
This article was downloaded by: [213.245.59.253] On: 16 February 2016, At: 13:51
Publisher: Institute for Operations Research and the Management Sciences (INFORMS)
INFORMS is located in Maryland, USA

Management Science

Publication details, including instructions for authors and subscription information:
http://pubsonline.informs.org

A Reconsideration of Gender Differences in Risk Attitudes
Antonio Filippin, Paolo Crosetto

To cite this article:
Antonio Filippin, Paolo Crosetto (2016) A Reconsideration of Gender Differences in Risk Attitudes. Management Science

Published online in Articles in Advance 16 Feb 2016

.  http://dx.doi.org/10.1287/mnsc.2015.2294

Full terms and conditions of use: http://pubsonline.informs.org/page/terms-and-conditions

This article may be used only for the purposes of research, teaching, and/or private study. Commercial use
or systematic downloading (by robots or other automatic processes) is prohibited without explicit Publisher
approval, unless otherwise noted. For more information, contact permissions@informs.org.

The Publisher does not warrant or guarantee the article’s accuracy, completeness, merchantability, fitness
for a particular purpose, or non-infringement. Descriptions of, or references to, products or publications, or
inclusion of an advertisement in this article, neither constitutes nor implies a guarantee, endorsement, or
support of claims made of that product, publication, or service.

Copyright © 2016, INFORMS

Please scroll down for article—it is on subsequent pages

INFORMS is the largest professional society in the world for professionals in the fields of operations research, management
science, and analytics.
For more information on INFORMS, its publications, membership, or meetings visit http://www.informs.org

http://pubsonline.informs.org
http://dx.doi.org/10.1287/mnsc.2015.2294
http://pubsonline.informs.org/page/terms-and-conditions
http://www.informs.org


MANAGEMENT SCIENCE
Articles in Advance, pp. 1–23
ISSN 0025-1909 (print) � ISSN 1526-5501 (online) http://dx.doi.org/10.1287/mnsc.2015.2294

© 2016 INFORMS

A Reconsideration of Gender Differences in
Risk Attitudes

Antonio Filippin
Department of Economics, University of Milan, 20122 Milano, Italy; and Institute for the Study of Labor (IZA),

53113 Bonn, Germany, antonio.filippin@unimi.it

Paolo Crosetto
Institut National de la Recherche Agronomique and Grenoble Applied Economics Laboratory, Université Grenoble Alpes,

F-38000 Grenoble, France, paolo.crosetto@gmail.com
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1. Introduction
Gender differences in risk preferences are often re-
garded as a stylised fact in the economics and psy-
chology literature. Many studies as well as the avail-
able meta-analyses find that women display a more
risk-averse behaviour than men when confronted
with decisions under risk. In economics, for instance,
surveys made by Eckel and Grossman (2008a) and
Croson and Gneezy (2009) find mostly supporting
evidence and investigate the robustness of this result
along several dimensions, such as the characteristics
of the subject pool, the strength of incentives, the gain
versus loss domain, and the abstract versus contex-
tual framework. These surveys, though, are based on
a relatively small sample of studies (16 and 10, respec-
tively, 3 of which are in common) given the vari-
ety of designs covered. As noted by Charness and
Gneezy (2012) and Holt and Laury (2014), the differ-
ences in the methods used to measure the preferences
can act as an additional source of heterogeneity. Con-
sequently, Charness and Gneezy (2012) focus on a
single elicitation method, the Investment Game, and
find strong evidence that females are less willing to
take risks. In psychology, Byrnes et al. (1999) pro-
vide a meta-analysis including 150 studies, using a
broad definition of risk, from smoking to driving to
gambling, and analyzing self-reported, incentivised,
as well as observed choices. The study finds that
males take more risks than females in most of the risk

categories, even though the magnitude of the effect
is usually small, seldom significant, and some studies
find contrary evidence.

Despite the apparently wide agreement that females
are more risk averse than males, we believe that the
evidence supporting this view cannot be considered
conclusive for two reasons. First, there are important
branches of the literature still largely unexplored. For
instance, the Holt and Laury (2002) (henceforth HL)
task has never been the subject of a comprehensive
analysis by gender, despite being by far the most
popular elicitation method in economics according to
the number of citations. Moreover, in the Bomb Risk
Elicitation Task (Crosetto and Filippin 2013) no gen-
der difference emerges. Second, no attempt has been
made yet to investigate whether and how the elici-
tation methods play a role in shaping the observed
results by gender. Risk attitudes are a latent construct
that can only be indirectly and imperfectly measured:
their measurement is by construction a combination
of the latent preferences and the measurement error
induced by the tool used to elicit them. Crosetto and
Filippin (2016) analyse to what extent, and in which
direction, the measured risk preferences are shaped
by the characteristics of the elicitation task adopted.
In this paper we also try to extend their exercise along
a gender dimension.

We first provide a thorough survey of the liter-
ature, finding mixed results. We then focus on the
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unexplored HL task. Unfortunately, only a small frac-
tion of contributions explicitly report about gender
differences, because HL is usually a companion task
in unrelated experimental studies. Only 20 papers, out
of the more than 500 citing Holt and Laury (2002),
provide data on the gender breakdown of risk pref-
erences. Contrary to the widespread consensus, out
of these 20 papers, only 3 report significant gender
differences in risk preferences.

This striking result, combined with the presence of
large amounts of uncharted HL gender data, spurred
us to directly contact the authors of the 94 published
HL replications. We collected the data of 54 published
studies, corresponding to about 7,000 subjects, and
reduced them to a common comparable format.

The resulting data set dramatically increases the
information as compared to that available in pub-
lished results and allows us to provide conclusive
evidence about gender differences in HL. The results
consistently show that gender differences are the
exception rather than the rule in HL replications. Men
and women display a similar behaviour, and when a
difference can be detected it is usually small.

The large amount of comparable data also allows us
to greatly increase the statistical power of the analysis.
Moreover, access to all microdata allows us to exploit
the data of subjects making inconsistent choices using
a structural model estimated with maximum likeli-
hood. The results on the pooled data show a come-
back of significant gender differences, both using
linear and panel regressions and in the maximum-
likelihood estimation, that indicates constant relative
risk aversion (CRRA) as the supported representation
of preferences. The magnitude of the effect turns out
however to be economically unimportant. Differences
amount to one-sixth of a standard deviation, less than
a third of the effect found by other elicitation methods
analysed in this paper (e.g., by Charness and Gneezy
2012, Eckel and Grossman 2008b).

Our results indicate that the frequency and the
importance of gender differences reflect specific char-
acteristics of the elicitation methods over and above
true differences in the underlying (and latent) risk
attitudes. Importantly, such a heterogeneity of the
gender pattern is not due to the fact that HL induces
more noise than other tasks, something that, if true,
would make it more difficult to detect the same dif-
ferences in the underlying preferences. Observing a
gender gap not only depends on the task being con-
textual or not (Eckel and Grossman 2008a), or on it
having to do with risk or with uncertainty (Wieland
and Sarin 2012), or on the choices being incentivised,
self-reported, or observed (Byrnes et al. 1999). Even
restricting the analysis to the narrow domain of incen-
tivised lottery choice tasks currently used in experi-
mental economics, gender differences depend on the

details of the task. We single out two characteristics
that jointly correlate with the likelihood of observing
gender differences: (a) the presence of a safe option
within the choice set, and (b) the use of lotteries
with 50%–50% fixed probabilities in tasks that gen-
erate the menu of lotteries changing the amounts at
stake.

Published results as well as our data set do not
allow us to further investigate and disentangle the ef-
fect of each of these two characteristics. Nevertheless,
we believe that this paper provides a leap forward in
the understanding of gender differences in risk pref-
erences from two points of view. First, it makes clear
that, instead of being treated as a fact, gender differ-
ences should be analysed jointly with the characteris-
tics of the task used to elicit risk preferences. Second,
it greatly restricts the set of possible determinants and
proposes two candidate explanations.

The outline of this paper is as follows. Section 2
summarises the state of the art in the literature about
gender differences in risk preferences and presents the
survey of the few HL published results by gender.
Section 3 describes the characteristics of the data set
of HL replications we built and use. Section 4 analyses
our data set, first paper by paper and then pooling the
data, using both descriptive statistics and structural
modeling allowing for errors in the choices. Section 5
discusses which characteristics of the task could trig-
ger the stark difference in behaviour observed, iden-
tifying some candidates. Section 6 concludes.

2. Literature Review
There are more risk elicitation methods than can be
mentioned here. Our ambition is not that of providing
an exhaustive survey of all the tasks used to measure
risk preferences. In contrast, our goal is to summarise
the state of the art in the risk and gender literature.
Consequently, we limit our analysis on the Holt and
Laury (2002) task, the most cited and replicated risk
elicitation method, and on two other methods that
besides being widely used are also those on which
the evidence on gender differences has been mainly
based: the Investment Game, introduced by Gneezy
and Potters (1997), and an Ordered Lottery Selection
task proposed by Eckel and Grossman (2002, 2008b).

In the Investment Game (henceforth IG), subjects
decide how to allocate a given endowment E between
a safe account and a risky lottery that yields with
50% probability 205 times the amount invested, zero
otherwise. The task is framed as an investment deci-
sion, and a risk-neutral subject should invest all of
her endowment, since the marginal return of the risky
option is greater than one.

In the Eckel and Grossman task (henceforth EG)
subjects make a single choice, picking one out of an
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Table 1 The 5 Lotteries of the Orginal Eckel
and Grossman (2002) Paper

Choice Probability (%) Outcome ($)

1 A 50 16
B 50 16

2 A 50 24
B 50 12

3 A 50 32
B 50 8

4 A 50 40
B 50 4

5 A 50 48
B 50 0

ordered set of lotteries. This method has been first
introduced in the literature to specifically measure risk
preferences by Binswanger (1981). In the EG imple-
mentation subjects are faced with 5 lotteries charac-
terised by a linearly increasing expected value as well
as greater standard deviation (see Table 1). The task is
not framed, and a risk-neutral subject should choose
lottery 5, since it has the highest expected value.

In the Holt and Laury (2002) risk elicitation method
subjects face a series of choices between pairs of lot-
teries, with one lottery safer (i.e., with lower variance)
than the other. At the end of the experiment, one row
is randomly chosen for payment, and the chosen lot-
tery is played to determine the payoff. The lottery
pairs are ordered by increasing expected value. The
set of possible outcomes is common to every choice,
and the increase in expected value across rows is
obtained by increasing the probability of the “good”
event (see Table 2).1

The subjects make a choice for each pair of lot-
teries, switching at some point from the safe to the
risky option as the probability of the good out-
come increases. The switching point captures their de-
gree of risk aversion. A risk-neutral subject should
start with option A, and switch to option B from
the fifth choice on. The higher the number of safe
choices, the stronger the degree of risk aversion.

1 The application by Holt and Laury (2002) of a multiple price list
is not the first to elicit risk preferences in decisions under risk.
Earlier contributions could be found, for instance, in Cohen et al.
(1987) and Tversky and Kahneman (1992). However, at the present
time, the HL task constitutes the most widely known implemen-
tation of the multiple price list approach applied to risk, thereby
making it the ideal candidate for our exercise. To keep our search
within tractable limits, we do not include other well-established
versions of a multiple price lists, such as the so-called Outcome
Scale, in which an increasing safe amount is compared with a fixed
50/50 lottery, or, in general, any task in which outcomes change
and probabilities are fixed (see, among others, Abdellaoui et al.
2011; Sapienza et al. 2009; Falk et al. 2006; Eriksen et al. 2011;
Dohmen and Falk 2011; Dohmen et al. 2010, 2011; Sutter et al. 2013;
Masatlioglu et al. 2012; and Andersson et al. 2016).

Table 2 The 10 Lotteries of the Original Holt and Laury (2002) Paper

Option A Option B

1 1/10 2$ 9/10 1.6$ 1/10 3.85$ 9/10 0.1$
2 2/10 2$ 8/10 1.6$ 2/10 3.85$ 8/10 0.1$
3 3/10 2$ 7/10 1.6$ 3/10 3.85$ 7/10 0.1$
4 4/10 2$ 6/10 1.6$ 4/10 3.85$ 6/10 0.1$
5 5/10 2$ 5/10 1.6$ 5/10 3.85$ 5/10 0.1$
6 6/10 2$ 4/10 1.6$ 6/10 3.85$ 4/10 0.1$
7 7/10 2$ 3/10 1.6$ 7/10 3.85$ 3/10 0.1$
8 8/10 2$ 2/10 1.6$ 8/10 3.85$ 2/10 0.1$
9 9/10 2$ 1/10 1.6$ 9/10 3.85$ 1/10 0.1$

10 10/10 2$ 0/10 1.6$ 10/10 3.85$ 0/10 0.1$

Never choosing the risky option or switching from B
to A are not infrequent and are regarded as incon-
sistent choices when modeling the choices without
including a stochastic component.

That women are more risk averse than men is often
considered a stylised fact in the economic literature.
This finding is confirmed by some surveys (Eckel and
Grossman 2008a, Croson and Gneezy 2009).2 Both the
IG and EG tasks have already been surveyed from a
gender perspective, and females have been shown to
consistently display a significantly more risk-averse
average behaviour.

Charness and Gneezy (2012) report that in the IG
the gender gap is rather systematic and quite sizable.
Males invest more than females in most of the experi-
ments analysed, and such a difference is usually about
10%–15% of the initial endowment (Dreber et al. 2011,
Charness and Gneezy 2010, Charness and Genicot
2009, Ertac and Gurdal 2012, Fellner and Sutter 2009,
Gong and Yang 2012, Langer and Weber 2004). Signif-
icant differences, but lower than 10% in size, appear
in Haigh and List (2005), Bellemare et al. (2005), and
Crosetto and Filippin (2016), whereas Gneezy et al.
(2009) is the only contribution in which a gender gap
does not appear. Such a result is robust to the context
(lab versus field) in which data have been gathered as
well as to other features (amounts at stake, geograph-
ical location, type of subjects).

Similar findings emerge in the EG task, with siz-
able gender differences appearing both in the original
experiment and in later replications (Eckel et al. 2009,
Dave et al. 2010, Ball et al. 2010, Grossman and Eckel
2015, Arya et al. 2013, Crosetto and Filippin 2016, Wik
et al. 2004). Cleave et al. (2013) find a gender gap in
a wide sample but not in a subsample that partici-
pated to later experiments, but it is, to the best of our
knowledge, the only exception.

2 Surveys also stress how some characteristics of the experiments
make gender differences more likely to appear. For instance, they
are usually less likely to be found in contextual experiments
(Schubert et al. 1999, Eckel and Grossman 2008a).
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The results obtained using these two elicitation
methods are clear-cut: women display, on average,
significantly more risk-averse behaviour. The question
is, however, whether these two tasks simply capture
a regularity that holds in general, or whether instead
the observed results are a function of some character-
istics of these two elicitation methods. If this is the
case, results should not be replicated at all or would
be replicated to a clearly different extent using a suf-
ficiently different elicitation method.

The perfect example is provided by HL, which is
the most popular risk elicitation method in the litera-
ture, but whose replications have never been system-
atically analysed along a gender dimension.

A survey of the literature reveals that gender dif-
ferences are only rarely found in this case. Despite
the fact that more than 500 published papers cite Holt
and Laury (2002),3 only 20 of them report the break-
down of results by gender. Out of these 20, only 3
report significant gender differences, 2 provide mixed
evidence as in the original contribution, and 15 find
no significant difference.

The three papers reporting a significant gender dif-
ference are Agnew et al. (2008), using an unmodi-
fied low stake HL task; Dave et al. (2010), using the
20X high stake HL treatment; and Brañas-Garza and
Rustichini (2011), implementing a nonincentivised
version with nine choices.

The contributions reporting mixed results find
a significant effect only for a subsample, or only
through one and not all statistical methods. Already
in the original HL article a gender gap appears only
in the low but not in the high stake treatment. In Chen
et al. (2013), significant gender differences do not
emerge in the unconditional distribution of choices,
but choices become significantly different (at 10%)
when controlling for other observable characteristics
(age, race, academic major, and number of siblings).
Menon and Perali (2009) on the other hand find,
within one study, females to be significantly more
risk averse in one sample and significantly less in
another.

The list of the 15 studies in which the behaviour
of males and females does not differ includes the
first replication of the original task made by Harrison
et al. (2005), as well as Anderson and Freeborn (2010)
and Carlsson et al. (2012) in the field; and Vis-
cusi et al. (2011), Harrison et al. (2013), Mueller and
Schwieren (2012), Eckel and Wilson (2004), Ehmke
et al. (2010), Ponti and Carbone (2009), Baker et al.
(2008), Chakravarty et al. (2011), Drichoutis and

3 According to the database Scopus, queried on January 2013,
528 articles cited Holt and Laury (2002). See §3 for details about
these papers.

Koundouri (2012), Andersen et al. (2006), Houser et al.
(2010), and Masclet et al. (2009) in the lab.

Summarizing, the frequency of significant gender
differences sharply changes according to the elici-
tation method used. Significant gender differences
appear systematically using the EG and IG tasks,
whereas they do not appear using HL or the Bomb
Risk Elicitation Task.

This instability of results supports the view that
a latent construct like risk attitudes can only be in-
directly measured and what is observed heavily de-
pends on the characteristics of the risk elicitation pro-
cedure used. Applied to differences of risk preferences
along a gender perspective, this argument implies
that the stylised fact describing females as more risk
averse than males could be less solid than what it
appears at first glance and definitely requires further
investigation.4

The evidence in this section is based on the 20 stud-
ies that provide in their published version informa-
tion about gender differences. Such evidence cannot
be regarded as conclusive, however, because of both
the small size of the available sample, as compared
to the overall number of published HL replications,
and to problems of data comparability across papers.
This spurred us to collect the original data of the HL
replications, with the aim of covering the largest pos-
sible number of studies. The details and results of this
exercise are described in the next section.

3. The Data Set
In this section we describe and analyse our data set,
composed of a large sample of HL replications. The
direct collection of the original data proved necessary
for several reasons.

First, few studies replicating HL report gender re-
sults. Collecting the original data allows us to increase
the size and representativeness of the sample anal-
ysed. The final data set includes data from 33 arti-
cles that did not report gender results.5 The final data
set covers, therefore, 54 published (plus 9 unpub-
lished) papers, twice as many as all the previous sur-
vey papers in the experimental economics literature
combined.

4 A similar recommendation can be found in Nelson (2015b), who
focuses instead on the magnitude of the gender differences analyz-
ing the results in the IG task.
5 In principle, published results by gender could be the output of a
process of selective reporting, as suggested for instance by Nelson
(2015a). In contrast, no evidence of outcome reporting bias is found
in the HL replications (for details, see Crosetto et al. 2015). An
explanation for the low reporting rate is that the task is often per-
formed as a control, and therefore gender differences in risk pref-
erences are of little interest to the authors.
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Second, papers are heterogeneous in the way they
report their results. Comments about gender differ-
ences are not always accompanied by quantitative
results. When results are published, they take dif-
ferent and not comparable forms, such as paramet-
ric or nonparametric tests of equality in mean or
median, or coefficients in multivariate regressions.
Moreover, inconsistent choices are treated in different
ways and constitute an additional source of hetero-
geneity. Collecting the data, we can reduce a large
body of potentially heterogeneous literature to a com-
mon metric.

3.1. Getting the Data
For published papers we queried the Scopus biblio-
graphic database, tracking all papers that cited Holt
and Laury (2002). We ran our query on January 31,
2013, finding 528 citing papers. We also included
some unpublished studies, either signalled to us by
the Economics Science Association discussion group
or that we came across at conferences, resulting in
26 additional contributions.6

We closely examined all the 555 papers in the
resulting pool to check whether the authors had repli-
cated the HL experiment, in its original version or
with some small variations of the design. Among
the experimental replications, we restricted the range
of possible departures from the original HL to be
included in the data set. We regard as comparable the
multiple choice lists in which the amount at stake is
held constant while the increase in the expected value
of the lotteries is obtained through a higher proba-
bility of the good outcome. Within these boundaries,
a multiple price list can take many different forms.
For instance, we include tasks in which the number of
choices is different than 10, or in which the amounts
at stake differ as compared to the original HL.

The results of this exercise are detailed in Table 3.
We could not access, either in electronic or in paper
form, 48 studies. Out of the remaining contributions,
we found 118 published and 17 unpublished stud-
ies replicating the HL mechanism as described above,
whereas 21 further papers, 16 published and 5 unpub-
lished, used a modified version of HL, involving a
safe amount instead of the safe lottery. These papers
are surveyed separately in §5.

We directly contacted the authors of all the replica-
tions, asking them for a set of summary statistics and
significance tests, or, if possible, for the original data.
We sent a first email (in two batches, on March 15 and
March 28, 2013) to the corresponding authors, and

6 Given that the subsample of unpublished papers is not represen-
tative and might suffer from severe self-selection issues, we treat it
separately whenever possible, and we exclude it in §4.2 and in §4.3
where we derive aggregate results.

Table 3 Building the Data Set of HL Replications

Articles citing Holt and Laury (2002) Published Not published
as of January 31, 2013 529 26

Not accessible 48 —
Not replicating Holt and Laury (2002) 347 4
Using an HL version with a safe option 16 5

Replicating Holt and Laury (2002) 118 17
Of which:

Duplicate data set 8 0
Not keeping track of gender or single gender 16 0

Universe of reference 94 17
Of which:

No response or data not shared 40 8

Final data set 54 9
Of which:

Microdata (shared or available online) 48 6
Summary statistics (shared or published) 6 3

two reminders (on July 7 and September 17, 2013, the
latter to all authors of the papers) to those not having
answered previous messages.

Whenever the same data set was used in two or
more studies, we counted it only once, including the
other references in the “duplicate data set” category.
Sixteen studies could not be used, either because they
involved a single-gender sample, or because the gen-
der of the subjects was not recorded. Subtracting these
particular cases leads to a universe of 111 HL replica-
tions, 94 published and 17 unpublished, suitable for
gender analysis.

Altogether, for more than half of the relevant
papers, we could get either the microdata or exhaus-
tive summary statistics. Our final data set includes
data from 54 published and 9 unpublished papers, for
a total of 7,654 and 927 subjects, respectively.7

3.2. Building a Homogeneous Data Set
The data sets of the replications differ along several
dimensions, from the purpose and the design of the
experiment to the exact format of the multiple price
list. Moreover, data sets differ in terms of which con-
trol variables are recorded, and in the way in which
“inconsistent” choices (multiple switchers, dominated
choices) are treated.

Although we try to follow the common sense rule
of keeping all the information available, making data

7 The number of contributions replicating HL among those cur-
rently classified as “no response” is likely to be lower than the 48
(40 published and 8 not published) reported in Table 3. In fact, in
about the 30% of the cases, we had to exclude the paper from the
sample because of a sufficiently different design or missing gender
information. Assuming a similar distribution in the residual cate-
gory, we can reasonably expect the real number of the missing data
set to be in the order of 30. This would also imply that the current
coverage rate is downward biased, and that it is likely to be already
in the order of two-thirds.

M
an

ag
em

en
t S

ci
en

ce
 



Filippin and Crosetto: A Reconsideration of Gender Differences in Risk Attitudes
6 Management Science, Articles in Advance, pp. 1–23, © 2016 INFORMS

sets comparable requires decisions that inherently
encompass a degree of arbitrariness. The decisions
and assumptions we made in building the data set
are detailed here.

3.2.1. Design of the Replications. In case of a
within-subject design in which the subjects completed
more than one HL price list under different conditions
(e.g., alone versus in groups, with different frames,
with different amounts at stake) we just kept the data
from the first HL table the subjects were exposed to,
provided that the task was performed by the sub-
ject alone. This reduced the number of observations
but also the problems induced by other possible con-
founds such as order effects or serial correlation.

For studies employing a between-subject design,
we used all observations. When the study included
different experimental conditions accompanied by
the HL task—usually used as a control for risk
attitudes—we used all data as well. Changes in the
HL task administered in the different treatments are
infrequent and of marginal importance; nonetheless,
we take them into account through the variable
treatment.

In general, the rules described above allowed us to
easily process the replications and include them in the
data set. In some cases, though, the inclusion proved
harder and ad hoc rules were necessary.8

3.2.2. Level of Detail of the Data. The data sets
come in four formats. We deal with this heterogene-
ity including the variable detail.The most complete
data sets provide us with data for each and every
binary choice the subjects made (detail = “full”).
Other data sets record the number of safe choices
of every subject and a dummy variable indicating
whether they switched only one or multiple times—
this behaviour is usually labeled as “inconsistent”
(detail= “partial”). For these data sets we can recon-
struct the binary choices of the consistent (single
switchers) only, whereas for multiple switchers we
cannot tell which choices were made in which lot-
teries, and we have to treat their binary choices as
missing. Third, five data sets report only the number
of individual safe choices, but no information about
inconsistent behaviour. To not lose these observations,
by default we assume that the authors sent us data for

8 In the case of Andersen et al. (2008), we faced a data set with
three different price lists, between subjects. One of the lists was a
standard “symmetric” one, whereas the other two were asymmetric
(“SkewLow” and “SkewHigh”). The asymmetric price lists featured
six choices each, and the choices did not cover the whole probabil-
ity range. For instance, the “SkewLow,” covered probabilities 0.1,
0.2, 0.3, 0.5, 0.7, and 1. We keep only the symmetric treatment of
Andersen et al. (2008).

single switchers only.9 Finally, in some cases we only
obtained summary statistics of the results, including
the average number of safe choices by gender, and
the results of statistical tests (detail = “summary”).
In this case we cannot retrieve any information about
inconsistent behaviour, nor reconstruct the subjects’
binary choices.

The breakdown of the number of consistent and
inconsistent subjects in our data set by gender and by
detail of the data is provided in Table 4. This table is
the key to identifying the different samples used in
different parts of the paper. For instance, whereas the
description of results by paper (§4.1) relies upon all
the information available, the analysis of microdata
(§4.2) cannot include “summary” data, and the struc-
tural model estimation allowing for error (§4.3) can
instead rely upon the “full” data sets only.

3.2.3. Variables Included in the Analysis. We
shrank the number of variables of interest to get a
minimum common ground for all papers and avoid
having dozens of paper-specific demographics or con-
trols. This meant including in the final data set only
the following information:

• The subjects. The data set includes a unique iden-
tification number for every participant (subject), his
choice in every binary lottery (safechoice) condi-
tional on the completeness of the data received as
explained above. This is the information we exploit to
build the dependent variable used to proxy the risk
attitude of the agents, i.e., the total number of safe
choices.10 Data also contain a variable summarizing
whether the participant made inconsistent choices,
and some individual controls such as female and age,
though the latter is not always available.

• The format of the multiple price list. The papers
included in our analysis greatly differ in the spe-
cific features of the multiple price list adopted. Exam-
ples of such differences are (a) the number of binary

9 We know from correspondence with the authors that for two of
these papers (Rosaz 2012, Rosaz and Villeval 2012), the data cover
single switchers only. In the other cases we cannot tell, but results
do not change if we exclude these three data sets from the analysis.
10 Several features of the multiple price list need to be taken into
account to obtain a comparable measure of risk aversion across
studies. For instance, making six safe choices in a classic HL task
as that described in Table 2 implies that the subject switches to the
risky option when the probability of the good outcome is 0.7. In
contrast, making six safe choices in the version of the task like that
implemented by Harrison et al. (2007) corresponds to switching
when the probability of the good outcome is equal to 0.35, because
in this case there are 20 choices and the change in probability
between each row is 5% instead of 10%. Therefore, we parametrise
the number of safe choices to the probability of switching in order
to impose a common metric. In the example above in Harrison et al.
(2007) we assign a number of safe choices equal to three to a subject
who switches when the probability of the good outcome is equal
to 0.35.
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Table 4 Subjects in the Sample by Consistency and Type of Data (Published Papers Only)

Consistent subjects Inconsistent subjects

Detail Males Females Total Males Females Total

Microdata Full 21057 21139 41196 409 500 909
No. of safe choices + Consistency Partial 504 408 912 64 98 162
No. of safe choices only Partial 375 324 699 3 1 4
Summary statistics (shared/published) Summary 413 359 772 — —
Total 31349 31230 61579 475 596 11075

Note. The four subjects that are classified as inconsistent when only the number of safe choices is known are those who choose the safe lottery when the good
outcome is certain.

choices (numchoices) and consequently the change in
the probability of the good outcome from one row to
the next; (b) the support of the probability spanned
(6001217 is the most common version, but 6020077 is
also rather frequent, and we include other domains
as well); and (c) the variance of the outcomes. All
these features are summarised by the variables Av1
Av2 Bv1 Bv2,storing the values of lotteries A (safe) and
B (risky), expressed in experimental units, and Ap1 Ap2
Bp1 Bp2, storing the probabilities of the four outcomes,
for every decision.

• The procedure of the task. There are two vari-
ables keeping track of whether the subjects’ consis-
tency was forced or subjects were instead free to
switch more than once from option A to option B,
and whether the decisions were proposed follow-
ing the increasing likelihood of the good outcome or
instead in a randomorder. Regarding the structure of
the incentives, we keep track of whether choices were
incentivised or hypothetical and of the exchange rate
from experimental currency to dollars. By multiply-
ing the amounts seen at the screen by the exchange
rate we can also compute the realmoney at stake in
the experiment as the expected value of the 50/50
lottery A.

• The characteristics of the experiment. Some studies
focus explicitly on measuring risk preferences directly
for different subpopulations and in different contexts,
or study the task itself or different versions of it, or
else contribute mainly from a theoretical point of view
to the understanding of decisions under risk. Other
studies focus on other topics, like auctions, strate-
gic games, tournaments, and use the HL task just as
a control for risk preferences. We built the variable
control to take this difference into account. Moreover,
especially for the papers in which HL was used as a
control, we record in the variable treatment the fact
that the HL data might have been associated to dif-
ferent treatments in the core part of the experiment.

The summary statistics of the variables included in
the data set, for the cases in which they are informa-
tive, are detailed in Table 5.

4. Results
In this section, we analyse our data set of HL repli-
cations from a gender perspective. We first analyse
each paper separately, finding that an overwhelming
majority of papers do not find significant gender dif-
ferences. We then pool the data to increase the statis-
tical power and to explore how the characteristics of
the task and of the subjects affect the measured risk
preferences.

4.1. Paper by Paper
The first step of the analysis is to consider each paper
separately, as done in meta-analyses. In this section
we focus our attention on consistent choices (i.e., to
subjects switching once and not choosing dominated
options), including both published and unpublished
papers, to give the vastest possible overview of the
literature. For each paper, we compute the average
number of safe choices by gender, the p-value of a
nonparametric Mann-Whitney test, and the Cohen’s d
(Cohen 1988) as a measure of the magnitude of the
effect. Cohen’s d is a measure of the size of an effect
that is independent of the sample size. It is com-
puted as

d =
X̄f − X̄m

s
1

where X̄m and X̄f are the average male and female
number of safe choices and s is the pooled standard
deviation. The d is positive if females are more risk
averse than males and negative if the opposite is
true. Cohen (1988) indicated thresholds for interpret-
ing his d: as long as the discussion is related to aggre-
gate differences, 0.2 is a small effect, 0.5 is a medium
effect, and from 0.8 on there can be said to be a large
effect.11

Results are detailed in Table 6, and graphically dis-
played in Figure 1, which includes only the papers for
which we have full or partial detail. Figure 1 shows

11 To be able to interpret the effect at the individual level—i.e., pre-
dicting with high accuracy a subject’s gender observing his or her
risk aversion only—a Cohen’s d of 2 or more is needed, with a value
of 4 meaning almost absolute discriminability (Nelson 2015a).
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Table 5 Description of the Data Set (Published Papers Only)

Variable Type Description

Source of data
ID Integer Unique ID for the paper
detail Categorical See §3.2.2

Subjects’ characteristics and choices

Min Mean Max
subject Integer Unique ID for each subject in the data set
safechoice Dummy 1 if safe lottery A chosen, 0 if risky lottery B 0 00569 1
inconsistent Dummy 1 if multiple switches or dominated choices 0 00161 1
female Dummy 1 if female, 0 if male 0 00500 1
age Integer Age in years 0 27068 84

Format of the multiple price list

Min Mode Max
decision Integer Decision row number
numchoices Integer Number of rows in the HL table 9 10 20
Av1 Float High outcome of (safer) lottery A 1 2 1251000
Av2 Float Low outcome of (safer) lottery A 008 1.6 1001000
Bv1 Float High outcome of (riskier) lottery B 1090 3.85 2401625
Bv2 Float Low outcome of (riskier) lottery B 0005 0.1 61250
Ap1 Float Probability of high outcome of lottery A
Ap2 Float Probability of low outcome of lottery A
Bp1 Float Probability of high outcome of lottery B
Bp2 Float Probability of low outcome of lottery B

Procedure of the task

Min Mean Max
forced Dummy 1 if consistency was forced, 0 otherwise 0 00008 1
random Dummy 1 if decisions in random order, 0 otherwise 0 00071 1
incentivised Dummy 1 if task paid with money, 0 otherwise 0 00896 1
exchange Float Exchange rate experimental currency unit/$ 1 42037 21500
realmoney Float Expected value ($) of option A (50%–50%) 0 2505 274.8

Characteristics of the experiment

Min Mean Max
control Dummy 1 if task used as control, 0 otherwise 0 00537 1
treatment Integer Treatment in the original paper (not in the HL) 1 10566 13

the mean choice by gender and its confidence inter-
vals, as well as the p-value of the Mann-Whitney test
on the equality of the two distributions. In both the
table and the figure, unpublished results are reported
separately. In Table 6, papers are listed alphabetically,
and significant results are shown in bold. In Figure 1,
papers are sorted according to the strength of their
results supporting the stylised fact that women are
more risk averse. The upper part of each panel con-
tains the papers in which females are more risk averse
than males, sorted by decreasing significance. In the
lower part of the figure, the papers (12 published, 2
unpublished) in which the average female is less risk
averse than the average male are listed and sorted by
increasing significance.

In 41 published and 6 unpublished papers, females
show a more risk-averse average behaviour than
males, as far as point estimates are concerned. How-
ever, the difference is in the majority of cases not sig-
nificant. Males are more risk averse than females in

12 published and 2 unpublished papers, and this dif-
ference is never significant. When looking together at
the whole data set of published and working papers,
only around 12.6% (8 out of 63) of the HL replications
display significant gender differences, a result that is
even weaker than the already weak evidence of a gen-
der difference that emerged in the survey made in §2.
This fraction decreases to about 9.25% (5 out of 54)
restricting the analysis to the published studies only.12

Test statistics tell us if an effect can be said to
apply out of sample and to the whole population,
and effect size statistics tell us how substantial this
effect is, irrespective of sample size. Applying the

12 We also carried out maximum-likelihood structural estimations
paper by paper for the cases in which full information is available.
The results are by and large consistent with the Mann-Whitney
results, with just 3 out of 37 papers finding significant gender dif-
ferences. See the results in Table A.2 in the appendix; the method-
ology applied to derive the table is described in detail in §4.3.

M
an

ag
em

en
t S

ci
en

ce
 



Filippin and Crosetto: A Reconsideration of Gender Differences in Risk Attitudes
Management Science, Articles in Advance, pp. 1–23, © 2016 INFORMS 9

Table 6 Results by Gender of the HL Replications (Consistent Subjects Only)

Article Nm Nf Safem Safef Mann-Whitney Cohen’s d Detail

Published
Abdellaoui et al. (2011) 21 15 4.90 5.20 0.66 0015 Full
Andersen et al. (2008) 55 56 5.69 5.79 0.58 0005 Full
Andersen et al. (2010) 65 24 6.25 6.71 0.55 0026 Partial
Baker et al. (2008) 25 11 5.28 5.63 0.56 — summary
Barrera and Simpson (2012) 32 66 5.31 5.44 0.80 0008 Full
Bauernschuster et al. (2010) 67 107 6.18 6.55 0.22 0025 Full
Bellemare and Shearer (2010) 60 24 4.18 4.92 0.06 0034 Full
Brañas-Garza and Rustichini (2011) 53 92 4.49 4.67 0.65 0007 Full
Carlsson et al. (2012) 105 108 5.82 5.39 0.26 −0017 Full
Casari (2009) 40 38 5.35 5.82 0.30 0034 Full
Chakravarty et al. (2011) 32 5 6.31 6.60 0.72 0017 Full
Chen et al. (2013) 26 46 6.15 6.28 0.35 0010 Full
Cobo-Reyes and Jimenez (2012) 32 44 4.50 5.23 0.29 0034 Full
Dave et al. (2010) 353 449 6.13 6.60 0.00 0025 Full
Deck et al. (2012) 27 20 6.30 5.75 0.31 −0031 Full
Dickinson (2009) 72 54 4.82 4.46 0.18 −0023 Partial
Drichoutis and Koundouri (2012) 20 37 4.45 5.32 0.28 0031 Full
Duersch et al. (2012) 104 96 4.38 5.28 0.00 0058 Partial
Eckel and Wilson (2004) 133 99 5.30 5.50 0.30 — Summary
Eckel and Wilson (2006) 118 80 5.25 5.49 0.28 0014 Partial
Ehmke et al. (2010) 170 175 5.26 5.58 No — Summary
Fiedler and Glöckner (2012) 11 18 6.55 7.78 0.12 0072 Full
Fiore et al. (2009) 21 19 6.24 6.00 0.23 −0016 Full
Glöckner and Hilbig (2012) 93 66 5.45 5.70 0.45 0014 Full
Glöckner and Pachur (2012) 15 23 6.87 6.74 0.59 −0008 Full
Grijalva et al. (2011) 43 34 4.42 5.09 0.24 0035 Partial
Harrison et al. (2005) 72 80 5.43 5.89 0.07 0032 Full
Harrison et al. (2007) 14 7 3.50 1.79 0.22 −0061 Full
Harrison et al. (2013) 68 22 6.13 6.09 0.95 −0002 Full
Holt and Laury (2002) 114 85 5.95 6.33 0.13 0023 Full
Houser et al. (2010) 123 71 6.00 6.21 No — Summary
Jacquemet et al. (2008) 47 40 5.79 6.25 0.29 0028 Partial
Jamison et al. (2008) 55 75 5.55 6.20 0.01 0044 Full
Lange et al. (2007a) 68 53 5.34 5.83 0.09 0030 Partial
Lange et al. (2007b) 97 75 5.27 5.55 0.19 0019 Partial
Levy-Garboua et al. (2012) 29 25 6.07 5.68 0.36 −0024 Full
Lusk and Coble (2005) 38 9 5.58 4.78 0.43 −0044 Full
Masclet et al. (2009) 39 40 5.10 5.38 0.75 0014 Full
Mueller and Schwieren (2012) 55 61 5.29 5.43 0.93 0009 Full
Nieken and Schmitz (2012) 131 156 5.27 5.46 0.53 0011 Full
Pogrebna et al. (2011) 27 30 5.22 5.57 0.68 0021 Partial
Ponti and Carbone (2009) 21 12 5.33 5.75 0.82 0016 Full
Rosaz (2012) 47 65 5.70 5.71 0.87 0000 Partial
Rosaz and Villeval (2012) 138 141 5.16 5.40 0.32 0014 Partial
Ryvkin (2011) 21 21 5.86 5.76 1.00 −0005 Full
Schram and Sonnemans (2011) 90 47 5.83 5.51 0.30 −0022 Full
Schunk (2009) 14 25 7.00 6.00 0.22 — Summary
Shafran (2010) 31 33 4.55 5.15 0.16 0040 Full
Slonim and Guillen (2010) 74 42 5.09 5.74 0.07 0038 Full
Sloof and van Praag (2010) 39 47 5.08 5.45 0.19 0028 Full
Szrek et al. (2012) 80 118 5.15 5.86 0.03 0034 Full
Viscusi et al. (2011) 71 49 5.79 5.82 No — Summary
Wakolbinger and Haigner (2009) 71 60 5.27 5.73 0.05 0027 Full
Yechiam and Hochman (2013) 5 6 5.00 5.00 0.93 0000 Full

Working papers: Not published as of January 31, 2013
Crosetto and Filippin (2016) 30 38 6.13 6.05 0.70 −0005 Full
Deck et al. (2010) 18 21 6.75 6.88 0.74 — Summary
Delnoij et al. (2014) 52 65 5.67 6.60 0.00 0062 Full
He et al. (2011) 100 100 4.48 5.25 0.05 — Summary
Kocher et al. (2013a) 97 49 5.40 5.84 0.03 0028 Full
Kocher et al. (2013b) 157 126 5.62 5.95 0.07 0021 Partial
Laury (2005) 17 9 5.88 5.77 0.87 — Summary
Niemeyer et al. (2013) 13 5 5.31 6.00 0.84 0033 Full
Schipper (2012) 110 78 4.68 4.67 0.78 −0001 Full

Note. Significance at 5% of gender differences emphasized in bold.
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Figure 1 Gender Differences Across HL Replications (Papers with Full and Partial Detail, Consistent Subjects)
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aforementioned thresholds to our data, including both
published and unpublished papers, we find that
23 papers find a small effect, and 3 papers find a
medium effect. At the same time, 5 papers find a
small effect and 1 paper finds a medium effect in the
opposite direction (i.e., males more risk averse than
females); 22 papers find a null effect (Cohen’s d< 002)
in either direction.

These descriptive statistics immediately show that
gender differences in risk attitudes are not a ubiq-
uitous phenomenon. In contrast, using the HL task,
they appear as the exception rather than the rule.
This finding is clearly at odds with the common wis-
dom in the literature that females are more risk averse
than males. However, before drawing any conclusion
we have to make sure that we are not observing a
false negative: failing to detect an effect cannot be
directly interpreted as the proof of its absence. In
what follows, we will come back to this point, start-
ing from the next section in which we merge the
microdata.

4.2. Merging the Data Sets
The goal of this section is to derive additional insights
by merging all the available microdata rather than
analyzing them separately.13 This approach has many
advantages. First, it allows us to boost the statisti-
cal power of our test, thereby almost eliminating the
likelihood of observing a false negative. Second, it
makes possible to provide a precise quantitative esti-
mate of the magnitude of gender differences using
the HL task. Third, it gives the opportunity to iden-
tify the determinants of the number of safe choices
over and above the role played by gender. Fourth,
the panel structure of the data set grants the oppor-
tunity of controlling for any paper-specific character-
istic, both observable and unobservable. A byproduct
of this exercise is also to deliver a precise quantitative
estimate of the main findings in the HL in general.
However, before pursuing these goals, we deal with
an important feature of the HL task, i.e., that of gen-
erating inconsistent choices.

4.2.1. Inconsistent Observations. One of the fea-
tures of the HL task is that it generates a significant
fraction of choices that cannot easily be interpreted.
In particular, an expected utility maximiser should
switch once (and only once) from option A to
option B. It is commonly found instead that a fraction
of subjects do not conform to this behaviour, switch-
ing from option B to option A. This can be the con-
sequence of going back and forth from option A to

13 Since the unpublished papers are a small and nonrepresentative
sample, their presence could bias the results of the merged data set.
Hence, in this and in all further sections we restrict our attention
to published papers only.

option B, or starting from B and then moving to A.
In both cases, such a pattern is not consistent with
the behaviour of an expected utility maximiser and
for this reason such choices are usually defined as
inconsistent. This is not the only way in which the
behaviour seems to contradict the predictions implied
by the axioms of expected utility theory. For instance,
choosing option A when the good outcome is sure
violates monotonicity, and the same happens when
choosing option B in the versions of HL containing a
row in which the bad outcome is certain.

However, observing similar patterns does not nec-
essarily imply a violation of the axioms underlying
expected utility, as the subjects could simply be con-
sistent with this model but at the same time making
mistakes. We test what happens when accepting this
view by estimating a structural model with a stochas-
tic component in §4.3.

The goal of this section is instead to describe the
pattern of inconsistent choices, also trying to shed
some light on their determinants and consequences.
We do so by exploiting all the information we have
concerning inconsistent choices, including also the
’partial’ data sets. In contrast, we cannot rely upon
the papers about which we only have descriptive
statistics.

The absolute frequency of inconsistent choices has
already been summarised in Table 4. In Table 7 we
provide a more detailed picture showing a break-
down by gender and type of inconsistency. Table 7
displays the number of inconsistent choices, over-
all and by gender, out of the total number that
can be potentially observed for each type of incon-
sistency. For instance, multiple switching cannot be
observed in papers in which a single switching deci-
sion is imposed by design. Always choosing the safer
(riskier) lottery is a dominated action only if there is
a choice in which the good outcome has probability
one (zero).14

Multiple switching is the most common type of in-
consistent behaviour, observed about 10% of the time.
Females are significantly more likely to be inconsis-
tent (Fisher exact test p < 00001) and, at first glance,
this might be consistent with the literature finding
gender differences in numeracy (see, for instance,
Niederle and Vesterlund 2010). These differences sur-
vive also in a multivariate framework in which other
possible determinants are included. In particular, pre-
senting the lotteries in random order dramatically
increases the fraction of inconsistencies. The number

14 We consider this to be the case when the probability of the good
outcome is zero, but also for one paper in which the lowest prob-
ability of the good outcome is 1%. Strictly speaking, this is not a
direct violation of consistency, but an expected utility maximiser
should be characterised by an unbelievably high risk-aversion coef-
ficient to choose the safe lottery in this case.
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Table 7 Summary Statistics of Inconsistent Subjects by Type and Gender

Inconsistent subjects % of inconsistent subjects

Number Out of Males Females Total

Multiple or inverse switching 703 6,825 8.8 1108 1003
Dominated choices 102 6,882 1.8 102 105
Switch and dominated 270 6,825 3.6 403 400
Total 11075 — 14.1 1703 1508

Note. For each type of inconsistency, the maximum number of observations (out of) has been computed separately, including only the
studies in which each event can possibly happen.

of choices in the price list also significantly increases
inconsistencies, although to a much lower extent,
whereas the presence of monetary incentives signifi-
cantly reduces them.

Inconsistent subjects make on average 5016 safe
choices, without significant gender differences (Mann-
Whitney test, p = 0067). This number is lower than
that of consistent subjects (5062), and significantly so
(Mann-Whitney test, p < 00001). At first glance this
seems to suggest that inconsistent subjects tend to
systematically bias downward the number of safe
choices. However, a more careful interpretation sug-
gests that inconsistent subjects simply tend to make
choices that are closer to a random decision, which in
the framework of the HL task coincides with choos-
ing each option half of the time. This interpretation is
in line with Andersson et al. (2016), who claim that
the positive correlation between risk aversion and IQ
that has been emphasised, among others, by Dohmen
et al. (2010), is an artifact of the format of the price list.

Dominated choices are much less frequent. Gender,
in this case, does not help explain the results, and
neither do the other determinants, with the exception
of monetary incentives, that affect behaviour in the
expected direction.

4.2.2. Ordinary Least Squares Estimate of Gen-
der Differences. In this section we analyse the risk
attitudes of consistent subjects only. Besides greatly
simplifying the estimated decision-making process,
this approach has the advantage of allowing us to
analyse the largest possible sample of microdata,
because we must give up only the papers with “sum-
mary” data.15 The higher variance in HL implementa-
tion details granted by the whole sample of published
papers helps to better identify the determinants of the
choices.

Table 8 shows that on average males make a lower
number of safe choices, whereas variance is simi-
lar. Thanks to the high number of observations, gen-
der differences turn out to be statistically significant

15 Estimates including inconsistent subjects can be performed only
for the subset of papers for which we have “full” data, as done
via structural model estimation in §4.3. Table 8 shows that restrict-
ing the sample to “full” data would not significantly change the
picture.

Table 8 Summary Statistics of Safe Choices (Published Papers,
Consistent Subjects Only)

Mean Std. dev. N

Data (detail= “partial” + “full”) 5.62 1.89 5,807
Males 5.46 1.89 2,936
Females 5.78 1.89 2,871
Data (detail= “full”) 5.73 1.95 4,196
Males 5.58 1.93 2,057
Females 5.88 1.95 2,139

(Mann-Whitney test, p < 00001) in both samples. The
Cohen’s d on the pooled sample is d = 0017, a tiny
17% of a standard deviation, even below the thresh-
old of 002 used to identify a small effect. To give
an example of how small this is, consider that when
comparing two random persons, and assuming nor-
mal distribution of risk preferences, there would be a
54078% chance of being correct when saying that the
more risk averse of the two is a woman, against a
50% chance for a random answer.

For the sake of comparison, we run a similar exer-
cise using data for the IG and for the Eckel and
Grossman task. For the IG, we use the Cohen’s d’s
computed by Nelson (2015b) for all the studies in-
cluded in the survey paper by Charness and Gneezy
(2012). For the EG task, we use the data provided
by the papers replicating the task, when available. In
both cases we add the Cohen’s d computed from data
presented in Crosetto and Filippin (2016). The average
effect size coincides for the two elicitation methods
and it is equal to d = 0055, more than three times the
effect found in HL.16 This effect is still not huge, but
classifiable as a medium effect at the aggregate level.

Summarizing, a significant gender gap is found in
the HL task only when considering a vast sample, but
it is negligible in size. In both IG and EG it is found

16 To make the two measures comparable, we compute the Cohen’s
d for each paper in our data set, and we then compare the mean
and distribution of this measure with the mean and distribution of
the papers for which we have enough data—16 papers for the IG
and 6 papers for the EG. The Cohen’s d for HL, computed from
our data, turns out to be dHL = 0013, significantly different from
dIG = 0055 (Mann-Whitney, p-value < 00001) and dEG = 0055 (Mann-
Whitney, p-value = 00003).
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Table 9 Determinants of the Number of Safe Choices

Dependent variable: Number of safe choices

(1) (2) (3) (4)

Coeff. Std. err. Coeff. Std. err. Coeff. Std. err. Coeff. Std. err.

constant 50460∗∗∗ 00035 50300∗∗∗ 00039 50350∗∗∗ 00049 50470∗∗∗ 00034
female 00321∗∗∗ 00049 00326∗∗∗ 00049 00294∗∗∗ 00059 00298∗∗∗ 00048
realmoney 00013∗∗∗ 00002 00020∗∗∗ 00002
realmoney/2/100 −00004∗∗∗ 00000 −00007∗∗∗ 00000
exchange/100 00011 00220 −00002 00009
randomorder 00359∗∗∗ 00005 00309∗∗ 00129
Fixed effects No No No Yes
R2 0.007 0.019 0.025 0.098
N 5,807 5,807 4,196 5,807
Detail Full + Partial Full + Partial Full Full + Partial

Note. Fixed effects at the replication level.
∗∗ and ∗∗∗ denote statistical significance at the 5% and 1% levels, respectively.

even in small samples and it is more than three times
as large.

The first step is to try to identify the determinants
of the number of safe choices, and their difference
along a gender perspective, by means of a regres-
sion analysis, whose results are reported in Table 9.
The unconditional gender difference is of 0032 safe
choices, and is significant (column (1)). In column (2)
we present our preferred specification. Gender differ-
ences barely change when relevant factors are con-
trolled for.17 On the other hand, we find that incen-
tives matter. Subjects tend to be more risk averse
when the incentives increase, although less so at the
margin. We also find that the money illusion induced
by inflating the experimental payoffs (given the same
amount of money at stake) has no effect. In contrast,
administering the lotteries in random order signifi-
cantly increases the average number of safe choices
on top of increasing the likelihood of observing an
inconsistent behaviour, as observed in the previous
section.

In column (3) of Table 9 we estimate the same speci-
fication but restrict the sample to the papers for which
we have “full” detail. We perform this exercise for
the sake of comparability with what will be shown
in §4.3, where inconsistent subjects are also included
in the analysis, requiring the availability of all their

17 There are different formats of the HL implemented, but variation
is low. Many papers are exact replications of HL. This generates
problems of collinearity when including many controls at the same
time. For instance, we do not have enough variance to meaning-
fully estimate the effect of the support of probability spanned by
the HL list together with administering the lotteries in random
order. Similarly, we cannot interact the features of the HL task with
gender. On the other hand, there is no gender difference in the
reaction to the amount of money at stake and in the random order
of the lottery. Hence we do not include these interactions even if
technically possible.

binary choices. Results barely change, and in particu-
lar the gender gap decreases only slightly at 0029.

The panel dimension of our data set allows us to
control for any observable and unobservable charac-
teristic common to each replication. Column (4) of
Table 9 reports the results of a fixed-effect specifi-
cation. Females make on average 00298 safe choices
more than males, confirming by and large what is
found in §4.1.

The results of this section show that in HL the
choices of males and females are not identical. How-
ever, this difference can be detected in a significant
way only when the statistical power of the test is high,
and it is economically unimportant in terms of mag-
nitude. This evidence is clearly different from what
emerges, for instance, in the IG or in the EG task.
Hence, evidence based on those two tasks only can-
not be regarded as sufficient to attribute the different
observed behaviour to actual differences in the under-
lying risk attitudes. The characteristics of the risk elic-
itation mechanism affect systematically the measured
risk preferences, and do not simply add noise. Along
the gender dimension the influence of the features of
the task is so important to affect the behaviour at the
aggregate level. The problem becomes then to disen-
tangle the task versus underlying preferences conun-
drum. We do so in the next section exploiting all the
information we have concerning the decision process,
i.e., also including rationalizable mistakes in a struc-
tural model that includes a stochastic component.18

4.3. Structural Estimation with
Maximum Likelihood

To identify possible gender differences in the shape
of risk preference, we make use of a structural model,

18 We exclude subjects making transparent errors, i.e., when a lower
amount, for certain, is preferred to a higher one. Results are qual-
itatively similar including them, or excluding only the choices in
which transparent errors are made.
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which does not impose a deterministic choice be-
tween lotteries. We assume that the subject is an
expected utility maximiser who can make an error (�)
in comparing the expected utility of the available lot-
teries. We employ a Fechner representation of stochas-
tic decisions. In the case of binary choices, this means
that the subject will choose the lottery displayed on
the right whenever EUR >EUL + �. The probability of
choosing the lottery right (R) is therefore given by

Pr4R5= Pr4� < EUR −EUL50 (1)

Different parametric assumptions on the shape of
the error distribution identify different choice mod-
els. Previous research has shown that the error struc-
ture assumed has relevant effects on the estimated
risk preferences (Blavatskyy and Pogrebna 2010, Stott
2006). Therefore, we will investigate gender differ-
ences in the estimated preferences using three differ-
ent error specifications: probit, logit, and Luce.

The probit specification assumes that the error is
normally distributed, as done, for instance, in Hey
and Orme (1994). From the assumption that � ∼

N401�25, it follows that �/� follows a unit normal dis-
tribution. Therefore, the probability of choosing R can
be evaluated using the cumulative distribution func-
tion of a standardised normal ê4 5:

Pr4R5=ê

(

EUR −EUL

�

)

1 (2)

whereas the probability of choosing left (L) is obvi-
ously the complement to one.

Assuming that the error follows a logistic distribu-
tion defines the logit specification, used for instance
by Stott (2006). The underlying mechanism is the
same as in probit, the only difference being that here
the probability of choosing R is evaluated using the
cumulative distribution function of a logistic distri-
bution å401�5. The equivalent of Equation (2) in this
case has an easy closed-form solution:

Pr4R5=
1

1 + e−41/�54EUR−EUL5
0 (3)

Another error specification has been proposed by
Luce (1959) and is the same used by Holt and Laury
(2002) in their original contribution.19 The probability
of choosing R becomes in this case20

Pr4R5=
EU 1/�

R

EU 1/�
L +EU 1/�

R

0 (4)

19 Detailed instructions as well as a script to implement this proce-
dure can be found in Harrison and Rutström (2008).
20 The Luce choice model can also be given a Fechner representa-
tion using the logarithms of expected utilities. In fact, Equation (4)
can be derived starting from Pr4R5= Pr4ln4EUR5− ln4EUL5 < �5 and
�∼å401�50

It is easily shown that in both Luce and logit mod-
els, Pr4R5 converges to 1

2 as �→ �, and, as �→ 0, it
goes to 1 when EUR >EUL and to 0 when EUL <EUR.

We assume a flexible functional form of subjects’
preferences, as represented by an expo-power utility
function:

U4x5=
1 − e−ax1−r

a
1 (5)

which has the advantage of encompassing the two
most common utility functions, i.e., the constant abso-
lute risk aversion (CARA) (when r = 1) and the CRRA
(when a→ 0).21

Given the above assumptions, we can write the log-
likelihood function as

LogLik =

{

ln 1 − Pr4R5 if choice is option A1

ln Pr4R5 if choice is option B1

and then separately estimate for each paper and
jointly over all the data set a structural model of
choice using maximum likelihood and clustering stan-
dard errors by subject.22 The model is estimated using
the amounts in dollars of the HL table, and using all
the papers characterized by “full” detail.23

We allow for heterogeneity by gender and we
include as control a dummy for hypothetical versus
real payoffs and a dummy for the random order of
the choices for all the parameters (r , a, and �). We
control for the money illusion possibly induced by the
experimental exchange rate on r and a, and for the
possible effect of the number of choices on the noise
parameter �.

Results are shown in Table 10 and are in line with
what are found in the previous section using regres-
sion analysis.

The different models display a rather consistent pic-
ture. First, the expo-power estimation results suggest
that preferences are well represented by a CRRA util-
ity function. In fact, the coefficient a of the expo power
is never significantly different from zero, neither for
males nor females (see the test of Ho2 a + afemale = 0
reported below each estimate) for all the error spec-
ifications. A CARA specification is hence rejected by
the data across all error structures.24 Nevertheless,

21 The coefficient of relative risk aversion of the expo power is equal
to r + a41 − r5x1−r , which depends on income as long as a 6= 0.
22 The estimate paper by paper gives similar results to the ones
detailed in Table 6 and is not reported.
23 As a robustness check we also estimate the same models exclud-
ing from the sample the three papers with the highest stakes. The
reason is that extremely high stakes may have a large impact on the
curvature of the estimated function, in particular in the stochastic
choice models that are not invariant to the scale of the stakes such
as probit and logit. Results are similar to the ones reported here
and available upon request.
24 The CARA estimates are reported for completeness in Table A.1
in the appendix.
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Table 10 Maximum-Likelihood Estimation

Probit error Logit error Luce error

Coeff. Std. err. Coeff. Std. err. Coeff. Std. err.

Expo power
r 00477∗∗∗ 00042 00229∗∗∗ 00045 00399∗∗∗ 00036
rfemale 00012 00008 00040 00026 00039∗ 00021
a −00018 00028 −00013 00010 00002 00020
afemale −00004 00024 00017∗∗ 00007 −00001 00036
� 00624∗∗∗ 00089 00217∗∗∗ 00022 00337∗∗∗ 00032
�female −00138∗∗∗ 00048 −00004 00008 −00047∗∗∗ 00013

Log likelihood −2115540863 −2011210776 −2111350871
Test a+ afemale = 0 0.4641 0.6261 0.9684

CRRA
r 00440∗∗∗ 00026 00396∗∗∗ 00023 00186∗∗∗ 00029
rfemale 00039∗ 00020 00050∗∗∗ 00015 00090∗∗∗ 00018
� 10142∗∗∗ 00123 00618∗∗∗ 00069 00218∗∗∗ 00021
�female −00103∗∗ 00044 −00048∗ 00025 −00009 00007

Log likelihood −2116430586 −2111920097 −2011380628

Notes. Number of decisions = 48,965; number of subjects = 4,899; standard error clustered by subjects. Additional controls (not reported): incentivized vs.
hypothetical stakes; choices presented in random order for all parameters; exchange rate between experimental currency unit and currency for parameter r
and �; number of choices for parameter �.

∗, ∗∗, and ∗∗∗ denote statistical significance at the 10%, 5%, and 1% levels, respectively.

directly estimating the CRRA delivers different results
for our main variable of interest. Although the range
of the baseline r does not differ much, as it goes from
0023 to 0048 in the expo power and from 0018 to 0044 in
the CRRA, gender differences appear to be stronger
and more significant in the CRRA than in the expo
power.

The noise coefficient � is rather volatile across
error specifications but appears to be quite high. For
the sake of comparison, Dave et al. (2010) find a
� of about 0.08 using the Luce error specification,
but this discrepancy is not very surprising given the
much higher heterogeneity (in terms of experimental
design, shape of the HL list, and stakes) in our data
set. However, all the specifications consistently show
that females display a significantly lower �, provid-
ing some evidence against females’ lower numeracy
as a possible explanation of gender differences. In
fact, if numeracy played a role, the lower understand-
ing of the task, ceteris paribus, should have been
reflected via higher confusion and more frequent deci-
sion errors by a higher �female.

The coefficients of the controls are not reported to
enhance the readability of the table. A robust and
not surprising result is that measured risk aversion is
consistently and significantly higher when the exper-
iment does not entail hypothetical rewards. Subjects’
behaviour reacts in a qualitatively similar way to
the artificial inflation of the payoffs obtained through
the exchange rate of the experimental currency unit,
although to a much lower extent. Presenting lotteries
in random order appears to decrease risk aversion,

except in the Luce specification. The controls of the
noise coefficient � are instead characterized by a
remarkably erratic behaviour across error specifica-
tions and utility functions.

Although with some difference with respect to the
linear specification of §4.2.2, the structural model
seems to confirm that significant gender differences
are detected in the HL task when merging all the
observations. The reason is to be found in the sky-
rocketing increase of the statistical power of the test,
which drives fairly close to zero the likelihood of
observing a false negative when data are merged. The
magnitude of the observed differences is, however,
much lower in the HL with respect to other tasks, and
the next section tries to provide some possible expla-
nations, besides arguing that the differences in the HL
task might be driven by probability weighing rather
than risk aversion.

5. Gender Differences and the
Characteristics of the Task

The analysis carried out in §4 shows that the likeli-
hood of observing gender differences differs system-
atically across elicitation methods. The question then
becomes why this is the case and which characteris-
tics of the tasks drive such a result.

Higher Noisiness of HL. It has been argued (Dave
et al. 2010, Charness and Viceisza 2016, among others)
that HL is a relatively demanding task from a cogni-
tive point of view. Being more difficult to understand
than other methods, HL might elicit noisier signals.
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The noise could then blur the evidence and lead to
the observed lack of significant gender differences in
small to medium samples.

Although relevant from a logical point of view
(a noisier signal would both make differences less
likely to be significant and reduce the Cohen’s d),
this argument fails empirically. HL indeed generates
a high number of inconsistent choices, but this is a
double-edged sword. On the one hand, the presence
of large shares of inconsistent subjects is a sign of the
cognitive complexity of the task; on the other hand,
inconsistencies allow the researcher to single out and
exclude the subjects who did not understand the task,
yielding a cleaner data set. In fact, there are several
pieces of evidence consistently showing that HL is
not noisier than the other methods analysed once the
inconsistent subjects are excluded.

First, we compare the signal to noise ratio (SNR)
of the tasks, defined as the mean choice in each task
divided by its standard deviation. If HL were noisier,
it should display a lower SNR than the other tasks.
This is not the case. The SNR in our data set of HL
replications is equal to 3034, higher than the average
of the replications of the SNR of the IG (2006) and
the EG task (2041).25 These results are confirmed by a
replication in a homogeneous subject pool performed
by Crosetto and Filippin (2016), with SNR of 3027 for
HL, 2067 for IG and 2016 for EG.

Second, Crosetto and Filippin (2016) simulate with
virtual agents (not affected by complexity and with
a known distribution of risk preferences) the effect
of the mechanics of the different tasks on the mea-
sured risk attitudes. If HL induces noisier choices, one
should observe a sizeable discrepancy of the variance
of choices in the human relative to the virtual sub-
jects. This is not the case. The standard deviation of
measured preferences in the simulations is similar to
that obtained by consistent human subjects.

Theoretical Comparison. Having excluded that the
pattern of gender differences stems from a different
precision in measuring risk attitudes, we move to
a quick comparison of the methods described in §2
from a theoretical point of view. The goal is to iden-
tify the features that correlate systematically with the
observation of gender differences.

Apart from the number of choices, the tasks differ
along three main lines: (a) the lotteries being gener-
ated by changes in probabilities rather than outcomes;
(b) the truncation of the domain of risk preferences

25 We use data from Nelson (2015b) for the IG, and our compu-
tations for EG. Note that since we do not have the microdata of
the replications of IG and EG, we cannot compute the SNR of the
pooled samples. However, the distribution of the SNR of the indi-
vidual replications of both IG and EG is significantly different than
that of the HL replications (Mann-Whitney, p < 00001).

covered by the task; (c) the availability of a safe (risk-
free) option among the set of alternatives.

The IG and the EG task are similar as far as
these theoretical characteristics are concerned. They
both generate lotteries varying the amounts at stake,
while probabilities are kept fixed at 50%. More-
over, both tasks can identify only different degrees
of risk aversion and cannot disentangle risk-loving
from risk-neutral behaviour. In the IG, risk-neutral
as well as risk-loving subjects should invest their
entire endowment. In the EG task, lottery 5 yields
the highest expected value and should be the pre-
ferred alternative of risk-neutral and risk-loving sub-
jects alike. Finally, both elicitation methods include
risk-free alternatives. EG includes a degenerate lot-
tery with no uncertainty that is equivalent to a safe
choice, whereas in IG subjects have the opportunity
of securing any amount between zero and the whole
endowment.

The HL task differs from IG and EG along all three
dimensions. First, lotteries are generated changing
probabilities over fixed outcomes. Second, HL mea-
sures preferences both in the risk-averse and in the
risk-loving domain. Third, the choice set does not
include a riskless alternative. The subject must incur
some risks as the degenerate lottery in row number
10 of the original HL is played with 10% probability
only. It can be argued that the role of the risk-free
alternative might be played by the low amount of
the safe lottery, that can be secured by always choos-
ing option A (except in row 10). Whether such an
amount can be considered as a risk-free alternative is
disputable, but it is definitely less focal than in the
other two elicitation methods. In fact, it is not directly
shown to the subjects, it requires some elaboration to
be identified, and its salience is likely diluted by the
existence of multiple choices, which induce row-by-
row comparisons.26

The joint presence of these three factors (safe op-
tion, truncation of the domain, change in probabilities
versus change in amounts at stake with fixed 50%
probability) correlate with the likelihood of observing
gender differences in risk preferences. Evidence from
the Bomb Risk Elicitation Task (Crosetto and Filippin
2013), a task sharing the three characteristics with HL,
goes in the same direction, since no gender differences
are found.

The next step is to try to disentangle the role of
each of these factors.

26 We tried to estimate an endogenous reference point à la Koszegi
and Rabin (2007). This turned out not to be possible because of
identification problems, since several combinations of the reference
point and the loss and risk-aversion parameter could generate the
same data.
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Truncation of the Opportunity Set. Our data allows
us to exclude that the observed pattern of gender
differences depends on the truncation of the oppor-
tunity set. Such a rationalization could hold only if
females were more risk seeking in the risk-loving
domain. A task that covers only the risk-aversion
domain would then deliver an upward biased esti-
mate of females’ risk aversion. Our data set allows
us to directly test and exclude this possibility. In
fact, in HL females appear slightly more risk averse
uniformly, i.e., also in the risk-loving domain. Fur-
ther evidence supporting this claim is provided by
a different task, namely, the Outcome Scale method,
consisting of a multiple price list with an increas-
ing safe option against the same 50/50 lottery. The
Outcome Scale method has hence two features in
common with EG and IG, while, similarly to HL, it
covers the entire domain of preferences. A gender gap
is a recurrent finding also with the Outcome Scale
method. For instance, gender differences are found
by Dohmen et al. (2011), Sapienza et al. (2009), Sut-
ter et al. (2013), with Cohen’s d in the range of ∼0035,
whereas no differences are reported by Dohmen et al.
(2010), Masatlioglu et al. (2012).
Safe Option. The availability of a safe option within

the set of alternatives has been shown to increase the
likelihood of observing violations of expected utility
theory (Andreoni and Sprenger 2012, Camerer 1992,
Harless and Camerer 1994, Starmer 2000), and there-
fore a possibility is that the impact of certainty effects
differs by gender.

The literature offers the possibility of testing this
explanation only indirectly. Some HL replications use
a slightly modified version of the HL task in which
subjects repeatedly choose between a safe amount
and risky lotteries characterised by fixed amounts
and differing probabilities. We collected data from
15 studies using versions of HL that broadly fit into
this category. Within these studies, gender differences
emerge more frequently (in 20% rather than 905% of
the papers); when pooling all the data and interacting
gender with the availability of a safe option in a joint
regression, though, results do not support a signifi-
cant role of the safe option.

Unfortunately, such an exercise cannot be consid-
ered a valid test because the safe-option papers dif-
fer from the standard HL in several other dimensions
that are confounded with the availability of a safe
option itself.27 The number of options is higher (15)
and limited to the range of probability 6003 − 17 of the
good outcome to occur. Moreover, the fixed amount

27 These 15 papers come from the same group of authors employing
the same design (it is the case of, among others, Sheremeta 2010,
Cason et al. 2010, Price and Sheremeta 2011).

is usually lower than the expected value of the 50%–
50% risky lottery, it is kept constant across all rows
and is therefore different from the expected value of
the corresponding option A in the classic HL.

Fixed Probabilities. The role of fixed probabilities is
even harder to ascertain given the existing litera-
ture. A study by Bruner (2009) tests two different HL
tables, one with changing stakes and one with chang-
ing probabilities, but unfortunately no information on
gender is available. Another recent paper (Andersson
et al. 2016) employs an Outcome Scale method with-
out a safe option, effectively replicating a HL method
with fixed probabilities, but finds significant gender
differences in one of the two experiments of the study,
and not in the other.

Probability Weighting. Probability weighting might
in principle play a role in explaining the different out-
comes across methods. The effects of basing decisions
on perceived weights that differ from objective prob-
abilities should be higher in HL, where probabilities
vary, than in other tasks in which probabilities are
fixed and equal to 50%–50%. If probability weight-
ing led females to act in a less risk-averse way, HL
would detect lower gender differences. This explana-
tion, however, fails on empirical grounds since adding
probability weighting makes gender differences dis-
appear.

Given the shape of the probability weighting func-
tion by gender, females should appear more risk
averse than males. Therefore, probability weighting
could possibly account for the small gender differ-
ences found in the HL task, but not for the hetero-
geneity of results across methods. If anything, under
probability weighting we should observe more gender
differences in HL than in 50–50 tasks.

We run maximum-likelihood structural estimations
as done in §4.3, adding a Lattimore et al. (1992)
two-parameter probability weighting function. That
is, we run maximum-likelihood estimations assuming
CRRA, the three different error structures explored
above, and we impose that subjects weigh probabili-
ties according to the function

w4p5=
�p�

�p� + 41 − p5�
0

Running the exact same specification used in
Table 10 results in unusual shapes of the probability
weighting function, and erratic estimates across error
specifications. We hence add study dummies to the
� parameter to account for heterogeneity across HL
replications. The results, detailed in Table 11, show
that gender differences in risk attitudes disappear,
and, depending on the specification, they appear in
the parameter � of the probability weighting function.
The shape of the function is nonetheless rather het-
erogeneous across error structures.
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Table 11 Probability Weighting Maximum-Likelihood Estimation

Probit error Logit error Luce error

CRRA with prob. weigh. Coeff. Std. err. Coeff. Std. err. Coeff. Std. err.

r 00429∗∗∗ 00019 00462∗∗∗ 00025 00220∗∗∗ 00006
rfemale 00019 00019 00024 00025 00013 00009
� 00917∗∗∗ 00090 00412∗∗∗ 00045 00115∗∗∗ 00013
�female 00021 00033 00014 00017 −00000 00004

� 00516∗∗∗ 00085 00278∗∗∗ 00039 00496∗∗∗ 00000
�female 00140∗ 00078 00068∗∗ 00034 00001 00000
� 00633∗∗∗ 00035 00584∗∗∗ 00041 00158∗∗∗ 00013
�female −00037 00049 −00045 00053 −00010 00017

Log likelihood −1911040488 −1819670302 −1819100492

Notes. Number of decisions = 48,965; number of subjects = 4,899; standard error clustered by subjects. Additional controls (not reported): incentivized vs.
hypothetical stakes; choices presented in random order for all parameters; exchange rate between ECU and currency for parameter r and �; number of choices
and study dummies (37 studies) for parameter �.

∗, ∗∗, and ∗∗∗ denote statistical significance at the 10%, 5%, and 1% levels, respectively.

Summing up, the results in the literature indicate
that when a safe option is available, and when the
tasks employ 50/50 lotteries changing the amounts
at stake to generate variation in the expected val-
ues (IG, EG), then gender differences in risk prefer-
ences are usually found. The data we collected and
the evidence present in the literature do not allow
us, though, to disentangle which of the two charac-
teristics of the task is crucial for the emergence of
gender differences. The absence of both (HL, Bomb
task) seem to lead to a similar behaviour of males and
females. More research and the development of ad hoc
tests in a controlled environment are needed to shed
more light on this issue.

6. Discussion and Conclusions
In the economics literature, there is a wide agreement
that females are more risk averse than males. In this
paper we reconsider this issue, complementing the
existing literature with several findings.

First, we show that the emergence of gender differ-
ences appears to be task specific. Whereas gender dif-
ferences are a constant finding of both the Investment
Game (Gneezy and Potters 1997) and of the Eckel and
Grossman (2002) task, they do not appear in the Bomb
Risk Elicitation Task (Crosetto and Filippin 2013). Our
thorough survey of the literature shows that gender
differences are the exception rather than the rule, also
in the most widely used risk elicitation task (Holt and
Laury 2002).

Second, we provide the largest analysis of HL repli-
cations to date. Since HL is usually employed as a
companion task in experiments focusing on other top-
ics, the number of papers directly reporting gender
results is small relative to the number of replications.
By gathering the original data from the authors, we
built a data set of 54 published papers involving

about 7,000 subjects and covering more than half of
all the HL published replications. We found that gen-
der differences appear in less than 10% of the pub-
lished papers. This striking difference is neither due
to a different average sample size, nor to a greater
noise determined by the HL task.

The creation of a comparable data set of HL repli-
cations allows us to merge the data and reach several
further goals. First, we can provide a reliable estimate
of the typical results obtained with the HL task. The
average unconditional number of safe choices maps
into an Arrow–Pratt coefficient of risk aversion equal
to r = 0036. Inconsistent choices are commonly found
and characterize, on average, 1508% of the subjects.
We find that females are more likely to display an
inconsistent behaviour than males, but the choices
of inconsistent subjects do not differ by gender. Sec-
ond and foremost, merging the replications allows us
to boost the statistical power when testing the exis-
tence of gender differences, virtually eliminating the
possibility of facing a false negative. In doing so,
we indeed detect significant differences. Their mag-
nitude is, however, economically unimportant; i.e.,
about one-sixth of a standard deviation, which is three
times lower than what is found, for instance, in the
Gneezy and Potters (1997) Investment Game or in
the Eckel and Grossman (2002) lottery choice task.
Third, a stochastic choice model estimated with maxi-
mum likelihood finds that preferences should be rep-
resented by a CRRA utility function for both males
and females. This procedure also provides evidence
against numeracy as a possible explanation of gender
differences.

Heterogeneity in risk preferences across tasks and
domains has already been observed in the litera-
ture. The main difference between our results and the
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stated view in the literature is that we link the like-
lihood of observing gender differences with the fea-
tures of the task used to elicit risk preferences. Our
results suggest that not only do subjects react differ-
ently to different tasks, but males and females may be
affected by different tasks in different ways. This is
an interesting and novel result per se because it sug-
gests that there is a structure behind the finding of
gender differences in risk attitudes. At the same time,
if the measured risk preferences depend on the elic-
itation task, it is natural to ask why this is the case
and which task gets closer to the true value of risk
preferences.

We do not provide a final answer to this question,
but we draw a map of the features of the different
tasks that might trigger different behaviour by gen-
der. We can rule out that the observed gender pat-
tern is due to the different domain of preferences (risk
averse, risk loving) investigated by the risk elicita-
tion methods. The characteristics that correlate with
the emergence of gender differences are restricted to
(a) the availability of a safe option among the set of
alternatives and (b) the use of 50–50 lotteries that vary
only in the amounts at stake. The first determinant is
likely to trigger certainty effects, and it is known in
the literature that safe options increase the likelihood
of observing violations of the predictions of expected

Appendix

Table A.1 Complement to Table 10: CARA Estimations

Probit error Logit error Luce error

CARA Coeff. Std. err. Coeff. Std. err. Coeff. Std. err.

� 00347∗∗∗ 00015 00344∗∗∗ 00015 00006∗∗∗ 00002
�female −00007 00013 −00004 00013 00007∗∗∗ 00002
� 00646∗∗∗ 00053 00618∗∗∗ 00347 00273∗∗∗ 00026
�female −00012 00024 −00011 00015 −00004 00007
Log likelihood −24,231.339 −24,219.353 −21,612.557

Notes. Number of decisions = 481965; number of subjects = 41899; standard error clustered by subjects.
∗∗∗Denotes statistical significance at the 1% level.

Table A.2 Maximum-Likelihood Estimation by Paper—CRRA Utility, Consistent Subjects Only

r rfemale

Article Mann-Whitney significant Coeff. p-value Coeff. p-value

Abdellaoui et al. (2011) No 00159 0.187 00050 0.777
Andersen et al. (2008) No 00448 0.000 00056 0.647
Barrera and Simpson (2012) No 00247 0.009 −00005 0.969
Bauernschuster et al. (2010) No 00310 0.000 00097 0.237
Bellemare and Shearer (2010) No −00064 0.522 00237 0.130
Brañas-Garza and Rustichini (2011) No 00008 0.952 00119 0.524
Carlsson et al. (2012) No 00505 0.000 −00193 0.133
Casari (2009) No 00333 0.000 00107 0.248
Chakravarty et al. (2011) No 00592 0.000 00093 0.687
Chen et al. (2013) No 00522 0.000 00070 0.373
Cobo-Reyes and Jimenez (2012) No 00071 0.649 00290 0.153

utility theory. The second factor prevents mispercep-
tions of probabilities from playing a role, and we
exclude that probability weighting might account for
the heterogeneity of results across task. The absence
of conclusive results makes further research necessary
to properly identify when and why males are more
risk tolerant than females.
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Table A.2 (Continued)

r rfemale

Article Mann-Whitney significant Coeff. p-value Coeff. p-value

Dave et al. (2010) Yes 00522 0.000 00131 0.001
Deck et al. (2012) No 00591 0.000 −00159 0.332
Drichoutis and Koundouri (2012) No −00038 0.885 00339 0.318
Fiedler and Glöckner (2012) No 00645 0.000 00304 0.135
Fiore et al. (2009) No 00573 0.000 −00059 0.656
Glöckner and Hilbig (2012) No 00477 0.000 −00113 0.308
Glöckner and Pachur (2012) No 00754 0.000 −00066 0.704
Harrison et al. (2005) No 00337 0.000 00069 0.285
Harrison et al. (2007) No 00603 0.050 −10089 0.084
Harrison et al. (2013) No 00540 0.000 −00041 0.791
Holt and Laury (2002) No 00488 0.000 00110 0.108
Jamison et al. (2008) Yes 00376 0.000 00230 0.004
Levy-Garboua et al. (2012) No 00464 0.000 −00173 0.904
Lusk and Coble (2005) No 00472 0.000 −00307 0.260
Masclet et al. (2009) No 00172 0.070 00100 0.509
Mueller and Schwieren (2012) No 00326 0.000 00033 0.692
Nieken and Schmitz (2012) No 00396 0.000 −00021 0.769
Ponti and Carbone (2009) No 00303 0.213 00295 0.553
Ryvkin (2011) No 00425 0.002 −00118 0.577
Schram and Sonnemans (2011) No 00468 0.000 −00075 0.329
Shafran (2010) No 00144 0.148 00150 0.278
Slonim and Guillen (2010) No 00316 0.000 00274 0.029
Sloof and van Praag (2010) No 00298 0.000 00061 0.503
Szrek et al. (2012) Yes 00335 0.000 00106 0.269
Wakolbinger and Haigner (2009) Yes 00329 0.000 00153 0.118
Yechiam and Hochman (2013) No 00312 0.079 −00065 0.765

Notes. Along the same lines as the estimations of §4.3, we estimated a CRRA with probit error and the specification
included also the noise parameter � and �female (not reported). Significance at 5% of gender differences emphasized
in bold.
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