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Abstract 

We implement, expand and test the performance of the dynamic social ties model of van Dijk 

and van Winden (1997). The model is estimated on experimental data sets of repeated public 

good games. Our results provide direct support for this model, showing that the history of 

interaction is an essential determinant of preferences. Predictive performances, both within 

and out-of-sample, turn out to be remarkably good for games played in pairs as well as in 

groups of four, where decision-making processes are much more complex. Moreover, this 

model performs better than some other social preferences models allowing for a dynamic 

implementation.  
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I. Introduction 

In response to many observations running counter to the standard Homo Economicus 

model assumptions of selfishness and consistent maximizing behavior (rationality), over the 

last two decades, various alternative models have been developed and tested. Most of these 

models retain the rationality assumption and focus different types of preferences. Gathered 

under the broad label of “social preferences”, these models typically assume an 

interdependent utility function, where one's utility also depends on the utility (or at least the 

payoff) of the individuals one is interacting with. Some of these models assume purely 

distributional preferences regarding outcomes of interaction, where it is immaterial how the 

distribution of outcomes comes about (e.g. Kirchsteiger 1994; Levine 1998; Fehr and Schmidt 

1999; Bolton and Ockenfels 2000; Charness and Rabin 2002). Other models assume 

preferences related to reciprocity, where an (un)kind action triggers an (un)kind reaction (like 

tit-fot-tat in Kreps et al.'s (1982) model explaining cooperation in repeated PD games). Sobel 

(2005) 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 Dufwenberg and Kirchsteiger (2004), Falk 

and Fishbacher (2006) and Cox et al. (2007).  

 Even though these models and the many studies they inspired brought valuable 

insights, they also raised several problems (for surveys: Sobel 2005; Fehr and Schmidt 2006; 

Cooper and Kagel 2009). For example, evidence appears to be mixed and results depend on 

the type of game or environment being scrutinized. Also, reciprocity models relying on 

psychological game theory are very complex and typically generate many, sometimes 

unreasonable, equilibria.  Another more general problem has been identified by Sobel (2005, 

409): “The most basic problem is the specification of α [the weight put on other’s payoff]. 

Charness and Rabin (2002), Dufwenberg and Kirchsteiger (2004), Falk and Fishbacher 

(2006), 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.” As we will see later, this 

paper is trying to tackle this problem.  

Moreover, social preferences models typically assume that these preferences are 

stable. In an environment of repeated games, no time or history dependence is included. 

Empirical tests of these models are usually performed either on non-interactive static 
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distributional choices, on one-shot games or on the last period of a repeated game, in order to 

evacuate learning or reputation building issues. For example, Levine (1998) focuses on the 

last period of play: “after the players have had time to learn an equilibrium” (op. cit., p599) 

and Fehr and Schmidt (1999, p 851) explicitly acknowledge that “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.” Aside from the immediate question about the 

existence of such “stable behavioral patterns” after several periods
1
, the question of how do 

players reach a cooperative or a competitive equilibrium is interesting and far from trivial. 

More importantly, dynamic analyses may provide evidence against the assumed stability of 

social preferences, and teach us how to deal with that. As concluded by Cooper and Kagel 

(2009) in their survey paper on other-regarding preferences: "Notions of other-regarding 

behavior that treat preferences as fixed and immutable miss an important feature of other-

regarding behavior. There is a need to develop models that can explain the changing nature of 

other-regarding behavior, not just to understand why behavior changes but also because these 

changes tell us something about the nature of other-regarding preferences." (op. cit., p31) 

This paper intends to make a contribution in this direction by implementing, 

extending, and examining the performance (within sample and out-of-sample) of an 

alternative theoretical model, the dynamic social ties model of van Dijk and van Winden 

(1997).  They propose a simple and tractable formalization of the development of affective 

ties between people facing the problem of the private provision of a public good. In this 

model, social ties are modeled as a dynamic weight attached to another individual’s utility in 

one’s own extended utility function which depends on the other's behavior. Interaction history 

is assumed to modulate the development of social ties in an automatic way, through affective 

processes happening at the autonomic level.
2
 Keeping the utility maximization hypothesis (for 

given preferences), this model makes social preferences endogenous and specific to each 

interaction partner and allow for studying the dynamics of play. In a nutshell, this model 

assumes that people will experience feelings based on their emotional appraisal of the quality 

of the interaction. These emotions will then influence their attitude and attachment towards 

                                                           
1
 A quick glimpse at the individual patterns of contribution from the three public good experiments presented 

later (see section II) makes clear that, at least in these cases, such stable patterns are far from being always 

reached. 
2
 The role of emotions is more and more acknowledged in economics. Examples regarding individual decision 

making concern the impact of regret, disappointment, and anxiety (Loomes and Sugden 1982; Loomes and 

Sugden 1986; Caplin and Leahy 2001). Examples regarding social decisions relate to envy, anger, guilt aversion, 

and the interaction between affect and deliberation (Kirchsteiger 1994; Bosman and Van Winden 2002; 

Battigalli and Dufwenberg 2007; Loewenstein and O’Donoghue 2007). 
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the other, making these concerns for others intrinsically dynamic. Abundant psychological 

evidence shows that the search for interpersonal attachment is a key driving factor of human 

behavior (Baumeister and Leary 1995; see also van Winden, Stallen, and Ridderinkhof 2008). 

This makes sense from an evolutionarily point of view, as it helps to fight external threats or 

to generate trust. The question how to model such affective ties has received little attention, 

however.  

So far, the social ties model has received indirect support through several behavioral 

and neurological experiments. van Dijk et al. (2002) show that their discrete measure of social 

ties is 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) replicate 

this finding with four-player groups. They find that subjects develop different social ties with 

different counterparts and that these differences depend on individual contribution behaviors. 

Brandts et al. (2009) obtain evidence from a prisoner’s dilemma game that emotions mediate 

the effect of the interaction on social ties. At the neural level, Fahrenfort et al. (2012) find that 

interaction success as well as post-experimental liking ratings correlate with activity in the 

posterior superior temporal sulcus (pSTS; an area associated with the social significance of 

stimuli) during an allocation task.  

This paper provides a direct evaluation of the social ties model using data from several 

public good experiments. To that purpose, we first implement and extend the original 

theoretical model, to allow for (limited) forward-looking behavior and stochasticity such that 

it can embed several canonical models of preferences.
3
 This renders a specification of α and 

an explicit dynamic model to study the evolution of play. Subsequently, we estimate and 

investigate the performance of the model through within-sample and out-of-sample tests, 

using three different datasets concerning (two-player as well as four-player) public good 

games. We show that both long-term history of the interaction and immediate reciprocity have 

a significant impact on behavior and that parameter estimates are stable when comparing 

different experiments with the same number of players. Moreover, the model predicts 

individual dynamic behavior remarkably well, even out of sample and in comparison with 

other models.
4
 

                                                           
3
 Because the focus of this article is empirical rather than theoretical, we refer the interested reader for 

equilibrium analyses of the original model to van Dijk and van Winden (1997).    
4
 Our comparison here focuses on models making the traditional maximization of utility assumption, neglecting 

so-called (adaptive) learning models. Within the constraints of a single paper it would lead too far to address in a 

fair way the wide variety of these models, where it remains an open question which of them best tracks the 

behavior of experimental subjects. 
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Section I implements and extends the social ties model for a public good environment. 

Section II presents the different tests of this theoretical model on the experimental datasets 

while section III offers some extended analyses. Section IV will concludes the paper and 

provides some perspectives for future research.  

II. A Theoretical Model of the Dynamic Development of Social Ties 

We present here a linearized version of the theoretical model of van Dijk and van Winden 

(1997) and extend it in two directions by including a probabilistic choice mechanism and 

(limited) foresight. The former is included because indeterminacy of behavior is getting 

substantial support from researchers of different fields (for a survey see Glimcher 2005). 

Concerning the latter, this extension rests on several experimental findings. It has been shown 

that most individuals are not using (full) backward induction (Johnson et al. 2002), as 

assumed by traditional game theory. Without assuming that agents do not plan at all (results 

from Bone et al. (2009) show that this is the case for more than half of their subjects) it seems 

as improbable that all individuals are able to reason backward from the last stage of the game 

(see also Isaac, Walker, and Williams 1994; and Keser and Van Winden 2000 for evidence of 

limited foresight). Cognitive hierarchy models (Camerer, Ho, and Chong 2004) are examples 

of models assuming limited cognitive abilities of agents in a strategic context.  

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 period is defined as follows
5
: 

                                                                                                                                                   

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

utility he expects to get from period t and t+1, respectively. The parameter    [   ] 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      is myopic since he does not consider the utility he will 

get from the next period. This limited foresight approach was already suggested in the past 

(Isaac, Walker, and Williams 1994) but to our knowledge its formalization in a model is 

novel. 

                                                           
5
 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. 
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Before going further, we need to 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. 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 and empathy that do not 

require the actual occurrence of an interaction.
6
 These features are represented formally in the 

following linear definition of the expected utility for each period: 

                                                                       ∑        

 

   

                                                            

where     is agent i payoff from the game in period t and      is the social tie that agent i has 

developed with agent j in period t.
7
 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 or kin relationships. However we do not put any limitation to it in our model, leaving 

this door open. 

As we said, the “kindness” or “spitefulness” of an agent in our model is not a fixed 

trait as the weight he puts on the well-being of the others will fluctuate through the 

interaction. In this way, we depart from the traditional assumption of stability of preferences 

and shift this stability to a deeper level by anchoring our parameters to psychological 

processes. As shown in the following equation, the parameters of our model are reflecting 

history retention (the number of periods of play influencing the social tie) and emotionality 

                                                           
6
 Whereas one may feel empathy just by observing or thinking about another person’s situation, he 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 (not necessarily consciously) perceived and if the other person’s behavior is identifiable. 
7
 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 

attitude towards the group, without being able to discriminate between players. 
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(the extent to which an emotional impulse will influence the social tie), factors that we believe 

to be more basic than social preferences
8
: 

                                                                  
           

                                                                 

where    
  is the “tie persistence” parameter (related to memory),   

  the “tie proneness” 

parameter (related to emotionality), and      the emotional impulse for player i caused by 

player j in period t-1. The history of play is introduced through   
   , a memory related 

parameter, which captures the persistence of the previous tie and determines the number of 

periods of play that will influence behavior significantly. The parameter   
   , related to 

emotionality, captures the 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    
   

 is the reference level 

about player j’s contribution for round t. At this stage, we do not constrain the precise nature 

of the reference point and several options are worth considering, such as a fixed norm, the 

standard Nash equilibrium of the static game, the expectation about other’s behavior, or one’s 

own behavior. In principle, it can thus be exogenous as well as endogenous. We leave the 

issue of which option is relevant for section II when we estimate the model. We 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 counterparts, where attention is 

concentrated on the cognitive side of decision making
9
 (e.g. Levine 1998). This view was 

stimulated by the works of psychologists and neuroscientists like Zajonc (1984) and Ledoux 

(1998), arguing in favor of the primacy of affect (see also Kahneman 2011). It is also in line 

with work being in done in psychology on the difference between description versus 

experience based choices (for a survey, see Rakow and Newell 2010).
10

 The tie mechanism 

                                                           
8
 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). 
9
 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. 
10

 Experience-based and description-based choices appear to trigger very different processes in terms of 

information treatment (acquisition, representation, weighting and integration). Moreover, it turns out that 

people’s choice are sometimes at odds with their judgments and representations (Barron and Yechiam 2009). 

Interestingly, this also happens when people are unknowingly exposed to the external administration of the 

attachment related hormone Oxytocin, which influences people's trusting behavior but not their beliefs (Kosfeld 

et al. 2005). Furthermore, 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 
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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. Cognition will then kick in to make the best possible decision according to these 

preferences. 

Moving now to the cognitive part of our model, we need to model first how 

expectations concerning the next period (t+1) contribution(s) of the other player(s) are formed 

by forward-looking agents. We assume the following simple process:  

                                                              
                    

                                               

where the expected contribution of another player in the next period is determined by a 

convex combination of the expectation for the current period and the player’s own current 

contribution. The parameter   is thus measuring the expected reciprocity from the interaction 

partners. This mechanism may be seen as representing a simple reinforcement learning model 

where the adaptation of the expectation from one period to the next (i.e.        
        

   
) is a 

function of the player’s belief about his counterpart’s prediction error in the current period 

(i.e.          
   

; with     
   

 standing for i’s belief about  j’s expectation about i’s contribution 

in t). The only hypothesis we need to make for this equivalence to hold is that a player 

assumes for the others a simpler expectation formation mechanism than the one he uses (as in 

cognitive hierarchy models), player i assumes that player j will take his own contribution as 

his expectation about i’s behavior. Under this hypothesis, our specification is similar to a 

reinforcement learning model.  

Finally, to close our model, we use the following logistic probabilistic choice 

mechanism: 

                                                                    
             

∑               
                                                             

where      is the probability that agent i chooses action k (  [   ]) in round t (  [   ]). 

The parameter    captures the distance between the agent’s behavior and perfect utility 

maximization. When     , every action is equiprobable and behavior is random. On the 

other hand, when      , the agent is choosing with certainty the action maximizing is 

                                                                                                                                                                                     
point towards the importance, in terms of preferences and decision making, of both emotional responses 

generated by experience and dynamic paths. 
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utility. The log-likelihood of choosing a certain stream of decisions over the whole game for a 

given individual can thus be written:  

                                                              ∑∑              

 

   

 

   

                                                    

where        when action k is chosen in round t and is null otherwise.  

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, a forward-looking agent 

would be able to contribute to the public good for purely strategic reasons (i.e. without 

developing any social tie with other agents) as he expect his own contribution to have a 

positive impact on the other players next contributions. 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”). Second, it obviously embeds the standard selfish 

preferences model, simply by allowing the values of      (the initial social tie) and of   
  both 

being null. Third, stable ‘standard’ social preferences can be obtained by having        (for 

a specific or for all j),   
    (so that there is no decaying trend in the tie in between periods 

of play) and   
    (so that there is no update of the value of     ). The direction of such 

stable preferences will then depend on the value of     : spitefulness will occur if        

while altruism arises if       . Interestingly, more complex distributional social preferences 

like inequality aversion can also be approached by our model (see also subsection III. A.). 

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 not only implies disadvantageous 

inequality, but also a negative emotional impulse in 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 the 

in- and out-group distinction (van Winden 2012).  
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III. Testing the Model on Public Good Game Data 

An important goal of this paper is to apply our model to various experimental datasets. We 

will restrict ourselves to three experiments involving a repeated public good game using a 

partner matching protocol (sections II. A. and II. B.). The first two datasets (van Dijk, 

Sonnemans, and van Winden 2002; Bault et al. submitted) concern two-player public good 

games while the third one (Sonnemans, van Dijk, and van Winden 2006) involves a four-

player game. These datasets will allow us to estimate the model at the group-level (section II. 

C.). Based on these estimations, dynamic within-sample as well as out-of-sample predictions 

about the development of the game across periods are generated (section II. D.).
11

   

III. A. Experimental Designs 

All three experiments use the same general structure with a repeated public good game 

interleaved between two monetary allocation tasks. In this section, we will simply discuss the 

design features of the public good game. For an extended description of all experimental 

procedures used during these experiments, please see van Dijk et al. (2002), Sonnemans et al. 

(2006) and Bault et al. (submitted). 

Bault et al. (submitted) 

In Bault et al. (submitted), a subject in a Magnetic Resonance Imaging (MRI) scanner was 

playing simultaneously with a subject outside the scanner a non-linear public good game for 

29 rounds. 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 non-linearity 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. This non-linear version, which leaves room for “reward” and 

“punishment”
12

, was chosen for estimation and prediction purposes. Indeed, a linear public 

good game would have led to difficulties in estimating the precise value of the social tie and 

to “all-or-nothing” predictions depending on the relative values of the social tie and of the 

return of tokens to the public account. For example, any null or negative social tie would lead 

to a null contribution whereas in our game, subjects with anti-social and purely selfish 

                                                           
11

 All datasets and estimation programs are available upon request to the authors. 
12

 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.  
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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 (without incentives to avoid more 

complexity). 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. 

Important is the fact that the experiment was totally anonymous and that we made sure that 

the two subjects never met at any point.  

van Dijk et al. (2002) 

The experimental procedures of van Dijk et al. (2002) and Sonnemans et al. (2006) have the 

same general design as the one of Bault et al. (submitted). These two experiments were only 

behavioral and were run in the CREED laboratory, in Amsterdam. van Dijk et al. (2002) used 

a non-linear public good game repeated for 25 periods, in which participants were matched in 

pairs (fixed for the whole duration of the game). 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).  

Sonnemans et al. (2006) 

Sonnemans et al. (2006) follow the same general timeline. Subjects were matched in fixed 

groups of four subjects and 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 each of 

the four members of the group, or in a private account, where the value of i tokens was 21i-i² 

MU. 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. At the end of a round, information about the individual 

contributions was made available to all members of the group. Subjects got to know also their 

payoff for the round. 

As can be seen, the three experimental designs are different but quite similar. These 

three different datasets provide a good opportunity to check the robustness of the behavioral 

findings obtained in different frameworks.  
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[INSERT FIG 1 ABOUT HERE] 

III. B. Aggregate Behavioral Results 

We will first present aggregated behavioral results of the three experiments. In Bault et al. 

(submitted), the average contribution over the whole game is 6.30 tokens (out of 12 tokens 

available), 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 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.  

The data from van Dijk et al. (2002) exhibit a little bit more cooperation as the mean 

contribution is at 6.01 tokens (over 10 tokens available; 60% of the endowment). Starting 

from 5.00 tokens in the first round, cooperation is slowly increasing to stabilize slightly above 

6.50 tokens until the last rounds where a more noticeable end-effect took place. Interestingly, 

the data from Sonnemans et al. (2006), concerning four-player groups, reveal an even higher 

level of cooperation with an average contribution of 6.52 tokens (65% of the endowment). 

Once again, we have the pattern of a progressive increase towards stabilization around 7 

tokens and an important decrease over the last periods where contributions fall at 3.39 tokens. 

However, as we will see, these aggregated results are hiding a substantial heterogeneity at the 

individual level that we will try to understand.  

III. C. Estimation Procedures at the Group Level 

As we have seen earlier, there is evidence that many people do not plan ahead and uses 

backward induction in order to make a decision, even in very simple games. This was a hint 

for the use of a mixture-model approach that would allow subjects to be from different types, 

either myopic or forward looking. However, in order to estimate the forward-looking model, 

we need data about expected contributions from the other in t in order to build expectations 

for the next period t+1 (see equation 5). Since these data are only available for Bault et al. 

(submitted), we will use the mixture approach on this dataset only. Estimations on van Dijk et 

al. (2002) and Sonnemans et al. (2006) will only consider the myopic model (i.e. with 

 constrained to be equal to 0), which will turn out to be not so unreasonable, however.  

In our case, the myopic and forward-looking models are nested. Thus, we cannot apply 

a mixture approach at the choice level (see for example Harrison and Rutström 2009; Wang 
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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. Here, it was impossible for us to mimic a procedure previously 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). While they attribute subjects’ 

type according to the best-fitting model too, their models are fixed decision rules that do not 

require any optimization. However this is not the case for us: we do have to classify subjects 

in two categories (myopic or forward-looking) but we also have to find, for each group, the 

optimal parameters values. This main difference constrains us to categorize subjects based on 

estimations at the individual level in order to classify subjects based on optimal parameters’ 

values (i.e. to make our classification at the optimum). We chose to categorize subjects based 

on the results of a Likelihood Ration Test (LRT).
13

 Based on the categorization, we then 

estimate the corresponding model on the whole sample using maximum likelihood. Each 

individual contributes to the total likelihood based on the likelihood corresponding to the 

model selected by the classification. In the end, we get one set of parameters for each group 

(myopic and forward-looking) and a categorization of individuals between each group.
14

  

Different static and dynamic specifications of the reference point for the emotional 

impulse have been considered, with the standard Nash contribution (which is 3 tokens) 

showing the best performance.
 15

 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.
 
Another assumption concerning our data is that players start with a null tie: 

                                                           
13

 On top of results based on a LRT at the 5% level shown in table 1, results based on the categorization obtained 

from the BIC, AIC and the LRT at the 10% level are shown in Appendix A. 
14

 For comparison with the other two datasets, we also estimate the myopic model over the whole sample. 

Results of this estimation are consistent and can be found in Table 2. 
15

 As alternative reference points the following have been considered (see Appendix B): the expected 

contribution by the other, one’s own contribution, no (zero) contribution, the Pareto-optimal contribution, and 

the standard Nash contribution. The standard Nash contribution level may have been a focal point during the 

experiments because it is easy to retrieve in the payoff table available to the subjects, but most probably also 

because it represents the demarcation between competitive and prosocial actions.    
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there are no antecedents in the relationship so we consider that subjects start with selfish 

preferences that may evolve throughout the interaction.
16

  

Concerning forward-looking individuals and the way they form expectations for t+1, 

we have to mention that  , the weight representing expected reciprocity, is interacting with  , 

the weight put on future utility (see equations 1 and 5). Indeed, the more weight is put on 

future utility, the more profitable it becomes profitable to contribute in the current period due 

to the reciprocity expected in the next round. In the same way, for a given  , the utility for the 

contribution in t increases with the expected reciprocity. This is why we cannot estimate both 

parameters together. Thus, we chose to fix   to an arbitrary fixed value of 0.5 and to estimate 

 .
17

 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     and      are independent (due to the 

additivity of the utility function; see equation 4),        is actually factored out and thus does 

not require any supplementary assumption.  

[INSERT TABLE 1 ABOUT HERE] 

Results of this estimation are presented in Table 1. We get 15 out of 56 subjects 

classified as forward-looking (the corresponding set of parameters will be indexed by FL in 

the text) while the other are considered as myopic (the corresponding set of parameters will be 

indexed by M in the text).
18

 We make the following observations regarding the estimated 

parameters. First of all, the estimates for    and     are in line with results obtained from 

previous experiments testing social preferences models in public good game environments 

(Corrazini and Tyszler 2010). Second, all parameters are significant at the 1% level, meaning 

that both immediate reciprocity and long-term history are significantly impacting decisions. 

As we expected, deviations from the selfish Nash contribution are generating significant 

impulses and thus influencing the social tie. This influence lasts for a significant number of 

periods showing that dynamics matter and that actions from past rounds still impact current 

choices. Third, about a quarter of the subjects attributes a significant weight to future utility. 

Finally, we do not see big differences between the two sub-groups in terms of parameters 

                                                           
16

 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. In order to address this 

concern, we computed a value for the starting tie based on choices made during the monetary allocation task run 

before the public good game. Results of estimations with this value of the initial tie are shown in Appendix C. 

Quite expectedly, estimates are not changing that much since this value is only affecting significantly the first 

periods of the game.   
17

 Results are similar if   is estimated instead of   (see Appendix D). 
18

 In their article, Bone et al. (2009) found that over half of the population was acting as myopic. This proportion 

corresponds to the one we obtained with the AIC and BIC criterions; the LRT classification reduces it a bit 

further (see Appendix A). 



15 

 

values for    and   . Both groups have values of    around 0.5 and values of    around 

0.075.   

[INSERT TABLE 2 ABOUT HERE] 

Table 2 presents the results of group-level estimations concerning the three datasets 

using the myopic model. It is interesting to notice that results from van Dijk et al. (2002) look 

very close to what we obtain with the Bault et al. (submitted) data (when using the same 

model). This suggests a certain robustness of our results since two very similar experimental 

settings (an almost identical game played in pairs) yield very similar estimates. 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 but 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 immediate impact on tie formation. This simultaneous decrease 

in    and increase in    is hinting at the fact that subjects’ immediate reciprocity is more 

intense in this game. This may be due to a harder information retrieval because keeping track 

of all the individual streams of contributions among the group is more difficult in larger 

groups. As a consequence, subjects may base their behavior much more on the immediate 

history of play.  

III. D. Behavioral Predictions 

Our next task consists in formulating predictions about the dynamics of individual 

contributions to the public good. We will use parameters estimated at the group-level, in line 

with what is mostly done in economics (in subsection III. B.  we discuss individual level 

estimates). In order to check the quality of the fit, we will first present results of predictions 

made on each datasets using the parameters estimated on the same dataset. Even though this 

may not be the most challenging task, since estimation and predictions are made on exactly 

the same data, but the interest of this first exercise is to be informative: even in this 

‘comfortable’ environment, is the model able to track round-to-round changes in 

contributions?  

For the Bault et al. (submitted) data predictions using group-level estimates, we attributed to 

every individual the set of parameters corresponding to the sub-group (myopic or forward-

looking) into which he was classified and predictions were formulated according to the 
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corresponding model.19 For the two other datasets, the estimates of the myopic model are 

used. We predict individual contribution behavior round after round using the individual's 

most likely contribution and taking as given first round contributions as well as counterpart's 

contribution in all subsequent rounds (as we are interested in prediction rather than 

simulation). 

[INSERT FIG 2 ABOUT HERE] 

The predictions using group-level estimates for each of the three datasets appear in 

Appendix E while Figure 2 presents predictions for a subset of representative interactions. In 

these figures, P (G) represents the subject’s pair (group) number and S the subject’s number 

within the pair (group).  The first impression looking at the Bault et al. (submitted) data is that 

for a huge majority of pairs the model seems to do a good job in terms of quality of 

predictions. Contributions of pairs exhibiting a quite stable behavior for a significant number 

of periods (like P3, P7, P11, P18, P19 or P23) are unsurprisingly well-captured by 

predictions. For pairs exhibiting more complex contributions dynamics, two different cases 

can be observed: either the model does a very good job in predicting round-to-round changes 

(like for P1, P2, P8, P12 or P22 for example) or it is only able to track the general trend of 

behavior, as if the predictions’ line was a smoothed version of the real data line (like for 

example P4, P5, P10, P12, P13 or P21). Except maybe for P9 where the two players chose 

opposite strategies without adapting to the other, there is no pair for which predictions are 

completely off the mark, which is very encouraging. 

Similar impressions are obtained for the van Dijk et al. (2002) data.  Results are even 

better with these data since predictions are very close to real behavior for a huge majority of 

pairs. Even though the overall fit of predictions looks also good for the Sonnemans et al. 

(2006) data, we can notice a slight deterioration due to some groups where behavior was very 

chaotic and where coordination failed (like G3 or G14). However, it should be noticed that 

our model appears to perform well in predicting individual contributions to the public good 

when individuals make their decisions in groups of four, a task rarely undertaken in 

economics.  

In order to go further into testing the model, we will present results of out-of-sample 

predictions. To achieve this, we used the parameter estimates of the myopic model of one of 

our three datasets (see Table 2) in order to predict behavior in the two remaining ones. We 

                                                           
19

 Given the slight differences between parameters estimates between categorizations (see Appendix A), no big 

changes should be expected if we would have used a different categorization. 
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repeated this exercise three times, in order to cover all potential combinations. Good 

predictions in this more demanding exercise will be a good argument in favor of the model 

explanatory power over individual behavior in voluntary contribution environments.  

To assess statistically the quality of fits, Table 3 presents the average absolute 

prediction error as well as the Root Mean Square Errors (RMSEs) for all the predictions. The 

best performance appear to be for the van Dijk et al. (2002), maybe because quite a few pairs 

reach a stable state quite quickly. It is to be noticed that even though the performance in the 

four-player case is a bit worse, it remains quite close to in terms of the error measures. 

Overall, the decrease in performance is of low magnitude when shifting from within- to out-

of-sample predictions. The highest increase in RMSEs concerns the Bault et al. (submitted) 

data for which the measure rises by 15% or 26% when predicted out-of-sample. The raise is 

limited to 5% or less for the two other datasets. 

IV. Extended Analyses 

This section presents complementary analyses on the Bault et al. (submitted) data in order to 

give a more complete picture of the performance of the model as well as of individual 

heterogeneity. We will first compare the performance of our model to several fixed social 

preferences models. We will then present results about the heterogeneity of individual 

parameter estimates.  

IV. A. Model Comparison 

Our previous results from the estimation of the model on the three datasets show that several 

behavioral models can be rejected. First of all, because    is significantly different from zero, 

we can reject the standard model of selfish preferences.
20

 More interestingly, because   is 

also significantly different from zero, we can rule out the hypothesis that subject would adapt 

their behavior only based on the last period of play, like it is implicitly assumed by most 

reciprocity models and would hold for tit-for-tat behavior. Longer-term past history matters 

and counterparts’ actions continue to significantly influence contribution behavior for a 

substantial number of periods.  

 We next compare the performance of the model to that of a fixed social preferences 

model where the utility can be described as follows:  
                                                           
20

 Estimation of the myopic version of the model does not enable to distinguish strategic motives behind the 

contribution behavior. Nevertheless, if all subjects were contributing only for selfish reasons, they would choose 

the Nash contribution in the last period, since there were no more gains to be expected from cooperation at that 

point. However, this is not the case: the mean contribution in the last period is 5.268 tokens and is significantly 

different from 3 (Wilcoxon signed-rank test : z = 0.346 ; p-value = 0.001). 
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                                                                         ∑      

 

   

                                                             

The only change compared to equation (2) resides in the subscript next to  : here we do not 

have neither a j nor a t, meaning that the social attitude is generalized towards all other 

counterparts (i.e. not individualized) and time invariant. Table 4 presents the parameter 

estimates of this model, and the AIC and BIC scores of these estimations as well as the same 

scores for the corresponding estimations of the (myopic) social tie model (see Table 2).  The 

two information criteria are clearly in favor of the endogenous and dynamic social ties model.  

[INSERT TABLE 4 ABOUT HERE] 

 As we already mentioned in section I, the social ties model generates behavior that is 

similar to inequality aversion if players’ own contribution is the reference contribution in the 

impulse. Our results in section II, however, show that this specification can be rejected (see 

also Appendix B). Because subjects’ expectations regarding their partner’s contribution in 

each round is available in the Bault et al. (submitted) dataset, we can more directly specify an 

inequality aversion model of the Fehr and Schmidt (1999) and Bolton and Ockenfels (2000) 

type. A caveat is immediately in order, though, because the authors of these models do not 

aim to study dynamic problems and the evolution of play. Nevertheless, it seems still 

interesting to investigate how this type of model performs, especially since the (non-strategic) 

myopic model appeared to perform well on this data set. To that purpose, we estimated a 

model with the following expected utility: 

                                               (           )       (           )                       

where      is the expected payoff of player i in period t for a contribution level k, given the 

expectation i has about j’s contribution in t. Thus,   represents disadvantageous inequality 

aversion while    represents advantageous inequality aversion. Concerning the estimation, we 

only kept the constraints of positivity of the parameters as the question of the relative values 

of   and   as well as the limitation of the value of   to one appear to us as an empirical 

question. Estimation of this model renders the following estimates for these parameters: 

       ,         and        . We can first notice the very low value of  , reflecting 

the lack of grasp of this model on the data. Moreover, these results show that the weight of 

disadvantageous inequality aversion is lower than the one of advantageous inequality 

aversion. This suggests that for a given payoff, one would rather earn less than the other, 

compared to more than the other. On top of this strange result, it appears that individuals 
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would be willing to pay more than one dollar to reduce advantageous inequality by one dollar, 

which is also against the original formalization of Fehr and Schmidt (1999). All in all, this 

suggests that this model is maybe not fit as it is strictly formalized now to capture this kind of 

problems, as it was already suggested by the authors. 

IV. B. Estimations at the Individual Level  

To give an idea of the heterogeneity of the parameters at the individual level, we estimated 

our model on each individual separately. Even though the task of estimating three or four 

parameters on a sample with a limited number of observations (between 25 and 32, depending 

on the dataset) may be detrimental to the estimation precision, it can still give an impression 

of the variability of individual parameters values that our group estimates are hiding. Figure 3 

shows the distribution of individual parameters values for 127 subjects
21

. All parameters 

exhibit a wide range of individual values. The range of estimates of   
  is quite broad and the 

distribution appears uniform except for the mode at 0. This suggests that, even though most 

individuals take a longer-term history into account, a non-negligible minority of our sample 

seems to exhibit only immediate reciprocity. For   
  we can notice that the distribution is quite 

flat between 0 and 0.2 (90% of the values are below 0.218, the median being 0.092). Only 

about 10% of the subjects seem not to develop any social ties at all (  
   ). Similar 

observations can be made concerning   , with a quite uniform distribution between 0.2 and 

0.95 and a mode at 1.22  

A question arising from the observation of this heterogeneity is to what extent the 

taking into account of these individual differences – by using individual instead of group-level 

estimates – can improve the predictive performance of the social ties model. This will be 

informative to gauge the potentialities of the model in terms of predictive power. Table 5 

displays the average RMSEs and average absolute errors of such predictions. Even though the 

performance is improved, the average RMSEs decreases are not huge, spreading from 11% 

for the van Dijk et al. (2002) data to 18% for the Sonnemans et al. (2006) data. Finally, for 

exploratory reasons, we compute Pearson correlations coefficients between individual 

parameters to see if there are specific relationships between them. We find a negative and 

significant correlation between   
  and   

                               and regarding 

   only a weakly significant positive correlation with   
  (z = -0.489; p-value = 0.064; where 

                                                           
21

 We had to remove the parameters of 23 subjects from this figure. Nineteen of them were removed because 

parameters took very extreme values due to a lack of variability of contribution behavior. The algorithm did not 

converge for the four remaining subjects. 
22

 It concerns only the fifteen subjects classified as forward-looking from the Bault et al. (submitted) data set. 
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the relatively few observations regarding    may play a role). The negative correlation 

between   
 and   

  suggests that a longer lasting impact of impulses goes together with a 

smaller impact on the social tie.  

V. Discussion  

This paper proposes a model of the dynamic development of social ties where preferences are 

made endogenous and dynamic. We believe that this psychologically grounded model 

represents a natural way to understand repeated social interactions. When people have the 

possibility to track their partners’ behavior, which is the case in most real life interactions, 

affective bonds will be created dependent on how each partner emotionally experiences the 

behavior of the other. This is how friendships or hate relationships are built, which may also 

be relevant for economic interactions such as in case of team work and business 

connections.
23

 We showed that this model is quite general and embeds several other models of 

social preferences. Confrontation with data from repeated public good games - involving both 

pairs and groups of four players - showed that the model is able to explain the dynamic 

patterns of contributions as well as to perform well when predicting behavior out-of-sample.  

Interestingly, several recent studies suggest the usefulness and relevance of making 

preferences endogenous and dynamic as our social tie model does. First, Goette et al. (2012) 

show that there is a qualitative difference in behavior in the interaction between groups 

formed under the minimal group paradigm and groups that have experienced real social 

interactions. More specifically, they find that in-group favoritism when making cooperative 

decision is stronger when social ties are present. They also find differences in punishment 

behavior in the sense that groups involving social ties do not punish more strongly out-group 

defectors than in-group defectors - whereas groups formed according to the minimal group 

paradigm do - but that they punish more strongly when the victim of defection is an in-group 

member. These important differences make them conclude that “both conceptually and 

empirically, economists should take into account that social ties are an important factor in 

group interactions, within organizations and societies.” (op. cit.; p114). Closer to our 

modeling concerns, 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 

                                                           
23

 “Colleagues in office, partners in trade, call one another brothers; and frequently feel towards one another as if 

they really were so. Their good agreement is an advantage to all.” Adam Smith, The Theory of Moral 

Sentiments, Part VI, section II. 
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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 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 ours
24

, where “by giving or withholding a gift the 

potential gift giver receives a larger or smaller weight in the utility function of the decision 

maker” (op. cit., p35), rendering this weight endogenous. Building on these results, Liang and 

Meng (2013) study the impact of social connections (through club membership) on indirect 

reciprocity. In an indirect investment game where the trustor and the beneficiary of the 

trustee’s decision are not the same person, they find that a social connection between the 

trustor and the beneficiary increases the repayment of the trustee, but only when the trustor 

has been kind enough. They explain this result by the conjunction of two facts: first, a 

sufficiently trusting decision from the trustor creates a positive tie with the trustee; second, 

social connections are transitive (“friends of my friends are also my friends”). As a 

consequence, the trustee is more generous to the beneficiary as he anticipates that it will 

please the trustor, a person he is now positively caring about; findings that are in line with our 

model. 

This study constitutes a first step in the testing of the social ties model and it opens 

many doors for future research. Because of the nature of the datasets we chose to tackle, this 

article has mostly focused on positive social ties resulting from cooperative interactions. 

Indeed, even if antisocial behavior was an option that was to some extent available to the 

subjects in our non-linear public good games
25

, the room for pro- and anti-social behavior was 

far from being symmetric. Interesting avenues for future work would be to focus on more 

symmetric environments where negative ties are potentially as possible to occur as positive 

ties. Related to that is the potential relevance of this model in competitive environments, 

which may very well depend on the market structure. Indeed, in an atomistic market where 

agents are price-takers and cannot have a direct impact on their competitors, ties are not 

expected to develop due to a lack of impulses. However, in case of restricted competition (e.g. 

an oligopoly), ties could very well matter. While positive ties could generate collusion, 

negative ones could yield very aggressive (cut-throat) competition. In the first case, this may 

                                                           
24

 Given that they want to explain their experimental data, which concerns a one-shot game, they do not consider 

any forward-looking behavior. 
25

 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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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.  

A further question for future research concerns the stability of the parameters making 

up the tie mechanism (related to tie proneness and tie persistence). It would be interesting to 

test their stability, both at the group level and the individual level, across different 

environments and social interactions to see whether we can retrieve comparable values or, if 

this is not the case, to study and try to explain the differences.  
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Tables 

 

Table 1: Group Level Estimates (Bault et al.) 

Parameters 

 

Myopic Group 

(Std Err) 

 

Forward-Looking Group 

(Std Err) 

θ 

 

0.0418*** 

(0.0027 ) 

 

0.1053*** 

(0.0092 ) 

δ
1
 

0.4756*** 

(0.0529 ) 

0.5302*** 

( 0.0659) 

δ
2
 

0.0742*** 

(0.0081 ) 

0.0743*** 

(0.0097 ) 

λ 
- 

 

 0.5049*** 

( 0.0482) 

Log-Likelihood -3671.20 

Forward-Looking Subjects 15 (out of 56) 

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

 

Table 2: Group Level Estimates 

Parameters 

 

Van Dijk et al.  

(Std Err) 

 

Sonnemans et al.  

(Std Err) 

 

 

Bault et al.  

(Std Err) 

θ 

 

0.0813*** 

(0.0057) 

 

0.0319*** 

(0.0030) 

 

0.0448*** 

(0.0024) 

δ
1
 

0.5489*** 

(0.0370) 

0.1840*** 

(0.0554) 

0.5094*** 

(0.0384) 

δ
2
 

0.0861*** 

(0.0067) 

0.1460*** 

(0.0133) 

0.0786*** 

(0.0058) 

Log-Likelihood                 -1857.19                                     -3672.05                -3737.14 

AIC                  3720.38                                      7350.10  7480.28 

BIC                  3725.29                                      7356.18                 7486.36 

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 Bault et al. dataset.       

*** indicates significance at the 1 percent level. 
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Table 3: Average RMSEs from predictions based on group-level estimates 

Predicted dataset Van Dijk et al.  

 

Sonnemans et al.  

 

 

Bault et al.  

 

 Within-sample predictions 

 

 

2.006 

(1.333) 

 

2.794 

(2.002) 

 

2.475 

(1.7149) 

 Out-of-sample predictions  

Set of parameters estimates used 

for prediction :  

van Dijk et al. (2002) - 2.935 

(2.288) 

2.850 

(2.046) 

Sonnemans et al. (2006) 2.103 

(1.373) 

- 3.142 

(2.374) 

Bault et al. (2013) 1.908 

(1.257) 

2.643 

(1.874) 

- 

   

Note: Average absolute error appears in parentheses.  

 

Table 4: Fixed preferences model estimation 

Parameters 

 

Bault et al.  

(Std Err) 

θ 

 

0.0187*** 

(0.0022) 

α 
0.5303*** 

(0.0264) 

Log-Likelihood -4121.21 

AIC 8246.42 

BIC 8250.47 

Note: *** indicates significance at the 1 percent level. 
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Table 5: Average RMSEs from predictions based on individual estimates 

 Van Dijk et al.  

 

Sonnemans et al.  

 

 

Bault et al.  

 

 

Average RMSE 
1.783 

(1.109) 

 

2.332 

(1.484) 

 

2.166  

(1.508) 

   

Note: Average absolute error appears in parentheses. 
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Appendix A: Mixture-model estimation of Bault et al. with other 

classification criterions 

     

Classification 

Criterion 
BIC AIC LRT (p<0.10) 

Parameters M F-L M F-L M F-L 

θ 0.043 0.070 0.042 0.071 0.040 0.082 

δ
1
 0.487 0.500 0.486 0.486 0.463 0.539 

δ
2
 0.070 0.081 0.069 0.082 0.076 0.074 

λ - 0.350 - 0.355 - 0.352 

Log-Likelihood -3692.49 -3686.07 -3689.05 

Forward-Looking 

Subjects 
24 25 20 

Note: For exposition purposes standard errors are not displayed. All parameters are significant at the 1 percent 

level. The M (resp. F-L) column refers to the parameters of the myopic (resp. forward-looking) group. 

 

Appendix B: Log-likelihoods from the myopic model estimations using 

different reference points 

 

Reference Point 
Log-Likelihood 

(Bault et al.) 

Predicted Other’s Contribution -4020.62 

Own Contribution -4036.39 

(Fixed) Null Contribution -3752.07 

(Fixed) Pareto-Optimal Contribution -3864.29 

(Fixed) Nash Equilibrium Contribution -3671.20 

 

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 estimation performance) is the Nash equilibrium 

contribution of the one-shot game. The mixture model was used here.   
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Appendix C: Estimation with the starting value of the social tie based on 

the Social Value Orientation test 

     

 Bault et al. Van Dijk et al.  Sonnemans et al.  

Parameters M F-L M M 

θ 0.043 0.070 0.061 0.031 

δ
1
 0.487 0.500 0.448 0.190 

δ
2
 0.070 0.081 0.113 0.148 

λ - 0.350 - - 

Log-Likelihood -3659.39 -1900.79 -3671.98 

Note: For exposition purposes standard errors are not displayed. All parameters are significant at the 1 percent 

level. The M (resp. F-L) column refers to the parameters of the myopic (resp. forward-looking) group. 

 

 

Appendix D: Estimation of the social tie model fixing λ and estimating β 

 

Group Level Estimates (Bault et al.) 

Parameters 

 

Myopic Group 

(Std Err) 

 

Forward-Looking Group 

(Std Err) 

θ 

 

0.0418*** 

(0.0026 ) 

 

0.1042*** 

(0.0096 ) 

δ
1
 

0.4756*** 

(0.0526 ) 

0.5320*** 

( 0.0594) 

δ
2
 

0.0742*** 

(0.0069 ) 

0.0740*** 

(0.0087 ) 

β 
- 

 

 0.2514*** 

( 0.0256) 

Log-Likelihood - 3675.81 

Forward-Looking Subjects 15 (out of 56) 

 

Note: We keep the same classification than when estimating the model with λ. We fixed λ to be equal to 1. 

Logically, when β is fixed to 0.5, we get λ=0.505 while when λ is fixed to nearly twice this value (i.e. 1), the 

value of β compensates and is nearly divided by 2 (i.e. is equal to 0.251). 
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Appendix E: Behavioral within sample predictions  

We show here all the behavioral within sample predictions for the three studied datasets. The 

first figure concerns van Dijk and van Winden (2002), the second one Sonnemans et al. 

(2006) and the final figure is related to Bault et al. (submitted).  

 

 

 



35 

 

 

 

  



36 

 

 


