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Abstract

We investigate the effect of personality on prosocial behavior in a Bayesian mul-
tilevel meta-analysis (MLMA) of 15 published, interdisciplinary experimental stud-
ies. With data from the 15 studies constituting nearly 2,500 individual observations,
we find that the Big Five traits of Agreeableness and Openness are significantly and
positively associated with prosocial behavior, while none of the other three traits are.
These results are robust to a number of different model specifications and operational-
izations of prosociality, and they greatly clarify the contradictory findings in the liter-
ature on the relationship between personality and prosocial behavior. Though previ-
ous research has indicated that incentivized experiments result in reduced prosocial
behavior, we find no evidence that monetary incentivization of participants affects
prosocial tendencies. By leveraging individual observations from multiple studies
and explicitly modeling the multilevel structure of the data, MLMA permits the si-
multaneous estimation of study- and individual-level effects. The Bayesian approach
allows us to estimate study-level effects in an unbiased and efficient manner, even
with a relatively small number of studies. We conclude by discussing the limitations
of our study and the advantages and disadvantages of the MLMA method.



Introduction

In this study we investigate the relationship between personality and prosocial behavior.
The relevant literature on this topic—spanning the disciplines of Economics, Psychology
and Political Science—is a good example of what we call “pan-experimentalism,” a trend
within Political Science that consists of an attempt to recognize, reconcile, and utilize the
diverse methodological traditions that inform experimental work in the discipline and
understand these traditions in a unified, integrated way (Druckman et al., 2006; Morton
and Williams, 2010). Our understanding of social and political processes is broadened
and enriched by a more diverse set of perspectives. On the other hand, synthesizing a
broad and diverse set of findings that employ distinct methodologies is a challenge.

To make sense of the interdisciplinary and often contradictory evidence on this sub-
ject, we rely on a technique—multilevel meta-analysis (MLMA)—which originated in the
epidemiological (Turner et al., 2000) and educational (Goldstein et al., 2000) literatures.
While traditional meta-analyses simply rely on the aggregation of study-level effects,
MLMA combines individual-level data from multiple sources and directly takes into ac-
count their hierarchical structure. As such, this flexible technique allows for more efficient
estimates of individual-level relationships of interest by controlling for study-specific
variables and study-level error variance. MLMA is simply multilevel regression applied
to meta-analysis such that the groups that define the higher-level units are the studies
themselves (rather than for example, countries, states, or classrooms, as is more typically
the case). The relationship between personality and prosociality is particularly suited to
MLMA analysis because it is a politically important area of active research in both Psy-
chology and Economics. Moreover, the relevant literature is characterized by findings
that are inconsistent from one study to the next, and it is in precisely such a situation that
meta-analysis can be particularly useful.

MLMA was developed in the epidemiology and education fields, but we believe it

has been underutilized in Political Science. The major advantages of MLMA are that 1)
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it can clarify inconsistent or contradictory results; 2) it can directly control for individual
level variables and model (cross-level) interactions, even those that are not included in the
original results; 3) it can control for, and estimate the effects of, different research design
choices across studies that address the same empirical question; and, 4) it can determine
whether the inconsistencies within a given literature are the result of any differences in
methods or other study level attributes. In short, MLMA can be fruitfully applied to many

literatures within Political Science.

Prosociality, Personality, and Politics

The concept of prosociality is of fundamental importance to Political Science, as it under-
lies motivations for political participation, social cooperation, charitable giving, volun-
tarism and redistributive preferences. Many studies focus on the question of prosociality
and political behavior, without reference to personality traits. Fowler (2006) demonstrates
that altruism predicts voter turnout. Further investigations (Fowler and Kam, 2007; Saut-
ter et al., 2007; Bekkers, 2005) differentiate between general altruism and in-group fa-
voritism in political participation. Similarly, Loewen (2010) examines the roles of affinity
and antipathy in the turnout decision while Edlin et al. (2007) incorporate altruistic pref-
erences into utility functions to predict significant voter turnout.

“Prosociality” has many definitions (see Beilin and Eisenberg 2013 for at least half a
dozen) and often includes both altruistic and cooperative components. We will not wade
into the debate about how exactly to define prosocial behavior, but a common thread that
runs through most all of the definitions is that “prosociality” is the opposite of “selfish-
ness.” Therefore, we define prosociality for the purposes of this study as exactly that: we
define behavior as prosocial to the extent that it goes against ones selfish interests and as
a result potentially increases the payoffs to another person. In the context of the standard
game forms that we consider here, this means either cooperation in social dilemmas such

as the prisoner’s dilemma and the public goods game, or generosity (i.e. altruism) in dis-



tributional games such as the dictator game or the trustee’s role in the trust game (all of
the games we consider will be described in more detail below). In each of these cases, we
will consider behavior to be prosocial to the extent that it deviates from the selfish choice
prescribed by the Nash equilibrium strategy—in other words, prosociality is characterized
as cooperation in the cooperative dilemmas and as generosity in the distributive games.

There is some evidence that prosocial tendencies are related to a person’s underlying
personality traits. Personality should predict prosocial tendencies and prosocial political
behaviors. Alford and Hibbing (2007) and Denny and Doyle (2008) find only a weak rela-
tionship between personality traits and general prosocial behavior, though they conclude
that personality traits are much better predictors of prosocial political behavior. We will
address the literature on how personality relates to prosocial tendencies, as measured by
economic games, after we introduce our hypotheses.

Political scientists have long recognized the importance of personality in politics. Since
Lasswell (1930) examined the role of personality in politics by applying psychoanalytic
theory, personality research has been a persistent domain of Political Science research.
Researchers have examined the role of the authoritarian personality type (Adorno et al.,
1950; Altemeyer, 1988), the role of Big Five personality traits, and more recently the role of
personality in mediating genetic influences in understanding politics (Alford et al., 2005;
Fowler and Dawes, 2008). The Big Five personality traits in particular have helped im-
prove our understanding of partisanship, ideology, political sophistication, and political
participation (see Gerber et al. (2010), for a review, Mondak (2010) for detailed discus-
sion).

The most common measures of Big Five personality traits are variations on Costa and
McCrae’s NEO measure (Costa and McCrae, 1992). There are, however at least two other
scales that measure traits that are very similar to the Big Five, and in our MLMA we
include studies that use these two measures as well. These scales are typically employed

by asking respondents to agree or disagree with a number of self-referential statements.



The Big Five traits were developed from a 5-factor analysis of these responses. These
factors have subsequently been labelled Agreeableness, Conscientiousness, Extraversion,
Neuroticism, and Openness to Experience. We include two scales which are similar to
this canonical Big Five. The HEXACO measure (Lee and Ashton, 2004), is substantively
very similar, but arises from a 6-factor solution, rather than a 5-factor one. The significant
degree of similarity between these scales is underscored by the high correlation! between
the Big Five factors with their relevant HEXACO factors (Lee and Ashton, 2004).

We also examine the Myers-Briggs Type Indicator (Myers et al., 1985), whose types
of Extraversion/ Introversion and Sensing/Intuition correlate very strongly with the Big
Five traits of Extraversion and Openness to Experience, and whose types of Thinking/Feeling
and Judging/Perceiving show moderately strong correlations with Agreeableness and
Conscientiousness respectively (McCrae and Costa, 1989). Given the evidence on the cor-
respondence between the HEXACO scale, the Big Five traits and the Myers-Briggs Type
Indicator, we feel comfortable including them all together in a single analysis, at least
initially. The ability to do this is a function of the flexibility of MLMA in that it allows
us to combine studies using each of the three scales, while also controlling for any effects
that may arise from the measures themselves. Combining disparately measured concepts
in this way would be much more problematic in a conventional meta-analysis because
it would be difficult to control for these additional factors in an efficient way, especially

with a small number of studies.

Multilevel Meta-analysis

Though common in psychology and epidemiology, meta-analyses are quite rare in Politi-
cal Science (Morton and Williams, 2010). Those that have been conducted and published

in leading journals (e.g., Doucouliagos and Ulubasoglu, 2008; Lau et al., 1999) employ

Lee and Ashton (2004) demonstrate correlations ranging between .68 (Openness) and .86 (Extraversion),
with the other 3 factors falling between. Honesty, the 6th HEXACO factor, is not examined here due to
insufficient coverage across our sample of studies.



the conventional approach which relies on statistical techniques to standardize and then
synthesize published effect sizes.

MLMA is a more flexible approach to meta-analysis that employs multilevel regres-
sion techniques to individual-level data from multiple studies. The reliance on individual
observations rather than published effects as a unit of analysis allows us to synthesize re-

sults across any number of studies using any of the following types of data:

1. individual characteristics (e.g. attitudes or personality traits);
2. study-level variables (e.g. common investigator, common methodology, etc.)2 ;

3. aggregated data (i.e. study-level summary statistics such as treatment effects and

their variability); and

4. a combination of (1) and (2).

MLMA, is a powerful technique that is capable of, among other things, examining dif-
ferences between studies, conducting subgroup analyses and uncovering heterogeneous
treatment effects (Thompson and Higgins, 2002). What ties together the items on our list
above is their reliance on modeling the data’s underlying multilevel structure. The mul-
tilevel structure allows us to treat the studies themselves as distinct sources of random
error. Given the wide range of MLMA'’s potential uses, we cannot apply them all in a
single study. In our application to personality and prosociality, we focus on (1), (2) and
(4).

Multilevel modeling conceptualizes individual data points—called “level 1” units—
as being nested within larger groups—called “level 2” units. Often these level 2 groups
are countries, states or some other well defined grouping, in MLMA the level 2 units are
the studies themselves. The level 1 units are the individual participants or subjects in a

study. Depending on the application, the level 2 units themselves may be nested in larger

2This technique is sometimes called “meta-regression.” For a more thorough discussion of meta-
regression, see Thompson et al. (2001).



groups—level 3 units—and so on. While we only examine two-level multilevel structures
in the present study, MLMA could, mutatis mutandis, be conducted with 3 or more levels.

Here we focus on the promise that MLMA holds in terms of its capacity to synthesize
individual level data from many studies, while simultaneously accounting for study-level
variance. Multilevel models can account for such variation in two distinct but comple-
mentary ways: through “random intercept” parameters, which model the intercept of
each study as a random draw from a given distribution, and through “random slopes”
parameters, which model one or more slope parameters in a similar way. With MLMA itis
also possible to model interactions between individual and study level variables (“cross-
level” interactions). In our empirical application we only consider random intercepts and
random slopes models, but cross-level interactions can be incorporated into MLMA in a
manner identical to that in multilevel models more generally. For a discussion of such
issues see Gelman and Hill (2007) and Hox (2010).

To employ a MLMA that can model individual data, study level variables and a com-
bination of both (cases 1, 2 and 4 above), we first specify a basic multi-level model with

varying intercepts:

yi~N ("‘j[i] +5$i,<7§> , fori € {1,---,N}, (1)

oc]-NN<'y+6z]~,a§>, forje{1,---,]}, (2)

where y denotes the outcome of interest for observation i (nested in study j), «; is a vector
of individual-level variables, and z; is a vector of study-level covariates. The remainder
are parameters to be estimated in the model. In the context of MLMA, the parameter vec-
tor B in equation (1) denotes the effects of individual-level predictors on the outcome of
interest for individual observations in each study. The parameter «; denotes the varying
intercepts which are modeled as a function of study-level characteristics in equation (2).

The model specification described above assumes that the effects of individual-level



characteristics, such as specific treatments, are constant across studies. We can relax this

assumption by allowing the coefficients in § to vary by study as well:

y; ~N <06j[i] +ﬁ]~[i]a:i,c7§> , fori € {1,---,N}, (3)
a].NN<fY+5zj,g§), forje{1,---,J}, (4)
Bj ~N (1, Zg), forje{1,---,J}, ()

Using such a specification, we allow treatment effects to vary by study but follow a com-
mon distribution with mean vector p. Note that in equation (5), £ is diagonal covariance
matrix with a unique variance parameter for each element in 3.

We recommend the MLMA approach to scholars who plan meta-analyses that involve
looking at published summary statistics, such as effect sizes. MLMA using summary
data, like all multilevel approaches, is more efficient than its fixed- or random-effects
counterparts. Here, we focus on the promise that MLMA holds for leveraging individual-
level data nested within studies. An important advantage of MLMA is that it can leverage
the statistical power of all the individual data points in the constituent studies and there-
fore make efficient estimates of level 1 and level 2 effects with only a small number of
studies.

Still, despite its efficiency, too few studies may limit the inferences MLMA can yield
with respect to study-level factors. Nonetheless, there is no consensus on the minimum
number of level 2 units required to properly estimate their coefficients in a multilevel
framework. Rules of thumb vary from 8 at the low end to more than 100 at the high
end (Stegmueller, 2013). With standard frequentist techniques, having a small number of
studies in MLMA could result in biased estimates of coefficients and incorrect standard
errors at the study-level. To avoid this problem, we employ Bayesian techniques that have
been shown in Stegmueller (2013) to yield largely unbiased point estimates and more rea-

sonable credible intervals (compared to frequentist confidence intervals) even when the



number of level 2 units is as low as 5. For most applications of MLMA, we would recom-
mend that researchers use the Bayesian approach, and we would insist on it if one’s goal
is to estimate the effects of study-level factors. MLMA is particularly useful in literatures
in which diverse research designs are used, and in cases where there are thought to be

important individual level variables that are subject to significant individual variation.

Hypotheses

We hold clear hypotheses for two of the Big Five traits. The trait of Openness to Experience
(sometimes referred to as “intellect”) is aptly named, and reflects a general orientation
towards learning and experiencing new things. This trait has also been found to relate
to self-reported social Openness and willing to trust others, and is negatively related to
prejudice (Flynn, 2005). We would therefore expect that individuals higher in Openness
to Experience will exhibit more prosocial behavior. The results of previous literature in
this area in no case show a significant negative relation between Openness and prosocial
tendencies, but there are many more null findings than significantly positive ones. It is
therefore appropriate to question whether these Openness findings are part of a pattern,
or merely statistical anomalies. We anticipate, based on the literature on Openness, that a
meta-analysis will detect a significant positive relation between Openness and prosocial
behavior in experimental games.

The trait of Agreeableness carries with it a sense of likeability, but also care for oth-
ers, and sometimes a tendency toward compliance. In short, people high in this trait are
“nice” (McCrae and Costa, 1995). This, too, would sensibly generate more prosocial goals
and behavior. Again, prior findings are not so clear cut. While no study we have exam-
ined detects a significantly negative relation between Agreeableness and prosocial game
behavior, only four detect a significant positive one. Again, based on the conceptual
underpinnings of the trait, we anticipate a significant positive relation between Agree-

ableness and prosocial tendencies in experimental games.
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For the remaining traits, we have no clear theoretically-driven hypotheses. Extraver-
sion is perhaps the most well-known Big Five trait. Some characterize it primarily as
an orientation toward enjoying social interactions (Ashton and Lee, 2007; Denissen and
Penke, 2008) whereas others emphasize assertiveness and activity-seeking, in addition to
social warmth (McCrae and Costa, 1995). It is not clear that Extraversion has direct impli-
cations for prosocial behavior in games, in that the sociable aspect of Extraversion might
lead one to expect greater prosocial behavior, but the tendency among extroverts to as-
sert their own views and interests might suggest the reverse pattern. Indeed, the papers
in our sample have contradictory findings with respect to Extraversion. Those who are
Conscientious demonstrate a tendency to strive and plan. They are diligent and depend-
able (Ashton and Lee, 2007; Denissen and Penke, 2008), as well as competent, orderly,
and self-disciplined (McCrae and Costa, 1995). It is unclear that this has any implications
for prosociality, in that we would expect those who are conscientious to diligently and
competently follow a strategy, but the end goal of that strategy (the common good or per-
sonal gain) would be best determined by other traits and factors. Indeed, only one paper
in our sample shows a significant impact of Conscientiousness upon prosocial tendencies.
Those who are high in the final Big Five trait, Neuroticism (sometimes called “emotional-
ity”; McCrae and Costa (1995)), are anxious and sensitive, particularly when confronted
with threats (Ashton and Lee, 2007; Denissen and Penke, 2008), but it is unclear how Neu-
roticism might relate to prosocial behavior or experimental games. Again, we find mixed
results in the studies we identify examining Neuroticism and prosocial tendencies.

For the study-level variables, we lack sufficient prior evidence to form any theoretically-
driven hypotheses. It is more intuitive to think that monetary payments might induce
less prosocial behavior when compared to non-incentivized studies in which prosocial
behavior does not imply monetary costs. Indeed in the only study we are aware of that
directly tests the effects of incentives on prosociality, Lonnqvist et al. (2011) find evidence

that participants are less generous in incentivized prisoner’s dilemma games rather than
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hypothetical ones. Hence, we take an exploratory approach to the expected role of pay-
ments on prosocial behavior while we simply use the other study-level variables to better

control for study-level variance.

MLMA: Data and Analysis

Evidence on the relationship between personality and prosocial behavior is decidedly
mixed. Even when limiting our focus to the Big Five type measures, there is a tremendous
amount of heterogeneity in results across studies. Table 1 lists each of the studies we use
in our MLMA along with the significant findings (as reported in the study’s manuscript)
and their direction for each study. A number of studies do show that Openness and
Agreeableness are positively associated with prosocial behavior, though others show no
such relationship. No two studies, however, have the same set of findings with respect
to all factors: each factor is significant in at least one study, but never in all of them, or
even a majority of them. In some studies most of the Big Five traits predict behavior (e.g.,
Brocklebank et al., 2011; Ben-Ner and Kramer, 2011), whereas in others, no trait does
(e.g., Kurzban and Houser, 2001). In some case, depending on the study, a given trait
can be both positively and negatively correlated with prosociality. For example, Koole
et al. (2001) and Brocklebank et al. (2011) find that Extraversion and Neuroticism are neg-
atively and significantly associated with prosociality. Whereas in other studies, Extraver-
sion (Swope et al., 2008) and Neuroticism (Hirsh and Peterson, 2009) are found to have
a positive and significant association. Sometimes, even negative and positive correlations
appear in different studies in the same paper (e.g., Extraversion in Ben-Ner and Kramer,
2011). This variety of mixed and contradictory findings regarding how personality traits
predict prosocial tendencies is precisely the situation in which MLMA is most useful.
Meta-analysis can clarify these mixed findings and tell us whether sporadic significant

findings are likely to be a result of Type I or Type Il errors, or part of a systematic pattern

12



of results. Below, table 1 summarizes the findings from the studies in our sample.

Data

Here, we bring together individual data from a diverse set of studies from Economics and
Psychology. We conduct a MLMA to assess the relationship between personality traits
and prosocial behavior in experimental games. In order to identify relevant papers for our
examination of the relation between personality traits and behavioral game responses, we
searched the literature extensively. Several databases were searched using all pairwise
combinations between keywords in the following two sets of keywords: (1) “personality
traits”, “Big Five”, “HEXACO”, “Social Value Orientations” and (2) “economic games”,
“cooperation”, “public good experiments, “Dictator Games,” “Ultimatum Game” and
“Prisoner’s Dilemma.” Most articles were found through the EBSCOhost search engine.

In a more targeted fashion, we made use of the listserv of the Economic Science Associa-

tion to solicit studies (both published and unpublished) directly from scholars.

Criteria for Inclusion in the Study

We conducted the first round of study selection based on the following broad criteria:

¢ The study uses a standard personality measure (e.g., Big Five, HEXACO or MBTI).

¢ The study includes a canonical experimental game form to gauge subjects’ behav-

ioral responses and their relationship to personality traits.

Our search process yielded 53 papers that met our selection criteria, connecting some
personality measure to outcomes in experimental games. Due to our focus on Big Five
personality traits and the limited number of studies employing less well known person-
ality traits, we excluded 26 papers with other types of personality measures. We also ex-

cluded seven papers because they contained non-canonical versions of the classic games,
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which would have compromised comparability across studies. We contacted the authors
of these 20 remaining studies, requesting that they share their data with us. This process
led to a total of 12 primary data sets that met our criteria. Our search also yielded three
additional studies which contain the requisite measure of prosocial behavior but used a
type of personality measurement other than a Big Five type personality trait. As a re-
sult these could not be included in analyses in which we estimate the individual effects
of personality traits. Nonetheless, the flexibility of MLMA allows us to use these stud-
ies in a separate model in which we exclude individual covariates and instead focus on
study-level factors such as incentivization, pushing the total number of studies up to 15.

Table 1 summarizes the 12 studies which are included in our analysis of personality
variables, and a total of 15 studies in the analysis of incentivization differences. This
multidisciplinary set of studies displays considerable diversity in terms of research design

and experimental game type used.

Coding of the Variables

Because the studies in our sample use different game forms and parameterizations, we
must make our dependent variable—prosociality—commensurable across studies. To do
so, we determine the upper and lower bounds of prosocial behavior which were available
to participants, and then re-scaled the values from 0 to 1. As discussed above, we oper-
ationalize prosocial behavior as the extent to which behavior does not coincide with the
equilibrium prediction of defection in cooperative games or retaining all rewards for one-
self in distributional games. For example, in a dictator game with an endowment of $10,
if a participant allocates $3 to their counterpart, then our measure of prosociality would
be 0.3. For studies which involved a prisoner’s dilemma, “cooperate” was coded as 1
and “defect” was coded as 0. In total, our studies include five distinct games: prisoner’s
dilemma (PD), public goods game (PGG), common pool resource dilemma (CPRD), ulti-

matum game (UG) and dictator game (DG) and trust game (TG). These are summarized
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Table 2: Game Types and Normalization of Outcome Measures

Game Type | Game Minimum (0) Maximum (1)
Prisoner’s Dilemma “detect” “cooperate”
Cooperative Public Goods Game zero contribution full contribution
Common Pool Resource full extraction zero extraction
Ultimatum Game (proposer) retain all give all
Distributive Dictator Game retain all give all
Trust Game (trustee) retain all give all

in Table 2, along with the normalization rule for each type. In both UG and TG, there
are two distinct roles. In order to simplify our analysis of these games, we analyze only
the “distributive” roles in these two games: in UG, the role of the proposer—who pro-
poses a split of a fixed sum between herself and the responder— and in TG the role of the
trustee—who receives a transfer from the trustor, and then must decide how to split this
tixed sum between them. We define “distributional” games as those involving the alloca-
tion of a pot of money that is fixed at the time of the decision—e.g. DG, UG (proposer) and
TG (trustee)—and “cooperative” as those that involve a choice between cooperation and
defection (PD, CPRD), or contribution and non-contribution (PGG). Strategically, these
cooperative games are equivalent, with defection/non-contribution/full-extraction the
unique equilibrium in the one-shot context. In these cases, we code cooperation and full
contribution as 1 and defection and zero contribution as 0. There are of course alterna-
tive methods of scaling these outcome measures, but we feel that this approach is the
most straightforward and generally better preserves the original study’s scaling. Further
details about the specific normalization procedure that was used for each study can be
found in the appendix table A.1.

Proscociality, like personality, is now thought to be a stable and domain general in-
dividual trait (Peysakhovich et al., 2014), justifying the pooling of these different games
in our analysis. In addition to Peysakhovich et al. (2014), who find behavioral stability
across four games (DG, PGG, and both roles in TG); Yamagishi et al. (2013) also find that
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prosocial behavioral tendencies are consistent across PD, TG, and DG. To the extent that
there is additional variance as a function of the different types of games, it will be incor-
porated in the multilevel structure of the MLMA estimations. We also include a dummy
variable indicating whether the game type is cooperative or distributional in nature.
Finally, a note on our Payment variable. Psychologists rely primarily on participant
pools composed of students who are given course credit in exchange for their partici-
pation in the experiment. On the other hand, the norms of experimental Economics re-
quire that subjects be compensated based on an incentivized payment scheme designed
to induce preferences over experimental alternatives (Smith, 1976). The sample of stud-
ies included in this analysis spans both the psychological and Economics literature. A
study is coded as offering incentivized payments if it offers monetary payments and the
amount of these payments depends on the choices of the participants. Otherwise, studies
are coded as unincentivized. All 15 studies in our sample were conducted with student

populations.

Multilevel Models and Results

Since we have access to very few common covariates in the datasets, the models we
present here have to be parsimonious. As such, in the context of MLMA, there is a trade-
off between complex model specifications and the total number of studies which can be
included in the analysis. However, the multilevel nature of MLMA allows us to capture
any remaining study-level effects as sources of variation in the random intercepts and
random slopes, which reduces the chance that parsimony in variable selection results in
underspecification.

As a first step, we specify three varying intercept models, as described in equation 2.
Model 1 estimates the effects of personality on prosocial behavior across the 12 studies for
which we have prosociality and personality data. Two of our studies (Schmitt et al., 2004;

Swope et al., 2008) employ Myers-Briggs Type Indicator (MBTI). The four dimensions
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of MBTI have been shown to be well-correlated with four of the five Big Five factors,
but, there is no MBTI factor that is analogous to Neuroticism so we exclude that factor
in Model 1. Model 1 includes the individual-level variables of Extraversion, Openness,
Agreeableness, and Conscientiousness, as well as the following study-level variables: a
dummy for whether the study was incentivized (Payment), a dummy indicating the use
of MBTI (MBTI), dummies for experimental game type—"cooperative”>—and dummy
variables for common authorship of studies (Hilbig and Ben-Ner). Additionally, to the ex-
tent that HEXACO differs from the traditional measurement of the Big Five, our Hilbig
author dummy would pick up this difference as well, as all three Hilbig et al. studies, and
no others, employ the HEXACO measure. MLMA easily allows us to determine whether
study-level variables that capture crucial conceptual distinctions have any significant ef-
fect on our outcomes.

If we include MBTI-based studies we cannot investigate the effect of Neuroticism. So,
to estimate the effect of Neuroticism, and to test the robustness of our results, Model 2 in-
cludes only the 10 studies that employ the Big Five/HEXACO measurements of personal-
ity. In Model 2, we include the five personality dimensions as well as study-level variables
relating to shared authorship and game type. Since the MBTI studies are dropped from
this sample so is the variable in the specification of Model 2.

Finally, in Model 3, we include prosociality and incentivization data from an addi-
tional 3 studies that did not have personality data. This allows us to further examine the
potential effect of incentivization in a larger set of studies.

Following the notation laid out above in equations 1 and 2, our multilevel specifica-

tions are as follows, for individuals i € {1, ---, N} within studiesj € {1,---,]}:

3We conduct all of the anlaysis with specifications that are identical to those below but excluding the
cooperative dummy variable. The results, available in the figure A.4 in the appendix, are virtually identical
to our main results reported here.
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Level 1:* y; ~ N(ajjj; + B1 * Openness; + B x Agreeableness; + B3 * Extraversion;

+ B4 * Conscientiousness; + Bs * Neuroticism;, (Tyz) (6)

Level 2:° ajii] ~ N(y + 61 % Payment; + 6, x Hilbig; + 63 * BenNer;j + 64 * MBTI;

+ 5 x Cooperative;, a2) (7)

Throughout the models, we specify the following weakly informative prior distributions

for our parameters of interest:

aj~ N(0,1) (8)
B~N(1) )
7~ N(0,1) (10)
8j ~N(0,1) (11)

Note that the prior distributions are vague in relation to the scaling of the dependent
and independent variables included in the model. The priors for the remaining vari-
ance parameters were specified as uniform. Alternatively, employing Cauchy(0,5) or non-
informative uniform prior distributions for all parameters does not affect the substantive
results (see for example Gelman et al., 2006, for a discussion of prior choice on variance
parameters in multilevel models). All models were estimated via Hamiltonian Monte
Carlo implemented in STAN (Stan, 2016). Individual chain lengths were set at 10,000 or
20,000 in order to assure convergence. Trace plots of the chains as well as R statistics for
each model (not shown) indicate that the chains mixed well (c.f. Gelman et al., 2014).

Table 3 displays the results from our three models, consisting of the posterior mean

“Neuroticism is not included in Model 1. No personality variables are included in Model 3.
SMBTI is not included in Model 2.
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Model 1 Model 2 Model 3
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Agreeableness - — ——
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% Neuroticism - —-
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Author: Ben—-Ner 4 ————&———— —_—
MBTI Personality Measure - —_—A—
Cooperative - —h— —h— —i—

03 00 03 06 -03 00 03 06 -03 00 03 06
Estimate

Level { Subject 4 Study

Figure 1: Multilevel Meta-Analysis Results: Predicting Prosocial Behavior. For each
model and each parameter, the dot represents the posterior mean and the bar represents
the 95% Credible Interval

and its 95% credible interval.® The credible interval describes the range of parameter
values that encompasses 95% of the posterior distribution’s probability mass. As such,
there is a 95% probability that a given parameter lies in the respective credible interval.
Figure 1 graphically displays this same information with each dot representing the mean
prediction of the parameter value and the bar representing the 95% credible interval.

At the individual level, higher levels of Agreeableness and Openness increased proso-
ciality in both Models 1 and 2. Though the magnitude of the effect is relatively small, the
results for these two traits are quite robust. Irrespective of the specification of the model,
these two factors are consistently associated with increased prosociality. For the remain-
ing three traits, the effects are smaller and there is much larger uncertainty about their

direction. Given the inconsistency of the findings when looking at each of the studies in

®For comparison’s sake, the results from a frequentist MLMA estimation are included in the appendix
table A.5.
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our sample in isolation, it is remarkable that the results with respect to Agreeableness and
Openness are so robust. These results demonstrate the power of MLMA in that it can ex-
tract aggregate relationships from a large number of studies that would not be apparent
when looking at any of the studies on their own.

Moving on to the study-level variables, we do not find that any study-level factors
systematically affect prosociality. This may simply be because of a lack of statistical power
at the study-level. Additional analyses (not shown) controlling for each type of game
(summarized in table 2) yield the same conclusion of no study-level effects, but such a
model leaves us with very few degrees of freedom at the study-level. Thus, from our
analysis we can conclude that incentivization, at least in the set of studies we have, does
not play a significant role in prosocial behavior.

In order to ensure that the effects are not driven solely by a single study, we text
whether the results are robust to individual studies being removed from the analysis.
Using a jack-knife method, we find that the one-by-one exclusion of each of the 12 studies
included in Model 1 does not change the estimates substantially. These results are in-
cluded in the appendix, figure A.3. Both Agreeableness and Openness remain significant
in each of the 12 estimations. As such, it does not appear to be the case that the results are
driven by a single study included in the meta-analysis. A more systematic way to address
this question, however, is to directly investigate the variation in individual-level effects

across the studies. To do so, we specify a model which adds a random slopes component
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to the model outlined in equations (3) through (5). The model takes the following form:

Level 1:  y; ~N(ajj) + Bjii,1 * Openness; + Bjii 2 * Agreeableness; + Bj; 3 * Extraversion;

+ B4 * Conscientiousness;, O’yz) (12)

Level 2:  a; ~N(7y +d1 * Payment; + 6, x Hilbig; + 03 x BenNer;+ d4 * MBTI;
+J5 * Cooperative;, U'D%) (13)
Bi ~N(u, Xp), (14)

where prior specifications are equivalent to the previous models. The results are pre-
sented in Figure 2. It displays the individual-level effects for each of the 12 studies in-
cluded in the analysis, the aggregate effects of individual-level variables across all studies,
as well as study-level effects.

We can see that there is some substantial variation in individual-level effects between
studies. While the posterior mean for the coefficients of Agreeableness and Openness is
positive in most of the studies, the effects appear to be substantially smaller in some of the
experiments than in the others—that is to say there is cross-study variation in the strength
of the effect of these personality factors on prosociality. Still, the aggregated individual-
level effects at the bottom of the figure (in the “Overall” panel) show the same pattern as
the previous analysis. As such, even though there is some variation in effects between
experiments, we recover a substantial positive influence of Agreeableness and Openness

on prosocial behavior when combining the individual studies in a common framework.

Discussion

Using MLMA—an underutilized tool in Political Science—we have investigated the ef-
fect of personality traits on prosociality. Despite the mixed or even contradictory results

found in the literature, we find strong evidence that the Big Five factors of Agreeableness
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Figure 2: Multilevel Meta-Analysis Results: Predicting Prosocial Behavior (varying

slopes). For each model and each parameter, the dot represents the posterior mean and
the bar represents the 95% Credible Interval
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and Openness are consistent and significant predictors of increased prosocial behavior.
Moreover, these results are robust across a number of distinct combinations of studies
and model specifications. We do not, however, find evidence that, all else equal, mon-
etary incentivization has any effect on prosocial behavior. These results are important
because they clarify the inconsistent evidence found in the literature, and therefore pro-
vide a useful guide for further research on the effects of personality and incentivization
on prosocial behavior. It is precisely in such a context that meta-analysis can be useful.
Given the multidisciplinary nature of experimental political science, MLMA repre-
sents a promising analytical method for the researcher’s toolbox since it allows for a sys-
tematic and efficient analysis of study-level factors that may affect outcomes of interest.
In addition to the issue of incentivization we explore here, these factors can also relate
to the nature of the sample (i.e. representative versus convenience sample), the data
collection process (i.e. online versus laboratory experiments), as well as differences in
experimental stimuli (i.e. audio, visuals, text, etc.). Much like we did to model the differ-
ences between MBTI and the Big-5, the effects of other differences in scales or instruments
can be estimated using MLMA. Generally, whenever experimental protocols are not com-
pletely identical across studies, multi-level meta analysis allows researchers to account
for these variations and estimate their potential effects on the dependent variable. From
an experimental perspective, this statistical approach does not just prevent confound-
ing factors from clouding the effect of the treatment but it also opens up new research
avenues that specifically examine the impact of these study-level variations. Moreover,
with the Bayesian approach we both employ and recommend, a relatively small number
of available studies does not preclude an unbiased estimate of study-level effects mak-
ing MLMA even more appealing to experimentalists who might not have access to high
number of studies. Moreover, because one can also model study level characteristics us-
ing only summary treatment effects from each study, a type of MLMA is also possible

without access to individual level data.
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The applicability of MLMA, however, is by no means limited to experimental studies.
MLMA is a general and flexible framework that in addition to the applications we have
demonstrated here subsumes conventional meta-analysis (footnote 8) and can also be
utilized to combine analyses that rely on different observational data sources. In case of
the latter, studies that, for example, vary in their data collection mode (i.e. phone, web,
tace-to-face), sample characteristics (e.g. geographic regions), interviewer characteristics
(e.g. race), as well as timing of the data collection (e.g. pre- and post- election season) can
teasibly be pooled together and analyzed in the MLMA framework.

However, meta-analysis is not without its limitations. A general concern with meta-
analyses is the presence of publication bias. It is difficult to know for sure whether such
bias (or other types of sample selection bias) are affecting our results, but the inclusion of
some studies with opposing findings and several with null effects suggest that such bias is
less a concern in our application than it may be in others. An additional type of selection
bias is also possible with the type of MLMA we use here, because it requires researchers to
share their datasets, including individual level data. In contrast traditional meta-analysis
can proceed merely by extracting effect sizes from published studies and working papers.
Therefore, MLMA results might be of limited generalizability due to potential selection
biases that can occur if data is not missing at random. One potential way to address this
concern is to compare the results from studies the researcher has obtained data for to the
results from studies for which data was unavailable; if they differ systematically, there is
reason to be concerned about the MLMA results. In this manuscript, the eight studies we
identified which met our criteria, but for which we failed to acquire data, to a large extent
mirrored the results from the twelve studies we included in our analysis of personality
characteristics. Of the eight studies, one and seven respectively found a positive and
significant effect of Openness and Agreeableness, whereas for the studies we included in
our analysis, these numbers are three and four out of nine respectively. Just as in the data

we analyzed, the studies that we did obtain are characterized by mixed results for the
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other three factors.

In addition to this relatively effortless check on the data, researchers can also actively
contribute to remedying the problem of selection bias by supporting and participating in
various initiatives that promote data sharing and transparency aims that every discipline
should strive towards but which are—in the context of this manuscript—particularly
worth mentioning as they directly increase MLMA's utility. Moreover, if the use of MLMA
becomes widespread it may itself encourage increased data-sharing, creating a virtuous

teedback loop.
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