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Chapter 2
On the dynamic development of social ties:
theory and application1

2.1 Introduction
Much attention has been paid recently by researchers in various fields to try to find
possible explanations to observed behaviors that seem to conflict with the predictions of
the standard homo œconomicus theory - which assumes perfectly rational and selfish
agents. Both strategic and non-strategic reasons have been advanced to explain these
empirical facts in a social context. For example, the incentive to invest in reputation
building (Kreps et al., 1982; Camerer and Weigelt, 1988; McKelvey and Palfrey, 1992) is
part of the strategic factors that could foster cooperation in repeated games: it is in one’s
interest to forego short-term gains in order to reach higher long-term payoffs and, by
playing as if one was a cooperator, one serves his own interest. Especially in the case of
infinitely repeated games, it has been shown that many outcomes could actually be an
equilibrium, especially through the existence of threats (i.e. the often called “folk
theorem”; see for example Rubinstein, 1979). Thus, according to this line of reasoning,
observed cooperation (or at least part of it) would be in line with narrowly selfish
preferences. On the other hand, non-strategic reasons have been put forward in the
literature and gave rise to the development of new forms of preferences. Gathered under
the broad label of “social preferences”, these models assume interdependent utility
functions of various forms, meaning that one’s utility is also depending on the utility (or at
least payoff) of the individuals one is interacting with. Some of these models are based on
purely distributional preferences meaning that the choice of an action is made simply based
on the different distributions of income that are available to the decision maker,
1
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independent of how these options were made available to the agent. Examples of such
preferences can be found in Fehr and Schmidt (1999), Bolton and Ockenfels (2000),
Charness and Rabin (2002) or Kirchsteiger (1994). Even though such models can explain
some reciprocal behaviors, they do not take explicitly into account what led the decision
maker to face the choice set that he is facing. A special case is Levine (1998), who
assumes that people want to be kind to intrinsically kind people and unkind to intrinsically
unkind people. In that sense, utility is not only based on outcomes but also on the identity
(type) of the counterpart. But given that he has incomplete information on the type, the
agent will thus have a tendency to place higher weights on the gains of people who play
nicely, since playing nicely acts as a signal for intrinsic altruistic preferences.
On the other hand, a lot of models are implementing preferences directly built on
reciprocity, that is answering an (un)kind act by a costly (un)kind action. Sobel (2005)
separates two different types of reciprocity. “Instrumental reciprocity” encompasses the
kind of strategic behaviors described above: no change in inherent preferences is needed as
such behaviors simply result from an optimizing process due to the long-term feature of the
considered interaction. On the other hand, he argues that preferences might contain what
he calls “intrinsic reciprocity”, a genuine taste for reciprocity where preferences depend
both on outcomes as well as on strategies. For example, Rabin (1993) lets utility be
context-dependent, thus being a function of both the distributional outcomes available and
the strategies used to arrive at the decision node. Other examples of reciprocity models can
be found in Cox et al. (2007), Falk and Fishbacher (2006) and Dufwenberg and
Kirchsteiger (2004).
Interestingly models describing purely distributional preferences assume that these
preferences are stable. In an environment of repeated games, no time or history
dependence is included. As acknowledged by some of these researchers themselves, “an
obvious limitation of our model is that it cannot explain the evolution of play over time in
the experiments discussed. Instead, our examination aims at the explanation of the stable
behavioral patterns that emerge in these experiments after several periods.” (Fehr and
Schmidt, 1999; p 851) Aside from the immediate question about the existence of such
“stable behavioral patterns” after several periods2, the question of how do players reach a
cooperative or a competitive equilibrium is interesting and far from trivial. Concerning
2

Even if this may depend on games and contexts, a quick glimpse at the individual patterns of contribution
(see Figure 2.2) in the public good experiment of Fahrenfort et al. (2012) makes clear that such stable
patterns are far from being always reached.
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reciprocity models, their complexity caused by their reliance on psychological game theory
as well as the very often observed presence of multiple (and sometimes unreasonable)
equilibria have been pointed by some researchers (for a survey, see Fehr and Schmidt,
2006). Furthermore, it should be noticed that Levine (1998) focused on the last period of
play when confronting his model to data (among which are public good games), “after the
players have had time to learn an equilibrium” (op. cit., p599). In that sense, he is also not
interested in the dynamics in repeated interactions where parties are identifiable (e.g. using
partner matching procedures). Another more general problem has been pointed by Sobel
(2005): “The most basic problem is the specification of α [the weight put on other’s
payoff]. Charness and Rabin (2002), Martin Dufwenberg and Georg Kirchsteiger (2004),
Falk and Fishbacher (2005), and Rabin (1993) present explicit functional forms for α, all
motivated by plausible intuitive arguments and appeals to selected experimental evidence,
but no one has described observable behavioral assumptions on α that best describe
behavior.” (op. cit.; p409) One of our goals during this chapter is to present a theoretical
model that will try to explain “the evolution of play over time” by having the variable
measuring the attitude toward the other depending both on past history and on the
strategies used by the counterpart.
In a simple tractable model van Dijk and van Winden (1997) proposed a
formalization of the development of affective ties between players. Focusing on the
problem of private provision of public goods, they proposed that social ties, simply
modeled as the weight attached to another individual’s well-being in one’s own utility
function, depend on the dynamics of provision from the players. These ties are thus based
on the past history of contributions and will evolve towards positive, null or negative
values depending on the extent to which the agent finds the interaction satisfactory.
Moreover, the way that this history is taken into account in the development of ties is
modulated by individual parameters reflecting affective processes as their model also aims
at describing the emotional mechanisms hidden behind these social preferences and their
evolution. Economists already took into account the impact of emotions in individual
decision making, especially when modeling decision-making under uncertainty (see for
example models on regret (Loomes and Sugden, 1982) or loss aversion (Tversky and
Kahneman, 1992)). However, it has been absent of most behavioral models of social
decision making until very recently (some of the exceptions are Battigalli and Dufwenberg,
2007; Loewenstein and O'Donoghue, 2007; van Dijk and van Winden, 1997; van Winden,
2001). The social ties model already received indirect support through several behavioral
11
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experiments. First, van Dijk et al. (2002) showed that their discrete measure of social ties
was significantly influenced by the success of the interaction (measured by contribution
levels or earnings) in a public good game played in pairs. Sonnemans et al. (2006)
replicated this finding in four-player groups. They indeed found that a subject developed
different social ties with different counterparts and that these differences depended on
individual contribution behaviors. Finally, Brandts et al. (2009) gathered evidence from a
prisoner’s dilemma game that emotions were mediating the effect of the interaction on
social ties.
The goal of this paper is twofold. We first extend the previous model (van Dijk and
van Winden, 1997) and allow it to embed several canonical models of preferences (Section
2.2). The most important feature of this formalization of preferences resides in the fact that
they are dynamic. Preferences will change according to what happened during the
interaction. This will allow us to formulate predictions about the dynamics of behavior, an
impossible task for social preferences models purely based on distributional concerns (like
inequality aversion, preferences for efficiency, etc…). As they are formulated now3, these
models would not be able to track period-to-period changes in behavior. This also applies
to reciprocity models as they are most of the times used to model second movers’ behavior
in sequential games but do not make any specific dynamic predictions for repeated
simultaneous games. Moreover, the individual parameters underlying the development of
ties are representing personality traits that, we think, are more basic than social
preferences4, which should allow for a better stability in changing environments.
To extend our model, we first consider the inclusion of bounded rationality through
a probabilistic choice mechanism. Indeterminacy of behavior is getting more support from
researchers of different fields (for a survey see Glimcher, 2005) and we think that this is a
valuable approach. Second, we include the possibility of limited foresight for individuals.
This assumption rests on several experimental results. It has been shown that most
individuals were not using (full) backward induction (Johnson et al., 2002), as it is
assumed by traditional game theory. Without assuming that agents do not plan at all
(results from Bone et al. (2009) suggest that this is the case for more than half of their

3

Of course, one can think about modifications of these models to introduce a dynamic component in it. It
might be more difficult to do so by having the social preference parameters changing over time since such
preferences often appear as a personal trait rather than a latent variable as in our model. Implementing an
expectation mechanism could be one way of doing so.
4
Even though the nature of certain social preferences appears to be, at least to some extent, innate. See for
example Matthews et al. (1981) or Rushton (1991).
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subjects) it seems as improbable that all individuals are able to reason backward from the
last stage of the game. Level-K models (like Camerer et al., 2004) are examples of models
assuming limited cognitive abilities for agents. Assuming this kind of mechanism is
equivalent to state that agents are not reaching the last step of backward induction.
The second goal of this chapter is to estimate this model on several data sets of
repeated public good games using a partner matching procedure (section 2.3 and 2.4). We
apply the model to three different datasets. As showed by Bone et al. (2009), some subjects
appear to be forward-looking while others are myopic. In order to take into account this
problem and allow for different types, we implemented a mixture-model approach for the
estimation of our first dataset; taken from Fahrenfort et al. (2012; see Chapter 3). Results
show that the model is able to explain round-to-round changes in contributions or at least
general trends in behavior. We also show that a majority of subjects develop ties with their
counterpart, thus rejecting the standard homo œconomicus hypothesis. The model also
performs better than chance in an “out-of-treatment” prediction where subjects had to
choose allocations of money. The second dataset, taken from van Dijk et al. (2002), is also
a repeated public good game played in pairs and results confirm what we observed from
the first dataset. The third dataset (from Sonnemans et al., 2006) also concern a repeated
public good game. However, this time, it is played in fixed groups of four subjects. This
more complex environment does not lower the model predictive power and we are still
able to predict well round-to-round contributions.
In section 2.2, we will give our definition of social ties and present a formal dualprocess model of their development. Section 2.3 will present the main estimation task
based on the Fahrenfort et al. (2012) data. Complementary analyses on the same dataset as
well estimation on other datasets will be presented in section 2.4. Finally, section 2.5 will
conclude and consider perspectives for future research.

2.2 A Theoretical Model of the Dynamic Development of Social Ties
2.2.1 Social Ties
A lot of evidence from psychology (for a survey, see Baumeister and Leary, 1995) showed
that the search for interpersonal attachment is one of the most important elements of
human motivation. Evolutionarily sensible (e.g. as a way to fight external threats or to
enforce trusting behavior), the question on how people develop affective ties have receive
little scrutiny, especially in terms of economic modeling. Before going further, we need to
13
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specify what we mean by social tie. We use here the definition given by van Winden et al.
(2008; p 128): “a social tie refers to a caring about the interests of a specific other person,
based on feelings experienced while interacting with that other person.” First, the fact that
a tie is individual-specific means that an agent will develop an individualized relationship
with every other person he interacts with. Thus, he may develop different attitudes towards
different agents depending on how the interaction unfolds. This is a different view from the
one proposed by outcome-based models which place all other individuals on the same
ground and where social preferences do not rest upon the identity of counterparts. Second,
we restrict our definition of social ties only to the environments where an interaction takes
place. This differentiates this concept from others like sympathy or empathy that do not
require the actual occurrence of an interaction. Whereas you may feel empathy just by
observing or thinking about another person’s situation, you would have to interact in some
way with this person in order to develop a specific affective attachment. Following this
definition, the social tie one develops with another person can only arise if an interaction
takes place, i.e. if actions are perceived and if the other person is identifiable. This
definition is also in line with results from Goette et al. (2012) who showed that there was a
difference in behavior between groups formed using the minimal group paradigm and
groups which had real social interactions.
Finally, we assume that this attachment rests on the emotions that you felt while
interacting. This implies that you cannot strategize over your social tie, meaning that you
cannot just choose your attitude toward the other in a certain desired direction. We want to
concentrate here on the first emotional appraisal of a situation, contrary to social
preferences models based on beliefs about the intentions or the type of the opponents,
where more emphasis is put on the cognitive side of decision making5 (see for example
Levine, 1998). As a consequence, one could think of our social ties model as the emotional
approach to a problem that belief-based models tackle through cognition: finding out if the
other is a friend or a foe. This view is stimulated by the works of Zajonc (1984) and others
arguing in favor of the primacy of affect and the fact that emotional responses appear to
occur without necessarily involving cognitive appraisal. Even though this view may seem
extreme in the case of the environment and decision-making problems that we are
interested in here, we can use this dual-process idea to our modeling approach. As Ledoux
(1997) puts it, “cognition also contributes to emotion by giving us the ability to make
5

However, we could imagine that perceived intentions are entering the model through their influence on the
reference point that agents use to gauge the kindness of the other. See below.
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decisions about what kind of action should occur next, given the situation in which we find
ourselves now. One of the reasons that cognition is so useful a part of the mental arsenal is
that it allows this shift from reaction to action.” This is exactly the approach that will be
adopted to model social ties: while preferences will be determined emotionally and out of
conscious control by what happened in the past, cognition will then kick in in order to
make the best possible decision according to these preferences.
We can also anchor our definition to a more recent literature showing a significant
difference between decisions from description and decisions from experience (for a survey,
see Rakow and Newell, 2010). If most of these studies focused on individual decisionmaking under uncertainty, they found striking differences in behavior: for example,
whereas under description, risk seeking for gains and risk aversion for losses are the most
commonly observed behavior for low probabilities, it appeared to be exactly the opposite
when subjects had to collect information through experience. More than just differences in
behavioral responses, Rakow and Newell (2010) argue that experience-based and
description-based choices may trigger very different processes in terms of information
treatment (acquisition, representation, weighting and integration). It also has been shown
that people’s choice are sometimes at odds with their judgments and representations (for
example Barron and Yechiam, 2009). More directly linked to our social decision-making
context, Denrell (2005) showed that the formation of social impressions (and thus the
desire to continue or not an interaction) was greatly impacted by the sequential sampling of
experiences. All these results point towards the importance, in terms of preferences and
decision making, of both emotional responses generated by experience and dynamic paths.
As mentioned earlier and as described next (section 2.2.2), our model assumes
dynamic preferences. Contrary to many models, the “kindness” or “spitefulness” of an
agent is not a fixed trait but the weight he puts on the well-being of the other will fluctuate
through the interaction. An agent may develop a bond with his counterpart based on
successive cooperative plays but, after an unkind move, may feel betrayed and engage in
antisocial behavior because of a negative tie. The parameters of our model are thus
reflecting history retention (the number of periods of play influencing the social tie) and
emotionality (the extent to which an emotional impulse will influence the social tie), traits
that we believe to be more basic compared to social preferences. This could also make
them more stable between different environments compared to more evolved traits
reflecting complex social preferences but of course, this remains an empirical question. In
15
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our model, the changes of attitude of an agent toward another according to his behavior
might be modulated by these individual traits. For example, an agent might experience a
small deviation from a norm as an outrageous move while another might be hardly moved
by it. The same holds for the influence of history.
To sum up, our model assumes that agents will experience emotions based on their
emotional appraisal of the quality of the interaction. These emotions will then influence
their attitude and attachment towards the other agents they are interacting with. As a
consequence, this attitude may change along with the interaction. All these components of
the definition give to the resulting social preferences an “individualized, historical, and
context dependent content” (van Winden et al., 2008; p126).
2.2.2 The Formal Dual-Process Model
The first version of the formalization of dynamic social ties in the framework of public
good contributions appeared in van Dijk and van Winden (1997). We present here a
linearized version of this theoretical model and extend it in two directions by including a
probabilistic choice mechanism and (limited) foresight6. In this presentation of the model,
we are implicitly considering the framework of analysis to be the private provision of
public goods but are trying to stay as general as possible. We assume that the game is
played repeatedly for T periods in groups of N players. The utility of an agent in one
period7 is defined as follows:
=
where

+

.

(2.1)

is the agent i expected utility in round t, which depends both on

the utility he expects to get from period t and t+1, respectively. The parameter

and

,

∈ 0; 1

is the discount factor applied to the utility expected from next period by agent i. Thus,
agents have limited foresight since they will maximize their utility only over the two
coming periods of play. Notice that an agent with

= 0 is myopic since he does not

consider the utility he will get from the next period.

6

For justifications of these extensions, see the introduction (section 2.1)
A period refers here to a repetition of a simultaneous game, as in the public good framework. It can also be
thought, of course, as a decision node in a sequential game.
7
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The expected utility from each period is simply defined in the following linear way:
=
where

+

.

is agent i payoff from the game in period t and

(2.2)
is the social tie that agent i

has developed with agent j in period t.8 We model this social tie simply as the weight in
one’s utility to the payoff received by the considered counterpart. This weight can be
positive, null or negative. One might consider the limitation of its absolute value to 1
(which is the weight of one’s own payoff) a reasonable assumption: occurrence of
individuals valuing more the well-being of another person than their own may arise only in
very specific situations (e.g. heroism, kin relationships, etc…). However we do not put any
limitation to it in our model, leaving this door open.
The dynamics are appearing in the model through the definition of the social tie
formation mechanism:
=
where

.

+

is the “tie persistence” parameter,

.

(2.3)

is the “tie proneness” parameter and

is

the emotional impulse for player i caused by player j in period t-1. The history of play is
introduced through

∈ 0; 1 , a memory related parameter, which captures the

persistence of the previous tie and determines the number of periods of play that will
∈ 0; 1 , related to emotionality, captures the

influence behavior. The parameter

emotional impact of the impulse generated by counterparts’ behavior. This impulse,

,

is defined as the last action taken by the other player compared to some reference point. In
our public good game setting, the impulse function is simply:
=
where

−

"#$

is the contribution made by the player j in round t and

(2.4)
"#$

is the reference

level for round t. We do not constraint the type of reference and many options are worth
considering: among others can be cited an arbitrary fixed norm, the Nash equilibrium of
the static game, the expectation about other’s behavior or one’s own behavior. It can thus

8

It should be noticed that this individualization of the social tie is possible only if the necessary information
about the behavior of the counterparts is provided to the subjects. Otherwise, they will simply develop a
unique tie towards the group, without being able to discriminate between players.
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be fixed as well as dynamic. Notice also that we need to model the way expectations
concerning the next period (t+1) contribution(s) of the other player(s) are formed by
forward-looking agents. As further discussed below (Section 2.3.3.), this mechanism is a
function of the current choice of contribution and thus assumes that agents expect some
reciprocity.
Consider the simple case of a two-player game. An agent will consider some action
as a reference. He will then observe the action chosen by the other agent and will compare
it to his reference. This comparison is what we call the emotional impulse. An action
perceived by the agent as kinder than his reference will generate a positive impulse and
will increase the social tie. On the other hand, an action perceived as less kind than the
reference will trigger negative emotions and will lower the social tie (eventually to
negative values). Thus, the social tie an agent will develop towards another can be seen as
a stock variable of the emotional impulses triggered by the interaction. The strength of the
impact of one impulse on the tie is determined by

(which can be interpreted as an

“emotionality” parameter) and the persistence of this impact on the tie is captured by
(which can be thought as a “memory” parameter). We can also point out that reciprocity is
introduced in the model through the tie proneness parameter. Indeed, if

= 0, the

counterparts’ behavior do not enter the tie and the utility function. On the other hand, a
positive value of the parameter will increase the tendency of the agent to reciprocate:
unkind actions from the other will trigger negative ties that will push the agent to try to
lower the other’s payoff while kind actions will generate a positive tie and will entail more
generous decisions from the agent. As mentioned in the previous section, the tie
mechanism described in equation 3 constitutes the affective part of our dual-process
model. Direct cognitive control can be exercised neither on the emotional impulse nor on
the social tie. These variables cannot simply be chosen on purpose by the agent to achieve
a certain goal. Preferences are formed through emotional reactions triggered in an
“autonomic” way by the interaction.
Moving to the cognitive part of the model, we implement a probabilistic choice
mechanism using the traditional logit form. The choice probability of each action is
determined by:
&' =
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where & ' is the probability that agent i chooses action k (. ∈ 1; / ) in round t (0 ∈
1; 1 ). The parameter + captures the distance between the agent’s behavior and perfect

utility maximization. When + → 0, every action is equiprobable and behavior is random.

On the other hand, When + → +∞, the agent is choosing with certainty the action

maximizing is utility. The log-likelihood of choosing a certain stream of decisions over the
whole game for a given individual can thus be written:
LogL =

;

:
'

7 ' . ln(& ' )

(2.6)

where 7 ' = 1 when action k is chosen in round t and is null otherwise.
Before going further, we can already see that this model captures various important
features of potential behaviors. First, we saw that, by setting

to zero, agents will not be

forward looking to the next period and will act like myopic individuals. Moreover, it has to
be noticed that this limited foresight gives a more strategic aspect to the model: indeed, if
an agent is forward-looking, he will be able to contribute to the public good for purely
strategic reasons as he expect his own contribution to have a positive impact on the other
players next contributions, without developing any social tie with other agents. This feature
appears very important as it can potentially explain the decay of contributions towards the
end of a finitely repeated game (i.e. the often called “end effect”9). Second, it obviously
embeds the standard selfish preferences model, simply by allowing the values of

=

≠ 0 (for specific or all j),

trend in the tie in between periods of play) and
value of
of

(the

both being null. Third, stable ‘standard’ social preferences can be

initial weight) and of
obtained by having

=

= 1 (so that there is no decaying
= 0 (so that there is no update of the

). The direction of such stable preferences will then depend on the initial value

: spitefulness will occur if

=

< 0 while altruism arises if

=

> 0. Interestingly,

more complex distributional behavior like inequality aversion can also be approached by
our model in some settings. Consider the case of a symmetric public good game where
contributions are costly and assume that agents are taking their own contribution as a
reference. A higher contribution of the agent compared to his counterpart in one period
will not only imply disadvantageous inequality, but also a negative emotional impulse in
9

It has to be noticed that a decrease in contribution at the last period can be due to both the foresight of
forward-looking agents (as there is no longer a next period) and the existence of a sufficiently high negative
impulse in the previous round. However, we will refer only to the first factor when using the term “end
effect”.
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our social tie framework. In both cases, the agent will supposedly decrease his contribution
for the next period. In the same fashion, a lower contribution than the other will create
advantageous inequality and a positive impulse and will thus push the agent towards a
higher contribution in the next round. More generally, the social tie model can capture
phenomena related to direct and indirect reciprocity and in- and out-group distinction (see
van Winden, 2012).
The most crucial feature of this model is that, using a very simple and tractable
formalization, it renders preferences dynamic and allows us to generate predictions about
the evolution of play during an experiment, in contrast to most existing social preferences
models (see introduction, section 2.1). We did not tackle the analysis of dynamic equilibria
since our focus in this chapter is empirical (confront the model to existing data) rather than
theoretical. However, we can still add that van Dijk and van Winden (1997) showed that
when agents are rational (e.g. non-stochastic behavior, corresponding to high values of + ),
myopic and have equal endowments, a unique equilibrium exists with symmetric positive
social ties. This equilibrium is locally stable and yields provisions of public good that are
higher than the equilibrium provisions obtained with selfish preferences. For further
equilibrium analysis for cases where differences in endowments or in preferences over
goods exist, see van Dijk and van Winden (1997).

2.3 Testing the Model on Public Good Game Data
The second goal of this article is to estimate this model on various experimental datasets.
We will restrict ourselves to three experiments including a repeated public good game (for
an extended description of all experimental procedures used during these experiments,
please see Fahrenfort et al., 2012; van Dijk et al., 2002; and Sonnemans et al., 2006). This
section focus on the Fahrenfort et al. (2012) neuroeconomic study since it is the richest
dataset among the three, allowing for a deeper analysis. However, results from the two
other studies are presented in section 2.4.
These datasets will allow us to estimate the model at the group-level. The first two
datasets (Fahrenfort et al., 2012; van Dijk et al., 2002) consist of two-player public good
games and yield very consistent results in terms of parameter values. The third dataset
(Sonnemans et al., 2006) is from a four-player public good game. Parameters are slightly
different in an intuitive way. The second exercise was to generate, based on estimations at
the individual level, dynamic predictions about the development of the game through time.
The model shows an arguably good performance in terms of prediction and appears to be
20
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able to predict quite complex dynamic patterns, both when the game is played with two or
four players.
2.3.1 Experimental Design
In Fahrenfort et al. (2012), a subject in an fMRI scanner was playing simultaneously with a
subject outside the scanner and the two of them completed three consecutive tasks. A
repeated public good game was interleaved between two Distributional Outcome Tests
(DOTs), adapted from the Ring Test (Liebrand, 1984). In this task, subjects observed a
series of 24 choices of allocation of points (later converted into money) between them and
the other (see Appendix 2.A). Two alternatives were presented and one of these was
selected by the computer. Once this choice has been observed, subjects had to indicate if
they agreed or not with the choice of the computer. This decision was not incentivized and
the choice of the computer was the effective one but subjects were told during the
instructions to express their real preferences during the task. These indications (agree vs.
not agree) are the ones used for the “out-of-treatment” predictions (see section 3.2.).
Choices were presented in a random order and always add up to give a null amount to both
players (this was done to keep the amount earned during this task constant among
subjects). No information about the choices made by a subject during the two DOTs was
transmitted to his counterpart, so that the first DOT decisions could not be used as a
signaling tool for the beginning of the public good game. In the first DOT, the other was
presented as a random participant in the experiment. In the second DOT however, the other
was the participant they were interacting with during the public good game. As a
consequence, the difference of attitudes during the two DOTs has to be imputed to what
happened during the public good game.
After the first DOT, subjects played a non-linear public good game for 29 rounds
with the same partner. In each round, subjects were endowed with 12 tokens to split
between a public and a private account. A token in the public account yielded 14 monetary
units (MU) while the value of i markers in the private account was 32*i-i² MU, so the nonlinearity of the game comes from the private account. On top of this, a fix cost of 160 was
subtracted each period. In this configuration, both the standard Nash Equilibrium (a
contribution of 3 tokens to the public account) and the Pareto Optimum (a contribution of
10 tokens to the public account) are interior in the action space (for the payoff matrix, see
Appendix 2.B). This non-linear version, which leaves room for “reward” and
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“punishment”10, was chosen for prediction matters. Indeed, a linear public good game
would have led to “all-or-nothing” predictions depending on the values of the social tie and
of the MPCR. Also, in a linear public good game, any null or negative social tie would lead
to a null contribution whereas in our game, subjects with anti-social and purely selfish
preferences would not select the same contribution level. The same holds for the difference
between agents with a social tie equal to one and agents for whom it is greater than one.
Once both subjects made their decisions, they were asked about their expectation about the
contribution of the other during the current round. An important reason for which we did
not incentivize these expectations was to avoid adding another degree of complexity in the
experimental design. We acknowledge that subjects may have felt less concerned because
of this but the extra explanation of a complex rule of payment on top of the public good
game instructions would have been too much information to process in our opinion. After
that both subjects indicated their expectations, they received feedback about the round. The
feedback screen showed the contribution of the other, their payoff in MU for the past round
and their cumulated payoff in MU over the whole public good game. Both subjects had to
validate in order to move on to the next round.
In order to avoid a polluting influence of the possible end effect of the public good
game on the last task, we interrupted unexpectedly the game after round 25 to implement
the second DOT. It was exactly the same as the first one, except that this time, the other in
the choices of allocations was the subject they interacted with during the public good
game. Once subjects completed this task, they went back to play the four remaining rounds
of the public good game.11 Subjects were then paid in cash and in private according to
what they earn during the public good game (since earnings in the two DOTS summed to
zero) on top of which we added a show-up fee. The transfer rate applied in our experiment
was 300 MU = 1 Euro. Total earnings were on average of 40 Euros and the average length
of an experiment was two hours. Important is the fact that the experiment was totally
anonymous and that we made sure that the two subjects never met at any point.

10

Contributing more than the Pareto-Optimum increases the other’s payoff at a cost for oneself and also
decreases the total payoff of the pair. On the other hand, contributing less than the Nash equilibrium
decreases both payoffs, but the other’s payoff more strongly.
11
After the end of the public good game, participants completed several questionnaires about the game
(liking of the other, strategy used, etc…) and a psychological measure of empathy called the BEES (Balanced
Emotional Empathy Scale; Epstein and Mehrabian, 1972). See Chapter 3 for more details.
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2.3.2 Aggregate Behavioral Results
We will first present aggregated behavioral results. The average contribution over the
whole game is 6.30 tokens, which corresponds to 52.5% of the endowment. Interestingly,
the average contribution to the public good is very stable over the 29 rounds, ranging from
5.26 tokens in the last round to 7.00 tokens in round 18 and 22 (see Figure 2.1). The very
often observed end-effect is very slight here since average contribution drops by only 1.07
tokens between round 28 and round 29. This quite high level of contribution and the
absence of any decreasing trend might be due to the pair setting. It was also the case that
the total number of rounds was indicated only in the beginning of the public good game
and that some subjects might have forgotten the information12. However, as we will see,
these aggregated results are hiding a great heterogeneity that we will try to understand.
2.3.3 Estimation Procedures at the Group Level
We will first present estimations on the whole dataset before moving to estimation at the
individual level. As we have seen in section 1, there is evidence that not everybody plans
ahead and uses backward induction in order to make decision, even in very simple games.
This was a hint to us in order to use the mixture-model approach and to allow subjects to
be from different types, either myopic or forward looking. We used the same kind of
12

Subjects were informed of the total number of rounds at the beginning of the public good game. After the
second DOT, they were informed that they “will finish the last couple of rounds” of the game. They were not
exactly reminded the exact number of rounds left but could remember that they were 29 in total.
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procedure used by El-Gamal and Grether (1995) in their article on Bayesian updating (for
greater details, especially on their method and algorithm, see op. cit., p1141). In our case,
the two considered models are nested since a myopic agent will simply have a null . Thus,
we cannot apply a mixture approach at the choice level (see for example Harrison and
Rutström, 2009; Wang and Fischbeck, 2004) where a decision is considered to have a
certain probability of being generated by each model, the likelihood of a choice being the
combination of the two models weighted by a “mixture probability”. In that case, because
of the linearity of our utility function (see equation 1), this probability and the discount
parameter would be perfectly confounded and thus impossible to estimate. More
conceptually, because of the dynamic nature of the model and of the path dependence of
each contribution decision, reasoning at the choice level appears neither relevant nor
correct. As a consequence, we opted for a mixture model at the individual level, where
each individual can be categorized as being of one of the two alternative types. At each
iteration of the maximum likelihood procedure, we calculate the individual likelihood for
each model and take, as a contribution to the total likelihood, the one of the best
performing model. In the end, we get one set of parameters for each group (myopic and
forward-looking) and a categorization of individuals between each group.13
Table 2.1: Group Level Estimates (Fahrenfort et al. (2012))
Parameters

θ

δ1
δ2

λ

Myopic Group

Forward-Looking Group

(Std Err)

(Std Err)

0.0586***

0.0617***

(0.0042 )

(0.0049 )

0.4556***

0.3152***

(0.1058 )

( 0.0534)

0.040***

0.1119***

(0.0067 )

(0.0091 )

-

0.5525***

Log-Likelihood
Forward-Looking Subjects

( 0.0524)
-3586.78
30 (out of 56)

Note: *** indicates significance at the 1% level.

13

For comparison matter with the other two considered datasets, we also estimate the “myopic” model over
the whole sample. Results of this estimation are consistent and can be found in Table 2.2.
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In the case of our public good game, the reference point for the emotional impulse
will be the standard Nash contribution to the public good (which is 3 tokens). Higher
contributions will generate positive emotional impulses that will increase the social tie
while lower contributions will generate negative ones and thus decrease the current social
tie so that the development of both positive and negative ties is possible. Alternative
reference points (including dynamic ones) have been considered but have been discarded
because of a worse quality of the fit (see Appendix 2.C). So it seems that the standard Nash
contribution level was a focal point during our game, probably because it is easy to retrieve
in the table from round to round but most probably because it represents the demarcation
between competitive and prosocial actions of the other. Another assumption concerning
our data is that players start with a null tie: there are no antecedents in the relationship so
we consider that subjects start with selfish preferences that may evolve throughout the
interaction. This hypothesis can of course be disputed since it has been shown in many
cases that some people exhibit to some extent unselfish preferences even in one-shot
games using double-blind procedure. However it seems difficult from the experimental
data available here to make any other assumption if we want to estimate the model.
Concerning forward-looking individuals, we need to compute

, the expected utility

from period t+1 (see equation 1). To do so, we need to make an assumption about the
agent’s expectation about the other’s contribution in t+1. We simply take the average
between the agent’s own contribution in t and his expectation about the other in t which
corresponds to assuming that subjects expect some reciprocity from their counterpart in the
next period. It is interesting that this is through this mechanism that strategic contribution
(contributing without the development of any social tie) may arise. Indeed, if an individual
is forward-looking, the value of contributing to the public good increases through the
positive influence it has on the expected behavior of the other in the next round. The last
remark concerns the agent’s own contribution in t+1. Since the agent will try to choose the
optimal contribution in t (

) and since

of the utility function; see equation 4),

and

are independent (due to the additivity
is actually factored out and thus does not

require any supplementary assumption.
Results of this estimation are presented in Table 2.1. Using this procedure, we get
30 out of 56 subjects classified as forward-looking (their parameters will be indexed by FL
in the text) while the other are considered as myopic (their parameters will be indexed by
M in the text). Concerning parameters estimates, the value of the estimates is 0.0586 for
+A and 0.0617 for +BC (both are significant at the 1% level), in line with results obtained
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from previous experiments testing social preferences models in public good games
environments (Corrazini and Tyszler, 2010). The estimate of

A

and

BC

are 0.4556 and

0.3152, respectively. Both are significantly different from zero at the 1% level, implying
that the impact of an emotional stimulus (

.

) is lasting for a significant number of

periods. This means that dynamics matter and that actions from past rounds still impact
current choices. Third, the estimates of

A

and

BC

are respectively 0.040 and 0.112. Both

parameters estimates are again significantly different from zero at the 1% level.
As we expected, deviations from the selfish Nash contribution are generating significant
impulses and thus influencing the social tie, the more so for the forward-looking group.
Finally, we can see that for the 30 forward-looking subjects, the

estimate is 0.5525 so

that significant weight is put on the utility in the next period. It is also significantly
different from zero at the 1% level. Estimation at the group-level confirms that the model
has an explanatory power on data since all parameters are highly significant. Also, we
confirm here the existence of two sub-groups of subjects using different levels of
reasoning, as suggested by the literature14. Interestingly, the forward-looking group seems
to take into account a shorter history and also to react more strongly to impulses compared
to the myopic group. These two differences seem in line with the more strategic nature of
these subjects: they will indeed have a lower tendency to accept selfish moves and will
reciprocate by a lower contribution, taking less into account past history. On the other
hand, following a kind action from their opponent, they will have a more pronounced
tendency to reciprocate it immediately in order to foster future cooperation and generate
higher long-term earnings.
2.3.4 Individual Level Estimations and Predictions
In order to formulate predictions about the dynamics of public good contributions, we
chose to estimate the model at the individual level. We assigned the type of each subject
based on the classification obtained from the group-level estimation. We are able to
generate predictions for each round based on these individual estimations. Using the

14

In their article, Bone et al. (2009) found that over half of the population was acting as myopic. We find a
lower proportion here.
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parameter estimates, we can predict his behavior round after round15. We take as given the
first round contribution, as we have no special assumption concerning the first round of
play16. We also take as given the behavior of the other player and then generate predictions
based on this “pre-determined” behavior. Indeed, in this interactive choice framing, letting
the two players’ behaviors free would have led to very poor results since the principal
factor causing behavior in a repeated game is the behavior of the opponent. Not
considering actual but the predicted behavior for the opponent would change dramatically
the underlying drive of behavior and thus generate absurd predictions. Such a strategy
would have more to do with a simulation approach than with predictions. Also in line with
standard procedures, the predicted contribution is the one that is the most probable
according to the model.
Naturally, our experiment does not allow us to make real out-of-sample predictions.
To be able to run this kind of analysis, we should have one player playing successively
with two different counterparts to estimate the model on the data of one interaction to
predict behavior in the other. However, we do not have such data here. We first present
results of the predictions based on the parameters estimates over the 29 periods. We
acknowledge that this is not the most challenging task, since estimation and predictions are
made on exactly the same data, but the first interest of this exercise is to be informative: is
the model able to track round-to-round changes in contributions? These predictions appear
in Figure 2.2. The pairs number 1, 14 or 19 are examples where the model is able to track
interaction with progressive convergence toward cooperation. Looking at subjects P2 S1,
P8 S2 or P12 S1 (where the number behind P (S) stands for the pair (subject)), we can see
that the model is also able to track very complex dynamic patterns of contribution. Pairs
number 13, 21, 22 or 27 are showing that, if the model is not tracking perfectly round-toround changes, it is still able to follow the general trend over a larger number of periods.
Finally, subjects P 9 S2, P24 S1 and P25 S1 constitute examples of decreasing
contributions in the final round.

15

It should be mentioned that for some subjects exhibiting very stable behavior over the whole game, we
were not able to estimate the model. Their cell in Figure 2.2 will thus not contain any prediction (dash line).
The same holds for the two other datasets where some pairs or groups exhibit very stable behavior.
16
Notice that as = = 0, all myopic players should be selfish and thus play the Nash contribution in the first
round. The picture is more complex for forward-looking individuals since it would depend on several factors
( = , and the effect of contributions in t on the expectation in t+1). As a consequence, we let the first round
predicted contribution as the real one and let the social tie start building (if there is any) from round two
onward. Thus, predictions start from round two.
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For a majority of subjects, the predictions are close to the real behavior and are
following the dynamic evolution quite well. We see that for a non-negligible number of
subjects, the model is able to track very complex patterns of contributions. It has to be
acknowledged also that for a few subjects, the model appears unable to track both the
round-to-round changes in contributions and the more general trend. It seems to be the case
for pairs where behavior is very chaotic17. In order to have an impression of the model
performance, Figure 2.3 indicates the distribution of individual root mean square errors
(RMSE), with an average of 2.182 over the whole sample. Figure 2.4 presents the
distribution of individual parameters estimates. We can remark a quite high heterogeneity
in parameter values for all the parameters. For example, past history (except the previous
round) does not seem to enter the social tie for a significant part of subjects whereas some
others have a

over 0.70. In the same way, the strength of the emotional impact of an

impulse varies à lot between subjects, suggesting high differences in emotionality between
subjects. Finally, even among the sub-group of forward-looking subjects, the valuation put
on the next period utility differs significantly.

17

It is also the case when individuals, not classified as forward-looking, take “proactive” measures, for
example trying to impulse cooperation without being followed.
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2.4 Extended Analyses
2.4.1 “End of Game” Predictions
A different and more ambitious way to generate predictions is to try to get closer to out of
sample predictions. We will do so in two different ways. First, we will split the data in two
parts, the first 20 rounds and the last 9 (note that this includes any end-effect). We will
then estimate the model on the first part to predict the last rounds contributions. Contrary
to previous works that were interested in decision under risk and choices of lottery (like
Conte and Hey, 2012; and Wilcox, 2007), the two sub-datasets that we consider are not
separate decisions, like two lottery choices without feedback would be18, but constitute
instead a sequence of decisions where each choice is crucially dependent on what
happened previously. Once again, we take this exercise as an informative tool about the

18

Even though one could consider that experience of choice and thinking about a problem could trigger some
learning effect such that decisions would still not be independent.
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explanatory power of our model. We can first say that the estimates over the two different
time spans (29 or 20 rounds) are clearly correlated (for the 4 parameters, Pearson
coefficients of correlations are ranging from 0.399 (

) to 0.770 ( ), all of these

correlations being significant at the 1% level). Predictions of the behavior during the last 9
rounds appear in Figure 2.5. If the performance is still arguably good, we have to notice a
logical decline in explanatory power and in the strength of predictions. Comparing the
RMSEs for the two different time spans19, we observe of course that they increase when
the model is estimated on the smaller dataset, but this increase is quite limited in terms of
amplitude given that the estimation is based on only two thirds of the data as the average
RMSE increases by 0.224 or by 10.26%.20
2.4.2 “Out of Treatment” Predictions
Second, we can extend this approach to the second DOT, to what could be called “out-oftreatment” predictions. Indeed, remember that the public good game was unexpectedly
interrupted after round 25 to let subjects complete the second DOT. In that case, decisions
made during the task are not part of the same game and are private information (because
the other does not get any feedback). As a consequence, we can make predictions about the
preferences expressed about the 24 allocations chosen by the computer.21 To generate these
predictions, we simply take the value of the estimated

updated after round 25 and

compute the utility of each alternative. The two options are allocations of points between
the participant and his/her counterpart. We simply apply the following formula to compute
the utility entailed by an allocation k:
'

=

'

+

D.

'

(2.7)

For a given decision, if the estimated utility of the alternative preferred by the participant
was higher than the utility of the non-preferred alternative, we considered that this was a
correct prediction. On the other hand, if the estimated utility of the selected option was
lower, we considered it as a prediction failure.

19
To be able to make a meaningful comparison, we calculated the RMSEs only on the last 9 rounds for both
time spans.
20
Given that all individual RMSEs have a tendency to increase, the increase is still significant (using a
Wilcoxon signed-rank test: z=-4.239; p-value=0.000). For all subsequent tests (t-test or Wilcoxon signedrank test), observations are considered to be the individual average of the considered variable so that all
observations are independent.
21
The participant is not making a direct choice here but just indicating if he agrees or not with the choice
made by the computer. We acknowledge that this is not an incentivized decision and that participants might
be less involved than if it was but it is still relevant to see if predictions are of good quality in this setting.
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Figure 2.6 presents the distribution of individual frequencies of correct predictions
(number of correct predictions over 24, the number of “decisions”)22. There is again a lot
of heterogeneity in terms of quality of predictions: if for some subjects the 24 choices are
well predicted by the model, there are also individuals for which only 3 of them are well
predicted. On average, 62.7% of all choices are well predicted. This percentage is
significantly different from chance at the 1% level (t=3.508; p-value=0.001). However,
contrary to the public good game, the performance of the purely selfish model is not
significantly different in this task, with 64.7% of choices well predicted (using a Wilcoxon
signed-rank test: z=-0.317 ; p-value=0.751).

2.4.3 Replication on Other Datasets Including Larger Groups
The experimental procedures of van Dijk et al. (2002) and Sonnemans et al. (2006) have
the same general design as the one of Fahrenfort et al. (2012). These two experiments were
only behavioral and were run in the CREED lab, in Amsterdam. van Dijk et al. (2002) used
the same structure in their experiment, where subjects started with a Ring Test (Liebrand,
1984), with payoffs for the other are going to a randomly selected subject in the room. No
22

Subjects for which the model could not be estimated were removed from the data (both for our model and
the selfish predictions) used to compute the reported average prediction success and to make comparison
tests.
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feedback about these decisions is given to the subjects. Once this is done, participants are
matched in pairs (fixed for the whole duration of the game) and playing a non-linear public
good game for 25 periods. In this game, each subject has an endowment of 10 tokens to
allocate to a public account, which yields 14 MU to both members of the pair, or a private
account, where the value of i tokens was 28i-i² MU. A fixed cost of 110 MU was
subtracted each period. The standard Nash equilibrium of the one shot game is again to
contribute 3 tokens to the public account. The Pareto optimal choice is the full contribution
(10 tokens). After the 25 rounds, a second Ring Test took place but this time the payoffs
for the other were going to the subject with whom they interacted during the public good
game.
Sonnemans et al. (2006) follow more or less the same timeline. Subjects started
with a Circle Test, a simpler version of the Ring Test where the other in the test was again
a random participant in the room. Subjects were then matched in fixed groups of four
subjects. They played a nonlinear public good game for 32 periods. The endowment of 10
tokens could be invested in a public account, which yields 7 MU to the four members of
the group, or in a private account, where the value of i tokens was 21i-i² MU. Again, fixed
costs of 60 MU were subtracted each round, with the one-shot game Nash equilibrium
being a contribution of 3 tokens to the public good and the Pareto optimum a contribution
of the whole endowment. Once decisions about contributions were made by all members of
the group, all the individual contributions were displayed on the screen, as well as the
payoff of the participant for the period. The complete past history of contributions was also
made available to subjects. After the 25th round, the public good game was interrupted
unexpectedly and subjects were asked to fill 3 more Circle Tests, one being dedicated to
each other member of their group. Once this was done, participants are playing the
remaining 7 periods of the public good game.
As you can see, the three experimental designs are very similar. These additional
data will be a good way of checking the robustness of the results obtained from the
Fahrenfort et al. (2012) data, first by looking at data also using two-players public good
games but in the usual laboratory setting, and second by applying the model to a fourplayers game, which may entails more complex mechanisms in terms of decision making.
Because expectations were not elicited during the other experiments, we have to restrict
ourselves to the myopic specification of the model, since expectations for the t+1 round
cannot be computed. As a consequence, we do not use the mixture approach, since we do
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not have several groups. All the other specifications are kept the same from the previous
estimation.
Table 2.2: Group Level Estimates
Parameters

θ

δ1
δ2

Log-Likelihood

Van Dijk et al. (2002)

Sonnemans et al. (2006)

Fahrenfort et al. (2012)

(Std Err)

(Std Err)

(Std Err)

0.0813***

0.0338***

0.0448***

(0.0057)

(0.0032)

(0.0024)

0.5489***

0.2513***

0.5094***

(0.0370)

(0.0607)

(0.0384)

0.0861***

0.1355***

0.0786***

(0.0067)

(0.0136)

(0.0058)

-1857.19

-3507.98

-3737.14

Note: In order to be able to make meaningful comparisons, the fourth column presents the results
of the estimation of the “myopic” model (without the mixture approach) on the Fahrenfort et al.
(2012) dataset. *** indicates significance at the 1% level.

Group-level estimates concerning these datasets can be found in Table 2.2. It is
interesting to notice that results from van Dijk et al. (2002) are very close to what we
obtain with the Fahrenfort et al. (2012) data (using the same econometric model). Once
again, all parameters are significant at the 1% level and values are similar to what was
found previously, even if all parameters take slightly higher values. Results are slightly
different for the data from Sonnemans et al. (2006) where the game was played in groups
of four. All parameters are still significant and we can notice that

(tie persistence) takes

a lower value, meaning that the history of play that impacts a decision is shorter. On the
other hand,

(the tie proneness parameter) takes the highest value of our three samples

so that impulses have a stronger impact on tie formation. This simultaneous decrease in
and increase in

is hinting that subjects’ reciprocity is more intense in this game. The

cause may be due to a harder information retrieval, so that keeping track of all the
individual streams of contributions among the group is more difficult in larger groups and,
as a consequence, subjects base their behavior much more on the immediate history of
play. Another explanation could be that, in order to simplify his decision-making problem,
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a participant will just react to the very close history. Remarkably, prediction results are
comparable to the Fahrenfort et al. (2012) data in terms of quality of fit (see Figures 2.7
and 2.8). We still see very good dynamic predictions for some subjects and average
RMSEs are of similar size (see Appendix 2.D for distributions of RMSEs). Interestingly,
this is the case for both datasets, meaning that the more complex decisions made in the
four player groups are surprisingly well captured by our model.

2.5 Discussion
We presented in this chapter a model of the dynamic development of social ties.
Psychologically grounded, we believe that this model represents a natural way to
understand repeated social interactions. When people have the possibility to track partners’
behavior, which is the case in most interactions outside the laboratory, bonds will be
created in accordance to how satisfactory each partner will find the behavior of the other.
This is how friendships or love relationships are built but this also the case for more
economically relevant interactions, such as team work and business connections.
Concerning the latter, the importance of social ties in competition will depend on the
market structure. In a very atomistic market where agents are price-takers and cannot have
a direct impact on their competitors, ties are expected to have no influence. However, in
case of restricted competition (e.g. an oligopoly), ties could matter. While positive ties
could generate collusion, negative ones would yield very aggressive competition. In the
first case, this may even reduce the effectiveness of anti-trust actions since the collusion
would take place because of ties, which are tacit, and not because of explicit agreements.
We showed that this model is quite general and embeds several other models of social
preferences. We also confronted it to data from public good games, both using pairs or
group of four players and showed that the model was able to explain dynamic patterns of
contributions and to a certain extent allocation decisions made after the game.
Interestingly, another recent behavioral study suggested the usefulness and
relevance of the social tie approach. Malmendier and Schmidt (2012) are studying gift
giving in a three-parties setting and show that gift giving strongly affects the recipient’s
decisions in favor of the gift giver even if this comes at the expense of a third party. In
their view, “a gift creates a bond between the giver and the recipient of the gift. Before the
gift is given the decision maker is equally concerned about the welfare of all other players.
However, once he receives the gift the welfare of the gift giver gets a higher weight in
DM’s utility function.” (op. cit., p32) As they mention, this finding is in line with the
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social tie model proposed by van Dijk and van Winden (1997), while other models of
social preferences fail to explain this result. They also develop a new model, quite similar
to ours23, where the weight attached to the expected material payoff of the interaction
partners is depending on both the actual strategies chosen by them as well as the expected
strategies. On top of this behavioral evidence, neural evidence is also providing support, as
we will see in the next two chapters.
This chapter has mostly focused on positive social ties resulting from cooperative
interactions, because of the nature of the existing datasets. Indeed, even if antisocial
behavior was an option that was to some extent available to the subjects in our non-linear
public good games24, the room for pro- and anti-social behavior was far from symmetric.
Interesting avenues for future research would be to focus on more symmetric environments
where negative ties are potentially as possible to occur as positive ties. Also of interest in
order to push further the test of the model, would be to be able to run “real” out-of-sample
predictions by having the same player playing against different counterparts. This would
allow us to measure the extent of the explanatory power of the model as well as the
stability of individual parameters when estimated on different interactions. We are
currently working on these issues through the conception of a new game and experimental
design.

23

Given that they want to explain their experimental data, which concerns a one-shot game, they do not
consider any forward-looking behavior.
24
Remember that by contributing less than the interior Nash equilibrium contribution, subjects were
decreasing the other’s payoff at their own cost, ceteris paribus.
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Appendix 2.A: Alternatives during the Distributional Outcome Tests
(DOTs)
Alternative A

Alternative B

Alternative A

Alternative B

Choice

Self

Other

Self

Other

Choice

Self

Other

Self

Other

1

500

0

498

44

13

-500

0

-498

-44

2

498

44

492

87

14

-498

-44

-492

-87

3

492

87

483

129

15

-492

-87

-483

-129

4

483

129

470

171

16

-483

-129

-470

-171

5

470

171

354

354

17

-470

-171

-354

-354

6

354

354

171

470

18

-354

-354

-171

-470

7

498

44

500

0

19

-498

-44

-500

0

8

492

87

498

44

20

-492

-87

-498

-44

9

483

129

492

87

21

-483

-129

-492

-87

10

470

171

483

129

22

-470

-171

-483

-129

11

354

354

470

171

23

-354

-354

-470

-171

12

171

470

354

354

24

-171

-470

-354

-354

Note: The temporal order in which the trials were presented was randomized for each subject. Whether an
alternative would appear on the screen as [Alternative A] or [Alternative B] was randomized on every trial.
The computer would always choose what is designated here as [Alternative A].
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Appendix 2.B: Payoff Table of the Public Good Game

Your Contribution

Other’s Contribution
0

1

2

3

4

5

6

7

8

9

10

11

12

0

80

94

108

122

136

150

164

178

192

206

220

234

248

1

85

99

113

127

141

155

169

183

197

211

225

239

253

2

88

102

116

130

144

158

172

186

200

214

228

242

256

3

89

103

117

131

145

159

173

187

201

215

229

243

257

4

88

102

116

130

144

158

172

186

200

214

228

242

256

5

85

99

113

127

141

155

169

183

197

211

225

239

253

6

80

94

108

122

136

150

164

178

192

206

220

234

248

7

73

87

101

115

129

143

157

171

185

199

213

227

241

8

64

78

92

106

120

134

148

162

176

190

204

218

232

9

53

67

81

95

109

123

137

151

165

179

193

207

221

10

40

54

68

82

96

110

124

138

152

166

180

194

208

11

25

39

53

67

81

95

109

123

137

151

165

179

193

12

8

22

36

50

64

78

92

106

120

134

148

162

176

Note: The table indicates the payoff of the decision-maker. The payoff of the opponent can be found
reversing “your” and “other’s” contributions in the table. The Nash Equilibrium (3;3) and Pareto-Optimum
(10;10) of the one-shot game appear in the grey cells (these emphases were not present during the
experiment).
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Appendix 2.C: Log-likelihoods from estimations using different reference
points
Reference Point

Log-Likelihood

Predicted Other’s Contribution

-3910.336

Own Contribution

-3940.961

(Fixed) Null Contribution

-3610.567

(Fixed) Pareto-Optimal Contribution

-3912.066

(Fixed) Nash Equilibrium Contribution

-3586.783

Note: The reference point is subtracted to the contribution of the other to generate the emotional impulse. The
reference point used in the rest of the paper (because of better performance) is the Nash equilibrium
contribution of the one-shot game.

Appendix 2.D : Distributions of RMSEs of predictions from data of van
Dijk et al. (2002) and Sonnemans et al. (2006)
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