4%
Full Contributors 39% 30% 44% 30%

Table 3.7: Cross tabulation of types in the strategy games of network public goods games
at two MPCR levels: MPCR = 0.4 and MPCR = 0.8. Types are computed using the
Linear Contribution Profile (LCP) method.

MPCR = 0.8

FR CC FC

Free Riders (FR) 43 22 5
MPCR = 0.4 Conditional Cooperators (CC) 11 47 4

Full Cooperators (FC) 0 4 4

algorithm reported in Table 3.1. However, the exact proportions of types predicted by the

full and minimal model are different across treatments. The full model estimates show that

the proportion of free riders substantially rises with experience, moving from 22% in P1-

Low to 47% in P2-Low. At high MPCR levels, the experience effect seems to be very small.

Percentage of free riders at high MPCR level almost does not change (compare percentage

of free riders in P1-High and P2-High). The minimal model cannot explain this effect of

experience at low MPCR levels.

One of my primary objectives is to test if the social preference model is able to explain

the changes in the distribution of cooperative types when prices change in network public

goods games. The estimates from the full model show that this is not the case since

they show a significant effect of MPCR on the social preference parameters even after
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controlling for experience effects. In other words, the distribution of social preferences has

to be shifted significantly to explain the changes in the distribution of cooperative types

when the prices change. A potential candidate of explanation for the significant effect of

MPCR on the social preference parameters can be the misspecification of the distribution

of social preferences as mentioned in Chapter 2. As done in Chapter 2, given the log-normal

specification assumption for social preferences, I evaluate how worse off the minimal model

is in predicting the changes in the distribution of cooperative types across different levels of

MPCR compared to that of the full model that incorporates the effects of MPCR. Despite

the significant effects of MPCR on the median values of the parameters, if the minimal

model is able to capture the general direction of changes in the distribution of cooperative

types one could use it as a practical unifying model of organizing different distributions of

types under varying prices.

Table 3.6 presents the changes in the percentages of each cooperative type when one

moves from low MPCR (0.4) to high MPCR (0.8). The table reports the changes in the per-

centages of types using the minimal model and full model. The changes in the percentages

of types is reported for P1 and P2 tasks separately. This helps to understand separately

how successful is the minimal model in explaining the changes in the distribution of types

due to the changes in MPCR when participants do and do not have experience. In both P1

and P2, the full and minimal models predict that percentage of free riders decreases and the

percentage of full cooperators increases when one moves from low MPCR to high MPCR. In

P1, there is disagreement between the full model and minimal model in terms of change in

the percentage of conditional cooperators. There is a substantial difference in terms of the

magnitude of change in the percentages of free riders and conditional cooperators between

the full and minimal models in P1. However, both models provide a very close prediction

of changes in percentages of types in P2. Thus, if one considers that with experience par-

ticipants’ responses are less noisy, the minimal model is quite good at describing how the

proportions of cooperative types change when the MPCR changes.

Another way to evaluate the success of social preference model is to see how many
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individual level type transitions are consistent with the model. A type transition at the

individual level is consistent if one can find at least one pair of social preference parameters

according to which the transition is possible. Appendix 2.8.3 describes which individual

level transitions are possible and which are not possible according to the social preference

model. The only individual level transitions that are not possible are the transitions from

CC to FR, from FC to FR, and from FC to CC when MPCR changes from 0.4 to 0.8

(or the transitions in the opposite direction when MPCR changes from 0.8 to 0.4). A

small number of these transitions in the data would support that social preference model is

relatively successful. Table 3.7 shows the individual level types at the two MPCR levels in

the experiment. Individual level type information is computed using the LCP method as

described in Section 2.3. I have dropped the cases where the transitions involved a noisy

type. In total, the table reports the type transition for 140 individuals in the data. There

are only 15 cases where type transitions are not consistent with the social preference model.

Eleven of them involve a transition from CC to FR when MPCR changes from 0.4 to 0.8,

zero of them involve a transition from FC to FR when MPCR changes from 0.4 to 0.8 and

four of them involve transition from FC to CC when MPCR changes from 0.4 to 0.8 . Thus,

only 11% of individual level transitions cannot be accounted by the social preference model

indicating that the model is reasonably successful in organizing changes in behavior when

prices change.

3.3.5 Learning

In this subsection, I investigate how do people learn in network public goods game. The

analysis is parallel to that of the analysis done in Chapter 2 with data on Partners’ treat-

ment. The estimation strategy is identical to that of what is presented in Section 2.5 of

Chapter 2. I only consider the learning models that allow for parameter heterogeneity

since I found parameter heterogeneity improves the fit significantly in Chapter 2. Further-

more, when I parameterize empirical agent-based models, parameter heterogeneity provides

a natural way to introduce heterogeneity in the behavior of agents.
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I consider REL as the representative model of reinforcement learning and NFP as the

representative example for belief learning. These models can help me to examine whether

belief learning or reinforcement learning best explains the choices when parameter hetero-

geneity is allowed and when merged with social preferences. For each of these learning

models, I estimate two variations: payoff based learning and utility based learning. In the

payoff based version of a model, attractions of the strategies in the learning model are up-

dated using the payoffs in the game. In the utility based model, attractions of the strategies

are updated using the utilities computed with social preferences. I use the distribution of

social preferences estimated from strategy experiments (P-tasks) in computing the utilities.

I consider estimates from the minimal estimation in Table 3.4. The payoff based variation

of a learning models is suffixed with PAYOFF and the social preferences based variation

of a learning model is suffixed with UTIL. Finally, AL models individuals as best respond-

ing to their elicited beliefs and evaluates how well the elicited beliefs capture learning of

individuals. Here, the best responses are computed by integrating over the distribution of

social preferences estimated from P-tasks. AL has two free parameters which characterize

the distribution of its random choice propensity parameter.

All the learning models are estimated using the aggregated repeated game data. To

keep all models on the same footing initial attractions of all strategies in the first round are

set to zero. Thus in the first round, all choices have equal probabilities for being chosen

according to all these models. I revisit this assumption in the next subsection. Table 3.8

reports the parameter estimates of each of the models and the corresponding fit metrics.

I report the maximum log-likelihood (LL) achieved, AIC, BIC, and Pseudo-R2 for each

learning model.11 The performance of a random choice model, RAND, is also reported for

11

AIC = LL− k

BIC = LL− k

2
ln(Ntotal)

Pseudo-R2 =
AIC − LLR

LLR

Where k is the number of the parameters of the learning model, Ntotal is the total number of observations,
and LLR is the log-likelihood obtained by a random choice model. Since choices for an individual are not
independent I consider the number of individuals as the effective size of the sample in the computation of
BIC. Therefore, Ntotal is equal to 150 here. AIC and BIC penalize models for their complexity and therefore
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Table 3.8: Comparison of learning models using data from repeated network public goods
games. UTIL means utilities computed using social preferences are used for attraction
updating and PAYOFF means pure payoffs in the repeated game are used for attraction
updating in the learning model.

Model Parameter Estimates LL AIC BIC Pseudo-R2

AL νω 0.3172 σω 2.0347 -3938 -3940 -3944 0.2430

REL-UTIL νλ 1.6456 σλ 0.2568 -3962 -3966 -3972 0.2381
νN1 0.2647 σN1 6.6453

REL-PAYOFF νλ 1.4277 σλ 0.3255 -3956 -3960 -3966 0.2394
νN1 0.0850 σN1 4.0878

NFP-UTIL νλ 0.9775 σλ 3.4301 -4308 -4312 -4318 0.1718
νw 0.1836 σw 3.5615

NFP-PAYOFF νλ 71.962 σλ 1.6453 -4717 -4721 -4727 0.0932
νw 0.0152 σw 3.5893

Random Choice Benchmark

RAND‡ -5206 -5206 -5206 0.0000

† ν stands for the median of the distribution of a parameter. Therefore, νλ refers to the median value of
λ. σ stands for the standard deviation of the untransformed normal distribution of a random coefficient.
Therefore, σλ is the standard deviation of the normal distribution that was exponentiated to obtain the
log-normal distribution of λ.
‡ RAND is the random choice model. According to this model any choice has a probability of 1

21
of being

chosen.

Table 3.9: Comparison of learning models using data from repeated network public goods
games. UTIL means utilities computed using social preferences are used for attraction
updating and PAYOFF means pure payoffs in the game are used for attraction updating
in the learning model. For each pair of learning models, a two sided p-value favoring the
learning model in the row is reported. The two-sided p-values are computed using the
Vuong Test for Non-Nested Models.

REL-
UTIL

REL-
PAYOFF

NFP-
UTIL

NFP-
PAYOFF

RAND

AL 0.7092 0.7723 0.0000 0.0000 0.0000

REL-UTIL 0.4283 0.0000 0.0000 0.0000

REL-PAYOFF 0.0000 0.0000 0.0000

NFP-UTIL 0.0000 0.0000

NFP-PAYOFF 0.0000
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comparison purposes.

Comparing the variations of the models that consider payoffs in the learning and utilities

based on social preferences in the learning, it can be seen that the results are mixed. For

REL gains in the fit are negative when merged with social preferences. The gains due to the

consideration of social preferences are very prominent in the case of NFP. AL achieves the

best fit in terms of all four fit metrics. However, one needs to keep in mind that AL uses twice

as much of the data as all other learning models use since AL uses elicited beliefs in each

round along with choices. Since, all the models considered here, AL, REL-PAYOFF, REL-

UTIL, NFP-PAYOFF, and NFP-UTIL are non-nested, I assess their performance in pairs

using the Vuong’s test for non-nested models (Vuong, 1989) as a model selection criterion.

Table 3.9 presents p-values computed using the Vuong test for each pair of learning models.

A two sided p-value favoring the learning model in the row is reported. AL, REL-UTIL,

REL-PAYOFF perform equally well. This is significant since it indicates that the REL

variations are able to perform as well as AL though AL uses twice the amount of the data

compared to that of REL variations. The p-values computed for AL and REL provide an

unfair advantage to AL since the Vuong test does not take into account the fact that AL

uses twice the amount of data compared to that of REL. Interestingly, for REL it does

not seem to matter whether attractions are updated using the payoffs or utilities. This is

in contrast with the results from NFP. NFP-UTIL which uses the utilities computed with

social preferences to update attractions perform significantly better.

The results on this section reinforce my findings in Chapter 1 and 2. REL provides the

best account of observed choices in repeated network public goods games. NFP performs

significantly better when it is merged with social preferences. However, it does not beat

the both variations of REL. For REL, the payoff based attraction updating works as well

as the utility based attraction updating. Thus, I conclude that payoff-based REL provides

the best and parsimonious account of learning in repeated network public goods games.

are superior metrics than log-likelihood for model comparison.
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3.3.6 Roles of Learning and Social Preferences in Explaining Repeated

Network Public Goods Game Data

In Chapter 2, I argued that choices in the repeated games are best described by social pref-

erences affecting the choice of first round contributions and then subsequent contributions

based on payoff based learning in public goods games with Partners’ matching. I follow up

that observation here in the context of network public goods games.

First I note that there are substantial differences in contributions across cooperative

types. For example, using the LCP classification of types in P1-task as in Section 3.3.3, the

average contributions of free riders, conditional cooperators, and full cooperators are 5.73,

10.85, and 16.09 respectively in R1. The contributions are significantly different across types

(Kruskall-Wallis Test: p < 0.0001), and there is a significant increasing trend in contribu-

tions across the groups (Jonckheere-Terpstra Test, p < 0.0001). Similarly, using the type

information from the P2-task, the average contributionss of free riders, conditional cooper-

ators, and full cooperators are 5.53, 9.21, and 16.60 respectively in R2. The contributions

are significantly different across types (Kruskall-Wallis Test: p < 0.0001), and there is a

significant increasing trend in contributions (Jonckheere-Terpstra Test, p < 0.0001). This

indicates that social preferences elicited in P-tasks have a nontrivial relevance in explaining

the average contributions in the repeated games.

It is possible that aggregate differences across types are arising simply because they

are starting at different levels of initial contributions and their learning in later rounds is

characterized by high inertia like that of REL’s. This stands in contrast with the assumption

in earlier literature that the aggregate differences across types arise because types start

with random contributions and learn their equilibrium contributions over time. It is also

possible that aggregate differences are emerging because individuals start with different

initial contributions and then they also proceed to learn equilibrium contributions. To be

able to systematically disentangle the roles of social preferences and learning in repeated

games, I consider four models that involve different assumptions about learning and social
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preferences.

• RAND-PAYOFF: REL learning based on payoffs in the game with random first

round contributions. This model does not use any information about the social pref-

erences of the participants. In the learning phase, individuals use the payoffs in each

round to update the attractions of strategies in the REL learning model.

• RAND-UTIL: REL learning based on utilities in the game with random first round

contributions. In the learning phase, individuals use the utilities computed with

estimated distribution of social preferences from the P-tasks to update the attractions

of strategies in each round in the REL learning model.

• SP-PAYOFF: REL learning based on payoffs in the game with the first round con-

tributions determined from the social preference parameters of the participants. The

first round contribution decisions of individuals are modeled as best responses to their

elicited beliefs in the first round given the distribution of social preferences estimated

from P-tasks. In the learning phase, individuals use payoffs in each round to update

attractions of strategies in reinforcement learning model.

• SP-UTIL: REL learning based on utilities in the game with the first round con-

tributions determined from the social preference parameters of the participants. The

first round contribution decisions of individuals are modeled as best responses to their

elicited beliefs given the distribution of social preferences estimated from the P-tasks.

In the learning phase, individuals use the utilities computed with estimated distribu-

tion of social preferences from the P-tasks to update the attractions of strategies in

each round in the REL learning model.

The parameter estimates and fit of the four models are reported in Table 3.10. Models

whose first round contributions are determined by social preferences achieve higher likeli-

hood compared to the models that use random contributions in the first round. It does not

seem to matter much whether payoffs or utilities are used in updating the attractions in the
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Table 3.10: Disentangling the role of social preferences and learning in repeated network
public goods games. REL is used to model learning. SP means social preferences determine
the first round choices and RAND means the first round choices are drawn from a uniform
distribution. UTIL means utilities computed using social preferences are used for attraction
updating and PAYOFF means pure payoffs in the game are used for attraction updating in
the learning model.

Model Parameter Estimates LL AIC BIC Pseudo-R2

SP-UTIL µλ 1.7891 σλ 0.3586 -3885 -3889 -3896 0.2529
µN1 0.0335 σN1 5.6385

SP-PAYOFF µλ 1.4250 σλ 0.3169 -3888 -3892 -3898 0.2523
µN1 0.2601 σN1 4.2001

REL-UTIL νλ 1.6456 σλ 0.2568 -3962 -3966 -3972 0.2381
νN1 0.2647 σN1 6.6453

REL-PAYOFF νλ 1.4277 σλ 0.3255 -3956 -3960 -3966 0.2394
νN1 0.0850 σN1 4.0878

RAND‡ -6759 -6759 -6759 0.0000

‡ RAND is the random choice model. According to this model any choice has a probability of 1
21

of being

chosen.

REL learning model. Table 3.11 reports two-sided p-values computed using the Vuong’s

test for each pair of the four models. SP-UTIL and SP-PAYOFF perform equally well

in explaining contributions. They outperform RAND-UTIL and RAND-PAYOFF models.

RAND-UTIL and RAND-PAYOFF are indistinguishable from each other in terms of their

performance. The results highlight the fact that initial contributions determined by social

preferences combined with high inertia associated with REL learning model explain the ag-

gregate differences in contributions across cooperative types. This result stands in contrast

to the assumption in the existing literature that individuals start with random contribu-

tions and then move towards their equilibrium contributions based on learning with utilities

derived from social preferences (Cooper & Stockman, 2002; Janssen & Ahn, 2006; Wendel

& Oppenheimer, 2010; Arifovic & Ledyard, 2012). No significant difference between the

fit of SP-PAYOFF and SP-UTIL indicates that once initial round contributions are deter-

mined by the social preferences, there is no additional information to be gained about the
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Table 3.11: Disentangling the role of social preferences and learning in repeated network
public goods games. REL is used to model learning. SP means social preferences deter-
mine first round choices and RAND means first round choices are drawn from a uniform
distribution. UTIL means utilities computed using social preferences are used for attraction
updating and PAYOFF means pure payoffs in the game are used for attraction updating
in the learning model. For each pair of learning models, a two sided p-value favoring the
learning model in the row is reported. The two-sided p-values are computed using the
Vuong Test for Non-Nested Models.

SP-PAYOFF RAND-UTIL RAND-PAYOFF RAND

SP-UTIL 0.7493 0.0000 0.0006 0.0000

SP-PAYOFF 0.0001 0.0004 0.0000

RAND-UTIL 0.4283 0.0000

RAND-PAYOFF 0.0000

path of the contributions by using social preferences based utilities to update the attrac-

tions of strategies rather than using simple payoffs within the a repeated game. In other

words, social preferences matter insofar they determine the first round contributions and

then individuals behave solely based on payoff-based learning.

Identical to the findings in the context of public goods games in fixed groups in Chapter

2, my analysis here shows that choices in the repeated network public goods games are best

described by social preferences affecting the choice of first round contributions and then

subsequent contributions based on payoff based average reinforcement learning.

3.3.7 Effect of Finite and Indefinite Repetition on Learning

My analysis thus far has shown that choices in the repeated network public goods games

are best described by social preferences affecting the choice of first round contributions

and then subsequent contributions based on payoff-based reinforcement learning. In this

subsection, I investigate if the type of repetition has any effect on the learning parameters

of REL model.

Table 3.12 reports estimation results using only repeated game data from the R1 and
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Table 3.12: Effects of the type of repetition on the parameters of REL learning model in
network public goods games

λ N1

Constant 1.67*** 0.028**
(0.18) (0.013)

Infinitely Repeated 0.18 0.028
(0.24) (0.049)

σ 0.37*** 5.68***
(0.095) (0.28)

N 150
LL -3883

Notes: ∗p < 0.1, ∗ ∗ p < 0.05, ∗ ∗ ∗p < 0.01. Coefficients are transformed back to the original scale. A
treatment effect is the (partial) effect of moving from the baseline treatment to the corresponding treatment
on the median parameter value. Standard errors are calculated using the sandwich estimator and treating
all of each subjects choices as a single super observation. The entries for σ are the standard deviations of
the untransformed normal distributions of the random coefficients.

R2-tasks. It contains the estimates for the two parameters of REL model, λ and N1 for

the model that contains an intercept and a dummy for the finitely repeated game. All

values are on the original scale. There are no significant effects of finite repetition on the

estimated parameters of the REL learning model. Thus learning is identical in both finitely

and indefinitely repeated games. This result explains the similar observed contribution

patterns across finitely and indefinitely repeated games in network public goods games.

3.3.8 Section Summary

In this section, I report results from an experimental network public goods games. The goal

of conducting this experiment is to identify if contributions and behavior are affected in any

significant way due to the presence of a network structure. When I compare contributions in

the network public goods game with that of the data from Partners’ treatment which does

not involve overlapping groups from Chapter 2, I find no significant difference indicating

presence of a network does not affect contribution choices. I also find that distribution of
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cooperative types in network public goods games are identical to that of the distribution of

types in non-network public goods games. I find that the estimated distribution of social

preference parameters is reasonably successful in explaining the aggregate changes in the

distribution of cooperative types (free riders, conditional cooperators, and full cooperators)

when prices change. The model is able to predict an increasing proportion of full cooperators

when the price of cooperation gets smaller. Finally, identical to the non-network case, I

find that contribution choices in repeated network public goods games are best described by

social preferences of participants affecting the choice of first round contributions and then

subsequent contributions based on payoff-based reinforcement learning. I find that learning

is identical across finitely and indefinitely repeated network public goods games.

3.4 Cooperation in Network Public Goods Games: An Em-

pirical Agent-Based Model

Having identified the roles of social preferences and learning in network public goods games

in the previous section, I now turn to deploying these empirical insights in an agent-based

model. The “empirical” agent-based model thus created will be deployed in thought-

experiments to generate new insights about contribution dynamics in networked communi-

ties. This section has four subsections. In the first subsection, I describe the details of the

empirical agent-based model. Second subsection explores the effect of network size on the

contribution levels in a network public goods game using the empirical agent-based model.

In the third subsection, I examine the role of degree heterogeneity on the contribution levels.

Fourth subsection investigates if different activation regimes, network density, neighborhood

sizes, and the average path length make a difference. Finally, in the fifth subsection I show

that subsidizing cooperation in the first round can sustain higher levels of cooperation in

the later rounds of a repeated game.

177



Table 3.13: Means and standard deviations of the underlying normals of the distributions
of social preference and learning parameters

β γ λ N1

µ 2.7875 2.1843 0.3542 -1.3468
σ 5.0538 1.8585 0.3169 4.2001

3.4.1 Empirical Agent-Based Model

The empirical agent-based is formulated after the estimation results in Section 3.3. Given

a network size, the required number of agents are randomly located on the the nodes of

the network. For each agent, the social preference parameters and the learning parameters

are drawn from the corresponding estimated distributions. The minimal model estimated

in Table 3.4 is used to specify social preferences of individuals. The learning parameters

are specified using the estimates for SP-PAYOFF model in Table 3.10. Note that social

preference parameters and learning parameters were specified and estimated as log-normal

distributions. Table 3.13 presents the means and standard deviations of the underlying

normals of the log-normal distributions of the parameters. For each agent, each parameter

value is assigned using a random draw taken from the corresponding log-normal distribution.

In the simulations of repeated games, in the first round each agent makes a contribution

decision based on its social preferences and random belief. In the later rounds, the agents

use REL learning model with its parameters to make contribution decisions. The activation

scheme is synchronous meaning that in each round each agents make their contribution

decisions simultaneously. I will relax this assumption in the third subsection. In all simu-

lations MPCR is fixed at 0.5 unless otherwise specified. And, the initial endowment is 20

tokens.
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3.4.2 Effect of Network Size

Results in Table 3.3 show that the presence of a network structure alone does not affect

contributions in public goods games. However, this can be due to the size of the network.

The network considered in my experiments is rather very small and consists of only 15 nodes.

The empirical agent-based model allows me to experiment with arbitrarily large network

sizes to see if the size of the network matters for the network effects on contributions to pan

out. To this end, I vary the size of the network systematically from 10 to 200. The structure

of the network is identical to that of the network considered in my experiments. The players

are placed on a circle and are connected to the players on the left and right. Thus, the

degree of each player is 2. By keeping the structure of the network and neighborhood sizes

identical to that of the networks in my experiment, I can study the effect of the size of the

network on contributions. Figure 3.6 depicts average contribution levels achieved in the

20th round for each network size that was considered. I ran the model for 20 rounds since

contribution levels were observed to be stabilized by then in my investigations. The error

bars stand for 95% confidence intervals. The confidence intervals will shrink as network size

increase. It is clear that the network structure does not influence contributions significantly.

3.4.3 Effect of Degree Heterogeneity

A key insight from the literature on the effect of a network that constrains the interaction

among individuals on cooperation is that a network with degree heterogeneity can promote

higher levels of cooperation than that of a network without degree heterogeneity. In this

section, I evaluate this insight using the empirical agent-based model that is outlined earlier.

I study the effect of degree heterogeneity by considering different types of networks. In my

computational experiments, four types of network topologies are examined: regular graph,

small world graph, scale-free graph, and complete graph. In a regular graph each node is

connected to exactly the same number of other nodes. The graph that is considered in the

experiment in Section 3.3 is an example of a regular graph. Regular graphs have no degree
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Figure 3.6: Simulated mean contribution levels in the 20th round of a repeated network
public goods game for different sizes of the network. Error bars represent 95% confidence
intervals.

heterogeneity since all nodes have exactly the same degree. In the simulations, I considered

a regular graph of size 30 and in which the degree of each node is 8 or neighborhood radius

is d = 4. Small world graphs are obtained by randomly rewiring connections in a regular

graph (Watts & Strogatz, 1998; Watts, 2003). This makes the average path length in these

networks small as observed in real world networks. A small world graph has two parameters

that characterize how it is created: neighborhood radius (k) and the rewiring probability

(p). Given k and p a small world graph is created as follows: first a regular graph in which

all nodes have a degree 2k (or equivalently a neighborhood radius of k) is created and then
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Figure 3.7: Networks with varying degree heterogeneity that are considered in simulations.

each edge in the network is rewired with a probability of p. In my simulations, I considered

two small world networks of size 30: first one with parameters k = 4, p = 0.3, and second

one with parameters k = 4, p = 0.7. A small world network also does not have degree

heterogeneity like a regular graph. However, it has a relatively small average path length.

A scale free network (Barabási & Albert, 1999; Barabási, 2009) is a prototypical example

of a network with degree heterogeneity. To be more precise, the degree distribution in a

scale-free network follows a power law. A scale free network is obtained via the so-called

“preferential attachment” algorithm (Barabási & Albert, 1999). The idea is that a scale

free network grows in steps where in each step a new node is added to the network. The new

node is attached to an existing node in the network with a probability that is proportional

to the degree of the existing node. This is what is meant by preferential attachment. Nodes

with a lot of neighbors will keep adding more and more neighbors. There is one parameter

in this algorithm called the number of new edges (d) introduced with a new node. In my

simulations, I considered two scale networks of size 30 with d= 3 in one case and d = 7
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in another case. Finally, in a complete graph every node is connected to every other node

in the network. This is a limiting case of a network and produces a scenario equivalent to

that of typical Partners’ treatment in public goods games. In the simulations, I considered

a complete graph of size 30. Note that the degree of each node in a complete graph is the

same, and in the network of size 30 it would be 29. Figure 3.7 depicts the networks that

were used in the simulations.

Figure 3.8 plots the average contribution in each period in a 20 period networked public

goods game for the network topologies under consideration. I find that the differences in

stable contributions among different topologies are almost negligible. These results are in

contrast with the findings from previous studies involving agent-based models (F. C. Santos

& Pacheco, 2005; F. Santos et al., 2008).

3.4.4 Effects of Activation Schemes, Neighborhood Size, Average Path

Length, and Network Density

An implicit but a very crucial assumption in the previous simulations is that activation

scheme is synchronous. In other words, agents make their contribution decisions in unison.

In a social system, often such an assumption is unrealistic. An asynchronous decision

making scheme is more realistic. Furthermore, previous research shows that strikingly

different results are obtained from agent-based models when different activation schemes

are considered (Huberman & Glance, 1993; Axtell, 2000a). Therefore, I examine the results

obtained in the previous section in light of different activations schemes.To understand the

effects of asynchronous activation regimes where decision making of agents is temporally

minimally correlated, I consider two activation regimes: random activation and uniform

activation. In these schemes, a period refers to the number of activations equal to the

size of the population. In random activation, every player is activated on average once

every period, whereas in uniform activation each player is activated exactly once but the

order of activation of agents is random. For each activation scheme, I also consider if the
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Figure 3.8: Simulated mean contributions over the rounds of network public goods games.
All networks are of size 30.

variation in neighborhood sizes and average path lengths leads to different contribution

dynamics. I study neighborhood size effects, by varying the size of the radius (d) of regular

networks (note that a radius size of d means neighborhood size of 2d). I study the effect of

the average path length by varying the probability of rewiring (p) in small world networks

with k = 2. Finally, I vary the number of edges introduced with a new node in the

preferential attachment algorithm that generates a scale free network. A higher number of

edges introduced in each step lead to higher density of the scale free network.

Figure 3.9 presents average contribution levels achieved in the 20th round at different

sizes of neighborhoods in regular networks for three different activation regimes. Again, I
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Figure 3.9: Simulated mean contribution levels in the 20th round for different radii of a reg-
ular network of 30 nodes for three different activation regimes, viz. synchronous activation
and the two asynchronous activation regimes: random activation and uniform activation.
Error bars represent 95% confidence intervals.

chose 20th round contributions for reporting since in my simulations I found that contribu-

tions stabilized by 20th round of the repeated game. There are no discernible differences in

contributions levels either across activation regimes or across different neighborhood sizes

(Mann-Whitney Tests, p > 0.10 in all cases). Figure 3.10 presents average contribution lev-

els achieved in the 20th round at different probabilities of rewiring in small world networks

for three different activation regimes. There are no discernible differences in contributions

levels either across activation regimes or across different rewiring probabilities that affect

the average path length of the small world network (Mann-Whitney Tests, p > 0.10 in all
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Figure 3.10: Simulated mean contribution levels in the 20th round for different rewiring
probabilities for a small world network with k = 2 for three different activation regimes.
Probability of rewiring is varied from 0 to 1 in increments of 0.1. Error bars represent 95%
confidence intervals.

cases). Finally, Figure 3.11 presents average contribution levels achieved in the 20th round

for different number of new edges introduced in the generation of scale-free networks for

three different activation regimes. There are no discernible differences in contributions levels

either across activation regimes or across different densities of scale-free networks (Mann-

Whitney Tests, p > 0.10 in all cases). These results show neither activation regimes nor

structural details of networks make any significant difference in contributions of a network

public goods game.
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Figure 3.11: Simulated mean contribution levels in the 20th round for different number
of new edges introduced with a new node in the preferential attachment algorithm that
produces a scale free network for three different activation regimes. Error bars represent
95% confidence intervals.

3.4.5 Subsidizing Cooperation in the First Round Can Sustain Higher

Levels of Cooperation

In Section 3.3, I showed that first round contributions are in line with that of social prefer-

ences and in later rounds decision making is in line with reinforcement learning. This means

that by reducing the cost of cooperation in the first round, one can make individual contri-

butions higher in the first round. This is because, at low prices the proportion of free riders

decreases and full cooperators increases. Given my finding that individuals learn using a
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Figure 3.12: Mean contribution levels in the 2 − 10 rounds of a repeated network public
goods games for two (simulated) cases where the first round MPCR is varied. MPCR in
later rounds is fixed at 0.5. Error bars represent 95% confidence intervals.

high inertia learning rule like that of reinforcement, the higher level of contributions in the

first round would mean that higher levels of contributions will be sustained in later rounds

too. I examine this by using the empirical agent-based model. I consider two treatments. I

consider a regular network as that of the network considered in the experiment in Section

3.3. Each agent is connected to exactly two other agents. In the first treatment, I fix the

first round MPCR at 0.35 and the MPCR in later rounds is 0.5. In the second treatment, I

fix the first round MPCR at 0.95 and in the later rounds the MPCR is 0.5. I then simulate a

repeated network public goods game for 10 rounds. Figure 3.12 reports mean contributions

in 2-10 rounds. These mean contributions are significantly different (Mann-Whitney Test,

p < 0.0001). Thus, understanding the determinants of behavior can help one to think about

empirical mechanisms that can promote higher levels of contributions.
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3.5 Conclusions

In this Chapter, I empirically investigated individual decision making in network public

goods games using an incentivized experiment. I find no significant differences across con-

tributions in network public goods games and public goods games with fixed non-overlapping

groups indicating that presence of a network does not affect contribution choices. I also find

that the distribution of cooperative types (free riders, conditional cooperators, and full co-

operators) in network public goods games are identical to that of the distribution of types in

non-network public goods games. I find that the estimated distribution of social preference

parameters is reasonably successful in explaining the aggregate changes in the distribution

of cooperative types when prices change. The model is able to predict an increasing pro-

portion of full cooperators when the price of cooperation gets smaller and an increasing

proportion of free riders when the price of cooperation gets larger. Finally, identical to

the non-network case, I find that contribution choices in repeated network public goods

games are best described by social preferences of participants affecting the choice of first

round contributions and then subsequent contributions based on payoff-based reinforcement

learning. I find that learning is identical across finitely and indefinitely repeated network

public goods games. I deployed these empirical insights in an agent-based model. The “em-

pirical” agent-based model thus created was deployed in thought-experiments to generate

new insights about contribution dynamics in networked communities. Simulations with the

empirical agent based model showed that network size, degree heterogeneity, average path

length, and network density do not have any significant effect on contributions in repeated

public goods games. These results stand in contrast with the results from agent-based sim-

ulations based on behavioral rules inspired from microbiology which argue that presence of

a network structure significantly enhances cooperation in social dilemmas including public

goods games. The empirical agent-based model shows that subsidizing cooperation in the

first round can sustain higher levels of cooperation over later rounds of a repeated game.

This is due to the way social preferences interact with the price of cooperation and the
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high inertia associated with reinforcement learning. These insights illustrate that empirical

understanding of determinants of behavior in social dilemmas is instrumental in identifying

effective mechanisms that can promote cooperation using agent-based models.

Agent-based models have gained a significant appreciation in explaining the relation

between macro level outcomes and micro level dynamics in complex social systems. Agent-

based models provide a rich representational freedom in terms of realistic or intuitive be-

havioral specification of agents, heterogeneity in agents’ behavior, structure of interaction

among agents, and the timing of interaction. This flexibility allows researchers to study

real world social phenomena without making too many assumptions about behavior or in-

teraction patterns so as to make models mathematically tractable. Because of the rich

representational freedom agent-based models offer, they have been deployed to model a

wide variety of real world social phenomena including neighborhood segregation (Schelling,

1998), cooperation in groups (Axelrod, 1997), cooperation in structured populations (Nowak

& May, 1992; F. Santos et al., 2008), opinion dynamics (Deffuant, Neau, Amblard, & Weis-

buch, 2000), organizational problem solving (Lazer & Friedman, 2007), evolution of culture

(Axelrod, 1997; Epstein & Axtell, 1996), and emergence of conflict due to environmental

drivers (Kennedy, Cotla, Gulden, Coletti, & Cioffi-Revilla, 2014). While representational

freedom offered by agent-based models is one of their key strengths, it also opens up the

possibility of arbitrariness in how one decides on which behavioral representations to use at

the agent level. Earlier literature on agent-based models mainly concerned itself with pro-

viding alternative descriptive explanations of how complex macro level regularities emerge

from seemingly intuitive and/or simple behavioral rules (Epstein & Axtell, 1996; Axelrod,

1997; Macy & Willer, 2002; Schelling, 1998). One of the main emphases was on the exposi-

tion that individual level rationality, which assumes unrealistic cognitive and computational

capabilities of individuals, as theorized in standard economics is not necessary to generate

rational aggregate outcomes. For example, Gode and Sunder (1993) showed that transac-

tion prices converge to the equilibrium price in a continuous double auction market even

with “zero-intelligent” agents that make random bids and offers. As long as zero intelligent
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agents do not trade for losses, the allocative efficiency in these markets reaches close to

100%. Earlier agent-based models were also not averse to the multiplicity of micro level

explanations of a given macro level phenomena, in fact it was encouraged. An inadvertent

side effect of this practice was that the methodology of agent-based models in its earlier

stages was not suited to do comparative static analysis or to quantify the effect of a given

intervention mechanism on a macro level outcome variable of interest or to forecast future

outcomes.

Recent research in agent-based models set out to address this particular issue by using

the so called empirical agent-based models (Janssen & Ostrom, 2006; Janssen & Ahn, 2006;

Robinson et al., 2007; Heckbert, Baynes, & Reeson, 2010; Wunder et al., 2013; Smajgl &

Barreteau, 2014). Empirical agent-based models typically use quantitative or qualitative

data to derive behavioral specification of agents and/or their interaction patterns, for ex-

ample as in Wunder et al. (2013). In some cases, empirical information is used to falsify and

test a given agent-based model. This Chapter contributes to the methodology of empiri-

cal agent-based modeling. It addresses two challenges in empirical agent-based modeling

paradigm: identification of empirically relevant determinants of behavior in a given domain

and the implementation of behavioral heterogeneity. First, it demonstrates that the chal-

lenge of identifying pertinent behavioral determinants can be addressed using incentivized

experiments. Second, it illustrate that econometric methods that allow for observed and

unobserved parameter heterogeneity across individuals like that of Mixed Logit methods

(Train, 2009) provide a systematic foundation to estimate the behavioral heterogeneity

from empirical and/or experimental data and then to incorporate it into agent-based mod-

els. The insights in this Chapter have potential to standardize how agent-based modelers

identify empirically relevant behavioral determinants and implement heterogeneity in the

behavioral determinants in agent-based models.

190



3.6 Appendix

3.6.1 Experiment Instructions

.

Instructions

Welcome and thank you for participating in todays economic experiment. Please put away

all your belongings and turn off your cell phones. You are not allowed to talk to any other

participant during the experiment. If you have any questions, please raise your hand. We

will come to you and answer your questions in private. The experiment will be run entirely

on the computer and all interactions between yourself and others will take place via the

computer terminal.

You have earned $5 just for showing up on time. This is yours to keep. In addition,

depending upon the decisions you make, the decisions others make and random choice, you

can earn more money. These instructions describe in detail the experiment and tasks you

are asked to complete.

During the experiment, your earnings will be described in terms of tokens. At the end

of the experiment, the total number of tokens you have earned will be converted to money

at the following rate:

20 tokens = $1 (1 token = 5 cents)

The experiment consists of four tasks. You will receive instructions for each task prior

to making decisions for that task. Your total earnings from the experiment will be the sum

of your earnings in each task. At the end of the session, the total number of tokens earned

across all four tasks will be converted to money and paid to you privately in cash, along

with the $5 show-up fee.
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Your Neighborhood

You will be placed in a network with 14 other participants as shown in the Figure 3.13..

The placement of participants in the network is random, and participants do not know who

is connected to whom.

Figure 3.13: Network in the experiment

Each participant is placed at one position on the network and is connected to exactly

two other participants. This placement and connection are fixed throughout each of the

four tasks. You and the two other participants who are connected to you in the network

define your neighborhood. Your neighborhood is always made up of the one participant to

the right of you and the one participant to the left of you. This is illustrated in the Figure

1 for example, if you are placed in the position of the circle that is highlighted in pink then

your neighbors are highlighted in yellow.

Neighborhoods overlap. Your neighbors are also members of other neighborhoods, and

you are a member of other neighborhoods. This is illustrated in Figure 3.14. Your neighbor-

hood is shown by the shaded area around the yellow, pink and yellow positions (numbered

1, 2, 3) in the network. The neighborhood of your neighbor to the right is shown by the

shaded area around the pink, yellow and blue positions (numbered 2, 3, 4). In other words,
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you are in your neighborhood and also in the neighborhood of your neighbor to the right.

Likewise, you are in the neighborhood of your neighbor to the left.

Figure 3.14: Neighborhoods on the network
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The Decision Situation

Each participant is provided with 20 tokens and must decide how to allocate the tokens

between a private account and a group project. You can choose to put none, all or some of

your tokens into the group project. The tokens you choose not to contribute to the group

project will remain in your private account. Everyone makes the same decision.

For each token put in the private account you earn exactly one token. You are the only

one who earns tokens from your private account.

What you earn from the group project depends on the total number of tokens that

you and your neighbors contribute to the group project. The more each member of the

neighborhood contributes to the group project, the more each member earns. Remember

that your neighborhood includes you and two other participants.

Your earnings from the group project are best explained by a number of examples.

Example 1: Suppose that you decided to contribute no tokens to the group project

but the 2 other members of your neighborhood contribute a total of 36 tokens. Then your

earnings from the group project would be 36 tokens × 0.4 = 14.4 tokens. Everyone else in

your group would also earn 14.4 tokens.

Example 2: Suppose that you contribute 15 tokens to the group project and the 2 other

members of your neighborhood invest a total of 36 tokens. This makes a group total of 51

tokens. Your earnings from the group project would be 51 tokens × 0.4 = 20.4 tokens. The

other 2 members of the group would also earn 20.4 tokens.

Example 3: Suppose that you contribute 20 tokens in the group project but the other 2

members in your neighborhood invest nothing. Then you, and everyone else in the group,

would earn from the group project 8 tokens (20 tokens × 0.4 = 8 tokens).

As you can see, every token contributed to the group project earns 0.4 tokens for every

member of the neighborhood, not just the participant who puts it there. It does not matter

who contributes tokens to the group project. Everyone will get a return from every token

contributed therewhether they contributed tokens in the group project or not.

Your total earnings from the private account and group project will be:
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Your total earnings = 20 - your tokens contributed to the group project + 0.4 × sum

of tokens contributed to the group project by all members of your neighborhood

You will now complete some questions to make sure everyone understands how earnings

are calculated.
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Instructions for Task 1 − A-Task

In the A-task, you will make a choice for the decision situation described earlier. You

will have 20 tokens and must decide how many to put into your private account and the

group project. You will be randomly assigned to a 3-participant neighborhood.

Each participant has two decisions in this task: make an unconditional contribution and

complete a contribution table. Details about these two decisions are as follows.

Unconditional Contribution: In this decision, you must decide how many of the 20

tokens you would like to put in the group project. You will make your decision on a screen

such as the following.

Figure 3.15: Decision screen for unconditional contribution choice
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Contribution Table: In this decision, you must decide how many tokens you would

like contribute to the group project for each possible average contribution of your neighbors

(e.g. 0, 1, 2,..., 20). That is, if your neighbors contributed 0 tokens on average, how

much would you contribute? If they contributed 1 token on average, how much would you

contribute? If they contributed 2 tokens on average, how much would you contribute? And

so on, up to 20 tokens on average.

This means that in total you have to give 21 responses. You will make your decisions

on a screen such as the following

Once each participant has made the unconditional decision and completed the contri-

bution table, the computer will randomly determine if the unconditional contribution or

the contribution table will be used to determine your earnings. In each neighborhood,

one of the three participants is randomly chosen to have the contribution table count to

calculate earnings. For the other two participants in the neighborhood, the unconditional

contribution counts to calculate earnings. How is this done? If the participant is chosen

to have his contribution table count for earnings, first the unconditional contributions to

the group project of his neighbors are averaged and rounded to the nearest integer (e.g.

0,1,2,...,20). Then, the contribution table of the participant is used to determine how many

tokens the participant contributes to the group project. The number of tokens contributed

is the amount he specified for the average contribution of his neighbors.

So, if the average contribution of his neighbors is 16 tokens, and he specified 10 tokens

if the average contribution of his neighbors is 16, the total contributed to the group project

by everyone in the neighborhood would be 42 (16×2+10) tokens.

You will not know if advance which decision, the unconditional contribution or the

contribution table, will count to determine your earnings, so you should make each decision

as though it will count for your earnings.

The following examples should help make this procedure clear.

Example 1: Suppose the contribution table was randomly chosen to count for you.

This means that the decisions you made in the contribution table determine your earnings.
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Figure 3.16: Decision screen for conditional contribution table

For the other two neighbors their unconditional contributions determine their earnings.

Suppose that the total contributions of the other two neighbors are 26 tokens, and the

average contribution 13 tokens (26 tokens/2). In your contribution table, suppose you

chose to contribute 4 tokens if the average contribution of your neighbors is 13, then your

earnings for Task 1 would be: 20 - 4 + 0.4 × (4 + 26) = 28. If instead you chose to
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contribute 14 if the average contribution of neighbors is 13, your payoff would be: 20 - 14

+ 0.4 × (14 + 26) = 22.

Example 2: Suppose the unconditional contribution was randomly chosen to count for

your earnings. Also, suppose that the unconditional contribution of the neighbor who was

not selected for the contribution table to count is 12. If your unconditional contribution is

20, then the average unconditional contribution is 16 tokens ((20 + 12)/2). If the neighbor

selected to have his contribution table count chose 18 tokens if the average contribution of

his neighbors is 16, then your earnings are: 20 - 20 + 0.4 × (20 + 12 + 18) = 20.

Are there any questions before we begin?
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Instructions for Task 2 − B-Task

In the B-Task, you will be randomly assigned to a 3-participant neighborhood as described

earlier. Your neighbors in Task 2 may be different from your neighbors in Task 1, however,

you will remain with the same neighbors for all decisions you make in Task 2.

The B-Task lasts for several rounds. The number of rounds is randomly determined.

In each round, you face the basic decision situation described at the beginning of the

experiment. After each round, there is an 85% probability that there will be one more

round. So, for instance, if you are in round 2, the probability there will be a third round

is 85% and if you are in round 9, the probability there will be another round is also 85%.

How this works is as follows. After each round, the computer will randomly draw a number

between 1 and 100 (e.g. 1, 2, 3,..., 100), where each number is equally likely to be chosen.

If the chosen number is 85 or lower, there will be another round. If the chosen number is

86 or above, there will be no additional rounds, and the task will end. You will know there

is another round if you see the decision screen again and are asked to make a decision. If

the task ends, you will get a message saying the task is done. You will not know ahead of

time for how many rounds you will make decisions.

In each round, you will be given 20 tokens and must decide how many tokens you would

like to contribute to the group project and how many you would like to put in your private

account. You will receive earnings only from the group project that involves participants

in your neighborhood. Your earnings from your contribution decision in a given round are

determined as:

Your total earnings in a round = 20 - your tokens contributed to the group project +

0.4 × sum of tokens contributed to the group project by all members of your neighborhood

You will participate in the decision situation repeatedly with the same neighbors, until

it is randomly determined that there are no more rounds.
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You will make decisions on a screen such as the following:

Figure 3.17: Decision Screen for contribution choice

Here is an example to explain how earnings are calculated in each round:

Example 1: Suppose you chose to contribute 12 tokens and your neighbors chose to

contribute 30 tokens in total. Your earnings in that round would be: 20 - 12 + 0.4 × (12
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+ 30) = 24.8 tokens.

In each round, after you decide how much to contribute to the group project, you will

be asked to guess the average contribution to the project (rounded to the nearest integer) of

your two neighbors. You will receive tokens for the accuracy of your estimate. If your guess

is exactly equal to the average contribution of your neighbors you will receive 3 tokens in

addition to your earnings for that round. If your guess was off by 1 token, you will get 2

additional tokens. If your guess was off by 2 tokens, you will get 1 additional token. And,

if your guess was off by 3 or more tokens, you will get 0 additional tokens.

When everybody in your neighborhood has completed the two decisions, you will be

shown each of their contributions, the total contributions to the group project, and the

average contribution. You will only be informed of the contributions of those in your neigh-

borhood. You will not be informed of contributions of participants in other neighborhoods.

You will also be informed of your earnings for the current round.

Once all subjects in the experiment have completed the two decisions and are told their

earnings and the contributions of their neighbors in the current round, the computer will

randomly draw a number between 1 and 100 to see if everyone plays another round. If there

is not another round, the task is done.

Are there any questions before we begin?
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Instructions for Task 3 − A-Task

In Task 3, you will make two decisions again as you did in the Task 1 A-Task. The difference

between this task and Task 1 is that for each token contributed to the group project you,

and the other two neighbors, will get 0.8 tokens back.

Things to remember:

1. You will be randomly placed on the network at the beginning of the task and assigned

to a 3-participant neighborhood. Your neighbors in this Task 3 may be different than

in the previous two tasks.

2. You will make two decisions.

3. The first decision, the unconditional contribution, is how many of your 20 tokens you

want to contribute to the group project.

4. The second decision, completing the contribution table, is how many of your 20 tokens

you want to contribute to the group project for each possible average contribution of

your neighbors (e.g. 0, 1, 2,..., 20).

5. Each token contributed to the group project will earn 0.8 tokens for each participant

in the neighborhood.

6. One of the two decisions, the unconditional contribution or the contribution table, will

be randomly chosen to determine earnings. You will not know ahead of time which

decision will count.

Are there any questions before we begin?
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Instructions for Task 4 − B-Task

In Task 4, you will make decisions again as you did in the Task 2 B-Task. The difference

between this task and Task 2 is that for each token contributed to the group project you,

and the other two neighbors, will get 0.8 tokens back.

Things to remember:

1. You will be randomly placed on the network at the beginning of the task and assigned

to a 3-participant neighborhood. Your neighbors in Task 4 may be different than in

the previous tasks, however, you will remain with the same neighbors for all rounds

in this task.

2. You will face the same decision situation for several rounds. You must decide how

many of your 20 tokens you want to contribute to the group project.

3. The number of rounds is randomly determined. After each round, there is an 85

4. If there is another round, you will see a decision screen to make another choice. If

there is not another round, you will be a message saying the task is over.

Are there any questions before we begin?
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