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a b s t r a c t
In this paper, using a within-subjects design, we estimate the utility weights that subjects
attach to the outcome of their interaction partners in four decision situations: (1) binary
Dictator Games (DG), second player’s role in the sequential Prisoner’s Dilemma (PD) after
the ﬁrst player (2) cooperated and (3) defected, and (4) ﬁrst player’s role in the sequential
Prisoner’s Dilemma game. We ﬁnd that the average weights in these four decision situations have the following order: ð1Þ > ð2Þ > ð4Þ > ð3Þ. Moreover, the average weight is positive in (1) but negative in (2), (3), and (4). Our ﬁndings indicate the existence of strong
negative and small positive reciprocity for the average subject, but there is also high interpersonal variation in the weights in these four nodes. We conclude that the PD frame
makes subjects more competitive than the DG frame. Using hierarchical Bayesian modeling, we simultaneously analyze beliefs of subjects about others’ utility weights in the same
four decision situations. We compare several alternative theoretical models on beliefs, e.g.,
rational beliefs (Bayesian-Nash equilibrium) and a consensus model. Our results on beliefs
strongly support the consensus effect and refute rational beliefs: there is a strong relationship between own preferences and beliefs and this relationship is relatively stable across
the four decision situations.
Ó 2014 Elsevier Inc. All rights reserved.

1. Introduction
Social dilemmas are an important research area in sociology (e.g., Dawes, 1980; Kollock, 1998). Standard rational choice
models explain the emergence and persistence of cooperation in embedded settings with several factors such as network
embeddedness, conditional cooperation, rewards, sanctions, termination of the relation, and renegotiation of proﬁts (e.g.,
Axelrod, 1984; Schuessler, 1989; Heckathorn, 1990; Weesie and Raub, 1996; Fudenberg and Maskin, 1986; Buskens and
Raub, 2002). Yet, quite some social dilemma situations take place in non-embedded settings and among strangers where actors interact only once and will not see each other in the future. Such non-embedded settings lack the previously mentioned
factors that could sustain cooperation. Thus, given classical models in the rational choice literature, one should not observe
cooperation in non-embedded social dilemmas. However, we consistently observe otherwise (e.g., Sally, 1995; Camerer,
2003; Aksoy and Weesie, 2013b). Explaining cooperation in non-embedded settings, thus, has been a puzzle.
A rich body of literature, especially in social psychology and experimental economics but to a lesser extent in rational
choice sociology, suggests that the emergence and persistence of cooperation in non-embedded settings are due to social
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preferences. That is, in non-embedded settings cooperation is observed because (some) people do not try to maximize only
own outcomes but are interested also in others’ outcomes or hold other non-monetary motivations such as reciprocity. Many
models of social preferences have been proposed to capture such non-selﬁsh social preferences (for an overview see Fehr and
Schmidt, 2006). One can distinguish roughly two types of social preferences: outcome-based and process-based McCabe et al.,
2003. Outcome-based social preferences are about how actors evaluate a certain outcome distribution between self and others. Social value orientations, e.g., individualism, cooperativeness, altruism, competitiveness (Schulz and May, 1989), and
inequality aversion (Fehr and Schmidt, 1999; Bolton and Ockenfels, 2000) are examples of outcome-based preferences. In
process-based social preferences, actors take the history of previous interactions into account. Responding kind intentions
with more pro-social behavior (positive reciprocity) and unkind intentions with less pro-social behavior (negative reciprocity) are related to underlying process-based social preferences (Gautschi, 2000; Falk and Fischbacher, 2006; Vieth, 2009). In
social dilemmas both outcome and process-based preferences could be at work. For example, in a sequential Trust Game
when the trustor places trust, the trustee could be motivated by the objective outcomes that both actors would get in case
she honors or abuses trust. But if trust is placed, the trustee may also want to reciprocate the kindness of the trustor irrespective of the monetary outcomes in the game. To understand cooperation in non-embedded settings, one should consider
both outcome and process-based social preferences.
Social preferences are only part of the explanation. Social dilemmas are interdependent situations. In interdependent situations, behavior depends not only own (social) preferences but also on beliefs about others’ choices. For example, one may
not cooperate, however socially motivated, if one expects that others will free ride on one’s cooperation. Thus, to predict the
cooperative choice of people we should also deal with their beliefs about the choices of others. Although the economics and
rational choice literatures on social preferences are vastly developed, the literature on beliefs is relatively scarce (see also
Blanco et al., 2009; Aksoy and Weesie, 2013a,b).
In experimental economics and rational choice sociology, beliefs are often dealt with as an ingredient of the BayesianNash equilibrium concept (Harsanyi, 1968). The Bayesian-Nash equilibrium is based on very strong assumptions about
the beliefs that people have. For instance, people are assumed to know the distribution of social preferences in the population and that the interaction partner is a random draw from this distribution. Consequently, one’s beliefs about others’ social
preferences are independent of one’s own social preferences. These strong assumptions ensure that in the Bayesian-Nash
equilibrium beliefs and choices are consistent. Throughout the paper we will use the term ‘‘rational beliefs’’ to denote beliefs
that satisfy the aforementioned assumptions of Bayesian-Nash equilibrium (Bellemare et al., 2008). Although being mathematically elegant, in reality people’s beliefs deviate from rational beliefs. There is a strong empirical relationship between
preferences and beliefs which refute Bayesian-Nash beliefs (e.g., Blanco et al., 2009; Aksoy and Weesie, 2013a,b, 2012). Still,
the behavioral consequences of ignoring this relationship between preferences and beliefs is yet to be studied. To be clear, if
theoretical models which incorporate the rational beliefs assumption, thus ignore the relationship between preferences and
beliefs, do not yield behavioral predictions that are far off from actual behavior, one might be content with the theoretical
model despite the fact that the rational beliefs assumption is wrong.
We should note that there are studies in the experimental economics literature that elicit beliefs experimentally rather
than relying on Bayesian-Nash equilibrium (e.g., Bellemare et al., 2008; Blanco et al., 2009). These studies restrict the focus
exclusively on the beliefs about the choices of others (see for a brief overview Aksoy and Weesie, 2013a). In our view, as one
explains choices through a micro-model of social preferences, one should also explain beliefs about others’ choices through
the same micro-model of social preferences. That is, beliefs about the choices of others should be explained by beliefs about
social preferences of others given by the model of social preferences. Extending the use of a model of social preferences to
explain beliefs about the choices of others will, ﬁrstly, facilitate the empirical test of the social preference model (Aksoy
and Weesie, 2013b). Secondly, explaining choices and beliefs about others’ choices using the same social preference model
provides a more parsimonious account than taking beliefs about others’ choices as exogenous variables measured
empirically.
In this paper, we employ a within-subjects experimental design with a set of binary Dictator Games and a set of nonembedded sequential Prisoner’s Dilemma (PD) games, see Fig. 1. Using a simple model with a single social value orientation
parameter, our analysis focuses on the following three questions. First, how does the social value orientation parameter differ between situations with and without relationship history (process)? For example, is there a change in the social value
orientation parameter of Ego after Alter’s cooperative or defective behavior in line with positive or negative reciprocity? Second, how does the belief about the social value orientation parameters of others vary with own preferences, and does the

Fig. 1. Games used in the experiment. DG, PD, C, D are symbols that denote the decision nodes.
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relationship between own preferences and beliefs vary across histories. Third, if there is a relationship between one’s own
social value orientations and one’s beliefs about others’ social value orientations, and hence the Bayesian-Nash equilibrium
does not hold, how much harm does assuming rational beliefs do in predicting choices in non-embedded social dilemmas?
Answering these questions, we take advantage of hierarchical Bayesian statistical modeling.
2. Experimental design and procedure
2.1. Subjects
We recruited 155 subjects with the Online Recruitment System for Economic Experiments (ORSEE; Greiner, 2004). Of
those 155, 40% were male and 70% had Dutch nationality. 30% Of subjects were from 23 different countries. The experiment
was conducted in the English language, thus a good command of English was a prerequisite for participation. Average age
was 25 with a standard deviation of 5. Subjects earned 16 Euros, on average, for taking part in the experiment.
2.2. Procedure
The experiment comprised eight sessions with 18–20 subjects and each session lasted about one hour. Subjects in each
session were seated randomly in one of the cubicles in the Experimental Lab for Sociology and Economics (ELSE) at Utrecht
University so that they could not see each other or the experimenter. After the general instructions stressing the important
elements of the experiment such as incentive compatibility and anonymity, subjects played eight sequential Prisoner’s Dilemma games (see Table A.7).1 Because we want to analyze how the social value orientation of a subject varies across all decision situations that we include in the experiment, each subject played four of these eight PDs as the ﬁrst player and the
remaining four PDs as the second player. For the second player role, the so called strategy method was used to elicit decisions
(Selten, 1967). These eight PDs differed with respect to the game outcomes T, R, P, S. Aksoy and Weesie (2013b) discusses the
advantages of using asymmetric PDs. Following Aksoy and Weesie (2013b), one of these eight games was a symmetric game,
that is T1 = T2, R1 = R2, P1 = P2, S1 = S2, and the remaining seven PDs were asymmetric. See Appendix A for a description of these
eight PDs. We chose these games with these particular asymmetric outcomes for the following reason. The issue is discussed at
length by Aksoy and Weesie (2013a), and we only brieﬂy discuss it here. One of our aims is measuring social orientations in the
three nodes of the PD. To be able to measure social orientations in a precise way, one has to vary the outcomes in the games. For
example, assume that a subject is fairly ‘‘cooperative’’. What is meant by cooperative will be clariﬁed below when we discuss
our model of social orientations. This person will most likely cooperate in games with certain outcomes where cooperation is
not very ‘‘costly’’. Thus, if we include only games where cooperation is not very costly, we will not be able to capture the level of
this person’s cooperativeness.2 To be able to measure her social orientation parameter more precisely, we have to vary the outcomes, e.g., include games where cooperation is more ‘‘costly’’. Including various games and inducing asymmetry in game outcomes improve the empirical estimation of social orientations.
To explain the game to subjects in a comprehensible way, the game is described as an investment decision (Aksoy and
Weesie, 2013b, 2009). The order in which a subject received these eight PDs was randomized. Because we are interested
in non-embedded situations, in each of the PDs the interaction partner was a randomly selected other participant, i.e., we
used a stranger matching protocol.
After subjects played these eight PDs (four as the ﬁrst player, four as the second player), subjects made decisions in 18
binary Dictator Games (DG). See Appendix A for a description of these 18 games. While subjects made decisions in these
18 DGs, simultaneously we elicited their beliefs about the decisions of other participants for these DGs. In particular, we
asked what a subject thought was the percentage of subjects who chose option A in each DG. These beliefs were also incentivized as explained below. The order in which a subject received these 18 DGs was randomized. As for PDs, in each of the
DGs the recipient was a randomly selected other participant, i.e., stranger matching.
After these 18 DG decisions and beliefs, we elicited subjects’ beliefs about the decisions of other participants in the eight
PDs that they played before. To be precise, for each of the eight PDs we elicited beliefs of subjects about the percentage of
others who they thought cooperated as the ﬁrst player, as the second player after the ﬁrst player’s cooperation, and as the
second player after the ﬁrst player’s defection. Note that in DGs, beliefs of subjects were elicited simultaneously with their
own decisions whereas in PDs beliefs were elicited only after subjects played the PDs and DGs. Beliefs about others’ behavior
in the PDs were elicited after subjects’ own decisions because PDs are highly interdependent situations and asking about
beliefs might inﬂuence own behavior in such situations (e.g., Croson, 2000). Although behavior might be inﬂuenced by belief
elicitation before game play, research has shown that the order of asking about beliefs and own behavior has no signiﬁcant
effect on beliefs (Iedema and Poppe, 1994; Messe and Sivacek, 1979). DGs, on the other hand, are not as interdependent as
PDs, thus we expect that belief elicitation would not inﬂuence DG choices substantially. Yet, because we varied the order of
belief elicitation in DGs and PDs, we can control if there is an order effect.
1

All instructions used in the experiment are available from the corresponding author.
The example is not fully appropriate as we do not estimate individual parameters but the distribution of parameters. Yet, the argument is the same for the
estimation of the distribution.
2
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Recall that a subject played four of the eight PDs as the ﬁrst player, and the other four as the second player. But we asked
subjects’ beliefs about the ﬁrst players’ as well as the second players’ choices in all games. Hence, the number of responses
per subject is higher for beliefs than for own decisions.
Also, following Aksoy and Weesie (2013a, 2012), beliefs in all DGs and PDs were incentivized in the following way. For
each correct guesses, i.e., the guessed percentage of A choices was the same as actual percentage of A choices, subjects received 500 points. For every percentage point deviation from the actual percentage, subjects received 20 points less. In case
the guess was off by more than 25%, subjects received zero points.3 Subjects received the points for each of the DGs and PDs
they played. These points are given in Tables A.6 and A.7. After the experiment, 4000 points were exchanged for 1 Euro. Also, as
in Aksoy and Weesie (2013a, 2012), each subject passively earned points as the recipient of a randomly selected dictator in all
18 DGs. See Aksoy and Weesie (2013a) for a discussion of this payment scheme and incentivising all decisions and guesses. In
addition to the money subjects earned throughout the experiment, each subject was given an additional 5 Euros show-up fee.
Subjects did not receive feedback about the behavior of others and how much they earned until the end of the experiment.
3. Model of social preferences
In our setup, we are interested in four decision nodes that we refer to by the symbols DG, C, D, and PD: (DG) Dictator
Game, (C) second player’s choice in the sequential asymmetric PD after the ﬁrst player cooperated; (D) the second player’s
choice in the PD after the ﬁrst player defected; (PD) the ﬁrst player’s choice in the PD (see Fig. 1). These nodes correspond to
different histories or futures: in nodes DG and PD there is no history, whereas in nodes C and D, the ﬁrst player has cooperated or defected. Note that although there is no history in node PD, there is future. We deﬁne a subject i’s utility in node
h 2 fDG; C; D; PDg in game j for an outcome allocation xhj for Ego and yhj for Alter as:

Uðxhj ; yhj ; hi ; ij ; hÞ ¼ xhj þ hih yhj þ ihj

and

ð1Þ

hi ¼ ðhiDG ; hiC ; hiD ; hiPD Þ;

ij ¼ ðiDGj ; iCj ; iDj ; iPDj Þ:
This model is a variant of the social value orientation model with single parameter (Schulz and May, 1989; Aksoy and Weesie,
2012). We refer to Aksoy and Weesie (2012) for the details of the social orientation model and only brieﬂy discuss it here. In
this model the vector hi ¼ ðhiDG ; hiC ; hiD ; hiPD Þ denotes the h weights for Alter’s outcomes which differ across subjects i and
nodes h. For example, hiDG corresponds to the weight that actor i attaches to the outcome of Alter in a Dictator Game. A subject with a higher h in a given node is considered to be more cooperative than another subject with a lower h in the same
node. It is also possible that a subject attaches a negative weight h < 0 to the outcome of Alter, and thus is competitive.
The term ij in (1) is a random variable capturing evaluation noise. For statistical convenience we assume (multivariate)
normality for hi and ij . Written formally,

hi ¼ ðhiDG ; hiC ; hiD ; hiPD Þ  Nðl; RÞ

ð2Þ

where the 4  1 vector l and the 4  4 matrix R are the means and (co)variances of hih , respectively. Subject i’s weights in
different nodes could be correlated, i.e., R need not be a diagonal matrix, because some people are more cooperative than
others in all circumstances. Moreover, we make two simplifying assumptions on the correlations of hi and ij . First, we assume that hi and ij are uncorrelated. Second, we assume that ihj are uncorrelated with each other.4 Thus,



ij ¼ ðiDGj ; iCj ; iDj ; iPDj Þ  Nð04 ; TÞ; T ¼ diag ðs2DG ; s2C ; s2D ; s2PD Þ



ð3Þ

where T is a 4  4 diagonal matrix. We expect that the variance of the evaluation error increases in the cognitive complexity
in the node: It will be the smallest in DG, then in C and D, and perhaps the highest in PD: s2DG < s2C ; s2D 6 s2PD . For simplicity,
and also because we see no obvious reason to consider otherwise, throughout our analyses, we assume that s2C ¼ s2D .
Note that a subject makes multiple decisions in the nodes (to be precise 18, 4, 4, 4 decisions in DG, C, D, and PD, respectively). These games differ with respect to game outcomes (see A), both within and between the four nodes. We assume that
the h weight of a subject may vary across nodes, but not across different games within a node. In other words, the outcomes
in the game do not inﬂuence h. Similarly, we also assume that beliefs about other’s h in a node are not inﬂuenced by particular game outcomes in that node.
We need to discuss why we focus on this simple single-parameter social orientation model rather than any other, more
complex model. Past research has shown that in addition to the outcomes of Alter, some respondents also consider the difference between the outcomes for Ego and Alter, e.g., equality or maximin preferences (e.g., Fehr and Schmidt, 1999; Schulz
and May, 1989). An extension of the model in (1) by adding terms bih jxhj  yhj j could capture such preferences. In principle,
such extensions are possible within our framework. However, in this paper we have to refrain from complicating the utility
3
We assume that subjects report their average beliefs. See Aksoy and Weesie (2013a) for a discussion of eliciting and incentivizing beliefs as done here.
There is also a statistical literature on elicitation of subjective probability distributions, see O’Hagan et al. (2006) and Lunn et al. (2013, pp. 90–91).
4
One can imagine situations where those errors are correlated, e.g., across games or nodes within the same individual. We have tried making those errors
correlate within a person across games. But unfortunately, we could not achieve convergence as allowing those correlations increases the number of
parameters to be estimated dramatically.
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function. First of all, as we discuss below the empirical analysis of preferences and beliefs is already very complex with the
single social motive which is allowed to vary between nodes. Adding additional social motives to the utility function would
complicate the implementation and presentation of analysis substantially. Fitting such higher dimensional models with sufﬁcient precision also require much bigger datasets. Moreover, Aksoy and Weesie (2012) explicitly compare the social orientation model in (1) with an extension for inequality, and conclude that results on the social orientation h parameter are
robust with respect to the addition of a weight for inequality. Finally, although we discuss the ﬁt of the simple utility model
in B, the focus of this paper is not on ﬁnding the best model of social preferences. Rather, given this simple model, we would
like to analyze how the h parameter varies across nodes, the relationship between h and beliefs about others’ h, and the predictive performances of alternative models for dealing with beliefs. We have to leave extending our analysis with additional
social motives to future research.
4. Model of beliefs about others’ social preferences
Following Aksoy and Weesie (2013a, 2012), we model beliefs in the following way. Subject i has a belief about the distribution of h. Let ~
hiDG ; ~
hiC ; ~
hiD ; ~
hiPD Þ denote the beliefs of actor i about h in the population. There could be differences behi ¼ ð~
tween actors with respect to their beliefs. For example, compared with subject j, subject i may believe that people are in
general more cooperative in node h. In model terms, Eð~
hih Þ > Eð~
hjh Þ. For mathematical convenience, we assume that the beliefs ~
hi can be represented by a multivariate normal distribution. In preliminary statistical analyses we found that the correlations between the beliefs across the four nodes are all small and insigniﬁcant. For presentation purposes, throughout the
paper we constrain all these correlations to 0. Hence, the beliefs ~
hi could be represented by four independent normal
distributions:

~hih  Nðl
~ ih ; r
~ 2ih Þ for h 2 fDG; C; D; PDg;

ð4Þ

~ ih and r
~ 2ih are the mean and variance of i’s beliefs about hh . An ego-centered bias in beliefs, e.g., the consensus effect,
where l
implies a positive relationship between one’s own social orientation and (the mean of) one’s beliefs about others’ social orientation. Alternatively, in the Bayesian-Nash equilibrium concept beliefs and own preferences are assumed to be indepen~ ih (and r
~ 2ih ) on
dent. These and other alternative hypotheses can be conveniently represented in terms of the regression of l
hih , that is, regressing the mean (and variance) of beliefs on own preferences. Therefore,

l~ ih ¼ b0h þ b1h hih þ gih with gih  Nð0; 12h Þ:

ð5Þ

Note that Eq. (5) includes also error terms gih . This implies that two subjects with the same social orientation in node h may
have different means for their beliefs about others’ social orientation in that node. Thus, in our approach differences in beliefs
across subjects are only partially explained by their own types hi if 12h > 0. 5
Given the model of social preferences and beliefs formulated so far, one can analyze possible relationships between preferences and beliefs via restrictions on the parameters in (5). For example, a strict consensus effect implies a full projection of
one’s own h to others’ social orientations, that is, b0h ¼ 0 and b1h ¼ 1, and maybe 12h ¼ 0. The Bayesian-Nash equilibrium
assumption, on the other hand, implies that actors would know the actual distribution of hi . Thus, b1h ¼ 0 and b0h ¼ lh , where
lh is the true mean as in (2), and 12h ¼ 0.
~ 2ih , to be the same for all subjects:
We model the variances in beliefs, r

r~ 2ih ¼ r~ 20h :

ð6Þ

~ 2ih varies (nonActually, Aksoy and Weesie (2012) have shown that the variance in beliefs about others’ social preferences r
~ 2ih ). In the current analysis there are four diflinearly) with one’s own social preferences (roughly, the larger jhih j, the larger r
ferent social preference parameters, one per node. We considered model speciﬁcations in which all these four variances depended on the corresponding own social preference parameter. Yet, estimation was very time consuming and yielded
convergence problems for many of our Markov Chain Monte Carlo (MCMC) runs. Using a simpler set-up (only DG choices),
we checked how this simplifying assumption of constant variance in beliefs inﬂuenced other parameter estimates. Fortunately, this simplifying assumption did not inﬂuence other estimates substantially. Thus, we stick to the simpler model in
(6).
5. Statistical analysis of preferences and beliefs
We will start with analyzing only the ﬁrst three nodes, that is, DG, C, and D. We will analyze the fourth node, PD, in Section 5.3. Also we will start with only the preferences of subjects, introducing beliefs subsequently. The reason for presenting
our results step-by-step rather than presenting immediately a simultaneous analysis of choices and beliefs in all four nodes
5
~ ih , as a function of all elements of hi . For example, the mean of i’s beliefs about
In principle, it is possible to model the mean of an actors’ beliefs in node h; l
~ iDG , could be a function of i’s own h in node PD as well as of i’s own hs in nodes D; C; PD. However, such an extension would
others’ h weight in node DG; l
increase the number of parameters to be estimated dramatically. Moreover, we also think that it will be only of minor theoretical and empirical importance to
make the mean of the belief about other’s h in node h depend on all elements of hi .
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is the following. As we will discuss below, in each step, we compare several alternative speciﬁcations of our model. We proceed to the subsequent step building on the best ﬁtting speciﬁcation and discarding worse ﬁtting speciﬁcations in a current
step. Presenting simultaneous analyses with all possible combinations of alternative speciﬁcations in all steps would require
a vast amount of space.
5.1. Social preferences in nodes DG, C, and D
5.1.1. Speciﬁcations
Here we compare four speciﬁcations of the distribution of ðhiDG ; hiC ; hiD Þ. In these four speciﬁcations we decrease complexity step by step. These speciﬁcations reﬂect different assumptions on how history inﬂuences social orientations (e.g.,
Gautschi, 2000).
Speciﬁcation A1 (3-dimensional h). This is the most general speciﬁcation. Besides the general assumptions given in Eqs. (1)–
(3), there is no further constraining assumption. Other speciﬁcations below are nested in this general speciﬁcation. If there is
both positive and negative reciprocity, with high probability, we should observe hC > hDG > hD : the weight given to the outcome of Alter will be the highest after Alter cooperated and the lowest after Alter defected. The ‘‘neutral’’ weight in a DG will
be somewhere in the middle of the two. Note that this speciﬁcation allows individuals to have different hs in different nodes.
This means that the magnitude of reciprocity ðhC  hDG ; hDG  hD Þ can also vary between subjects.
Speciﬁcation A2 (2-dimensional h). This speciﬁcation imposes the following constraint:

hC ¼ hD þ k:

ð7Þ

This speciﬁcation assumes that the social orientations in nodes C and D, hC and hD , are perfectly correlated and have the same
variance. Compared to the node after the ﬁrst player cooperated (node C), the social orientation after the ﬁrst player defected
(node D) only shifts down or up. This shift k is constrained to be the same across individuals. Reciprocity would mean k > 0.
This speciﬁcation does not make any additional assumption about the relationship between the social orientation hDG and
the social orientations hC ; hD . Yet, if there is positive reciprocity, one expects on average hC to be larger than hDG , or that
PrðhC > hDG Þ is large.
Speciﬁcation A3 (1-dimensional h). This speciﬁcation imposes the following two constraints:

hC ¼ hDG þ kC ;

hD ¼ hDG þ kD :

ð8Þ

These two constraints imply that the social orientations in DG, C, and D, are perfectly correlated and have the same variance.
The social orientation only shifts up or down depending on history. In addition, the magnitudes of the shifts, kC and kD , are
the same for all individuals, i.e., homogeneous reciprocity. A positive reciprocity would mean kC > 0, and negative reciprocity
kD < 0.
Speciﬁcation A4 (Single h). This speciﬁcation is the most parsimonious of the four. It assumes purely outcome-based social
preferences that do not depend on history:

hDG ¼ hC ¼ hD :

ð9Þ

5.1.2. Methods
Recall that each subject made 18, 4, and 4 decisions in nodes DG, C, and D, respectively. Also recall that the game outcomes in these 26 games differ (see A). We stack all these choices nested in subjects. All of these 26 decisions are binary.
A subject chooses option 1 in node h in game j with outcomes ðx1hj ; y1hj Þ instead of option 2 with outcomes ðx2hj ; y2hj Þ if
the utility U 1ihj for option 1 exceeds the utility U 2ihj for option 2. With Eqs. (1)–(3), the probability that subject i chooses
the ﬁrst option in node h in game j can be conveniently written as:



PrðU 1ihj > U 2ihj jhi ; hÞ ¼ Pr ðx1hj þ hih  y1hj þ 1ihj Þ > ðx2hj þ hih  y2ihj þ 2ihj Þ




ðx1hj  x2hj Þ þ hih  ðy1hj  y2hj Þ
pﬃﬃﬃ
;
¼ Pr ðx1hj  x2hj Þ þ hih  ðy1hj  y2hj Þ þ ð1ihj  2ihj Þ > 0 ¼ U
2sh

ð10Þ

where U is the cumulative standard normal distribution.
Statistically oriented readers will recognize that, assuming normality and independence of decisions conditional on h, Eq.
(10) implies a multilevel probit regression with heteroskedastic error with respect to history (see Aksoy and Weesie (2012)
for more details). The dependent variable is a subject’s choice. The two independent variables are (1) the difference between
the outcomes for Ego in the two options x1hj  x2hj with a coefﬁcient constrained to 1 and (2) the difference between the outcome for Alter in the two options y1hj  y2hj with a random coefﬁcient hh . Note that there is no (ﬁxed or random) intercept in
the model. A non-zero intercept would represent an intrinsic motivation for choosing option 1 over option 2, controlling for
game outcomes.6 The parameters to estimate are the means, standard deviations, and correlations of hi , and the standard
6
A non-zero intercept in nodes C and D would correspond to normative utility, utility derived from the act of cooperation, discussed by Aksoy and Weesie
(2013b). We ﬁtted models with intercepts in nodes C and D. In our case these intercepts were small and insigniﬁcant. For brevity we dropped these intercepts in
all analyzes reported here.
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deviations sh of the evaluation error. Depending on the theoretical model (Speciﬁcations A1 to A4), some of these parameters
are constrained to be the same, or constrained to 1.
A further important issue is the following. If we omit the evaluation error , any subject with a h 6 0 would defect in
nodes C and D, and thus negative values of hC and hD would not be identiﬁed. In our case, negative values of hC and hD
are identiﬁed for two reasons. First, there is evaluation error and thus subjects are not perfectly consistent.7 This means that
a subject with a particular negative hC or hD value still cooperates with a positive probability given in (10), which in turn identiﬁes negative values of hC and hD . Secondly, we assume a normal distribution for h in the subject pool and estimate not individual values but the mean and variance of this distribution (and the coefﬁcients that predict beliefs conditional on h). This
normality assumption also ensure the identiﬁcation of negative hC and hD values.
In our analyses we use a Bayesian approach simply because the more complicated statistical models that will be discussed below are too hard to ﬁt in a frequentist framework. See Aksoy and Weesie (2013a) for a comparison of frequentist
and Bayesian statistical frameworks in a similar substantial context. In all analyses in this paper, we use (weakly) uninformative priors for the parameters. Hence, the posterior means can be treated as point estimates that are approximately equal
to the maximum likelihood estimates. In B we provide the details of Bayesian estimation including the priors used. To compare the four speciﬁcations of social preferences, we use the Deviance Information Criteria (DIC) (Spiegelhalter et al., 2002), a
Bayesian analogue to Akaike Information Criterion (AIC).8
For all models reported in this paper, we run two chains of 100,000 MCMC iterations using OpenBugs (Lunn et al., 2009).
The OpenBugs codes are available upon request. Unless stated otherwise, we exclude the ﬁrst 30,000 burn-in iterations, and
record only every 10th iteration. Convergence is checked using the (Gelman and Rubin, 1992) R statistic as well as by visual
inspection of the MCMC trajectories, and their autocorrelation.
5.1.3. Results
Table 1 presents our results for Speciﬁcations A1 to A4. Consider ﬁrst the DIC scores. A DIC difference larger than 10
strongly favors the model with the lower DIC (Spiegelhalter et al., 2002). Thus, our results strongly favor Speciﬁcation A1.
This means that history matters and the constraints imposed by A2 to A4 are not consistent with the data. For example, Speciﬁcation A2 assumes that the social orientations after the ﬁrst player cooperated and defected in the PD are perfectly correlated and have the same variance, albeit allowed to shift up or down by a ﬁxed amount. This assumption does not hold,
implying that how much h differs between nodes C and D varies between subjects. The most parsimonious speciﬁcation,
A4, assumes that history does not matter as h does not vary across nodes. Rejection of this model clearly shows that history
effects cannot be ruled out, thus social preferences are partly process-based.
We now interpret the results of the selected speciﬁcation, A1. On average, subjects attach a positive weight to the outcome of Alter in a DG: meanðhDG Þ ¼ 0:113, 75% of subjects are expected to have positive social orientations




c
PrðhDG > 0Þ ¼ U 0:113  :75 . Surprisingly, in the PD, on average, the second players attach a negative weight to the out0:169

come of the ﬁrst player, even if the ﬁrst player cooperated: meanðhC Þ ¼ 0:178. Only about 40% of subjects are expected
to have a positive social orientation in node C. In other words, if we compare nodes DG and C, we do not ﬁnd positive reciprocity. It seems that being in a PD makes subjects more competitive than being in a DG. In the ‘‘discussion and conclusion’’
section we will turn back to this ﬁnding. We do ﬁnd, however, strong negative reciprocity. The lowest average h is in node D:
meanðhD Þ ¼ 0:578. Only about 16% of subjects have a positive social orientation in node D.
Given standard properties of the multivariate normal distribution of h for Speciﬁcation A1, one can obtain additional re

0:1780:113
ﬃ  0:32, i.e., for 32% of the subjects hC > hDG and thus they
PrðhC > hDG Þ ¼ U pﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
sults. For example, c
2
2
0:169 þ0:721 20:1690:7210:726

PrðhC > hD Þ ¼ 0:79, i.e., for 79% of the subjects hC > hD . Finally, c
PrðhC > hDG > hD Þ  0:25.
show positive reciprocity. Similarly, c
These ﬁndings further support the existence of mainly negative reciprocity when one compares the DG and second player PD
choices.
It should be noted that the variation among subjects with respect to social orientations, as indicated by the standard deviations of hh , is higher in a PD than in a DG. Also, the social orientations correlate highly across histories (all above 0.5). As we
expected, the evaluation error is smaller in the simpler node DG than in the more complex nodes C and D: the standard deviation of the evaluation error in node PD sDG ¼ 0:178, whereas sC ¼ sD ¼ 0:873 in the PD.
We will now proceed with analyzing beliefs using the selected speciﬁcation, A1.
5.2. Beliefs in nodes DG, C, and D
Similar to social preferences, for beliefs in nodes DG, C, and D we compare ﬁve alternative speciﬁcations: an unrestricted
one, two with a relaxed and a strict versions of the consensus effect, and two with a restricted and relaxed versions of
rational beliefs.
7

If we omit  assuming that subjects are perfectly consistent, the resulting choice model would not be the probit model given in (10).
We also calculated posterior predictive p-values (PPP) (Gelman et al., 1996) to assess ﬁt. B includes a discussion of PPPs for our models. We found that the
power of posterior predictive testing in our case is rather low, probably due to small number of choices per subject, especially in nodes C and D. Consequently, it
was hardly possible to reject any of the models using PPPs.
8
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Table 1
Hierarchical Bayesian models for 4030 choices (18 DG, 4 C, and 4 D) by N = 155 subjects. Multivariate normal distribution of social orientation parameters and
evaluation error across histories. We report posterior means and, in parentheses, posterior standard deviations of the parameters and DIC. Prior speciﬁcations
are given in B.
Spec. A1 (3-dim. h)

Spec. A2 (2-dim. h)

Spec. A3 (1-dim. h)

Spec. A4 (Single h)

0.113**
(0.015)
0.158*
(0.094)
0.655**
(0.120)
0.167**
(0.014)
0.642a,**
(0.098)
0.642a,**
(0.098)
0.715**
(0.068)
0.715**
(0.068)
1.000b
–

0.123**
(0.018)
0.070**
(0.031)
0.238**
(0.036)
0.202a,**
(0.016)
0.202a,**
(0.016)
0.202a,**
(0.016)
1.000b
–
1.000b
–
1.000b
–

0.081a**
(0.015)
0.081a,**
(0.015)
0.081a,**
(0.015)
0.164a,**
(0.013)
0.164a,**
(0.013)
0.164a,**
(0.013)
1.000b
–
1.000b
–
1.000b
–

0.178**
(0.006)
0.873**
(0.107)

0.178**
(0.006)
1.018**
(0.109)

0.181**
(0.006)
1.020**
(0.058)

0.180**
(0.006)
0.713**
0.039

2812

2856

3017

3274

Distribution of social orientation parameters
MeanðhDG Þ
0.113**
(0.016)
MeanðhC Þ
0.178*
(0.098)
MeanðhD Þ
0.578**
(0.142)
SDðhDG Þ
0.169**
(0.014)
SDðhC Þ
0.721**
(0.104)
SDðhD Þ
0.581**
(0.123)
CorrðhDG ; hC Þ
0.726**
(0.067)
CorrðhDG ; hD Þ
0.620**
(0.088)
CorrðhC ; hD Þ
0.725**
(0.094)
Evaluation error
SDðDGj Þ ¼ sDG
SDðCj Þ=SDðDj Þ ¼ sC ¼ sD
DIC
a

Parameter equality constrained.
b
Parameter ﬁxed.
*
90% Credibility interval excludes 0.
**
95% Credibility interval excludes 0.

5.2.1. Speciﬁcations
Speciﬁcation B1 (Unconstrained beliefs). This is the general model for beliefs described above in Eqs. (4)–(6). In speciﬁcation
B1, the mean of beliefs in node h is modeled as a linear regression on the social orientation in node h with residual variables
gih that depend on history but not on subject. The only difference now is that we consider only the ﬁrst three decision nodes
whereas the general model above also included the fourth node. B1 encompasses B2–B5 discussed below in the sense that it
does not impose constraints on the intercept and slope parameters for the regressions of the means of beliefs on own social
orientations.
Speciﬁcation B2 (Relaxed consensus). Speciﬁcation B2 imposes directly a version of the consensus effect. In this model, a
person fully projects her social orientation to her belief about the social orientations of others. That is, the expected value
of the mean of beliefs about other’s social orientation in a node equals one’s own social orientations in the same node:

l~ ih ¼ hih þ gih with gih  Nð0; 12h Þ;
r~ 2ih ¼ r~ 20h :

ð11Þ

However, Speciﬁcation B2 still includes the error term gih . Thus, although people project their own social orientations to the
mean of their beliefs, two subjects with the same social orientation may still have different beliefs due to the error term.
Because of the existence of the error term, we call this speciﬁcation ‘‘relaxed’’ consensus.
Speciﬁcation B3 (Strict consensus). Speciﬁcation B3 imposes a stricter version of the consensus effect. On top of Speciﬁcation B2 above, B3 drops the error term gih , or equivalently, the variance of gih ; 12h , is constrained to be 0. Thus, Speciﬁcation B3
assumes that subjects’ mean beliefs are exactly the same as their own social orientations, and two subjects with the same
social orientation have exactly the same beliefs:

l~ ih ¼ hih ;
r~ 2ih ¼ r~ 20h :

ð12Þ

Speciﬁcation B4 (Relaxed Bayesian-Nash). The Bayesian-Nash equilibrium approach, used extensively in (behavioral) gametheory, assumes that beliefs are rational. In our case, this implies that actors are assumed to know the actual distribution of
social orientations h in the population. Since the actual distribution of social orientations is unique, this speciﬁcation assumes that all subjects have the same belief, and hence there is no relationship between someone’s own social preferences
and someone’s beliefs. Written formally:
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l~ ih ¼ meanðhh Þ þ gih with gih  Nð0; 12h Þ;
r~ 2ih ¼ varðhh Þ:

ð13Þ

where meanðhh Þ and varðhh Þ are respectively the ‘‘true’’ means and variances of hh estimated from our sample. Note that despite assuming that actors know the true distribution of h, Speciﬁcation B4 still allows subjects to err about the mean by
keeping the error term gih in the equation.
Speciﬁcation B5 (Strict Bayesian-Nash). A stricter interpretation of Bayesian-Nash beliefs would require discarding the error term gih , or constraining 12h to be 0, because in Bayesian-Nash equilibrium people are assumed to know the true distribution without any error. This implies:

l~ ih ¼ meanðhh Þ;
r~ 2ih ¼ varðhh Þ:

ð14Þ

5.2.2. Methods
We ﬁrst explain the data and the statistical procedure. Note that all decisions in all nodes are binary but beliefs are elic~ ihj denote i’s belief about the percentage of others
ited as percentages of subjects who are expected to choose option 1. Let p
choosing option 1 rather than option 2 in game j of node h. Under the social orientation model, subject i’s belief about this
~ ih and the variance r
~ 2ih of beliefs about h and on the game outcomes, ðx1hj ; y1hj ; x2hj ; y2hj Þ.
percentage depends on the mean l
Formally, this percentage can be written as i’s belief about the probability that a random Alter favors option 1 over option
2, that is





p~ ihj ¼ Pr Uðx1hj ; y1hj ; ~hih Þ > Uðx2hj ; y2hj ; ~hih Þ j ~hih  Nðl~ ih ; r~ 2ih Þ; s~2 :

ð15Þ

~ ihj satisﬁes
hih is assumed to be normally distributed, p
As ~

0

p~ ihj

1

~ ih  ðy1hj  y2hj ÞC
Bðx1hj  x2hj Þ þ l
¼ U@ qﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ A
2
2
~ þr
~ ih  ðy1hj  y2hj Þ2
2s

ð16Þ

where U is the cumulative standard normal distribution. xkhj is the outcome for Ego in option k ¼ 1; 2 and ykhj is the outcome
for Alter in option k in game j of node h.
~ is the belief about the variance of the evaluation error which is, for simplicity, assumed to be the same
In (15) and (16), s
for all subjects and all nodes. Alternatively, we could have assumed that it depends on node h, or even that beliefs about sh
~ yielded
are rational, i.e., identical to the ‘‘true’’ standard deviation of evaluation noise. These alternative speciﬁcations for s
worse ﬁt than in (16).
~ ihj , we introduce an error term such
Furthermore, to be able to use (16) in statistical analysis of elicited beliefs pihj about p
~ ihj :
that a subject makes an unsystematic error in reporting p

0

pihj

1
~
Bðx1hj  x2hj Þ þ lih  ðy1hj  y2hj Þ
C
¼ U@ qﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ þ tihj A with
2
2
2
~
~
2s þ rih  ðy1hj  y2hj Þ

tihj  Nð0; f2h Þ:

ð17Þ

Here tihj is added within the parentheses to ensure 0 < pihj < 1. In our analyses, we found that the variance of the response
error f2h differed across nodes. Accounting for this difference proved to be important for other parameter estimates. Consequently, in our analyses below, we allow f2h to vary with node, with the constraint f2C ¼ f2D .
We also increased the number of burn-in iterations to 200,000 (it was 30,000 before) when we include beliefs. This is
because the models with beliefs are more complex than models for only own preferences, and convergence takes longer.9
5.2.3. Results
Table 2 presents the DIC scores for the joint statistical models for social preferences and beliefs. Note that each statistical
model in the table has two parts, the model for preferences (Speciﬁcation A1) and the model for beliefs (Speciﬁcations B1–
B5). Consequently, for each statistical model, three DIC scores are calculated: a DIC for the part on preferences, a DIC for beliefs, and an overall DIC. The difference between overall DICs in Speciﬁcations B1 and B2 is exactly 10. The DIC difference for
the belief parts of B1 and B2 is also 10. A DIC difference of 10 is considered to be sizable, but not decisive. The DIC difference
for the preference part of B1 and B2 is smaller, in fact only 5. This shows that imposing a relaxed version of the consensus
effect, that is, constraining the expected mean of beliefs about others’ social orientations to be the same as own social orientations in all decision nodes deteriorates the ﬁt, but not a lot. All other speciﬁcations, viz. B3, B4, and B5, are ﬂatly rejected
9
~ 2h (see
We also experienced a numerical difﬁculty in ﬁtting B4 and B5 (see Table 2). Ideally, in ﬁtting B4 and B5, we should include the variances in beliefs r
~ 2h ¼ r2h (beliefs correspond to ‘‘true’’ values).
Eq. (17)) and variances in social orientations r2h as latent variables in the statistical estimation with the constraints r
However, this yielded a numerical error in the OpenBugs routine. Instead, ﬁtting B4 and B5, we plugged in directly the estimated scores for r2h obtained from A1
~ 2h .
as substitutes for r
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Table 2
DIC statistics for the statistical models that represent Speciﬁcations B1 to B5. Each model has two parts, a part for social
orientations (Speciﬁcation A1) and a part for beliefs. A DIC for each of these two parts and an overall DIC are provided.
Model

DIC (preferences)

DIC (beliefs)

DIC (overall)

B1
B2
B3
B4
B5

2805
2810
2977
2812
2816

14,020
14,030
14,160
14,590
16,610

16,830
16,840
17,130
17,400
19,420

(General)
(Relaxed consensus)
(Strict consensus)
(Relaxed Bayesian-Nash)
(Strict Bayesian-Nash)

based on their overall DIC or DIC for the belief parts, compared to those of Speciﬁcations B1 and B2. Both relaxed and strict
versions of Bayesian-Nash beliefs and the stricter interpretation of the consensus effect are, thus, refuted. Note that the DIC
scores for the social preference part of the speciﬁcations are quite similar. This is because in Speciﬁcations B1 to B5, the part
for preferences (Speciﬁcation A1) is the same, but the parameters for the preference part are somewhat different as they are
also included as predictors in the belief part of models. The main difference between Speciﬁcations B1 to B5 is on how they
model beliefs, thus DIC differences for the belief parts are much larger.10
Because we reject Speciﬁcations B3, B4, and B5, in Table 3 we present detailed results on the parameter estimates for only
B1 and B2, for brevity. Detailed results for Speciﬁcations B3, B4, and B5 are available from the authors. To enhance readability
and focus attention of readers to what is new, Table 3 omits the results for the preference part (Speciﬁcation A1); the results
for preferences are very similar to those reported in Table 1 and also very similar across Speciﬁcations B1 and B2. Results in
Table 3 show that the mean of a subject’s beliefs about the distribution of h in the population is almost the same as one’s own
h, except for node C.11 In B1, it seems that the relationship between own preferences and beliefs is steeper and the intercept is
smaller for node C than for nodes D and DG. Yet, as we discussed above, constraining all slopes to 1 and all intercepts to 0 does
not deteriorate the overall ﬁt dramatically but mildly (DDIC ¼ 10). This yields a strong support for the consensus hypothesis.
Also remember that the stricter version of the consensus effect which discards the error terms gih is rejected. Thus, while as
a general trend the consensus effect holds, two subjects with the same social orientation do not necessarily have the same beliefs. Note also that Table 3 includes R2 values for the regressions of mean beliefs on own social orientations.12 These R2 values
show that own social orientations explain a great deal of variance in mean beliefs.
We now move onto the most complicated node, the ﬁrst player’s decision in the PD.
5.3. Social preferences in node PD
In this part, we extend the analyses to the fourth and ﬁnal node, namely the ﬁrst player’s decision in the sequential PD. In
node PD there is no history, but there is future. The analysis for node PD is more complicated than that for nodes DG, C, and
D, because the consequences of player 1’s decisions are strategically uncertain: The consequences of player 1’s decisions depend on player 2’s decisions. We assume that player 1’s decisions can be explained in terms of expected consequences. Here
by ‘‘expected’’ we mean averaging over possible decisions of player 2. That is, in node PD the outcomes that Ego expects for
Ego and Alter are derived from Ego’s beliefs about Alter’s decisions.
Using the PD notation (see Fig. 1) for outcomes Tkij, Rkij, Pkij, and Skij for k ¼ 1; 2, the expected outcomes for Ego (x1PDj ) and
Alter (y1PDj ) when Ego chooses the ﬁrst option (Ego cooperates) in game j in node PD can be written as

~ iCj R1j þ ð1  p
~ iCj ÞS1j
x1PDj ¼ p
~
~ iCj ÞT 2j
y1PDj ¼ piCj R2j þ ð1  p

ð18Þ

~ iCj is Ego i’s belief about the probability that Alter cooperates after Ego cooperated in game j. Similarly, the expected
where p
outcomes for Ego ðx2PDj Þ and Alter ðy2PDj Þ when Ego chooses the second option (Ego defects) in game j in node PD can be written as

~ iDj T 1j þ ð1  p
~ iDj ÞP1j
x2PDj ¼ p
~
~
y2PDj ¼ piDj S2j þ ð1  piDj ÞP2j :

ð19Þ

~ iDj is Ego i’s belief about the probability that Alter cooperates after Ego defected in game j in node PD.
where p
10
The DIC for the preference part of Speciﬁcation B3 is, however, much higher than other speciﬁcations. This is because imposing strict consensus on beliefs
also inﬂuences the parameters in the preference part, that is, the parameters for the distribution of social orientations and the evaluation error, which in turn
deteriorates the ﬁt for the preference part.
11
The coefﬁcients in Table 3 can be interpreted as normal regression coefﬁcients. For example, in speciﬁcation B1 and node DG, a unit increase in h increases
the mean of beliefs about others’ h by 0.825 units.
2
b Varðhh Þ
12
These R2s are calculated using the formula R2 ¼ 2 1h
. Note that the R2 value for node D in B2 is slightly higher than that in B1, which is surprising

b1h Varðhh ÞþVarðgh Þ

since B1 encompasses B2. However, these R2s are not exactly the same as conventional R2s in linear regressions with observed variables. This is because in B1
and B2, the predictors, hih , are unobserved variables that also change—so does Varðhh Þ—between B1 and B2, which in turn inﬂuence the R2 values.
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Table 3
Results for hierarchical Bayesian models for (the relationship between social orientations and) beliefs about others’ social orientations: we report posterior
means and, in parentheses, posterior standard deviations of the parameters for Speciﬁcations B1 and B2. N(belief) = 5270, N(decision) = 4030, N(subject) = 155.
Moreover, R2s are provided for mean of beliefs. Note that gih are assumed independent across subjects and histories.
Speciﬁcation B1: Unconstrained beliefs
Means of beliefs:
l~ iDG ¼ 0:037ð0:024Þ þ 0:825ð0:143ÞhiDGj þ giDG ; R2 ¼ 0:41; giDG  Nð0; 0:1772 ð0:0192 ÞÞ
l~ iC ¼ 0:853ð0:172Þ þ 1:979ð0:335ÞhiCj þ giC ; R2 ¼ 0:67; giC  Nð0; 0:9332 ð0:1232 ÞÞ
l~ iD ¼ 0:241ð0:177Þ þ 0:999ð0:404ÞhiDj þ giD ; R2 ¼ 0:64; giD  Nð0; 0:4562 ð0:1402 ÞÞ
Standard deviations of beliefs:

r~ iDG ¼ 0:334ð0:019Þ; r~ iC ¼ 2:118ð0:149Þ; r~ iD ¼ 0:915ð0:255Þ
Evaluation and response errors:

s~ ¼ 0:172ð0:006Þ; fDG ¼ 1:442ð0:039Þ; fC ¼ fD ¼ 0:390ð0:012Þ
Speciﬁcation B2: Relaxed consensus
Means of beliefs:

l~ iDG ¼ 0b + 1b hiDG þ giDG ; R2 ¼ 0:39; giDG  Nð0; 0:1962 ð0:0192 ÞÞ
l~ iC ¼ 0 b + 1b hiC þ giC ; R2 ¼ 0:65; giC  Nð0; 0:8302 ð0:1082 ÞÞ
l~ iD ¼ 0 b + 1b hiD þ giD ; R2 ¼ 0:73; giD  Nð0; 0:3702 ð0:0642 ÞÞ
Standard deviations of beliefs:

r~ iDG ¼ 0:353ð0:019Þ; r~ iC ¼ 1:689ð0:107Þ; r~ iD ¼ 0:824ð0:084Þ
Evaluation and response errors:

s~ ¼ 0:172ð0:006Þ; fDG ¼ 1:199ð0:016Þ; fC ¼ fD ¼ 0:630ð0:010Þ
b

Parameter is ﬁxed.

~ iCj and p
~ iDj are speciﬁed, the expected outcomes x1PDj ; y1PDj ; x2PDj ; y2PDj in node PD can be easily calculated.
Thus, once p
Furthermore, once these expected outcomes are calculated, social orientations in node PD hPD can be estimated using the
same multilevel probit model that is used to estimate social orientations in nodes PD, C, and D (see Eq. (10)). We conclude
~ iC and p
~ iD . This is ultimately a theoretical issue. In this paper, we compare
that the real issue is how to specify the beliefs p
four alternative assumptions about these beliefs. The ﬁrst one is empirical beliefs, that is, substituting directly elicited beliefs
~ iC and p
~ iD . In the second alternative we use Speciﬁcation B1, the best ﬁtting model for beliefs in nodes DG, C, and D, to
for p
~ iC and p
~ iD , i.e., beliefs are endogenized. In the third and fourth alternatives, we use Speciﬁcations B2 and B4, the repredict p
~ iC and p
~ iD .
laxed interpretations of consensus and rational beliefs to predict p
5.3.1. Speciﬁcations
Speciﬁcation B0.C1 (Reported beliefs). Recall that in the experiment, we elicited subjects’ beliefs about the decisions of others in nodes C and D, namely piCj and piDj . To be precise, we asked subjects’ guesses about the percentages of others who
would cooperate given player 1 cooperated and defected. In Speciﬁcation B0.C1, we use these self-reported beliefs of sub~ iCj and p
~ iDj . Thus, we simply substitute piCj and piDj for p
~ iC and p
~ iD in (18) and (19) to caljects, piCj and piDj , as estimates of p
culate expected outcomes x1PDj ; y1PDj ; x2PDj , and x2PDj for Ego and Alter.
Speciﬁcation B1.C2 (Model-based beliefs). Eq. (16) yields model-based predictions of these beliefs. Note that Eq. (16) ex~ iCj and p
~ iDj in terms of the means and variances of a subject’s beliefs about others’ social orientations in nodes C
presses p
and D. The means of a subject’s beliefs, in turn, depend on subject’s own social orientation. In Speciﬁcation B1.C2, the means
and variances of a subject’s beliefs about other’s social orientations in nodes C and D are speciﬁed using Eqs. (5) and (6): we
use Speciﬁcation B1 to predict beliefs. As the results of Speciﬁcation B1 show (Table 3), there is a strong positive association
between the means of beliefs and own social orientations. Thus, although Speciﬁcation B1.C2 does not directly impose the
consensus effect, it can be seen as an application of the (empirically calibrated) consensus effect.
~ iCj and p
~ iDj (‘‘latent variables’’) whereas Speciﬁcation B0.C1 treats beliefs p
~ iCj and
Speciﬁcation B1.C2 endogenizes beliefs p
p~ iDj as exogenous variables (‘‘data’’). Thus, Speciﬁcation B1.C2 provides a more parsimonious account of the ﬁrst player’s
~ iCj and p
~ iDj , B1.C2 and B0.C1 are
decisions in the sequential PD than B0.C1. Besides this difference in the speciﬁcation of p
identical with respect to how social orientations and beliefs in nodes DG, C, and D are speciﬁed, i.e., for both speciﬁcations
we use Speciﬁcation B1 in nodes DG, C, and D for social orientations and beliefs.
Speciﬁcation B2.C3 (Relaxed consensus beliefs). Speciﬁcation B2.C3 builds on Speciﬁcation B2. In B2.C3, the means and variances of a subject’s beliefs about other’s social orientations in nodes DG, C, and D are speciﬁed using B2. Recall that B2 imposes directly (a relaxed version of) the consensus effect. The means and variances of a subject’s beliefs about others’ social
~ iCj and p
~ iDj in (18) and (19). Shortly, B2.C3 imorientations, speciﬁed via the imposed consensus effect, are used to predict p
poses the consensus effect to beliefs in nodes DG, C, and D, and uses the imposed consensus effect in predicting the PD decisions and social orientations of subjects in node PD.
Speciﬁcation B4.C4 (Relaxed Bayesian-Nash beliefs). In Section 5.2 we showed that Bayesian-Nash beliefs, both relaxed and
stricter speciﬁcations, are rejected. However, we do not know yet the consequences of assuming Bayesian-Nash beliefs for
situations where beliefs directly inﬂuence decisions. Decisions in node PD are inﬂuenced directly by beliefs about the second
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~ iCj and p
~ iDj using Bayesian-Nash beliefs, and in turn, predicting decisions in node PD
player’s decisions. Thus, predicting p
using these beliefs will give the opportunity for analyzing behavioral consequences of assuming Bayesian-Nash beliefs. In
~ iCj and p
~ iDj using the relaxed interpretation of Bayesian-Nash beliefs, thus using Speciﬁcation
Speciﬁcation B4.C4, we predict p
~ iCj and p
~ iDj , we also use B4 to model beliefs in nodes DG, C, and D. We could also use the stricter
B4. In addition to predicting p
version of Bayesian-Nash beliefs, i.e., Speciﬁcation B5. However, we know that B5 ﬁts data poorly. Moreover, compared to a
speciﬁcation that would use B5, B4.C4 is structurally more comparable to B0.C1, B1.C2, and B2.C3, as these latter models all
include error terms in predicting the mean of beliefs just like B4.C4 does.
5.3.2. Methods
The statistical estimation procedure is analogous to the procedure described above for the simultaneous analysis of decisions and beliefs in the ﬁrst three nodes DG, C, and D. Only now the data are expanded with the four additional decisions of
subjects in node PD. The outcomes for Ego and Alter in game j in node PD, x1PDj ; y1PDj ; x2PDj ; y2PDj , are speciﬁed in four alternative ways (BO.C1, B1.C2, B2.C3, B4.C4). Each of these alternatives correspond to a different statistical model. In Speciﬁca~ iCj and p
~ iDj , whereas in Speciﬁcations B1.C2, B2.C3, and B4.C4 p
~ iCj and
tion B0.C1, two observed variables are substituted for p
p~ iDj are unobserved variables speciﬁed as explained above.
Although we discuss B0.C1, B1.C2, B2.C3, and B4.C4 for mainly the PD node, in each of these four alternatives, we estimate
the parameters of the model for social orientations in all four decision nodes as well as the parameters of the model for beliefs in the ﬁrst three decision nodes (DG, C, and D) simultaneously. B0.C1, B1.C2, B2.C3, and B4.C4 are identical with respect
to social orientations in all four nodes: social orientations in these four nodes are modeled as a four dimensional multivariate
normal distribution without any further constraint, i.e., extending Speciﬁcation A1 including node PD. Moreover, B0.C1 and
B1.C2 are also identical with respect to beliefs about others’ social orientations in the ﬁrst three nodes, DG, C, and D: they
~ iC and p
~ iD are specboth use Speciﬁcation B1 to predict beliefs in the ﬁrst three nodes. B0.C1 and B1.C2 differ only on how p
iﬁed. B2.C3 and B4.C4 differ from B0.C1 and B1.C2 on how beliefs in the ﬁrst three nodes are modeled, i.e., instead of B1,
B2.C3 uses B2 and B4.C4 uses B4. Note that although some parts of these three speciﬁcations are identical, since estimation
is done simultaneously for all nodes, preferences and beliefs, parameter estimates can differ between these four speciﬁcations, also for the identical parts.
5.3.3. Results
Table 4 shows the DIC scores for speciﬁcations B0.C1, B1.C2, B2.C3, and B4.C4. The overall DIC scores show that, surprisingly, model-based beliefs (B1.C2) outperform reported beliefs (B0.C1), although the DIC difference is not very high. In other
words, the model in which beliefs of player 1 about the decisions of player 2 are predicted using modeled beliefs (B1.C2) ﬁts
data slightly better than the model in which self-reported beliefs are directly used. This is most probably due to the fact that
in model-based beliefs we account for various forms of noise and error in beliefs. Self-reported beliefs, however, are contaminated by unsystematic error, that is, there is a lot of measurement error in self-reported beliefs. Moreover, model-based beliefs yield a more parsimonious model than reported beliefs because in reported beliefs two additional observed variables are
included in the model. DIC statistics reﬂect both ﬁt and parsimony. Note also that the DIC scores of B0.C1 and B1.C2 for the
parts that deal with beliefs in the ﬁrst three nodes DG, C, D are exactly the same. This is not very surprising because models
B0.C1 and B1.C2 use the same speciﬁcation B1 for beliefs in these nodes. The DIC scores of B0.C1 and B1.C2 differ relatively
highly for the preference part (3253 vs. 3239). This difference is mainly due to social orientations in node PD which again
indicates that Speciﬁcation B1.C2 predicts PD decisions somewhat better with a more parsimonious model compared to
Speciﬁcation B0.C1.
The overall DIC score of Speciﬁcation B2.C3 is the same as that of B0.C1 and 10 higher than that of B1.C2. Thus, overall,
B2.C3 ﬁts equally well as B0.C1 and somewhat worse than B1.C2. The overall DIC difference between B2.C3 and B1.C2 is
mainly due to the DIC scores for the part of the models that deal with beliefs (14,040 vs. 14,020). When the DIC scores
for the parts of the models that deal with social orientations are considered, the DIC of B2.C3 is in fact somewhat lower than
~ iCj and p
~ iDj —
the DIC of B1.C2 (3230 vs. 3239). This improvement in DIC is most likely due to the fact that B2.C3 predicts p
which are used to estimate hPD —using a more parsimonious speciﬁcation (B2) than B1.C2 (which uses B1). Shortly, imposing
directly the consensus effect deteriorates the ﬁt of the part that deals with beliefs but improves somewhat the ﬁt of the model that deals with preferences.
When its overall DIC is considered, the speciﬁcation that uses Bayesian-Nash beliefs B4.C4 is again ﬂatly rejected. This
clearly shows that subjects’ beliefs deviate substantially from rational beliefs assumed within the Bayesian-Nash equilibrium
Table 4
DIC statistics for the statistical models that represent Speciﬁcations B0.C1, B1.C2, B2.C3, and B4.C4. Each statistical model has two parts, a
part for social orientations and a part for beliefs. A DIC for each of these two parts and an overall DIC are provided.
Speciﬁcation

DIC (preferences)

DIC (beliefs)

DIC (overall)

B0.C1
B1.C2
B2.C3
B4.C4

3253
3239
3230
3237

14,020
14,020
14,040
14,590

17,270
17,260
17,270
17,830

(Reported)
(Model-based)
(Consensus)
(Bayesian-Nash)
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Table 5
Results for Speciﬁcation B1.C2. Parameters for the distribution of social orientations, beliefs, and evaluation and response errors.
Prior speciﬁcations are given in Appendix B. Posterior means (P.M.) and—in parentheses in (b)—posterior standard deviations
(P.SD.) of the parameters. N(belief) = 5.270, N(decision) = 4.650, N(subject) = 155.
Distribution of social orientation parameters

(a) Social orientations
MeanðhDG Þ
MeanðhC Þ
MeanðhD Þ
MeanðhPD Þ
SDðhDG Þ
SDðhC Þ
SDðhD Þ
SDðhPD Þ
CorrðhDG ; hC Þ
CorrðhDG ; hD Þ
CorrðhDG ; hPD Þ
CorrðhC ; hD Þ
CorrðhC ; hPD Þ
CorrðhD ; hPD Þ
Evaluation error
SDðDGj Þ ¼ sDG
SDðCj Þ=SDðiDj Þ ¼ sD ¼ sC
SDðPDj Þ ¼ sPD

P.M.

P.SD.

0.113**
0.160**
0.606**
0.265**
0.164**
0.651**
0.571**
0.548**
0.592**
0.463**
0.366**
0.800**
0.705**
0.587**

0.015
0.089
0.136
0.091
0.014
0.097
0.110
0.111
0.075
0.094
0.106
0.067
0.086
0.104

0.178**
0.953**
1.083**

0.006
0.113
0.192

Means of beliefs:
(b) beliefs
l~ iDG ¼ 0:036ð0:025Þ þ 0:826ð0:147ÞhiDGj þ giDG ; R2 ¼ 0:37; giDG  Nð0; 0:1772 ð0:0192 ÞÞ
l~ iC ¼ 0:879ð0:172Þ þ 2:135ð0:383ÞhiCj þ giC ; R2 ¼ 0:69; giC  Nð0; 0:9012 ð0:1372 ÞÞ
l~ iD ¼ 0:142ð0:078Þ þ 0:887ð0:181ÞhiDj þ giD ; R2 ¼ 0:63; giD  Nð0; 0:3762 ð0:0592 ÞÞ
Standard deviations of beliefs:
r~ iDG ¼ 0:335ð0:019Þ; r~ iC ¼ 2:074ð0:191Þ; r~ iD ¼ 0:752ð0:076Þ
Evaluation and response errors:
s~ ¼ 0:172ð0:006Þ; fDG ¼ 1:200ð0:016Þ; fC ¼ fD ¼ 0:367ð0:095Þ
* 90% Credibility interval excludes 0.
95% Credibility interval excludes 0.

**

concept. This is reﬂected with the huge DIC score (14,590) of B4.C4 for its part on beliefs. However, to our surprise, when the
DIC scores for the part that models social orientations and thus predicts subjects’ decisions in nodes DG, C, D, and PD are
considered, the ﬁt of B4.C4 does not seem bad. The DIC score of B4.C4 for the preference part is higher than that of B2.C3
but it is very similar to, in fact slightly lower than that of B1.C2 (3237 vs. 3239). This is surprising because it seems that using
wrong beliefs to predict decisions in node PD does not deteriorate ﬁt much.13 We will turn back this issue in the discussion
and conclusions session.
Table 5 shows the results for the best ﬁtting speciﬁcation, namely Speciﬁcation B1.C2, for social orientations, beliefs, and
evaluation and response errors in all four nodes. First consider the parameters for the distribution of social orientations. The
estimated mean of hPD is negative. Thus, on average, subjects attach a negative weight to the outcome of the other in node
PD. This again supports the claim that being in a PD makes people more competitive than being in a DG. It is important to
note that the mean of hPD is between the means of hC and hD for both models. Thus, although we do not ﬁnd positive reciprocity when we compare nodes DG and C, there is some positive reciprocity when we make the theoretically more compelling comparison of nodes C and PD: on average, the theta weight slightly shifts up after the ﬁrst player cooperated compared
to the ﬁrst player’s decision in PD. To demonstrate this more precisely, c
PrðhPD < 0Þ ¼ :68, and so 68% of subjects are expected
PrðhC > hPD Þ ¼ :59, so 59% of subjects show positive reciprocity.
to have negative social orientations in node PD. Moreover, c
PrðhD < hPD Þ ¼ :75, and so 75% of subjects show negative reciprocity, and c
PrðhC > hPD > hD Þ ¼ :36, thus 36% of subFinally, c
jects show both positive and negative reciprocity. These results point to the existence of strong negative reciprocity and mild
positive reciprocity.
13
A technical reason may have contributed to the surprisingly satisfactory ﬁt of B4.C4 for the preference part. Ideally, in ﬁtting B4.C4 we should have included
~ 2DG ; r
~ 2C ; r
~ 2D and variances in social orientations r2DG ; r2C ; r2D ; r2PD as latent variables in the statistical model with the constraints
the variances in beliefs r
r~ 2h ¼ r2h (beliefs correspond to ‘‘true’’ values). However, we could not implement this in OpenBugs for numerical reasons as we also mentioned above when we
discussed the same issue for Speciﬁcations B4 and B5. Instead, to ﬁt B4.C4 we plugged in directly the estimated values for r2DG ; r2C ; r2D obtained from
~ 2DG ; r
~ 2C ; r
~ 2D . Plugging in pre-estimated values rather than treating variances in beliefs as parameters to be estimated does
Speciﬁcation A1 as substitutes for r
not deteriorate ﬁt much, as those plugged values are quite similar to ‘‘would be’’ estimates. However, ﬁxing parameters rather than estimating them reduces
the complexity of part of the statistical model that deals with social preferences. The DIC statistic depends on both ﬁt and complexity. Thus, had we ﬁtted B4.C4
using the alternative estimation with latent variables, the DIC score of B4.C4 for the preference part would likely be higher. Unfortunately, we have to leave a
deeper statistical inquiry for future research.
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It is also interesting to note that the correlation between hPD and hDG is smaller than the correlations between hPD and hC ,
and between hPD and hD . The variance of the evaluation error in node PD is the highest among all four nodes. We think that
this reﬂects the highest cognitive complexity of the decision problem in node PD compared to nodes C, D, and DG. A further
result is the following. Given the distribution of h, especially of hC and hD , one can ﬁnd that positive reciprocity and negative
reciprocity are negatively correlated. That is CorrððhC  hPD Þ; ðhPD  hD ÞÞ ¼ 0:679 and CorrððhC  hDG Þ; ðhDG  hD ÞÞ ¼ 0:740.
This is particularly an interesting result that should be pursued in future research.14
The results of Speciﬁcation B1.C2 that deal with beliefs of subjects about the social orientations of others in nodes DG, C,
and D (Table 5(b)) are virtually identical to the results of Speciﬁcation B1 reported in Table 3.

6. Discussion and conclusions
In this paper, using a within-subjects design, we estimate the utility weights (‘‘social orientations’’) that the subjects attach to the outcome of their interaction partners in four decision situations: binary Dictator Games (DG), the second player’s
role in the sequential Prisoner’s Dilemma after the ﬁrst player cooperated (C) and defected (D), and the ﬁrst player’s role in
the sequential Prisoner’s Dilemma game (PD). In addition, we analyze the relationship between subjects’ social orientations
and their beliefs about the social orientations of others in the ﬁrst three of the decision situations. We ﬁrst discuss the ﬁndings on social orientations, then discuss the ﬁndings on subjects’ beliefs about others’ social orientations.
In line with many studies, (e.g., Schulz and May, 1989; Simpson, 2004; Fehr and Schmidt, 2006) we ﬁnd signiﬁcant variation between subjects with respect to social orientations. In addition, social orientations differ signiﬁcantly between the
four decision nodes: the decision context and the relationship ‘‘history’’ between Ego and Alter inﬂuence social preferences
(Gautschi, 2000; Falk and Fischbacher, 2006; Vieth, 2009). Yet, the social orientations of a subject across the four decision
nodes are highly correlated. This shows that social orientations are partially dispositional traits and partially states inﬂuenced by the decision context (Steyer et al., 1999). Furthermore, comparing several speciﬁcations of the effects of context
and history on social orientations, we ﬁnd that the effects of context and history on social orientations differ between subjects. Thus, social orientations vary not only between subjects and contexts, but also how much social orientations vary between contexts varies between subjects. In other words, there is an interaction between subject and context variables (see
also DeCremer and VanVugt, 1999; VanLange, 2000).
We now discuss the nature of the inﬂuence of history and decision context on social orientations. First consider the social
orientations in the three decision situations in a sequential Prisoner’s Dilemma (C, D, and PD). We ﬁnd that the mean of social
orientations in these three decision situations have the following order: lC > lPD > lD . This shows that there is both positive
and negative reciprocity. The average social orientation is higher after Alter cooperated (positive history) than in the situation where there is no positive or negative history, i.e., when Ego decides as the ﬁrst player, PD. The average social orientation is by far the lowest after Alter defected (negative history). These ﬁndings are in line with past research on history effects
(Gautschi, 2000; Falk and Fischbacher, 2006; Vieth, 2009). We also ﬁnd that negative reciprocity is stronger than positive
reciprocity, that is, lPD  lD > lC  lPD . This is in line with a recent study which also reports that in one-shot situations negative reciprocity is stronger than positive reciprocity (Al-Ubaydli et al., 2010).
Additionally, we ﬁnd that the Prisoner’s Dilemma context makes subjects more competitive than the Dictator Game context. In fact, the average social orientation in the Dictator Game is larger than the average social orientation in all three decision situations in the sequential Prisoner’s Dilemma. Moreover, the average social orientation is negative in the sequential
Prisoner’s Dilemma, even after Alter cooperated. It has been shown that subtle features of the game, or how the game has
been presented to the subjects, may inﬂuence social preferences—‘‘explicit’’ framing effects. (e.g., Lindenberg, 2008; Liberman et al., 2004; Burnham et al., 2000). The asymmetric investment game framework that we used in the experiment
may have made subjects less pro-social, i.e, decreased their social orientations, compared to the more naturally presented
Prisoner’s Dilemma. Aksoy and Weesie (2013b) use the same asymmetric investment game framework in a simultaneous
play Prisoner’s Dilemma and report that the weight for Alter’s ‘‘payoff’’ is also negative in that case. Another possible explanation for our subjects being more cooperative in a Dictator Game than in a Prisoner’s Dilemma concerns the notion of
responsibility as discussed by Camerer (2003) and Blanco et al. (2011) or the notion of power (Handgraaf et al., 2008),
i.e., ‘‘implicit’’ framing effects. In a Dictator Game, the decision maker is fully responsible for the outcomes for Ego and Alter.
Consequently, the decision maker in DG may try to make a fair decision by placing a high weight to the outcome of Alter. In
the Prisoner’s Dilemma, however, the outcomes for Ego and Alter are determined by the decisions of both Ego and Alter, thus
the feeling of responsibility is likely lower. This may, in turn, have reduced the weight attached to the outcomes of Alter in
the Prisoner’s Dilemma. This alternative responsibility explanation can be studied with the following simple ‘‘partial Dictator’’ game. In a partial Dictator game, the player in the Dictator role makes a decision, say in a binary Dictator Game as the
ones included in our design. Then, the experimenter tosses a coin. If it is heads, the decision of the Dictator is implemented
and if it is tails, one of the binary decisions in the Dictator Game is randomly implemented. In this partial Dictator game, the
Dictator is not fully responsible for Ego’s and Alter’s outcomes. If the responsibility explanation is correct, then social orientations would be lower in the partial Dictator game than in the conventional Dictator Game. We ﬁnd it interesting to study
further how social preferences vary across different types of games, not only Dictator Game and the Prisoner’s Dilemma, but
14

We thank an anonymous SSR referee for pointing out that our results imply this further result.
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also other types of games and which features of games inﬂuence social preferences the most. With our current design, we
cannot differentiate explicit or implicit framing effects.
In addition to social orientations, we simultaneously analyze beliefs of subjects about others’ social orientations in three
decision situations, DG, C, and D. We compare several alternative theoretical models on beliefs, e.g., some variants of a consensus model and rational beliefs (Bayesian-Nash equilibrium). Our results on beliefs support the model that incorporates a
form of consensus effect and reject rational beliefs: there is a strong relationship between own preferences and the mean of
beliefs. In addition, the relationship between a subject’s own social orientations and her beliefs about others’ social orientations is relatively stable across the decision situations. This means that differences in beliefs about others’ social orientations
between the decision situations are mainly due to differences in own social orientations between these decision situations.
However, although own social orientations explain the variance of beliefs to a large extent—in fact explains more than 50% of
the interpersonal variance in most cases, there is still signiﬁcant unexplained variance. We do not analyze other factors than
own social orientations that could potentially explain the variation of beliefs. No clear factors come to mind that can explain
the variance of beliefs other than own social orientations. Consequently, we interpret this unexplained variance in beliefs as
noise. Irrespective of its source, accounting for this noise proves to be important for model ﬁt. Ignoring this noise in beliefs
by, for instance, imposing a strict version of the false consensus effect which omits unexplained interpersonal variation in
beliefs, deteriorates ﬁt substantially.
Although the rational beliefs assumption employed in the Bayesian-Nash equilibrium concept is clearly refuted, the evidence for negative consequences of using rational beliefs for the quality of predictions of behavior in our case is not crystal
clear. We ﬁnd that using obviously wrong rational beliefs in predicting the ﬁrst players’ PD choices does not seem to deteriorate much the ﬁt—relative to complexity—of the part of the statistical model for social orientations. (Yet, it does deteriorate a lot the ﬁt of the part of the model for beliefs). This satisfactory ﬁt—relative to complexity—may be due to the fact that
the rational belief assumption yields substantial parsimony. The rational beliefs assumption implies that beliefs about the
distribution of others’ social orientations correspond to the true distribution of social orientations. Consequently, parameters
describing beliefs and parameters describing the distribution of social orientations are collapsed, yielding a huge reduction
in model complexity. Yet, when subjects’ beliefs are considered, the rational beliefs assumption is ﬂatly rejected. Moreover,
imposing directly the consensus effect yields a model as parsimonious as imposing rational beliefs, since under the consensus effect a subject’s belief about others’ social orientations is a projection of her own social orientation. Additionally, the
model that directly imposes the consensus effect yields a marginally better ﬁt than the model that imposes rational beliefs,
both in predicting beliefs and behaviors of subjects. Consequently, we recommend analyzing behavior taking potential egocentered biases in beliefs into account rather than automatically assuming rational beliefs.
We acknowledge that allowing for deviations from rational beliefs opens the door for adjusting beliefs ex-post to ﬁt any
theory to data. That is, one may explain many phenomena by changing the assumptions about subjects’ beliefs ex-post. For
an extensive discussion on the consequences of dropping the rational beliefs assumption see Morris (1995). However, we do
not suggest abolishing the rational beliefs assumption and letting the researcher arbitrarily adjust the assumptions on subjective beliefs of subjects. We recommend replacing the rational beliefs assumption with a well deﬁned model that reﬂects
ego-centered biases in beliefs. Another issue that comes about when one deviates from rational beliefs is higher order beliefs.
Higher order beliefs are crucial in modeling behavior in multistage and simultaneous action games. Under the rational beliefs assumption, ﬁrst and higher order beliefs are all given by a common prior. When one abolishes the rational beliefs
assumption, modeling higher order beliefs becomes difﬁcult. Precisely because of this reason, we did not analyze beliefs
about the social orientations of others in the ﬁrst player’s role in the sequential Prisoner’s Dilemma (node PD). Recall that
in order to assess the social orientation hPD in node PD we had to deal with the ﬁrst order beliefs of subjects about the social
orientations of the second players, hC and hD . If we want to deal with beliefs of subjects about the hPD of others, we need to
deal with second order beliefs: what subjects believe about other ﬁrst players beliefs about hC and hD . We leave a theoretical
and empirical treatment of higher order beliefs to future research, as the paper is already dense. Yet, the following ‘‘egocentric’’ model will be a good starting point to model higher order beliefs taking ego-centered biases into account (McKelvey and
Palfrey, 1992). Recall that we model ﬁrst order beliefs about others’ social orientations as a normally distributed random
variable, centered around a subject’s own social orientation. In principle, the same ego-centered normal distribution can
be used to derive all higher order beliefs. Using a subject’s ego-centered normally distributed beliefs to derive all higher order beliefs, an equilibrium analogous to the Bayesian-Nash equilibrium can be calculated. In turn, using the distribution of
social orientations and the theoretical model that speciﬁes beliefs about others’ social orientations, a distribution of BayesianNash equilibria can be obtained, which then can be contrasted with experimental data.
In addition to higher order beliefs, there are other open issues. For instance, in our analyses we focused on a single parameter social orientation model, but had to ignore other types of social preferences, such as inequality aversion (Schulz and
May, 1989; Fehr and Schmidt, 1999; Bolton and Ockenfels, 2000; Aksoy and Weesie, 2012). We expect that ignoring inequality aversion does not inﬂuence our results on the social orientations and beliefs about others’ social orientations as Aksoy
and Weesie (2012) explicitly show. Yet, it would be interesting to study how history might inﬂuence inequality aversion
as it is theoretically not clear what reciprocity implies for inequality aversion. For example, it is unclear if a negative history
between Ego and Alter makes Ego less inequality averse or a positive history makes Ego more inequality averse. Perhaps, in
this case, it makes more sense to distinguish between advantageous and disadvantageous inequality aversion (Fehr and
Schmidt, 1999): probably a positive (negative) history will decrease (increase) disadvantageous inequality aversion and increase (decrease) advantageous inequality aversion. Another open issue, not only for this particular paper but for the social
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preference literature in general, is explaining the variance in social preferences, both as traits and states. We show that social
preferences vary between subjects and contexts. Moreover, the effect of context on social preferences varies between subjects. Yet, we leave providing an explanation for these inter-personal and inter-contextual variances in preferences for future
research. A third open issue is the following. Although we showed that the rational beliefs assumption gives a poor description the beliefs of subjects, more work is needed to clearly document consequences of assuming rational beliefs for the predictions of behavior. Among the four decision situations we investigated in this study, DG, C, D, and PD, only in the last one
beliefs of subjects directly inﬂuence their behavior. Extending our work to other decision situations where beliefs about others’ preferences have potentially strong effects on behavior will help study further behavioral consequences of making
wrong assumptions about beliefs. Examples of such situations include the proposer behavior in the Ultimatum Game
(Güth et al., 1982), the trustor’s decision in the Trust Game (e.g., Snijders, 1996), and contribution decisions in Public Goods
Games with non-linear production functions (Erev and Rapoport, 1990).
Another further research direction will be analyzing repeated games or sequential games with several decision nodes. In
such games, at least theoretically, actors would update their beliefs about others’ social preferences based on others’ previous choices and take into account that actors’ own behaviors also affect others’ beliefs. Analyzing such cases, one can also
combine outcome-based social preferences and process-based social preferences in a single model. For example, consider
the following approach. Assume that people have ‘‘effective’’ social preferences. These are preferences that actors use when
they make a decision. Effective preferences are a function of a person’s ‘‘true’’ social preferences and her beliefs about others’
social preferences. For example, a ‘‘true’’ cooperative actor, i.e., an actor who assigns a large weight to the outcome of the
other, may lower her effective weight on the other’s outcome if she believes that the other is selﬁsh, i.e., has a zero ‘‘true’’
weight for others’ outcomes. Note that this model can also be applied to non-dynamic settings, such as Dictator Games or the
PD studied in this paper. However, in dynamic games, depending on others’ observed behavior, people’s beliefs about others’
social preferences change. Hence, their ‘‘effective’’ social preferences also change.
This paper has, what we believe, a methodological strength. Here we present several examples of model testing using
hierarchical Bayesian statistical analysis of social preferences and beliefs. Hierarchical Bayesian methods are quite ﬂexible.
The simultaneous analysis of own social orientations and beliefs about others’ social orientations in several different decision
situations is almost impossible within the frequentist paradigm (Aksoy and Weesie, 2013a). Yet, as we show in this paper,
such complex analyses can be carried out within the Bayesian statistical framework. Because of their ﬂexibility, in the future
we expect to see more applications of Bayesian methods in social science research.
As we showed in this paper and others elsewhere (e.g., Falk and Fischbacher, 2006; Vieth, 2009), in social dilemmas both
outcome and process-based social preferences are at work. Moreover, social preferences are not enough to explain behavior
in social dilemmas as theoretically behavior in interdependent situations depends also on beliefs about others’ decisions. In
addition to outcome and process-based social preferences, to account fully for behavior in social dilemmas one needs to
tackle beliefs of actors about others’ decisions and preferences. We believe that rather than talking about a social preferences
model, it makes much more sense to talk about a social preferences-belief model, where preferences and beliefs are explicitly modeled. As we demonstrate here, accounting for various forms of social preferences and at the same time explicitly
modeling beliefs is complex but possible.
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Appendix A. Games
See Tables A.6 and A.7.
Appendix B. Some notes on Bayesian estimation
B.1. Priors
In the hierarchical Bayesian analyses, we used the following (weakly) uninformative prior distributions. We report several
relatively complex models each of which takes considerable time (days rather than minutes) to converge. Due to time constraints, we performed less sensitivity analyses with respect to priors and model speciﬁcation than we would want to. However, since we use (weakly) uninformative priors, we expect that the inﬂuence of priors on the posterior distribution of the
parameters will be minimal and the posterior means will be approximately equal to maximum likelihood estimates. In fact,
using very similar priors as we use here, Aksoy and Weesie (2013a) compare the Bayesian and frequentist results in a similar
setup and show that they are indeed approximately equal.
For the full analyses of all four nodes, the prior for the covariance matrix R of h is an inverse Wishart with 4 degrees of
freedom with a scale matrix of 10  I4 where I4 is the 4  4 identity matrix (Kunreuther et al., 2009; Aksoy and Weesie,
2013a). We adjusted the degrees of freedom down when we reduced the dimension of h, thus also the dimension of the I
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Table A.6
18 Decomposed Games used in the study. The last three columns include some descriptives, (N(subjects) = 155).
Game

Option A

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18

Option B

%Subjects choosing A

You (X1)

Other (Y1)

You (X2)

Other (Y2)

700
700
640
420
320
500
660
410
640
650
540
480
540
630
350
310
450
310

650
715
640
420
320
540
750
410
640
600
500
40
540
630
350
310
450
310

650
650
680
440
300
550
630
400
680
650
540
440
580
600
300
320
400
320

650
650
695
455
280
550
630
370
920
685
555
440
340
735
547
290
525
305

96
89
8
7
96
5
88
97
12
26
20
48
40
88
93
28
95
17

Belief about the % of others choosing A
Mean

St. dev.

90.64
85.09
33.91
37.05
91.57
30.14
81.62
90.00
40.52
46.70
44.06
56.54
43.48
81.34
81.67
44.80
81.93
40.02

15.71
21.14
36.22
36.26
15.34
37.76
21.60
16.21
36.08
30.89
30.22
29.02
28.99
18.25
18.47
31.06
20.04
31.66

Table A.7
8 Asymmetric Prisoner’s Dilemma Games used in the study. The last nine columns include some descriptive statistics, (N(subjects) = 155).
Game

Game outcomes

Node PD

Node C
Belief %coop.

1
2
3
4
5
6
7
8

Node D
Belief %coop.

Belief %coop.

T1

T2

R1

R2

P1

P2

S1

S2

%Coop.

Mean

SD

%Coop.

Mean

SD

%Coop.

Mean

SD

965
959
978
995
800
991
912
906

740
978
959
720
950
772
837
906

750
687
937
975
600
975
750
812

500
687
937
650
900
650
750
812

650
350
650
800
500
650
650
500

350
650
350
200
500
350
350
500

585
328
609
780
300
633
487
406

210
609
328
130
450
227
262
406

24
16
33
25
18
39
12
39

25.80
28.12
41.81
37.88
22.36
42.97
24.92
32.86

22.87
26.56
29.98
28.63
21.00
30.15
22.48
27.44

12
16
51
20
46
15
25
32

18.54
22.01
39.02
24.56
35.91
26.66
28.55
31.28

21.61
22.48
29.21
23.32
29.62
25.28
25.56
27.92

09
22
23
13
22
06
06
09

13.70
25.77
23.87
13.47
22.25
16.70
17.25
20.54

18.44
26.98
25.12
18.78
24.27
20.21
21.70
23.59

matrix. For example, when we analyzed only the ﬁrst three nodes, the inverse Wishard had 3 degrees of freedom. For the
mean vector of h; l, we used a multivariate normal prior with 04 means and 10  I4 variance matrix. For the intercepts
and slopes in Eqs. (5) and (6)—the b and c parameters—we used univariate normals with mean 0 and variance 100. For
the natural logarithm of variance of the evaluation error s2h , we used a Normal (0, 10) prior. For natural logarithms of the
s~2 ; f2h , and r~ 20h parameters we used Normal (0, 100) priors. Finally for the 12h parameter we used a Gamma (100, 100) prior.
B.2. Posterior Predictive Checking
The Bayesian toolkit provides the useful method of Posterior Predictive Checking, a method to assess the ﬁt of fairly arbitrary statistical models (see: Gelman et al., 1996; Gelman and Hill, 2007; Fox, 2010). Consider, for example, the Pearson discrepancy statistics for the choice of subject i in node h in game j:

Dcihj ¼

ðyihj  pihj Þ2
;
pihj ð1  pihj Þ

ðB:1Þ

where pihj ¼ PrðU ihj1 > U ihj2 Þ is the predicted probability that i chooses option 1 in game j in node h, and yihj is the observed
choice for i in game j in node h. One can construct an overall ﬁt statistic, Dc by averaging over all i; h, and j. Alternatively, one
can also construct a node-level ﬁt statistic by averaging over only the games in a particular node, i.e., Dch , a subject-level ﬁt
statistics (i.e., person-ﬁt statistics in the parlor of item response theory) Dci , or game-level ﬁt statistics (i.e., item-ﬁt statistics) Dcj .
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Table C.8
Symbols and their descriptions.
Symbol

Description

h 2 fDG; C; D; PDg
DG
C
D
PD
xkhj
ykhj
T, R, P, S
hih

Decision node
Decision node in a Dictator Game
Decision node in a sequential Prisoner’s Dilemma after the ﬁrst player cooperated
Decision node in a sequential Prisoner’s Dilemma after the ﬁrst player defected
Decision node in a sequential Prisoner’s Dilemma in the ﬁrst player’s role
Outcome for Ego in option k ¼ 1; 2 in a decision node
Outcome for Alter in option k ¼ 1; 2 in a decision node
Outcomes in a sequential Prisoner’s Dilemma
Weight i attaches to the outcomes of Alter in node h
The vector of means of h ¼ ðhDG ; hC ; hD ; hPD Þ
The variance–covariance matrix of h
Evaluation error in node h
Standard deviation of ihj
Diagonal containing ðs2DG ; s2C ; s2D ; s2PD Þ
A random variable representing i’s belief about h in node h
The mean of ~
hih
The variance of ~
hih
~ ih on hih
Intercept for the regression of l
~ ih on hih
Slope for the regression of l
~ ih on hih
Error term for the regression of l
Variance of gih
~ 2ih , assumed constant across i
The r
Belief about sh , assumed invariant across h
i’s Beliefs about fraction of others choosing option 1 in game j in node h
~ ihj
i’s Elicited beliefs (response) about p
Error in elicited beliefs
Variance of tihj
i’s Belief about the probability that a random other cooperates in game j in node C
i’s Belief about the probability that a random other cooperates in game j in node D

l
R

ihj
sh
T
~
hih
l~ ih
r~ 2ih
b0h
b1h

gih
12h
r~ 20h
s~2
p~ ihj
pihj

tihj
f2h

p~ iCj
p~ iDj

Similarly, a discrepancy statistics can be deﬁned for beliefs:
2

Dbihj ¼ ðU1 ðpihj Þ  U1 ðpihj ÞÞ

ðB:2Þ

where U1 ðpihj Þ and U1 ðpihj Þ are the predicted and observed inverse cumulatives of subject i’s beliefs about other’s choices in
game j in node h. The inverse cumulative transformation is used to transform the (0, 1) range of beliefs to ð1; þ1Þ to detect
discrepancies better. As above, overall ðDbp Þ, node-level (Dbh ), person-level ðDbi Þ, or game-level ðDbj Þ ﬁt statistics can be
constructed.
Subsequently, one can simulate a dataset for each MCMC draw in the Bayesian estimation, and calculate the discrepancy
scores. One then ends up with a simulated sample from the distribution of discrepancy scores D for replicated datasets. This
sample, in turn, can be used to calculate a posterior predictive p-value (PPP = Pr (Dobs < Dreplicated )). These PPPs show how
likely it is to obtain a discrepancy score more extreme than the observed discrepancy statistics under the null hypothesis
that the model ﬁts (for details see Gelman et al., 1996; Gelman and Hill, 2007; Fox, 2010). Obtaining the replicated discrepancy distributions overall, node-level, person-level, or game-level, one can break down the assessment of ﬁt into
components.
We followed this procedure to asses ﬁt for the models we test in this paper. We discovered that the PPPs were
rather stable across many alternative models, even though we calculated a separate PPP for each node, and an overall
PPP for both choices and beliefs. We found ‘‘signiﬁcant’’ PPPs, i.e., values smaller than 0.05, only for the very poor ﬁtting models, e.g., Model A4 and only for some nodes and only for choices, not beliefs. We suspect that in our case the
power of the PPPs is rather low, perhaps due to relatively low number of subjects and low number of data points per
subject, especially for nodes C, D, and PD. We leave a serious investigation of this issue to a future, more statistical,
study.
Appendix C. List of symbols
See Table C.8.
Appendix D. Supplementary material
Supplementary data associated with this article can be found, in the online version, at http://dx.doi.org/10.1016/
j.ssresearch.2013.12.014.
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