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Introduction and Summary

The three papers in this thesis are experimental and make contributions to three distinct topics
of behavioral economics. As such, the papers can be read independently of each other. The
first is about discrimination in the work place. The behavioral theory of “taste”-based
discrimination is due to Becker (1957) who modifies the utility function by allowing agents to
derive utility not just from their material payoff but also from the (e.g. ethnic) type of workers
they interact with. For instance, employers might have an animus against particular types of
workers. If this is the case, they would be willing to give up money to employ their preferred
type. The first paper of this thesis estimates the distribution of such animus for a sample in
Denmark. We design a novel experiment which cnables us to exogenously assign random
costs to discrimination which allows us to estimates how behavior is affected by changes in

the price of discrimination.

The second paper is about distributional preferences. Behavioral theories that incorporate
distributional preferences modify utility functions such that agents care not just about their
own material payoff but also for (some element of the distribution of) the material payoff of
others. An early example is Fehr and Schrmidt (1999) who model inequality aversion by
letting agents’ utility depend on both own payoff and on the difference between own and
other agents’ payoff. The second paper of this thesis uses a nonparametric approach and
modifies Kerschbamer’s (2010) XY test to elicit distributional preferences in Denmark. This
is the first time that distributional preferences have been measured for a broad sample of the

Danish population.

The third paper is about information in asset markets. Experimental methods have been
used extensively to study mispricing — in particular price bubbles — in asset markets. This
literature has been pioneered by Smith, Suchanek and Williams (1988) who find that price
bubbles are common even in transparent markets where the fundamental value of assets is
common knowledge. Standard economic theory would suggest (no) trade at fundamental in
such an environment, given an assumption of common knowledge of rationality (i.e. that all
market participants are rational and that all participants know this). The third paper tests the

cffect of common expectations (of rationality) on mispricing in such markets.



All three papers in the thesis use experimental methods to collect empirical evidence.
The reason for using experiments is that they allow us to control the environment in which
subjects make decisions and to impose exogenous variations in these environments. Hence, by
using cxperimental techniques we can shed light on questions that cannot be easily answered
using naturally occurring data. Thus, economic experiments should be seen as a supplement to
the standard econometric analyses. This is especially true in cases where answering a
particular research question requires exogenous variation that does not occur naturally or if
important information cannot be observed and, thus, cannot be controlled for. As the thesis
demonstrates — and as the title reflects — the control of information is crucial in order to
identify preferences. The reason is that behavior observed in the field often can be explained
with a variety of different arguments. By using experimental methods, we control the
information available to agents which allows us to rule out confounding explanations. Using a
revealed preference approach and combining our experimental data with micro-econometric

methods and simulations allows us to identify the preference of interest.

While the three papers in this thesis all present experimental evidence, the experimental
methods used vary across the papers. In particular, the first paper reports evidence from a
natural field experiment, the second paper from an artefactual field experiment carried out
over the Internet and the third paper from a traditional laboratory experiment'. Different types
of experiments have different pros and cons and all serve their own purposes. We use a
natural field experiment (where subjects do not know that they participate in an experiment)
to study discrimination as it is essential that participants are unaware that we observe them in
order to reduce ‘experimenter demand’ effects arising from a desire to act in a politically
correct way. We use an artefactual field experiment to collect evidence over the Internet in
order to have participants from all walks of life participating from the comfort of their homes.
Finally, we study the effect of information in ecxperimental asset markets using a standard
laboratory experiment with the normal student population (similar to the rest of this
literature). The three papers are briefly summarized below and the interested reader is referred

to the chapters themselves for the full details.

Chapter |, “The Price of Prejudice” (joint with Jean-Robert Tyran) examines ethnic
discrimination in the work place. We set up a natural field experiment to distinguish between

statistical and “taste”-based ethnic discrimination in a labor market setting, Statistical

According to the taxonomy of Harrison and List (2004),



discrimination can occur when agents have imperfect information and base their decisions on
beliefs about group characteristics (e.g. average productivity). Rational beliefs may result in
what we call accurate statistical discrimination. However, if beliefs are biased then decision
makers unknowingly pay a price for having prejudiced beliefs. We refer to this situation as
belief-driven prejudice. “Taste”-based discrimination refers to the case where agents have an
animus against a particular type and knowingly pay a price in order to work with the
preferred, but less productive, type. In this case, we say that the price of prejudice is animus-
driven. The difficulty with identifying the different forms of discrimination is that researchers
need to know not only the true productivity of job applicants but also the beliefs of the
decision makers. This is rarely the case with naturally occurring data. To solve this problem,
we set up an experiment where we can both measure productivity precisely and control the

productivity information.

We find that “taste”-based discrimination is common (discriminators are on average
willing to forego 8 percent of eamings to work with a person of their own ethnic type) but
remarkably responsive to the price of prejudice, i.e. to the opportunity cost of choosing a less
productive worker on ethnic grounds (our best estimate of an elasticity is -0.9). In addition,
we find that accurate statistical discrimination fails to explain observed choices, and that
taking ethnic prejudice (both animus- and belief-driven) into account helps to predict the

incidence of discrimination.

Chapter 2, “Correlates and Consequences of Distributional Preferences: an Internet
Experiment” examines distributional preferences in a large sample of the Danish population.
To do so, we set up a large-scale internet experiment that enables us to have participants that
differ in their background characteristics. Using the internet as a platform serves two
purposes. First, it enables us to investigate the correlation between participants’ distributional
preferences and their backgrounds as both are heterogeneous (in contrast, the standard student
population is very homogeneous in terms of background characteristics). Second, it reduces
some potential experimenter demand effects. For instance, Levitt and List (2007) hypothesize
that subjects act in a more pro-social way when the experimenter is present and physically
observes their behavior. The anonymity of the Internet is thought to reduce such effects. We
use Kerschbamer’s (2010) XY test which is a test focused purely on outcomes and not
intentions. Again, control of information is crucial as decision makers need to be aware that

the other participants’ behavior (or their intentions) can not affect outcomes. Finally, we



investigate the effect of distributional preferences on cooperative behavior as measured in a

standard public good game.

We find that 89 percent of subjects behave in a way that is consistent with either
efficiency maximization (32 percent), inequality aversion (23 percent), sclfishness (20
percent) or maximin preferences (14 percent). Thus, while the XY test is very comprehensive
and allows for the full set of nine different preference types, we find that only four types have
strong empirical relevance. In addition, we find that gender, age, attitudes towards
competition and faimess and test scores for IQ and cognitive reflection correlate with
distributional preferences. We find that agents with non-selfish preferences contribute more to
the public good than those with selfish preferences and that the effects are substantial
(contributions increase with between 6 and 11 percent), even after controlling for beliefs.
Finally, we find that taking distributional preferences into account explains almost half of the
gap between observed behavior and the behavior that is predicted by standard economic
theory. These findings can be interpreted as a first validation of the XY test as it is able to

predict behavior for the same subjects in a different task.

Chapter 3, “To See is to Believe: Common Expectations in Experimental Asset Markets™
(joint with Stephen Cheung and Stefan Palan) investigates the effect of information about
others” expectations in asset markets. We use the standard framework of Smith, Suchanek and
Williams (1988) which is known to cause mispricing with inexperienced subjects. In a
behavioral setting, this can be due to speculation even if all traders are rational as some might
think that others are not rational. We compare two (main) treatments in which all traders have
to correctly answer a battery of control questions. The extensive set of control questions are
thought to ensure that all traders are rational on the individual level, i.e. they have full
understanding of the cnvironment. The fact that everyone answers control questions is

common knowledge in one treatment but not in the other.

We find that mispricing is essentially climinated when traders are aware that all have
answered control questions. However, mispricing is substantial (and comparable in extent to
the bascline without the extensive set of control questions) when control questions are not
common knowledge. Thus, uncertainty about the expectations of others cause mispricing even
in a setting where all traders are rational. This finding is in line with the original hypothesis
by Smith, Suchanek and Williams (1988).

10
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prejudice into account helps to predict the incidence of discrimination.
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Introduction

Public debate is rightly concerned with ethnic discrimination in the work place because of its
adverse consequences for the discriminated and for society at large. Ethnic discrimination is
unfair to the discriminated, discourages investment in human capital and can lead to
unemployment and even social unrest. Yet, this paper is not concerned with the adverse
consequences of discrimination but with the economic causes of discrimination. In particular,
we study the “price of prejudice” that discriminators pay for discrimination. Knowing whether
discriminators pay such a price deliberately or unintentionally, and how they react to changes
in that price is of utmost importance in designing effective policies to clamp down on

discrimination.

Most of the economic literature has focused on “statistical discrimination” (Phelps 1972,
Arrow 1973). This type of discrimination occurs if employers have imperfect information
about the individual productivity of job candidates but can observe a group characteristic like
cthnicity. If average productivity is indeed different across ethnic groups, an employer
maximizes average profits at given wages by choosing the worker of the more productive
ethnic group even if the individual job candidates are otherwise identical on observables. The
literature usually assumes that employers form accurate judgments about the relative average
productivity of workers by ethnic groups. Whether or not one likes to call such “accurate
statistical discrimination” (ASD) prejudiced', it is clear that employers on average do not pay

a price of prejudice when engaging in ASD.

In this paper, we investigate “prejudice” with two distinct meanings. First, ethnic
prejudice can be belief-driven and result in inaccurate statistical discrimination. The employer
may unintentionally pay a price of prejudice if he has false beliefs about average group

productivities or about the ability to collaborate on the job when workers have different

' Economist would typically not call accurate statistical discrimination prejudiced while laypeople (and

legislators) often do. In the theory of statistical discrimination majority employers are not assumed to have
any ethnic animus against minorities nor are they assumed to have biased beliefs about the average
performance of minorities on the job. In that sense, it seems appropriate to say that employers are not
prejudiced. However, employers do choose between individuals based on the (true, relative) productivity of
ethnic groups. If the distributions of productivities for minority and majority workers are different bul
overlap. it happens with some probability that the employer does not hire the most productive candidate. In
that sense, the employer can be said to be prejudiced against (highly productive) minority individuals. Note

that statistical discrimination in the work place is illegal in most countries.
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cthnicity. Second, ethnic prejudice can be animus-driven resulting in “taste-based”
discrimination (Becker 1957). For example, an employer may correctly believe that minority
workers are on average more productive than majority workers but may dislike minority
people for reasons that are unrelated to their productivity. Such an employer deliberately pays

a price for his ethnic prejudice when hiring a majority worker at given wages.

The vast literature on ethnic discrimination in the work place (see Altonji and Blank
1999 for a survey) has struggled for decades with measuring the relevance of these two types
of ethnic prejudice, essentially because beliefs and preferences cannot be directly observed.
Experimental economists have developed tools to elicit beliefs and infer preferences from
observed behavior in the laboratory but such measurement is fraught with difficulties if
subjects are aware of being observed because of the illicit nature of discrimination.
Researchers have developed clever designs (so-called correspondence tests and audit studies)
to circumvent that problem using natural field experiments in which potential discriminators
are not aware of being observed (e.g. Bertrand and Mullainathan 2004). However, such
designs are not well suited to control the price of prejudice and, thus, to study how this price

shapes discrimination choices.

We use a natural field experiment with two treatments to investigate the two types of
prejudice and how they translate into hiring choices at given wages. In treatment Info, we
identify taste-based discrimination by controlling for beliefs and by randomly assigning a
price of discrimination. In essence, only animus-driven prejudice can matter for
discrimination in Info because decision makers know the ecthnicity and individual
productivities of the job candidates. We randomly vary the price of discrimination by giving
decision makers the choice between candidates of different productivities which allows us to
estimate how taste-based discrimination responds to changes in its price. In treatment Nolnfo,
both taste-based and belief-based prejudice can matter for discrimination because decision
makers do not know candidates’ individual productivities and thus have to form belicfs about
the average productivity of ethnic groups. In Nolnfo, we investigate the relative predictive
power of animus- and belief-driven prejudice by explaining the gap between observed
bchavior and the benchmark of “accurate statistical discrimination”. To account for this gap,
we elicit beliefs and use our estimate of taste-based discrimination from treatment Info. In
both treatments, we take great care to run a natural field experiment, i.e. an experiment in
which participants arc not awarc that they are in an experiment, to avoid possible bias in the

measurement of morally sensitive (and illegal) ethnic discrimination.
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The experiment proceeds as follows. We hire 169 juveniles from secondary schools in
Copenhagen, Denmark, with Danish-sounding and Muslim-sounding names to pack letters for
a large mailing and pay them at a piece rate. Workers are requested to show up for work twice
in two consecutive weeks. In the first round, they work in isolation and we measure their
individual productivity on the job. Before they come back for the second round, we call
randomly selected workers on the phone and inform them that they will again do the same job
but now have to work in teams of two. They are informed that they are paid according to the
same piece rate as in round one and sharc earnings from team output in round two with the
other team member. These randomly selected workers can choose whom to work with. The
choice is between a candidate from the ethnic majority group and a candidate from an ethnic
minority group. In treatment Info, we provide the decision maker with information about the
individual productivity of the two candidates, i.e. the number of letters packed in round one,
and their first names as a marker of ethnicity. The candidates are randomly selected from the
pool of workers and therefore have random productivity differences. Treatment Nolnfo is the
same as Info except that decision makers are not informed about candidates’ individual
productivities. We elicit beliefs about individual and team productivity on a different but
similar sample. We use these beliefs to test if beliefs are accurate and to evaluate how much

of the price of prejudice can be attributed to biased beliefs and animus, respectively.

In treatment Info, we find that taste-based discrimination is common even at a substantial
cost and that the tendency to discriminate is not different across ethnic types. We find that
discriminators are on average willing to forego 8 percent of their earnings in round two to
work with a person of their own ethnic type. Our main result from treatment Info is that taste-
based discrimination is surprisingly responsive to the price of prejudice. Our best estimate is
an elasticity of -.9, i.e. we find that the probability to discriminate falls by about 9 percent if
the price of discrimination goes up by 10 percent. These results suggest that policies aiming to
clamp down on animus-driven discrimination by increasing the price of discrimination to

employers may be rather effective.

In trcatment Nolnfo, we find that accurate statistical discrimination (ASD) fails to
explain observed outcomes since we observe a large gap between observed camings and
earnings with ASD (about 4 percent of total output). To account for animus-driven prejudice,
we use our estimate from treatment Info. To account for belief-driven prejudice, we usc
clicited beliefs. At lcast 40 percent of that gap is explained by animus-driven prejudice alone,

and at most one third is explained by belief-driven prejudice alone. Jointly, the two types of



prejudice explain about 60 percent of the gap. Thus, our results suggest that belief-driven and
animus-driven ethnic prejudice are important causes of ethnic discrimination in the
workplace, and need to be taken into account above and beyond the theory of accurate

statistical discrimination.

The paper is organized as follows. Section 2 discusses related literature, section 3
describes our experimental design, and section 4 presents the results. Section 5 summarizes

and concludes.

2 Measuring ethnic discrimination in the work place

The traditional econometric approach to measuring the effects of discrimination is to estimate
a “wage gap” between a minority and a majority group based on observables such as
education or years of experience on the job (see Altonji and Blank 1999 for a survey).
However, attributing the entire unexplained part of such regressions to discrimination is
problematic, mainly because the true economic value of a worker (the marginal product of
labor) is not observed by the researcher. Such approaches only allow for indirect inference of
whether discrimination is taste-based or driven by false beliefs, and such inference is fraught
with difficulties. For example, List (2006: 19) notes that “An important lesson learned from
the vast literature on discrimination is that data availability places severe constraints on efforts
to understand the nature of discrimination, forcing researchers to speculate about the source of

the observed discrimination.”

Field experiments” circumvent this difficulty and have been used for more than 40 years
to investigate the causes of ethnic discrimination in the work place (Daniel 1968 and Jowell
and Prescotl-Clarke 1970 are early examples. See Riach and Rich 2002 for a survey). Such
field experiments traditionally come in one of two guises. First, in in-person audit studies,
“testers™ (i.e. actors) of different ethnicity are matched into pairs with respect to physical
appearance and are trained to behave similarly in job interviews. For example, Pager, Western

and Bonikowski (2009) study hiring in the low-wage labor market in New York and find that

There is also a considerable literature on discrimination using laboratory research both in psychology and
economics (e.g. Gneezy and Fershtman 2001 or Holm 2001; see Anderson, Fryer and Holt 2006). Field
experiments have also been used to measure gender discrimination (e.g. Goldin and Rouse 2000) and other
types of discrimination in the labor market (e.g. Neumnark et al. 1996), and discrimination in other markets
(e.g. Ayres and Kenny 1995, Levitt 2004, List 2004, Yinger 1998).
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black applicants are about half as likely to receive callbacks or job offers as white applicants.
Second, in correspondence tests, pairs of fictitious resumes are submitted to employers by
mail. Discrimination is inferred from differential callback or job-offer rates across pairs of
workers which are similar in all respects except for ethnicity. These approaches have the
advantage of using controlled variation to isolate the causal effect of ethnicity on employers’
responses (see List 2006 for a discussion). Controlling for productivity differences by making
pairs of ethnically diverse candidates as similar as possible is appealing since observing
unequal treatment of otherwise identical workers is closcly tied 1o a common definition of

discrimination.’

Despite their clear advantages, correspondence tests and in-person audits also have some
limitations (sec Pager 2007 for a discussion). A concern with in-person audits is that testers
are usually informed about the purpose of the study which may induce them, perhaps
unconsciously, to behave in ways that can distort findings. Another concern with in-person
audits is that testers may differ in characteristics that seem relevant for their labor productivity
1o the employer but are not observed by the researcher (e.g. Heckman 1998). Essentially, the
problem is that ethnicity cannot be randomly assigned to testers. This problem is
circumvented by correspondence tests which make (fictitious) applications similar in the eyes
of employers. But this strength is also a weakness of this approach. Since applicants are
cqually productive by design, discriminators do not pay a price for their prejudice and
correspondence tests may therefore exaggerate the true extent of discrimination (e.g.
Heckman and Siegelman 1993). In addition, correspondence tests are silent on how
discrimination responds to changes in the price of discrimination because they usually do not

vary the cost of choosing one candidate over the other (see Neumark 2010 for a discussion).

Bertrand and Mullainathan (BM, 2004) is an excellent example of a correspondence

test.” BM submit pairs of resumes to job openings in Chicago and Boston. The pairs of

' Altonji and Blank (1999: 3168) define discrimination in the labor market as “a situation in which persons

who provide labor market services and who are equally productive in a physical or material sense are treated

unequally in a way that is related to an observable characteristic such as race, ethnicity, or gender”.

Correspondence tests are available for about a dozen countries, and they yield, by and large, evidence of
pronounced discrimination. For example, Carlsson and Rooth (2007) find callback rates are 50 percent higher
for applicants with Swedish-sounding names compared to Middle Eastern-sounding names in Sweden,
Oreopoulos {2009) finds that callback rates are 40 percent higher for applicants with English-sounding names

than with Chinese-, Indian- or Pakistani-sounding names in Canada.
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resumes are carefully matched such that they are as similar as possible with respect to
productivity signals while keeping them distinct in a formal sense to avoid that employers
realize that the resumes are fictitious. BM use a typical “White-sounding” and a “Black-
sounding” name in each pair as a marker of ethnicity. BM find that applicants with White-
sounding names are about 50 percent more likely to receive call-backs than applicants with
Black-sounding names. In addition, of the 157 employers who responded asymmetrically to
White-sounding and Black-sounding applications, 83 favored White-sounding applications

while only 39 favored Black-sounding ones.

A particularly innovative aspect of BM is their ability to benchmark the returns of having
a White-sounding name. BM submit four resumes to each job opening, two similar ones of
low quality and two of high quality. Quality differs along ten dimensions, for example with
respect to years of experience or computer skills. This variation in quality allows BM to
estimate “the return to a White name” which is found to be “equivalent to about eight
additional years of experience” (p. 998). While such equivalents can be interpreted in terms of
cost of discrimination to the discriminated they are difficult to interpret in terms of the price
of prejudice paid by the discriminator which is the focus of our study.® The reason is that the
opportunity cost of hiring a White worker of lower quality rather than a Black worker of high
quality is not known to the researchers. While BM’s main finding of a racial gap in callbacks
is consistent with both animus-driven and belief-driven prejudice, the authors argue that

neither theory can satisfactorily explain the full set of findings.

Both in-person audits and correspondence tests have important advantages, but
concentrate on measuring the extent of discrimination when discrimination is free for the
discriminator. Instead, we observe discrimination when there is a price to pay for being

prejudiced, i.e. when discrimination is costly to the discriminator.” Qur approach allows us to

* Caruso et al. (2009) use a related technique, so-called conjoint analysis, to estimate how decision makers

trade-off relevant (like education and 1Q) and irrelevant (body weight} characteristics in choosing a team-
mates for a hypothetical trivia contest. While the paper estimates a trade-off, it is silent on the price of

prejudice paid by the discriminator because the choices were not consequential,

Few studies have been able 1o relate variations in price to discrimination choices in a context not related to
work. For example, Baccara et al. (2009) use variation in the cost of adopting children in the US to estimate
the willingness to pay for babies with particular (ethnic, among others) characteristics. Pope and Sydnor
(2011} use variation in interest rates in online peer-to-peer lending 1o show that statistical discrimination of

21
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put a price tag on discrimination choices or, borrowing Gary Becker’s (1957) expression’, to
estimate how discrimination responds to the “price of prejudice”, rather than just observing

that discrimination occurs when it is costless.

3 Experimental design

A general description of the experiment is as follows. We recruit an approximately balanced
sample of juveniles with Danish-sounding and Muslim-sounding names from secondary
schools in central Copenhagen for a letter packing job. Volunteers commit to show up twice
for packing letters and indicate their availability for work. In the first round, they pack letters
at a piece rate in isolation. This round serves to measure individual productivity on the job. In
the second round, workers are required to work in teams of two, and some randomly selected
workers (the “decision makers™) can choose their partner. We construct triples of workers by
randomly drawing one decision maker and two “candidates”, one with a Danish-sounding

name and one with a Muslim-sounding name.

The discrimination choice is made between rounds one and two. We call the decision
makers on the phone and explain that they will do the same job at the same piece rate in round
two, but have to work in teams of two. In treatment Info, they lcarn the first names and the
productivity (i.e. number of letters packed in round one) of the two candidates. In treatment
Nolnfo, they only leam the first names. In both conditions, decision makers know that all
candidates are equally experienced and have similar characteristics. In particular, they know
that all candidates have worked on the same job under identical conditions and that they are
recruited from secondary schools. When the decision maker has made a choice, we call the
chosen candidate requesting him or her to show up at a particular time. In round two, teams
are formed according to the choices of the decision makers whenever possible, and workers

are paid out for both rounds.

We took great care to implement a proper natural field experiment — in which

participants are not aware that they are part of an experiment. In particular, we have been

black borrowers absent animus cannot explain net returns observed in loan-performance data. Levitt (2004)

uses data from a TV show to test how statistical discrimination of candidates reacts to changes in cost,

“Price and Prejudice™ is the title of part 2 in Becker (1976, The economic approach to human behavior)

which is a revised version of his PhD thesis, published in 1957,
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careful at all stages of the experiment to assure that the job itself and the work conditions
appear natural to participants, that the experiment (in particular the information provided to
decision makers) is tightly controlled, and that all aspects of the experiment are consequential

and do not involve deception.
Detailed description of procedures

Recruiting. We distributed hundreds of flyers in eleven upper secondary schools in
central Copenhagen.® The flyer explains that the University of Copenhagen is looking for
part-time workers to prepare a major mailing for research purposes. The flyer also explains
that applicants are expected to show up for two hours in each of two consecutive weeks.

Applicants are requested to call us on a phone number indicated on the flyer.

We recruited in upper secondary schools because these juveniles have relatively low
outside options, are similar with respect to age (16-20 years old) and education, are legally
allowed to work for money, and because there is considerable naturally occurring ethnic
heterogeneity in this group (23% of juveniles in these schools are immigrants). Using a
homogenous subject pool has the advantage of minimizing unobserved heterogeneity across
ethnic types, for example with respect to language skills. In addition, it is feasible to recruit an
approximately balanced sample by gender from this pool. The reason for wanting a balanced
sample is that we keep the triples (sce below) separate by gender to avoid confound of

ethnicity and gender.

Names as markers of ethnicity. Upon calling us, we record the applicants’ names, phone
numbers, and where they saw the flyer. Applicants indicate when they are available for work
in both rounds and are requested to make a commitment to show up at any of these slots. We
classify the applicants according to their first names as Danish-sounding or Muslim-sounding.
We call 169 persons with high availability’, with names apt to evoke ethnic stereotypes, and

in approximately balanced proportions (see table 1).'®

The flyer is reprinted in appendix A. Appendix B shows the location of the schools.

95 percent (= 169) of participants were available 3 or more days, 55 percent on 6 or more days in round 2.

" Table 1 shows that the names of 7 workers did not fit either ethnic type. These workers (and the teams they

worked in) are excluded from our analysis below. Table 1 does not list 27 workers who participated in a pre-

test. These workers were recruited from a school where we did not recruit for the main experiment.
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We called applicants with typical Danish-sounding and Muslim-sounding names becausc
these ethnic groups arc by far the largest in Denmark.'' We use first names as markers of
ethnicity since it is natural to refer to a person in Denmark by first name across all social
strata. Using first names to evoke stercotypes is common practice in correspondence tests.
These tests use fictitious first names which can be chosen to be particularly strong markers of
ethnicity (e.g. Lakisha vs. Emily in Bertrand and Mullainathan 2004). In contrast, we usec
participants’ actual first names to mark ethnicity. In a follow-up study with 144 subjects, we
find that our ethnic markers are highly effective and confound rarely occurs. For example,
names we classify as Muslim-sounding are thought to be Danish-sounding only in about 1

percent of the cases (see appendix D for details).

Note that the first names of the ethnic minority group are both Muslim-sounding but also
foreign-sounding to Danish ears. Thus, our study cannot not provide a definitive answer on
whether the animus we measure among Danes is directed at Muslims or foreigners living in
Denmark more generally. However, a correspondence tests designed to investigate this issue
(Adida et al. 2010) for France suggests that animus against Muslims is more pronounced than

animus against foreigners in general.'?

Table 1: Number of workers in round 1 by gender and ethnicity

Ethnicity
Gender Danish-sounding  Muslim-sounding Other name Total
name name
Female 40 46 5 91
Male 40 36 2 78
Total &0 82 7 169

"' According to official statistics (2009, www.statistikbanken.dk), 69 percent of imimigrants in Denmark are
from non-Western countries, and most of these originate from countries with high proportions of Muslims

such as Turkey, Iraq and Pakistan,

The study combines a foreign-sounding last name (Djouf, a typical name in Senegal) either with a Christian
{Marie) or Muslim (Khadija) first name. Response rates for Marie Diouf and a reference candidate with a
typical French name (Aurélie Ménard) were not different. However. response rates for Khadija Diouf were

significantly lower than for Marie Diouf.



Measuring individual productivity. A total of 169 persons work in round 1 of our
experiment. Workers are requested to show up at particular times and are led to separate
rooms to minimize interaction between them. The letter packing job is explained and
demonstrated to each worker individually. The job involves packing letters marked with an
ID-number. These numbers have to be looked up in a binder and are associated with different
letter types. Depending on the type, letters have to be complemented with a gift and sorted
into specific bins (see appendix C for details). When participants indicate that they understand
the task, the payment scheme (the piece rate is DKK 4, approx. 0.5€ per letter), and that they
are ready to start, an alarm clock is set in the control room (see Figure B2 in appendix B).
After exactly 90 minutes a staff person returns to the worker and counts the number of letters
packed. Each worker got a receipt confirming their entitlement and was paid at the end of

round 2 to provide them with incentives to return.

The letter packing job is ideal for our purposes for several reasons. First, the job is easy
to explain and easy to learn for juveniles within the given time frame. Second, the job can
meaningfully be done both in isolation and in a team of two workers. Third, teamwork on the
job requires minimal spoken interaction which minimizes the motive to discriminate against
members from a different “speech community” (e.g. Lang 1986). Fourth, the task produces
sufficient variation in individual output which is essential to make discrimination costly.
Fifih, the job is not artificial. It is not unusual for juveniles to work in a temporary job like
letter packing and the job is real in the sense that we effectively used the letters packed for a

g 3
large-scale mailing.”

Matching procedure. Upon completion of round 1, we match workers into triples as
follows. We randomly select a person to be the decision maker. Thus, the decision maker may
have a Danish-sounding or a Muslim-sounding name. We then dctermine the set of all
suitable candidates for this decision maker. This is the set of participants who are of the same
gender as the decision maker, are from a different school, and are available for work on at
least one of the time slots indicated by the decision maker. We randomly draw two candidates

from this set. One candidate is of the same ethnic type as the decision maker (same for short),

* wWe used the letters packed for a mailing to recruit participants for a large-scale intemet study. This study

used different letter types necessitating sorting the letters. We randomly checked 5 letters for each participant
in round 1. The etror rate was low (0.05) and did not differ by ethnic type (p = 0.270, ¥*-test). Error rates also

do not differ by team composition in round 2 (p = 0.688, x -test).
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onc is of the other type (other for short). In treatment Info, the draws are repeated until same
is /ess productive than other and the two candidates are available on different weekdays. If no

such pair exists, we randomly draw a new decision maker from the pool.

We randomly draw decision makers to observe discrimination choices by both ethnic
types. The ability to observe discrimination choices by minority decision makers is, to the
best of our knowledge, a unique feature of this study. For example, correspondence tests
usually do not observe the ethnicity of the employer and simply assume that he or she belongs
to the ethnic majority. We match candidates and decision makers from different schools to
exclude that they personally know each other, thus avoiding confound of ethnic discrimina-
tion with a preference for a personal acquaintance. We are able to match teams from different
schools because we gather information about school affiliation from participants when they
apply for the job over the phone. Randomly drawing two candidates serves to generate a
random price of discrimination (i.e. the earnings foregone by choosing same over other).
Randomly matching the candidates with a decision makers serves to make price independent
of any animus that may be present. Random assignment of price to decision makers is a pre-
condition for identifying taste-based discrimination, as is discussed in more detail in section
4.1 and appendix G. The restriction imposed in Info that same has lower productivity than
other serves 10 maximize the number of informative choices. Choices are informative in the
sense that decision makers with strong animus are likely to be detected. The reason why the
candidates must be available on different weekdays is that we frame the discrimination choice

as a choice between two weekdays rather than between two persons, as is explained next.

Discrimination choice. The discrimination choice is made on the phone prior to round 2.
Upon answering the phone, the decision maker is asked to confirm availability on the two
time slots determined by the matching procedure (Tucsday and Wednesday 2 p.m. - 4 p.m.,
say). If the decision maker cannot reconfirm availability, we say we have to make new
arrangements and call back later. In this case, the triple pertaining to this decision maker is
reinserted into the pool and a new triple is drawn according to the matching procedure
described above. If the answer is affirmative, decision makers are informed that the job in
round 2 is the same and is paid according to the same piece rate as in round 1. They are told

that, unlike in round 1, they have to work in tcams of two and that they have to share the



revenue from teamwork.'* Decision makers are told that which person they are going to work
with depends on which day they choose. In treatment Info, the decision makers are told the
first names and the number of letters packed in round 1 for both candidates and asked to make
a choice. For example, “If you choose Tuesday, you will work with Ahmed who packed 150
letters last week. If you choose Wednesday, you will work with Christian who packed 110
letters last week. So, when would you like to work, Tuesday or Wednesday at 2 p.m.?” In
treatment Nolnfo, the procedure is the same except that we do not mention the individual

output of candidates in round 1."

An important advantage of this procedure is the high degree of control it provides over
the information available to the decision makers, In both treatments, decision makers know
that candidates are similar (they are recruited from the same set of schools) and have the same
experience on the job (they all worked in round 1 under the exact same conditions). Beyond
that, in treatment Info, the decision makers know onfy the names and productivities of the
candidates. Since they cannot personally identify or see the candidates, factors such as
attractiveness or personal appearance cannot affect decisions in our design (see e.g. Mobius
and Rosenblat 2006 for experimental and Hamermesh and Biddle 1994 for field evidence on
personal attractiveness and discrimination). We frame the discrimination choice as a choice of
workdays rather than persons to minimize so-called Hawthome or experimenter demand
effects (see Zizzo 2010 for a general discussion). Such effects may result from participants’

concerns to conform with notions of political correctness (see e.g. Kawakami et al. 2009).

Credibility and consequentiality. We take great care to create a natural setting, to
measure outpui and to provide information with tight control, to insure that all information
provided to decision makers is truthful, and that choices are consequential. For example,
decision makers were presented with a choice between two real people, we indicate their
actual first names, and their actual productivity in round 1. Decision makers are matched to
work with the partner of their choice in round 2 whenever possible (i.e. when both show up

on time) which implies that the chosen candidate cannot make a discrimination choice.

If asked, we justified that the job has to be done in teams of two by explaining that “we found out that
working in teams of two is more effective and therefore workers on average earn more than last week”. We

knew from a pretest with 27 participants that this claim is true,

Non-chosen candidates were reinserted into the pool of participants and were matched into another triple,

either as decision maker or candidate. Thus, our design does not necessarily imply a cost to the discriminated.
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We believe that our choice of the location and work task was highly credible in the sense
that workers did not know that they were participating in an experiment. We made choices
consequential for two reasons. First, consequentiality serves to avoid deception and
disappointment. For example, decision makers who opt for a highly productive co-worker
would be antagonized if forced to work with a low-productive partner in round 2. Second, the
ability to observe team output in round 2 allows us to identify taste-based discrimination in
treatment Info by controlling for a particular type of (team-work related) ethnic prejudice, as

is explained next.

Team output in round 2 can in principle depend on the individual productivity of team
members and the ethnic mix of the team. Because we observe output in round 2, we can test if
that is the case. We show in section 4.1 that team output is very much driven by individual
productivity in round 1, but does not depend on the ethnic team composition. That is, we find
that the team production function is not “type specific”. But decision makers may falsely
believe that it is. For example, despite being told in Info that same is less productive when
working in isolation than other, a decision maker may believe that team output is higher when
working with same rather than other because “different types don’t work together well”. If so,
observing a choice of same over other in Info is not an indication of taste-based
discrimination but of a false belief. Therefore, we need to control for beliefs about the type-
specificity of the team production function to correctly identify taste-based discrimination.
Section 4.3 shows that the team production function is not believed to be type-specific. Since
the team production function is in fact not type specific and is not believed to be, beliefs are
correct in this dimension, and choosing same over other in Info is therefore a clear indication

of taste-based discrimination.

4 Results

Section 4.1 estimates the price of taste-based discrimination, i.e. the earnings foregone by
choosing same over other in Info, using a team production function. We find that the team
production function is not type-specific which implies that discriminators pay a positive price
for discrimination (i.e. choosing same) in Info. We argue that this price is known to decision

makers since round | productivity is an excellent predictor of the price.

Section 4.2 presents the results for treatment Info. We find that 38 percent of decision

makers engage in tastc-based discrimination and they pay a pricc of about €5 on average.
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Importantly, we find that the probability to discriminate falls with its price and that the
tendency to discriminate is not different across ethnic types after controlling for its price. We

also estimatc a distribution of the willingness to pay for taste-based discrimination.

Section 4.3 presents results for treatment Nolnfo, i.e. when both animus-driven and
belief-driven prejudice can matter for discrimination. We report results from a complementary
study eliciting beliefs on production. We find that the team production function is not thought
to be type specific, i.e. we find no evidence for prejudice about the ability to collaborate
across types. However, we find that beliefs are biased in the sense that true productivity
differences across ethnic types are underestimated. We find that accurate statistical
discrimination (ASD) fails to account for observed choices. In fact, observed earnings are
lower than those implied by ASD and about 60 percent of that gap is accounted for by animus
and biased beliefs jointly. Thus, our estimate of taste-based discrimination from Info together

with elicited beliefs predicts observed choices much more accurately than ASD.

4.1 The price of taste-based discrimination

We define the price of taste-based discrimination to the discriminator in Info as eamings
foregone by choosing a less productive co-worker of the same ethnic type rather than a more
productive worker of the other ethnic type. To measure this price, we estimate a team produc-
tion function showing how workers with particular productivities in round | map into output
of ethnically homogeneous and heterogeneous teams in round 2. We then estimate for each
decision maker the marginal product of labor for the two candidates. This analysis yields the
important result that team production is not type-specific, i.e. that two workers with given
individual productivities produce the same output independent of the ethnic composition of
the team. This result implies that a decision maker has a clear monetary incentive to choose
the more productive candidate which, in treatment Info, is by design other. In other words,
therc is a price to pay for choosing same. If this price is known to the decision maker, a choice
of same 1s a clear indication of taste-based discrimination, assuming utility maximizing
choices. We argue that decision makers had almost perfect knowledge about the price in Info

because candidates’ round 1 productivities are excellent predictors of this price.



Figure I: Production in round 1 and round 2
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Note: The figure shows the number of letters packed in isolation in round 1 and the share of letters
packed in round 2 for individuals who worked in round 2 in homogeneous teams (black diamonds, »n
= 68), in heterogeneous teams {white diamonds, n = 52), or alone (crosses, r» = 20). The share is 50%

of team output for those working in teams, and 100% of individual output for those working alone.

Figure 1 shows a scatterplot of worker i’s share of production in round 2 (i.e. half of the
letters jointly packed) by production in round ! (i.e. letters packed in isolation). Black
diamonds represent individuals in heterogeneous teams (52 individuals) and white diamonds
represent individuals in homogenous teams (36 both Danish-sounding, 32 both Muslim-
sounding). Crosses represent individuals working alone in round 2 (20 individuals) because
they or their partner did not show up on time. The figure shows that there is considerable
variation in both round 1 production (the average is 107 letters packed, sdv = 24) and in round
2 (average 115, sdv = 24). As expected by virtue of random treatment allocation, decision
makers’ distributions of round 1 production are not different across treatments (p = 0.528,
Kolmogorov-Smironov test). Workers with Danish-sounding names tended to be more
productive in round | than those with Muslim-sounding names (116 vs. 100, p = 0.000,
Mann-Whitney test). This finding has important implications for our analysis in both

treatments and is discussed in detail below.
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We estimate the team production function using all observations of workers who

completed both rounds'® as
ln(}’,f‘,)zﬁo +f0-Inx + B, -Inx; ,,+f,-Inx, - Alone+y-X+¢,,

where Y’ is worker i’s share of the team output in round 2 when working with co-

worker . We estimate team production as a function of worker i’s own production in round 1,
x;, the production of the co-worker j in round 1 (x;), an interaction term to capture different
learning effects when working alone (4/one = 1 and x; = 0 if / is working alone in phase 2),

and a vector of variables characterizing the team composition (e.g. by ethnic type).

Table 2 shows various estimates for the team production function. The positive coeffi-
cients in the first two lines show that teams tend to be more productive if their members have
high productivity in round 1. The coefficients in the third line reflect learning by those
working alone in round 2. These coefficients are very similar in size to the previous ones
suggesting that there is no gain from specialization in our task since those who happened to
work alone are on average equally productive as those working in teams.'” The significant
coefficient for Male shows that males are about 6 percent more productive than females in
round 2. Taken together, round 1 output explains a considerable share of variation in team
output (adjusted R® is about .61 in all specifications) which implies that the information

available to decision makers is an excellent predictor for the price of discrimination.

'* In total. 140 workers completed both rounds according (o the description in section 3. Observations from

teams with workers having names which do not fit either ethnic type are excluded from our regression.

7 . . . . . .
' Average camings are (he same whether working alone or in a team in round 2, holding everything else
constant (p = 0.573, r-test). The coefficients in the first three lines of specification A are very similar because
the share of team output for worker / and f is the same (one half) by definition and the share for a worker 7

working alone is estimated assuming a team mate / with the same round 1 production as worker .
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Table 2: Team production function

Dependent variable: In{prody;) (A) (B) (<) (D)
In(prod;;) 0.416%** (.408%** 0.427] w** 0.419%**
(0.044) (0.044) (0.050) (0.051)
in(prod,;) 0.416%** 0.426%** 0.42 ] %*x* 0.428%**
(0.044) (0.045) (0.050) (0.050)
In{prod,;} - Alone 0.416%** 0.424*** 0.324%w* 0.327+%*
(0.044) (0.044) {0.107) (0.109)
Male 0.064%** 0.063%** 0.064%** 0.064**»
(0.022) (0.022) (0.023) (0.023)
Decision maker -0.018 -0.017
(0.024) (0.030)
Alone 0.452 0.468
(0.545) {0.549)
Danish-sounding team 0.037 0.041
(0.025) (0.033)
Muslim-sounding team -0.019 -0.010
{0.035) (0.039)
Decision maker - Heterogeneous 0.012
(0.045)
Constant (.84 %** (0.843%*+ 0.785%* 0.768%*
{0.219) (0.220) {0.315) (0.317)
Adj. R? 0.611 0.610 0.615 0.610
N 140 140 140 140

Notes: Dependent variable is (the logarithm of) the number of letters packed in round 2 by worker i
if working alone (# = 20) or, if working in a team (» = 120), half of the number of letters packed by
i’s team. prod), is the number of letters packed in round 1 by worker i, prod;, the number of letters
packed by i’s co-worker in round 2. 4/one is a dummy set to | if worker i/ works alone in round 2,
Moale is worker i's gender, Decision maker indicates if worker / makes a choice of co-worker. The
remaining dummies characterize tearn composition in round 2. Numbers in parentheses are robust

standard errors. * p < (.10, ** p <0.05, *** p < 0.01

Model B adds the dummy variable Decision maker. The insignificant estimate suggests
that sclection 1s not a serious issue with respect to team production as decision makers (after
controlling for individual productivities) do not have significantly different productivity from
those who have no choice to make. This is true for decision makers in general as well as for
decision makers selecting into heterogeneous leams (see interaction term Decision maker -
Heterogeneous in model D). Models C and D add dummies for team composition to test if

cthnically homogenous tecams are more productive than heterogencous teams (which is the



reference category in the regression). The insignificant estimates show that the team
production function is not type-specific. That is, given individual productivities, heteroge-

neous teams are equally productive as homogenous teams,

Taken together, the estimates on the production function show that much of the variation
in team production is explained by one’s own productivity and the productivity of the co-
worker (which are both known when making the choice), but essentially nothing is explained
by the ethnic type of the co-worker. This finding is important because it implies a monetary
incentive to choose other in treatment Info. In other words, there is a price a to pay for

discrimination, and decision makers had all the required information to know the price.

The price of taste-based discrimination is defined as earnings foregone by choosing to
work with same rather than other in treatment Info. This price is not directly observed in our
experiment because the decision maker only works with the chosen candidate but not with the
non-chosen candidate. We thus have to estimate the counterfactual. In estimating the price of
discrimination, we use specification A in table 2 because all variables included in the other
models are insignificant. The price is then the difference between decision maker i’s earnings
with other minus the earnings with same'®

~
)

P?"iCE‘, = p(?:.iurhrr - Y

1,50me

y>0Vi.

We find that the distribution of Price; (mirrored on 0) is normal (p = 0.818, Shapiro-
Wilk; p = 0.721, Shapiro-Francia; p = 0.901, Skewness/Kurtosis test for normality), as is

expected by virtue of random sampling of candidates.

4.2 Taste-based discrimination

Scction A) below shows that the probability to discriminate falls as its price increases. Section

B) cstimates the willingness to pay for taste-based discrimination.

Before proceeding to estimation, we provide some descriptive statistics. Decision makers
in treatment Info all face a positive price of discrimination by design, on average €6.7 (sd =

€4.7). We observe that 38 percent of decision makers in treatment Info choose to discriminate,

"™ The price of discrimination expressed in Euros is obtained by multiplying the difference in output with p

which is the product of the piece rate (DKK 4 per letter) and the exchange rate (0.13 Euro per DKK).
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1.€. choose same. This result is novel since we show that taste-based discrimination is

common even when decision makers face a positive and known price of discrimination.

A first finding supporting our claim that higher (randomly assigned) prices causally
reduce discrimination is that discriminators face lower prices on average than non-discrimi-
nators (€4.9 vs. €7.8). Both a Kolmogorov-Smirnov test (p = 0.091) and Wilcoxon rank-sum
test (p = 0.052) show that prices are different for the two groups (see appendix G for tests
showing that prices are randomly assigned). The average expected price of €4.9 for
discriminators may seem low in absolute terms but is strikingly high in relative terms. For
example, the average discriminator gives up 8 percent of round 2 earnings to work with same

for 90 minutes.
A) The demand for taste-based discrimination

We estimate the demand for discrimination using a revealed preference approach.
Assuming Price; is known to decision makers'” and choices are utility maximizing, decision
maker 7 reveals to have a “taste” for discrimination a; > Price; if he chooses same. In this
case, we say the decision maker engages in taste-based discrimination (and we assign a value
Discr = 1). Conversely, the decision maker reveals to have a; < Price; if he chooses other, and
we say the decision maker does not discriminate (Discr = 0). Given a distribution of animus a
in the sample, utility maximization implies that fewer decision makers prefer to discriminate

as its price increases. In other words, the demand for discrimination is downward-sloping,.

We regress the probability of observing discrimination (Discr = 1) on the price of

discrimination as defined in section 4.1 (plus other controls explained below) as follows™
Pr(Discr, =11 X)=®(X'f+¢,) .

Model (1) in table 3 provides the most parsimonious specification showing that the law
of demand holds for taste-based discrimination. The coefficient on Price shows that
discrimination falls by 3.6 percent if the price of discrimination goes up by €1. Note that this

number 1s our best estimate for the average marginal change. Due to the non-linearity of the

" Below, we use the estimation results from the team production function to calculate Price. This implicitly
assumes that decision makers know the team production function, Appendix D shows that our results are
robust to this assumption. In particular, Appendix D shows that using raw productivity differences between
candidates in round 1 as a proxy for Price yields the same qualitative results as those reported in table 3.

“ We report probit estimates throughout the paper. Logit regressions yield qualitatively similar results,
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demand relation, this marginal effect is not informative for larger changes in cost. We provide

estimates for such changes in the discussion of figure 2.

Table 3: The demand for taste-based discrimination

Dependent variable: Discr (1) (2) 3 4)
Price -0.036** -0.035%* -0.034 %> -0.038*

0.016) (0.017) (0.016) (0.020)

Danish-sounding 0.020 -0.045

(0.160) (0.286)

Male -0.056 -0.022

(0.152) {0.284)

Danish-sounding - Price 0.005 0.011

(0.022) (0.040)

Male - Price -0.007 -0.004

(0.018) (0.036)

R? 0.082 0.085 0.086 0.087

N 37 7 37 37

Notes: The table shows average marginal effects estimated from Probit regressions.
Numbers in parentheses are robust standard errors. Discr = | for a decision maker
choosing same and Q otherwise. Male and Danish-sounding are dummies characterizing

the decision maker. * p < 0.10, ** p < 0.05, *** p < 0.01

Model (2) adds dummy variables for gender (Male) and ethnic type (Danish-sounding)
of the decision maker. The insignificant estimate on Danish-sounding indicates that the
tendency to discriminate is not different across ethnic types, after controlling for differences
in prices. We think that this is a remarkable result for two reasons. First, attention both in the
literature and policy debates usually focuses on discrimination of the minority group by the
majority group because the adverse consequences of discrimination (for the discriminated and
society at large) are more pronounced in this case. In fact, members of the majority group are
more often in the position to discriminate, and workers from the minority group tend to be
disadvantaged. However, our results suggest that observing more frequent discrimination of
minorities may be simply due to the fact that majority decision makers have more

opportunities to discriminate rather than a stronger ethnic animus.

Second, this result highlights the importance of controlling for prices when measuring
discrimination. From simply looking at discrimination percentages, a layperson may be

misled to conclude that decision makers with Danish-sounding names are more likely to



discriminate. In fact, decision makers with Danish-sounding names discriminate in 44 percent
of the cases, while those with Muslim-sounding names do so in only 33 percent of the cases
(however, p = 0.517, xz test). Yet, these differences do not reflect differences in animus
because decision makers with Danish-sounding names face a lower price on average than
decision makers with Muslim-sounding names (€5.2 vs. €7.8, p = 0.078, KS). The reason is
that workers with Danish-sounding names are systematically more productive (116 letters) in
round | than participants with Muslim-sounding names (100 lefters). According to regressions
(2) and (4) in table 3, these price differences explain the observed differences in taste-based

discrimination across ethnic types (Danish-sounding is insignificant, but Price is significant).

Model (3) adds the interaction terms Danish-sounding - Price, and Male - Price. The re-
spective estimates are insignificant, suggesting that responses to changes in price are not
different across ethnic types and gender. Model (4) combines (2) and (3) and yields the same

results.

Figure 2;: The demand for discrimination
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Notes: The figure shows the relation between the probability of discrimination (choosing

same) in Info and the price of discrimination, calculated using specification (1) in table 3.

Figure 2 summarizes our main finding. Decision makers respond strongly to changes in
prices. For example, the figure shows that increasing the price of discrimination by one

standard deviation from the average (i.e. from €6.7 to €1 1.4) reduces the probability of discri-
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mination by 45 percent (from .36 to .20). Conversely, decreasing the price by one standard
deviation from the average (i.e. from €6.7 to €2.0) increases the probability by 54 percent
(from .36 to .55). Another way to describe the remarkable price-responsiveness is to estimate
an elasticity which indicates the percentage decrease in the probability to discriminate in
response to a 1% increase in price. Our best estimate is -0.9. This elasticity is an average of all
clasticities, evaluated at each observation. In conclusion, we find that the demand for taste-

based discrimination is downward-sloping and is surprisingly elastic.”'
B) Willingness to pay for taste-based discrimination

An alternative representation of our main finding is in terms of the willingness to pay for
taste-based discrimination. According to the revealed preference approach described above,
decision maker i reveals to have willingness to pay a; > Price; if he chooses same. Converse-
ly, the decision maker reveals to have a; < Price; if he chooses other. We assume that
willingness to pay is normally distributed in the population, a, ~ N OJa,aj). We estimate 4,
and ¢, from estimated Price; (using model A in table 2) and observed discrimination choices
as follows. We define the probability of discrimination as

Pr(Discr =1| Price,)= Pr{a, = Price,)
=1-Pr{a< Price,)
=1-F,(Price,)

where F, is the CDF of a. We use probit estimation to estimate this probability (see model 1
in table 3):

Pr(Discr=1| Price)=®(B, + B, - Price + £)
and use the estimates (ﬂ Bl) to obtain the distribution of the willingness to pay:
F (x)= l—CD([in + /3, -x),xe R

We find that the average decision maker in our sample is willing to pay &, = €3.2 to
work with same rather than other (o, = €9.6). Our ecstimation approach allows decision

makers to have positive (a dislike of other) or negative (a preference for other) animus.

' Interestingly, our estimate at a price of zero is close to the estimates in correspondence tests. For example, we
find that a decision maker with a majority name picks same with a probability of 63 percent at a zero price.
Bertrand and Mullainathan (2004) find that workers with White names are about 50% more likely to be call-

ed back which. assuming that employers are White, translates into a 60 percent probability of choosing same.

37



Interestingly, our estimate suggests that while a majority (63 percent) dislikes working with

other, a considerable share also prefers working with other.
4.3  Discrimination when both types of prejudice can matter

In treatment Nolnfo, decision makers do not know candidates’ individual productivity but do
know their ethnic types. Thus, decision makers need to form beliefs about the relative
productivity of workers across types to make optimal discrimination choices. Differences in
beliefs about relative productivity are likely to be mainly driven by ethnicity in our design.
The reason is that decision makers know that all candidates have very similar age and
educational background (because they are recruited from the same set of schools) and have
the exact same amount of experience with the work task. We thus control information and

make the candidates similar — except for their ethnicity — in the eyes of the decision makers.

Accurate statistical discrimination (ASD) assumes that decision makers form rational
(i.e. on average correct) beliefs and that decision makers have no animus.”® That is, ASD
assumes profit-maximizing choices. ASD predicts that all decision makers in NoInfo choose
the candidate with a Danish-sounding name because these workers are on average more
productive (116 vs. 100 letters packed in round 1). We find that ASD grossly mispredicts
choices. In fact, about half of the choices are for the less profitable type, and decision makers

with Muslim-sounding names are particularly prone to make such choices.

Treatment Nolnfo serves to evaluate the predictive power of ASD against animus-
driven and belief-driven prejudice in explaining observed outcomes. Such a comparative test
is demanding because it requires that the researcher measures animus and rational beliefs as
well as the actual beliefs. Our study is ideally suited to measure rational beliefs, i.¢. the true
average price of discrimination, because we precisely estimate individual marginal products
of labor using the tecam production function. Our design is less suited to directly measure
whether decision makers have biased beliefs about the average price of discrimination. The
reason is that we make every conceivable effort to implement a natural field experiment to

avoid distorted responses from moral bias. Thus, asking participants in Nolnfo directly about

% Altonji and Pierret (2001: 316) explain that they “are using the term ‘statistical discrimination’ as
synonymous with the term ‘rational expectations® in the economics literature. We mean that in the absence of
full information. firms distinguish between individuals with different characteristics based on statistical

regularities. That is, firms form stereotypes that are rational given their information.”
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their expected price of choosing one candidate over the other is not an option.” Instead, we
elicit beliefs about the average price of discrimination indirectly, from a sample of similar
juveniles. Eliciting beliefs serves two purposes: to test whether the team production is thought
to be type-specific (see section A below), and to assess the relative explanatory power of
animus-driven and belief-driven prejudice in accounting for observed discrimination in

Nolnfo (see section B).
A) Eliciting beliefs

We recruit # = 353 participants with Danish-sounding and Muslim-sounding names from
secondary schools on the outskirts of Copenhagen where we do not recruit for the
experiment.”* We carefully describe the work task to participants and elicit beliefs about the
productivity of individuals and teams. In particular, each participant is presented with the
names of 7 randomly selected workers and 6 randomly selected teams, all of the same gender
as the participant. Participants are asked to guess how many letters each worker packed in
round 1 and each team packed in round 2. To benchmark their expectations, we inform
participants about the median production in round 1 and round 2 (see appendix H for details).

Participants are rewarded for guessing correctly (using a quadratic scoring rule®).

Figure 3 shows participants’ average beliefs about production in round 1 and 2 by ethnic
type of the participant. The horizontal axis shows beliefs about productivity differences same
minus other. The vertical axis shows beliefs about productivity differences between
homogeneous tecams of the same type as the participant and heterogeneous teams. Each dot
represents one participant. The figure shows that the black dots tend to be located slightly to
the right and above the zero lines, while white dots tend to be located to the left and below the
zero lines. These tendencies reflect the fact that participants of both types correctly tend to

think that workers with Danish-sounding names are individually more productive, and that, as

13

People tend to be more prejudiced than they admit. For example, Kawakami et al. (2009: 277) show “that
people’s predictions regarding their emotional distress and behavior in response to a racial slur differ
drastically from their actual reactions”. Studies using survey-based data on animus may therefore yield
lower-bound estimates for animus. For example, Charles and Guryan (2008) use 21 survey questions to argue

that animus-based prejudice explains up to 25 percent of the racial wage gap in the US.

M We omit 42 persons who are classified as having “other” names from the analysis below.

= Participants receive max(0: 50 - 0.034") where d is the difference between the true productivity and the

guess. Average eamings in the belief elicitation study are €13.6.
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a consequence, teams with two workers with Danish-sounding names are more productive

than teams with two workers with Muslim-sounding names.

Figure 3: Beliefs about production in round 1 and 2

=
E_
o
vy
3
g L 4
E O m—_————— 5'
- o 0
g .
8
2
=
@
L
=
<
D T
-100 =50

Individual difference

@ Danish-sounding < Muslim-sounding

Notes: The horizontal axis shows the difference in average beliefs for numbers of letters packed
individually in round 1 by workers of the same ethnic type minus the other ethnic type for participants
with Danish-sounding (black dots) and Muslim-sounding names (white dots). The vertical axis shows
the difference in average beliefs for number of letters packed in round 2 by homogeneous teams (both
workers of the same ethnic type as participant) minus number of letters packed in round 2 by
heterogeneous teams for participants with Danish-sounding (black dots) and Muslim sounding names
(white dots). N = 353, of which 204 participants have Danish-sounding names and 149 have Muslim-

sounding names. Two outliers with values > 100 are omitted from the figure.

Statistical testing confirms this visual impression. We find that participants have
qualitatively correct beliefs in the sense that they believe that individual workers with Danish-
sounding names pack more letters on average than workers with Muslim-sounding names (p =
0.004, Wilcoxon signed-rank test, WSR). However, average beliefs are quantitatively biased

since the true difference across types of workers is larger than the cxpected difference (16 vs.
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3 letters)™®. In other words, participants underestimatc the true productivity difference across
types. Consistent with the belief that workers with Danish-sounding names are individually
more productive, we find that teams with more Danish workers are believed to more

productive.

Importantly, we find no evidence for ethnic prejudice in the sense that the team
production function is thought to be type-specific. Our analysis in table 2 has shown that,
after controlling for individual productivity, heterogencous teams in fact are equally
productive as homogeneous teams. The analysis below shows that participants do not think
that workers earn more in a homogencous team than a heterogeneous team, for given round 1
output. Put differently, neither do the juveniles believe nor do they have a reason to believe
that selecting a co-worker of the same type is more profitable for given productivities of

workers. To test, we regress
di= o+ B 6+ [ Danish + &g,

where 4; and & capture the participants’ beliefs about output of teams and individuals of
different ethnic types. More specifically, 4; is participant i’s belief about output in a homo-
genous team of the same type as / minus s belief about output in a heterogeneous team.
Thus, 4; captures how much participants with Danish-sounding names thought that all-Danish
teams outperform heterogeneous tcams, and vice versa for participants with Muslim-sounding
names. The variable & is i’s belief about output of individual workers of the same type as i
minus i’s belief about output of workers of the other type. Thus, &; captures how much
participants with Danish-sounding names thought that Danish workers outperform Muslim
workers, and vice versa for participants with Muslim-sounding names. The dummy variable
Danish equals 1 if the participant has a Danish-sounding name and is used to check whether

the two groups differ in their beliefs about the production function.

The regression yields an insignificant coefficient & which suggests that participants do
not expect homogeneous and heterogeneous teams to be different, after controlling for beliefs
about differences in individual productivity. We find £, > 0 which suggests that differences in
beliefs about individual productivity translate into differences in beliefs about team

productivity. The estimate for /b is not significant indicating that the two groups do not have

** We reject the hypothesis that the median person believes the difference to be equal to the true difference p=

0.000. WSR). This result also holds for each ethnic group separately (p = 0.000, WSR),

41



different beliefs about the type-specificity of the production function, after controlling for
beliefs about individual productivity differences. In summary, beliefs about individual
productivity differences across types explain differences across homogenous and
heterogeneous teams. In addition, homogenous teams are not generally believed to outperform

heterogeneous teams, and these beliefs are not different across ethnic type of participant.
B) Animus-driven and belief-driven prejudice matter

We now show that taking prejudice into account substantially improves predictions in
Nolnfo compared to the benchmark case of accurate statistical discrimination (ASD). We find
that ASD predicts discrimination rates inaccurately and that there is a substantial gap between
decision makers’ predicted eamings according to ASD and observed earnings. Taking the two
types of prejudice into account provides much more accurate predictions for discrimination
choices and explains the earnings gap almost entirely (97.2%) for one ethnic type and about

half (48.5%) of the gap for the other type.

To show that prejudice matters for discrimination, we compare 4 scenarios which differ

by assumptions about decision makers’ animus and beliefs.

a) No animus, rational beliefs. ASD assumes that decision makers have no animus and
maximize expected earnings given rational beliefs about average productivity of ethnic
types.”” Our experiment provides a rare opportunity to test the predictions of ASD because we
can retrieve rational beliefs from the distribution of workers” output in phase 1 as follows. For
each decision maker /, we sample observed round 1 output of two candidates of different
types. We estimate the marginal product of labor (MPL) for i with either candidate using
model A from table 2. Decision maker i’s price of choosing one worker over the other is the
difference between these MPLs. By repeatedly sampling and averaging, we obtain the
expected price for i of choosing one type over the other (see Appendix I for details). Because
workers with Danish-sounding names are on average more productive than those with
Muslim-sounding names in our sample, we find that ASD predicts that all decision makers

choose the worker with the Danish-sounding name. However, only about half of decision

7 While ASD maximizes expected earnings absent precise information about candidates’ productivities, it does

not yield the first-best outcome. Losses occur when choosing the candidate of the more productive type
because decision makers by chance pick a less productive worker when type-productivity distributions
overlap. The loss due to limited information is 2.5 percent of round 2 earnings. Yet, there is a clear incentive

for ASD in Nelnfo. In fact, earnings are 2.5 percent higher with ASD than with random choice of partner,
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makers (49%) do so. The misprediction is particularly pronounced for decision makers with

Muslim-sounding names (only 10.5 percent choose orher).™

b) No animus, biased beliefs. This scenario serves to evaluate the predictive power of
statistical discrimination with elicited (i.e. inaccurate) beliefs. We use the same procedure as
in a) to retrieve elicited beliefs except that we draw from the distribution of elicited beliefs
about round | output. We find that statistical discrimination cum biased beliefs does not
improve predictions compared to ASD. Section A above has shown that elicited beliefs are
quantitatively biased in the sense that the true productivity differences across types are
underestimated. However, because beliefs were not strongly biased, belief-driven prejudice

vields the same predictions as ASD.*

c) Animus, rational beliefs. This scenario serves 1o evaluate the predictive power of animus
given rational beliefs. To calculate predictions, we use rational beliefs as described in a) and
feed those beliefs into our estimate of taste-based discrimination treatment Info (see model 1
in table 3) to cstimate the probability that decision maker i chooses same. By doing so, we
assume that the distribution of animus-driven prejudice is the same in treatment Info and
Nolnfo. This is assumption is warranted since decision makers were randomly allocated to

{reatments.

Taking animus-driven prejudice into account improves the prediction for the decision
makers with Danish-sounding names from 100 to 79.1 percent. This prediction is not
statistically different from the observed 66.7 percent (p = 0.711, Fisher exact test).™® The
prediction for the decision makers with Muslim-sounding names is also improved. Now, 57.3
percent (rather than 100 percent) are predicted to choose other. Yet, the prediction is still

different from the observed 10.5 percent (p = 0.013, Fisher exact test).

d) Animus, biased beliefs. In this scenario, we feed elicited beliefs (as described in b above)

into our estimate of animus from treatment Info (as described in ¢ above). Note that while

The fact that the vast majority (89.5 percent) of decision makers with Muslim-sounding names chooses same
in Nolnfo suggests that any preference for a weekday that may have been present is swamped by ethnic
preferences in our sample. Recall from section 3 thal our randomized matching procedure guarantees that

candidales are randomly allocated to weekdays.

Note that this is the case in our experiment because discrimination choices are discrete. 11ad discrimination
involved a continuous variable like wages, any bias in expected MPL would translate into a cost.
0

Tests in this secton assume an equal number of observations for predicted and observed discrimination rates.
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biased beliefs do not make a difference for predictions given that decision makers have no
animus in our design, they do make a difference given animus-driven prejudice. The reason is
that the prediction moves discretely with belicfs absent animus (all choose the type believed
to be more productive on average) but moves continuously in the presence of animus (the

demand for discrimination is smooth, see figure 2).

We find that taking both types of prejudice into account further improves the predictions.
The prediction is now perfectly accurate for decision makers with Danish-sounding names
(67.3 vs. 66.7 percent observed).’’ The prediction also improves for decision makers with
Muslim-sounding names, but there is still a some discrepancy (60.8 vs. 89.5 percent).
However, the predicted and observed discrimination rates are not significantly different after

accounting for prejudice (p = 0.232, Fisher exact test).

Table 4 shows how the gap between earnings with ASD and observed earnings can be
explained by prejudice using the scenarios described above. The table shows eamnings
foregone to decision makers by deviating from ASD, in percent of decision makers’ round 2
carnings with ASD. The total gap is 3.6 percent (or about €2.3 per decision maker). The gap is
smaller for decision makers with Danish-sounding names (1.6 vs. 5.8 percent) because they

tend to choose the Danish-sounding, i.c. on average more productive, candidate more often.

The top row of table 4 shows that statistical discrimination cum biased beliefs (scenario
b) cannot account for the eamnings gap. The second row shows the explanatory power of
scenario ¢. We find that animus cum rational beliefs predicts a loss of 1.7 percent relative to
ASD. Note that the predictions are rather different for the two ethnic types. Decision makers
with Muslim-sounding names have higher losses (2.3 vs. 1.1 percent). The main reason for
this difference s that our estimate of animus predicts that decision makers of either type
choose same more often than other. Hence, decision makers with Danish-sounding names
tend to choose the more productive type more often than the decision makers with Muslim-
sounding names. Assuming animus cum rational expectations explains about 40 percent (=
2.3/5.8) and two thirds (= 1.1/1.6) of the gap for Danish-sounding and Muslim-sounding

decision makers, respectively.

"' This highly precise prediction is remarkable given its out-of-sample nature. Recall that the demand for taste-
based discrimination is estimated by forcing all cost to be positive in Info while the (average) cost of

discrimination is negative for decision makers with Danish-sounding names in Nolnfo.
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Table 4: Earnings foregone relative to earnings with accurate statistical discrimination (ASD)

Type of Danish- Muslim-

prejudice Belief Animus sounding sounding QOverall
Belief-driven Elicited None 0.0 0.0 0.0
Animus-driven  Rational Elicited -1.1 =23 -1.7
Both Elicited Elicited -1.5 -2.8 -2.2
Observed - - -1.6 -5.8 -3.6

Notes: The table shows earnings foregone relative to the benchmark of accurate statistical discrimi-
nation in percent of decision makers’ round 2 earnings. Rational beliefs are retrieved for each decision
maker i by repeatedly sampling from candidates’ observed round 1 output. We then estimate the
marginal product of labor (MPL) using model A in table 2 for each draw. Elicited beliefs are retrieved
analogously by drawing from elicited beliefs (see section 4.3). In row |, i chooses the candidate of the
type with the higher average MPL given elicited beliefs. In rows 2 and 3, we estimate probabilities of
choosing same from model 1 in table 3 and using the average price according to rational or elicited

beliefs, respectively. We use these probabilities to calculate a weighted average of earnings for either

type.

The third row of table 4 shows the explanatory power of scenario d. We find that the loss
predicted by both types of prejudice is about 2.2 percent of earnings in the benchmark case.”
Note that biased beliefs do matter given animus (about half a percentage point). Thus, adding

biased beliefs to animus-driven prejudice explains an additional 14 to 33 percent of the gap.

In summary, we find that accurate statistical discrimination (ASD) cannot explain
observed outcomes. We find that both types of prejudice together explain about 60 percent of
the gap between eamings with ASD and observed eamings. The gap is almost perfectly (97.2

percent) explained for decision makers with Danish-sounding names. For decision makers

* Note that earnings foregone in Nolnfo refer to all decision makers. In contrast, the eamnings foregone reporied

in Info (8.4 percent) refer to the average discriminator. The comparable number for all decision makers is a
loss of 2.8 percent. The difference (2.8 vs. 2.2) is mainly due to the fact that the price of choosing same was
much smaller in Nolnfo than in Info (averages are 1.1 vs. 9.8 percent). This is the case for two reasons. First,
the price is positive by design in Info while it is positive or negative in Nolnfo, depending on the type of
decision maker. Second, in Nolnfo the average price is relevant for choices while in Info it is the realization
of a random draw, and some of these have high values, A decision maker with a strong animus discriminates

in both treatments, but the implied price paid for this animus-driven prejudice is lower in Nolnfo than Info,
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with Muslim-sounding names, prejudice provides a much better prediction than ASD (48.2

percent of the gap is explained), but a considerable unexplained gap remains.*

5 Concluding remarks

This study develops a novel experimental approach to measuring the price of ethnic prejudice
paid by discriminators in the work place. We show that part of this price is paid deliberately

and is due to animus, and part of the price is paid unintentionally and is due to biased beliefs.

We find that statistical discrimination along with rational expectations (i.e. accurate
statistical discrimination) grossly mispredicts observed behavior. Compared to this
benchmark, decision makers leave about 4 percent of earnings on the table. We show that
about 60 percent of this earnings gap can be accounted for by animus and belief-driven
prejudice. We isolate taste-based discrimination by controlling for beliefs, i.e. by informing
decision makers about the true productivity of job candidates, and by randomly assigning a
price of discrimination to decision makers. Using a sample from Denmark, we find that
discrimination is common even at a substantial price, that majority and minority groups are
equally likely to discriminate for given prices, and that the demand for discrimination is
remarkably elastic. OQur best estimate is that the probability to discriminate falls by about 9
percent if the price of discrimination goes up by 10 percent. We use this estimate together
with clicited beliefs to evaluate the predictive power of animus-driven and belief-driven

prejudice.

Below, we discuss three potential sources of mismeasurement of prejudice due to
selection effects and conclude that selection is not likely to have caused bias in one way or
another. Finally, we emphasize that our quantitative findings should not be extrapolated to
cmployment decisions in large firms without further consideration because incentives for
personnel managers may be opaque or differ substantially from the sharp and controlled

incentives for decision makers in our experiment.

First, we may underestimate animus in the general population because our sample is not

representative of the Danish population. We recruit juveniles from secondary schools in

" We can only speculate what may explain the remaining gap. A possibility is “implicit discrimination”

(Bertrand et al. 2005). However, it is not entirely clear why implicit discrimination should be more important

for minority than for majority decision makers.
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Copenhagen who have very similar age and education and are all fluent in the majority
language. Such relatively well-educated and integrated juveniles as a group may have
systematically lower animus than the average Dane or Muslim living in Denmark. In fact,
available research suggests that (voiced) animus decreases with education and income but

increases with age (e.g. Charles and Guryan 2008).

Second, we may over- or underestimate differences in animus across ethnic types. We
find that minority and majority groups are equally likely to discriminate for a given price.
This result is surprising in the light of evidence suggesting that minorities have more
pronounced “homophily” (in the diction of Curarrini et al. 2009) than majorities. We may
underestimate the difference due to unobserved heterogeneity in income in our sample. While
the evidence presented in Charles and Guryan (2008) suggests that animus decreases with
income, taste-based discrimination may well also increase with income (if it is a “normal”
good). However, we may overestimate the difference due to a subtle name-related selection
cffect. A juvenile is classified as having a Muslim-sounding name in our experiment if his
parents chose such a name, but is classified as having a Danish-sounding (or other) name if
they did not. If the name choice by parents is correlated with animus, we would tend to
overestimate differences in animus across ethnic groups. However, this effect seems to be of

minor relevance since we find no difference in animus across ethnic types.

Third, we may over- or underestimate the relevance of belief-driven prejudice. We elicit
beliefs on a different sampie of juveniles and argue that elicited beliefs are a precise proxy of
decision makers’ beliefs in Nolnfo. This claim seems plausible because both groups are
similar in observables, both groups have an incentive to form beliefs, and, perhaps most
importantly, we find that elicited beliefs provide a more precise prediction (given animus) of
observed behavior than rational beliefs. Yet, elicited beliefs may be more or less accurate than
decision makers’ beliefs in Nolnfo. On the one hand, beliefs may be less accurate because
participants in the clicitation study are not experienced in the work task. On the other hand,
elicited beliefs may be more accurate because participants were given explicit incentives for

guessing correctly and may have thought more explicitly about how others perform.

A remarkable side result of our study is that, after controlling for individual productivity
differences, minority and majority workers are equally productive in teamwork whether they
work with someone from the same or the other ethnic type. In addition, we find no evidence
for the claim that majority workers think they cannot work equally well with a minority

worker than with a majority worker, all clsc equal. Thus, this type of belicf-based prejudice
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about teamwork receives no support in our study. However, we do find evidence for a
different type of belief-based prejudice. We find that participants of both types underestimate
the remarkably pronounced differences in productivity across types. Thus, we find that both
majority and minority types seem, perhaps surprisingly, to expect less of a difference in

productivity that there in fact is.

The extent to which the quantitative estimates from our experiment extrapolate to hiring
choices, in particular in large firms, must remain an open issue for two reasons. First, we may
over- or underestimate the importance of belief-driven prejudice compared to personnel
managers who may have more or less accurate beliefs than decision makers our sample. On
the one hand, personnel managers in large firms may be able to draw on extensive internal
statistics and therefore have more accurate beliefs about the average productivity by ethnic
type than decision makers in Nolnfo. On the other hand, the work task in our experiment was
well-defined and simple compared to collaborative tasks in large firms. It is therefore
relatively easy for our decision makers to predict productivity accurately. Second, we may
over- or underestimate the sensitivity of taste-based discrimination to the price of prejudice
because decision makers (in Info) faced a clear and known price for discrimination while
incentives may be opaque or weak for a personnel officer in a large firm. Decision makers in
our experiment are directly affected (monetarily and non-monetarily) by their choices because
they make a consequential choice of whom to work with in a team. In contrast, personnel
managers do not necessarily physically work with new hires and may also be largely shielded
from monetary consequences of their choices. On the other hand, large corporations may have
particular policies (like affirmative action programs) on discrimination in place which may

provide incentives against discrimination.

In conclusion, our results suggest that belief-driven and animus-driven ethnic prejudice
are important causes of ethnic discrimination in the workplace, and need to be taken into

account above and beyond the theory of accurate statistical discrimination.
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Appendix A: Flyer used for recruiting

Tjen penge!

Har du lyst til at tjene
ekstra penge?

Kebenhavns Universitet skal sende 40.000 Invitatloner tll
vores nye internet platform (www.econ ku.dk/ILEE). 0g vi
har brug for hjeelp il at pakke brevene.

Du skal kunne arbejde 2 gange 2 timer. De farste 2 mer
skal vaere | uge 49 (3. - 7. dec.), og de sidste 2 timer | uge
50/51 (10. - 19. dec.). Arbejdet foregdr i centrum af K-
benhavn og vi tilbyder en god Ian.

Arbejdstiden vil kunne vaere hverdage mellemn Kl 13 og Kl.
21, Jo mere fleksibel du er, desto sterre chance er der, for
at vi kan bruge dig. Vi aftaler naturligvis det specifikke
tidspunkt i god tid inden arbejdet,

Du wit blive aflennet efter, hvor mange breve
du pakker, og vi forventer i gennemsnit at
betale cirka 180 kr./time.

Hvis du er inleresseret s ring pa tif. 35 32
44 04 / 35 32 30 59 mellem kickken 10 og ®
18 eller send en emall med navn Og tele-
fonnummer tl ILEE@econ.ku.dk.

KOBENHAVNSYS
UNIVLRSITLET

Translation: Earn money! Would you like to earn some extra money? The University of
Copenhagen has to mail 40°000 invitation letters for a new internet platform, and we are
looking for help to pack these letters.

You are supposed to work twice for 2 hours. The first 2 hours are in week 49 ... the second in
week 50/51.

Work is to be done in the city center and we pay a good salary. Work times arc between 1
p.m. and 9 p.m. You are more likely to be hired if you are more flexible with respect to work
times. We will of course make a specific agreement with sufficient notice.

You will be paid according to how many letters you pack and we expect to pay about 180 kr.
(about €24) per hour.

Call us on ...between .. and .. or send an e-mail with your name on phone number to ... if you
arc interested.



Appendix B: Location and participants

Figure B] shows the secondary schools from which participants were recruited for the
experiment (red symbols), for the belief clicilation and name validation studies (blue symbols)
and the pre-test (purple marker in the lower left corner). The flag indicates the location of the

University premises where work was carried out.

Figure BI: Location of schools from which participants were recruited **

* The figure has more than eleven red markers as some of the schools where we recruited for the experiment
g p

have several campuses in Copenhagen.



Figure B2: The control room




Figure B3: Floor plan

The University of Copenhagen generously provided us with an entire floor (app. 320 m?) of
11 offices which were furnished with tables and chairs. Two offices were used for storage of
materials, one office was used as control room (see figure B2) and work was carried out in the
remaining eight offices.
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Appendix C: Description of the work task

The participants were seated in a two-person office at a workstation facing the wall. Figure

1 hotograph of the workstation.
C1 shows a photograph of the workstation Gift to be

Figure C1: Photograph of a workstation _~  added

Collection
envelopes

___— Letters to be
packed

Each letter had a an ID number (ranging from 12,000 to 51,999). The order of the letters was
randomized so each participant could have letters from the entire interval.

The 40,000 letters had to be sorted into 5 main categories (A to E). These were then split
further into a total of 96 subcategories (A-1 to E-96). The sub-categories were assigned
randomly and were not printed on the letters. Each participant would get letters belonging to
six subcategories and would have to sort the letters accordingly.

For cach letter, the task was to: Look up the letter’s ID number in a binder with 600 pages and
scc which category (A-1 to E-96) the letter belongs to; Look up the category type (A to E} ina
separate list and see whether the letter should include a gift (letters in categories B and D
should include a small foam puzzle) ; Fold the letter and stuff it into an envelope. If category
B or D, then also include a gift ; Close the envelope ; Sort the envelope into the collection
envelope with the subcategory label written on the outside.

The participants received both oral and written instructions on how to do the task. These
instructions were given individually and we demonstrate how to pack a letter. The participant
then packed a under supervision to verify understanding of the procedure. If successful, the
participants worked alone for 90 minutes. An alarm clock was set in the control room to
enforce to time limit. After the 90 minutes, we stopped the participants and counted the
number of letters packed. In total, the participants spend less than two hours at the University
in each round.



Appendix D: Validation of classification of first names

As 1n correspondence tests, we use names as a marker of ethnicity. However, we do not use
fictitious and highly stereotypical names but the actual names of workers. We categorize these
names into ethnic types using our judgment complemented by lists of “typical” Danish and
Muslim names we found on the web (such as www.muslimbabynames.net).

To test if actual names are effective markers of ethnicity, we run a complementary study with
n = 144 juveniles in a secondary school on the outskirts of Copenhagen where we do not
recruit for the experiment. The questionnaire (available from the authors on request) presents
respondents with 4 randomly drawn pairs of candidates (i.e. using the actual names and actual
pairs decision makers faced) and asks them classify the names as either Danish or Muslim.
More specifically, respondents have the option to classify either, both or none of the two
names as ‘Danish’ or ‘Arab/Muslim’. We randomize the order of names for a given choice in
any given pair. This task is presented to respondents as part of a “classification study” which
also contains 9 other, unrelated, tasks (e.g. classify cities as German or French). Participants
are paid a flat fee of DKK 100 (€13.3) for completing the survey.

Table DI: Effectiveness of first names as marker of ethnic type

Boys Girls
Danish-  Muslim- Danish-  Muslim-

Concordance sounding sounding sounding sounding Overall

Danish names 80% 87% 84% 94% 83%

Muslim names 97% 94% 86% 92% 92%

Overall 89% 90% 85% 93% 88%
Confound

Danish names 2% 3% 3% 5% 29

Muslim names 0% 0% 1% 0% 1%

Overall 1% 2% 2% 3% 1%

Notes: The table shows the percentage (over of all narnes and respondents) of classifications
in the survey study that are in line (“concordance™) or conflict (“confound™) with the
classification into ethnic types in the experiment. Concordance occurs, for example, if a
name we classify as Danish-sounding in the experiment is classified by respondents as
Danish-sounding. Confound occurs, for example, if a name we classify as Danish-sounding
is classified by respondents as Muslim-sounding. The number of respondents is » = 144.

Table D1 shows that concordance rates are very high and confound is rare. In particular, the
last column shows that 83 percent of the names we classify as Danish-sounding and 92
percent of those we classify as Muslim-sounding are categorized by respondents in
concordance with our classification. Importantly, it very rarely happens (1 percent of the
cases) that names we classify as belonging to one ethnic type are classified as belonging to the
other category by respondents. Concordance and confound rates are similar for respondents
with Danish-sounding and Muslim-sounding names.
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Appendix E: Using productivity differences as proxy for the price of discrimination

This appendix shows that our main result in Info (that an increase in price causally reduces
taste-based discrimination) is robust to using a different type of team production function to
estimate prices.

In section 4.1, we estimate the price from the marginal productivity of labor obtained from a
particular type team production function (model A in table 3). We then use these (randomly
assigned) prices to estimate the demand for discrimination (and the willingness to pay). By
doing so, we assume that the price, and implicitly also the team production function, is known
to decision makers. To demonstrate robustness, we use “raw” round 1 output differences as a
proxy for the price in the estimation of the demand for discrimination and therefore tie the
price of prejudice directly to observables. We find very similar results either way.

Table El replicates the analysis in table 3 using (half of) the difference of round 1 output
between the candidates as a proxy for the price of discrimination. The coefficient of AProd)
in model (8) shows that if price goes up by €1, decision makers are about 3 percent less likely
to discriminate. This estimate is similar to our result for Price in table 3 (3.0 vs. 3.6 percent).
Also note that models (9) to (11) yield very similar results as models (2) to (4) in table 3.

Table EI: The demand for discrimination using output differences as a proxy for Price

Dependent variable: Discr (8) (9 (10) (11)
AProd -0.030** -0.029** -0.028** -0.029*
(0.013) {0.014) {0.014) {0.016)
Danish-sounding 0.014 0.088
(0.160) (0.273)
Male -0.063 -0.138
(0,152} (0.266)
Danish-sounding * AProd -0.001 -0.010
(0.020) {0.035)
Male * AProd -0.005 0.010
(0.017) (0.029)
N 37 37 37 37
Adj. R* 0.073 0.076 0.074 0.079

Notes: The table shows average marginal effects for probit regressions. Numbers in parentheses are
robust standard errors. The dependent variable Discr = 1 for a discriminator and 0 otherwise. The
variabie APrody is the difference in output in round 1 by other minus output by same. To make the
numbers comparable, we muttiply the difference by 0.5 as the joint output was split among the two
team members and express values in Euros, i.e. multiply with €0.5 per letter packed. Danish-
sounding and Male are dummy variables characterizing decision maker i. * p < 0.10, ** p < 0.05,
*** < 0.01



Appendix F: Robustness of price effect with respect to the decision maker’s productivity

Our discussion of the response of taste-based discrimination to the price of prejudice in Info
in section 4.1 is entirely cast in terms of earnings foregone by choosing one candidate over the
other, i.e. is based on opportunity cost. Below, we address issues relating to the absolute and
relative productivity of the decision maker.

Table F1 investigates if decision makers with high productivity in round | tend to be less
likely to discriminate. Such an effect is plausible if those with a strong preference for money
work hard and also tend to choose a co-worker primarily on the basis of monetary concerns.
But we find that the effect is weak is best (Prod, is insignificant in models 5 and 6). The table
also serves to investigate whether the decision maker’s productivity in round 1 relative to the
productivities of the two candidates biases our estimates of the demand for discrimination.
Our conclusion from the discussion below is that it does not.

Table FI: Discrimination and the decision maker’s productivity

Dependent variable: Discr (5) (6) )]
Price -0.030* -0.030** -0.017
(0.016) (0.015) (0.018)
Prod, -0.046* -0.044 -0.043
(0.026) (0.033) (0.032)
Prod;’ 0.000 0.000 0.000
(0.000) {0.000} (0.000)
Abs. distance to same 0.001 -0.003
(0.008) (0.007)
Same candidate below -0.153
(0.199)
Both candidates below 0.101
(0.268)
N 7 37 37
R? 0.147 0.147 0.177

Notes: The table shows average marginal effects estimated from Probit regressions.
Numbers in parentheses are robust standard errors. The dependent variable Discr = 1 for
a discriminator and 0 otherwise. The variable Price is expressed in Euros. Prod, and
Prod,’ are decision maker i’s productivity and its square in round 1. Abs. distance to
“same " is the absolute difference in round 1 productivity between decision maker i and
the candidate of the same ethnic type as i. “Same " candidate below is a dummy variable
taking the value 1 if the productivity of the decision maker in round 1 is between the
two candidates. Both candidates below is a dummy variable taking the value | if the
productivity of the decision maker in round 1 is higher than that of both candidates.
*p<0.10, ** p < 0.05, *** p < 0.01

A potential concern with using an opportunity cost concept is that it does not take relative
standing into account. Due to random maitching of decision makers into triples, decision
makers have a choice between candidates who can be more or less similar to the decision
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maker in terms of round 1 productivity. A particular concern is that choosing same may not
reflect a preference for an ethnic type, but a preference for a co-worker with similar
productivity. For example, a decision maker may choose same to avoid peer pressure and
feeling uncomfortable when working with a much more productive co-worker. Model (6) in
table Fl includes a variable Abs. distance to “same” which measures the absolute
productivity difference between the decision maker and the candidate of the same ethnic type.
The insignificant coefficient suggests that this concern does not affect the choice of co-
worker.*?

Model (7) in table F1 investigates a potential confound of loss aversion and taste-based
discrimination. Due to the randomness of our matching procedure, decision makers have a
choice between a) two candidates which are both less productive, b) both more productive, or
¢) a more and a less productive candidate. Compared to the case of being in a team with a co-
worker with the same productivity, discrimination in case a) means incurring an additional
loss, in b) foregoing an additional gain, and in c) incurring a loss rather than making a gain.
Thus, loss aversion predicts that choosing same is less likely in case c) than in a) or b), and
less likely in a) than b) for a given price of discrimination. To test, we add “Same”’ candidate
below (equal to 1 in case c) and Both candidates below (a dummy equal to 1 in case a). The
insignificant estimates suggest that loss aversion does not seem to have affected the choice of
a co-worker. However, this result should be taken with a grain of salt due to multi-collinearity
and the large number of explanatory variables compared to the number of observations.

** We also find that decision makers do not have a bias in favor of the candidate with more “similar”

productivity in a simple non-parametric test. Qut of 37 decision makers, 21 choose the “closer”, 16 the

“further” candidate. This split is not statistically different from a 50:50 split (» = .560, " test),
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Appendix G: Testing for random assignment of price (simulation)

A precondition for identifying the causal effect of prices on discrimination choices in
treatment Info is that the price of discrimination (i.e. the opportunity cost choosing same over
other) is randomly assigned to decision makers. In particular, the distribution of animus and
the distribution of the prices must be independent.

Our matching procedure (see section 3) is sequential and matches (randomly drawn) decision
makers with candidates from a pool of suitable candidates. That is, once a decision maker is
determined, the candidates are drawn from a constrained set (e.g. the candidates and the
decision maker have to be available on the same days). A possible concemn is that our
matching procedure caused selection in the sense that characteristics of the decision maker
constrain the set of set of suitable candidates in such a way that the resulting distribution of
prices is not random and independent of decision makers’ animus.

Below, we provide three tests for random assignment of prices to decision makers. The tests
do not reject the hypothesis of random assignment.

First, we test if the distribution of prices observed in our experiment is normal. Unconstrained
random drawing of pairs of candidates implies that the distribution of Price; follows (half a)
normal distribution. Because Price; is positive by design in Info, we mirror the experimental
distribution on 0, and test this distribution for normality using standard tests. We cannot reject
the normality assumption (p = 0.818, Shapiro-Wilk; p = 0.721, Shapiro-Francia; p = 0.901,
Skewness/Kurtosis test for normality).

Second, we test if the sequentiality of our matching procedure caused a bias in the distribution
of productivity differences between candidates. We test for productivity differences because
these are directly observable and are a good proxy to Price; (see appendix E for a discussion).
In particular, we test if the observed distribution of productivity differences is different from a
simulated distribution which is obtained from random draws without (unintended) constraints.
The simulated productivity differences are obtained by sampling from all participants who
complete round 1 (n = 162) with two constraints which are intended consequences of our
design (rather than unintended conscquences of sequential sampling). Our simulation imposes
that a decision maker is always matched with candidates of the same gender (to avoid
confound of gender and ethnicity) and that same is by design less productive than other (to
make choices informative). We sample 1’000 productivity differences for each type of
decision maker. From this pool, we randomly draw 37 productivity differences and test the
resulting distribution against the experimentally observed distribution using Mann-Whitney
(MW) and Kolmogorov-Smirnov (KS) tests. We repeat the draw and run the tests 1°000
times. At a level of significance o, we expect fewer than o percent of these tests to reject (i.c.
to have a p-value < o) if the null is true. At oo = 0.05, we find that these tests reject in less than
1 percent of the cases (MW: 0.009, KS: 0.005). At o = 0.1, we find that the tests reject in less
than 3 percent of the cases (MW: 0.029, KS: 0.009). In summary, our sequential matching
procedurc yields productivity differences which are indistinguishable from purely random
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draws of candidates and the sequential matching we use does therefore not seem to bias
prices.

Third, we test for the independence of the distribution of animus and the distribution of prices
by means of a simulation. This is a joint test for independence and other assumptions which
arc simultaneously imposed in the simulation. In particular, the simulation imposes a normal
distribution of prices, a normal distribution of animus (an assumption we make in using probit
regressions), and independence of the two distributions. We also impose utility maximization
in that the decision maker discriminates if and only if a; > Price;, just as we do in our
estimations (see section 4.2). We compare the simulated distributions to the observed
distribution in the experiment using non-parametric tests. We find that our experimental
observation is likely to come from a population in which the assumptions above, including
independence, jointly hold.

We proceed as follows. We randomly sample #» = 37 pairs of Price; and a;. Price; is drawn
from the best fit of a normal distribution to estimated prices and a; is drawn from the
estimated distribution as explained in section 4.2B. If @; > Price;, we assign a value of Discr, =
1, and = 0 otherwise. We calculate the conditional distribution of price for discriminators
(Discr; = 1) and non-discriminators, and the share of discriminators. We test these 3
distributions against the respective distributions as observed in the experiment using non-
parametric tests. We repeat 1000 times for each distribution and expect a share of less than o
(the significance level) of these tests to have p-values < a if the null hypothesis is true.

For the conditional distribution of the price of discriminators we find no significant difference
between simulated and observed data. At o = 0.05, we find that non-parametric tests reject in
less than 3 percent of the cases (Mann-Whitney (MW): 0.024, Kolmogorov-Smirmov (KS):
0.020). At a = 0.1, we find that the tests reject in 5 percent or less of the cases (MW: 0.050,
KS: 0.040).

For the conditional distribution of the price of non-discriminators we find no significant
difference between simulated and observed data. At o = 0.05, we find that non-parametric
tests reject in less than 2 percent of the cases (MW: 0.011, KS: 0.010). At oo = 0.1, the tests
reject in 3 percent of the cases (MW: 0.030, KS: 0.030).

We find a mean simulated discrimination rate of 38.4 percent (observed is 37.8 percent, n =
37). We run 1’000 Chi-square tests to test for differences in the simulated and observed
discrimination rate. At o = 0.05, we find that the tests reject in less than 1 percent of the cases
(*: 0.007), at o, = 0.1, the tests reject in less than 2 percent of the cases (x*: 0.013).

In conclusion, the tests for the conditional prices of discriminators, of non-discriminators and
the discrimination rates reveal that the observed data in our experiment does not look different
from simulated data imposing random allocation of prices to decision makers.
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Appendix H: Eliciting productivity beliefs

We recruit # = 353 juveniles to elicit beliefs about individual and team output across ethnic
types in the letter packing task from two secondary schools where we do not recruit for the
experiment. We carefully explain the work task to these participants and ask them to guess the
productivity of actual workers in our experiment. We provide incentives for guessing
correctly (the full questionnaire is available from the authors on request).

In particular, we present participants with a table of 7 randomly selected workers of the same
gender and ask them to guess how many letters each worker packed when working in
isolation in round 1. We also ask them to guess round 2 output for 6 randomly selected teams
(2 homogeneous Danish-sounding, 2 homogeneous Muslim-sounding and 2 heterogeneous
tcams). As a point of reference, we provide participants with the observed median production
in rounds | and 2. In total, 204 juveniles with Danish-sounding and 149 with Muslim-
sounding names participate (42 have names that are classified as “other” and are omitted from
the study). Beliefs are incentivized using a quadratic scoring rule. Average earnings are €13.6.

Table H1 shows that both types of participants tend to believe that workers with Danish-
sounding names are more productive than workers with Muslim-sounding names when
working alone (109 vs. 106 and 101 vs. 98, respectively). Remarkably, these beliefs about
individual productivity differences across ethnic types are qualitatively in line with our results
for round 1 production (116 vs. 100). However, both types of participanis underestimate the
true difference across ethnic types (3 vs. 16 letters).

Concerning team output, table H1 shows that both groups expect homogeneous Danish-
sounding teams to be morc productive than productive than heterogeneous teams which, in
turn, are believed to be more productive homogeneous Muslim-sounding teams. The
differences in beliefs about team production almost perfectly reflect the differences in beliefs
about individual production. In particular, expected output increases by 3 letters by replacing
a team worker with a Muslim-sounding name by one with a Danish-sounding name. Note that
this almost perfect correspondence holds for participants of both ethnic types.

Table HI: Average output guesses by participants in complementary study

Participant Individual workers Teams
Danish- Muslim- Danish- Muslim- Hetero-
sounding  sounding sounding  sounding  geneous
Danish-sounding 109 106 225 220 223
Muslim-sounding 101 98 215 207 211

Notes: The table shows the average guesses for output of individuals and teams by participants in the
belief elicitation study with Danish-sounding (7 = 204) and Muslim-sounding (n = 149) names.

64



Appendix [: Decomposition of the earnings gap

This appendix describes how we decompose the eamings gap in treatment Nolnfo into an
animus-driven and a belicf-driven component in section 4.3B. The carnings gap is the
difference in decision makers’ total earnings between the benchmark case of accurate
statistical discrimination (ASD) and observed earnings. A gap results if decision makers
choose a worker of the on average less productive type. Such a choice can result from holding
a biased belief about the average price by type, from animus against a type of worker, or from
other sources (unexplained part). ASD is profit-maximizing given available information and
assumes that any prejudice is absent. That is, ASD assumes decision makers have rational
beliefs on the price of discrimination and no animus,

Rational expectations (Price;"") are determined for each i of the » = 37 decision makers as
follows. We draw two co-workers (of the same gender as /) from the population of workers in
our experiment (161 other workers, see table 1). We estimate team output with each drawn
co-worker using /’s production in round 1 and model A in table 2. The price of discrimination
is then the difference in i’s cstimated earnings with either type. We repeat this procedure
17000 times 1o obtain a distribution of Price;"".

Elicited expectations (Pricei™) are determined in the same way as in the case of rational
expectations except that we do not draw from the true distribution of round 1 output but from
the distribution of elicited beliefs about round 1 output. Beliefs are elicited for 353
participants in the belief elicitation study (see section 4.3).

We use the means of these distributions (u** and 1", respectively) to predict behavior for i
in 4 scenarios which differ by expectations formation (rational vs. elicited) and animus (no vs.
as measured in treatment Info). The difference between the benchmark case of ASD and
observed outcomes is decomposed into an animus-driven and a belief-driven component (see
also section 4.3).

Absent any animus and assuming rational expectations, i chooses same if *" < 0 and other
otherwise. The case is analogous for elicited expectations and no animus: i chooses same if
w,EE < 0 and other otherwise. Note that as long as ;" and " have the same sign, they yield
the same prediction for the choice of partner. In particular, we find that ;** < 0 and p;*F < 0
for all decision makers with Danish-sounding names, and p;** > 0 and p,%% > 0 for all decision
makers with Muslim-sounding names.

To predict behavior in the case with animus, we feed p;*" and p,*F into model 1 from table 3
to calculate the probability that 7 chooses the co-worker of the same ethnic type (Prob" and
Prob™®). We use these probabilitics to calculate expected earnings and report earnings
foregone by ethnic type from deviating from ASD in each scenario in table 4. Note that
because uiRE # uiEF‘, and because our estimate of the demand for discrimination is continous
(see figure 2), taking biased beliefs into account changes predictions for both ethnic types
given animus-based prejudice in table 4.



66



Chapter 2

Correlates and Consequences of
Distributional Preferences: an Internet
Experiment

Morten Hedegaard

67



Correlates and Consequences of Distributional
Preferences:

an Internet Experiment

Morten Hedegaard‘

March 2011

We investigate the correlates and consequences of distributional preferences in an experiment
carried out over the internet with a large, heterogencous subject pool. First, we find
substantial heterogeneity in the distribution of distributional preferences and, in line with
previous literature, we find that efficiency maximization seems to be more important than
inequality aversion. Second, we find that gender, age, subjects’ expectation of being treated
fairly, cognitive reflection and IQ correlate with distributional preferences. Third, we
investigate the link between distributional preferences and contributions in the standard public
good game. We find that subjects who are efficiency maximizers, inequality averse and have
maximin preferences contribute more than those who are selfish, even after controlling for
beliefs. Finally, we find that taking distributional preferences into account explains almost
half of the difference between observed behavior in the public good game and the prediction

of standard economic theory.

Keywords: social preferences, distributional preferences, internet experiment, corporation,

public good

JEL Classification numbers: C72, C91, D64

University of Copenhagen, Depariment of Economics, Oster Farimagsgade 5, building 26, DK-1353
Copenhagen K, Denmark. Morten.Hederaardiwecon. ku.dk.

I thank Jean-Robert Tyran and Rudolf Kerschbamer for useful comments. | thank Erik Wengstrém and the
rest of the iLEE team for providing dala from the first wave of intemet experiments. | also thank Eva
Gregersen, Nikolaos Korfiatis and Thomas Alexander Stephens for their support in conducting the
experiment. | gratefully acknowledge generous financial support by the Carlsberg Foundation. All  mistakes
are mine.



Introduction

Standard economic theory predicts that agents care only about their own material payoff.
However, even in scttings that focus purely on outcomes — and not on intentions —
experimental economist have found ample evidence in contradiction with this prediction.
While some agents do act in a selfish manner, others apparently choose to sacrifice own
payoff in order to e.g. decrease inequality or increase efficiency. Hence, it seems that agents’
preferences arc formed over not only on their own outcome but on the distribution of
outcomes. This finding is important as theoretical models that aim to explain and predict
behavior thus need to incorporate these finding if we are to trust the predictions of such
models. As an example, Fehr and Fischbacher (2002) show that without accounting for
distributional preferences it is not possible to understand effects of competition on market

outcomes.

While there are several studies on distributional preferences (sometimes labeled social
preferences because agents care not only about themselves but instead take a social
perspective), there is no golden rule as to how to define or measure these preferences. A
widely used approach is to focus on a few forms of distributional preferences; to specify a
parametric model and to use a variety of dictator and ultimatum games to estimate the
parameters of the model. Results, of course, depend on the types of preferences included and

on the functional form of the model.

We use a non-parametric approach suggested by Kerschbamer (2010). By definition, we
do not specity a behavioral, parametric model but instead we use a series of dictator games to
clicit the slopes of subjects’ indifference curves in the own/other-payoff space. Subjects’
indifference curves allow us to infer the sign of the effect on their utility from changes in
other subjects’ payoffs (e.g. whether a subject’s utility increases, decreases or is constant
when a different subject’s payoff increases). In return, these effects map into the complete set

of nine possible archetypes of distributional preferences.

In particular, we apply Kerschbamer’s (2010) XY test on a large sample of the Danish
population to make threce contributions to the literature of distributional preferences. The first
contribution is methodological and investigates the effect of role certainty. In the XY test,
decision makers choose between income distributions that determine both the decision
maker’s own income and the income of a passive recipient. We employ two treatments

relating to role certainty. In treatment FixcdRoles, roles arc determined ex ante and
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participants chosen to be decision makers know that their choices will affect the payoff of a
recipient for sure (identical to the classic dictator game). Participants chosen to be recipicnts
make no choices and cannot affect outcomes. The dictator game is chosen as method because
the test focuses purely on outcomes and not on intentions. In treatment RandomRoles, all
participants make choices as if they are decision makers and actual roles are randomly
determined ex post. Hence, the choices of half of the decision makers are inconsequential ex
post but not ex ante. This procedure allows us to elicit the distributional preferences for all
participants but the test is less clear. For instance, one could imagine that intentions matter in
the sense that participants take beliefs about others’ intended behavior into account when

making their own choices.

Second, this is the first time that the XY test has been used on a large sample and the
first time that distributional preferences have been widely measured in Denmark. We perform
the test over the internet which has several advantages. Most importantly, it ensures that we
get participants from all walks of life. This might be important for the external validity of the
test as the preferences of the standard student population might differ from those of the
general population. We ask subjects to answer questions about their socio-economic
backgrounds and attitude questions from the World Values Survey. They also complete tests
of 1Q, cognitive reflection and personality. The large, heterogeneous sample ensures that there
is variation in the responses. Thus, our procedure enables us to study the correlation between
distributional preferences and personal characteristics (socio-economic, attitudes and

psychological).

Third, we investigate how distributional preferences affect cooperation. In addition to the
distributional preferences test, subjects participate in a standard one-shot public good game,
often used to study cooperation. We test the effect of pure distributional preferences on
corporation in this setting where intentions and other group members’ actions might also

influence behavior.

The experiment is run on the internet Laboratory for Experimental Economics (iLEE) at
the University of Copenhagen, Denmark. We collaborate with the official statistics agency
(Statistics Denmark) and send out letters, inviting pcople to participate in an economic
experiment over the intenet. Participants are randomly selected from the Danish population.
In total, 1,067 people log in on our homepage and complete the experiment between July and

September, 2010. They log in using an ID-number generated by Statistics Denmark and
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remain anonymous to us throughout the experiment. Participants are paid by bank transfer

once the experiment is over.

The experiment yields several important findings. First, we find that the two treatments
FixedRoles and RandomRoles yield results that are insignificantly distinguishable from each
other. Hence, the RandomRoles design can be used to elicit the distributional preferences of
all participants without biasing the result. This finding has implications for the
implementation of the test and means that the XY test can be applied in standard lab settings

to control for differences in distributional preferences across subjects and subject pools.

Second, we find that, in line with previous literature, the most common preference type
(32 percent) is efficiency maximizers who are willing to give up own income to increase the
income of the recipient. 23 percent of subjects act in a way that is consistent with inequality
aversion, 20 percent with selfishness and 14 percent are classified as having maximin
preferences. In total, these four most prevalent types make up more than 89 percent of
decision makers. Thus, while the XY test encompasses a very comprehensive framework
which allows for a full distinction between nine different preferences types, only four of the
types seem to be important empirically. Relating preferences to personal characteristics, we
find that women are less likely to be selfish and more likely to be inequality averse. A long
tertiary education and an attitude that individuals and not the state are responsible for their
own happiness are (weakly) correlated with the probability of being classified as selfish. A
positive attitude for competition and a belief that people in general will treat one fairly is
positively correlated with efficiency maximizing behavior. Higher scores in the IQ and CR
tests are negatively related to being inequality averse while higher CR scores are positively
correlated to being efficiency maximizing. In summary, we find that personal characteristics
do corrclate with distributional preferences and that personal characteristics can predict

preference types fairly well.

Third, we find that efficiency maximizers and decision makers with inequality aversion
or maximin preferences contribute more to the public good than those who are selfish. In
addition, the public good game reveals a substantial discrepancy between the prediction of
standard economic theory and observed behavior. We find that taking distributional
preferences into account can explain 43 percent of the difference between standard economic
theory and observed behavior. These findings can be seen as a validation of the XY test as

they demonstrate the test’s ability to predict behavior in other settings.
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The paper is organized as follows. Section 2 discusses related literature, section 3
provides a short introduction to the XY test, section 4 explains the experimental design in

detail and section 5 presents the results. Section 6 concludes and discusses our findings.

2 Measuring distributional preferences

Most theories of distributional preferences aim to model a particular type of preferences such
as inequality aversion (e.g. Fehr and Schmidt 1999, Bolton and Ockenfels 2000) or altruism
(c.g. Andreoni and Miller 2002). These theories normally modify the utility function of an
agent such that it includes not only the agent’s own payoff but also some element of the
payoff distribution (e.g. the mean payoff of all agents)'. Sometimes, experimental techniques
are then used to estimate the parameters in the utility function by letting agents take part in,
for instance, dictator and ultimatum games. The estimated parameters translate into a
particular type of distributional preference. In addition to including outcome distributions,
some models also include elements related to intentions (e.g. Chamess and Rabin, 2002, who
adds an element of reciprocity to an inequality aversion model). In the following, we highlight

a few examples of experimental results on outcome based models.

Chamess and Rabin (2002) is a great example of eliciting distributional preferences from
subjects’ behavior in the lab. They ask subjects to play up to 32 variations of dictator and trust
games. They consider three main types of distributional preferences: competitiveness,
inequality aversion and efficiency maximization (and selfishness which is embedded in all
three). They formulate a decision-making model which allows for altruism by assigning
weights to the payoff of the other person (which can depend on whether the decision maker is
ahead or behind, payoff wise) and a term that captures reciprocity. In the dictator games
where reciprocity plays no role, they find that 97 percent of observations are consistent with
efficiency maximizing behavior. 75 percent are consistent with inequality aversion, 68 percent
with selfishness and 60 percent with competitive preferences. Hence, they are not fully able to
distinguish between the different types. When looking at the subset of games where self-
interest plays no role, they find that 70 percent are efficiency maximizing, 20 percent are
inequality averse and 10 percent are competitive. Their overall conclusion is that efficiency

maximization is a greater driver for decisions than inequality aversion,

See Kerschbamer {2010 for a review of the theoretical literature on distributional preferences.
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Andreoni and Miller (2002) use variations of dictator games to investigate whether
subjects who might seem irrational because of non-sclfish behavior act in a way that is in fact
in accordance with Varian’s (1982) Generalized Axiom of Revealed Preference (GARP)?.
First, they find that less than 2 percent of subjects violate GARP. The 98 percent rational
subjects differ widely in behavior as preferences are heterogeneous. In particular, 23 percent
behaves perfectly selfishly, 14 percent have perfect maximin preferences and 6 percent act as
if own and others’ payoffs were perfect substitutes (there is a price to allocating payoff to
either subject. In the case of perfect substitutes, the entire endowment is allocated to the
subject with the lowest price). In order to classify the remaining participants, they come up
with a weaker definition of the three preference types. In this classification, 47 percent are
selfish, 30 percent have maximin preferences and 22 percent act in accordance with payoffs
being perfect substitutes. In addition, they estimate CES utility function parameters for the
three types and use this to predict behavior in out-of-sample games, including public good
games. They find some accordance between their prediction and the first round and average

contribution of repeated public goods games.

Fishman, Kariv and Markovits (2007) extend the experiment of Andreoni and Miller by
letting subjects make decisions in not just 2-player but also 3-player dictator games. Again,
they find a large degree of heterogeneity among subjects. In the 2-player setting, they find that
15 percent act in accordance with selfish preferences. Of the 45 subjects with rational, non-
selfish preferences, 5 percent have perfect substitutes preferences, 11 percent have Cobb-
Douglas preferences and 5 percent have maximin preferences. 49 percent show a preference
for efficiency and 31 percent have a preference for minimizing inequality. As Charness and
Rabin (2002), they find that concemns about efficiency seem to be more important than
concemns about inequality and that this holds both when subjects make decisions involving
their own payoff (2-player game) and when decisions affect only the payoffs of other subjects

(in the 3-player game).

Engelmann and Strobel (2004) use three-person dictator games to compare the relative
importance of efficiency maximization, maximin preferences, and inequality aversion. They

find that inequality aversion does not explain behavior well while a combination of efficiency

If A and B are distinct bundles and A is indirectly revealed preferred to B then B cannot be strictly directly

revealed preferred to A if behavior is in line with GARP.
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maximization, maximin preferences and selfishness can rationalize most of the observed

behavior.

Engelmann and Strobel (2007) report results from an internet experiment with 1,103
participants. Most participants take part in ten three-person dictator games. Engelmann and
Strobel investigate in how many of the ten games, a particular subject’s behavior is consistent
with seven different types of disiributional preferences (competitiveness, efficiency
maximization, envy, generosity, inequality aversion, maximin preferences and selfishness).
Only three types of preferences have subjects that are consistent in all ten games: maximin
(15 percent), efficiency maximizers (8 percent) and selfishness (10 percent). The rest of the
participants behave in a way that is consistent with different preference types in different of

the 10 games. Again, efficiency concerns seem to be more relevant than inequality aversion.

In summary, there is no golden standard as to which types of distributional preferences to
test for, how to define the different kinds of preferences (for instance, subjects that equalize
payoffs might be inequality averse in one study but may be maximizing efficiency in another)
or how to test for distributional preferences. As such, it is difficult to compare outcomes
across studies. Obviously, a test that classifies subjects as one of four types yields different
results than a test that classifies subjects as one of nine different types®. However, one general

result is that efficiency maximization is an important determinant of behavior.

3 The XY test of distributional preferences

This section provides a short introduction to the XY-test proposed by Kerschbamer (2010).
We briefly summarize the assumptions underlying the test, the nine archetypical preference

types and the methodology. For further details, the reader 1s referred to Kerschbamer (2010).

Kerschbamer considers a two person setting where participants make choices that
determine their own monetary payoff (denoted m for “my”) and the payoff of a randomly
selected other participant, the recipient (denoted o for “other”). In the XY test, subjects make
a series of dictator choices between income distributions (m, o) with the aim of cliciting the
slope of an indifference curve in the (m, o) space. The slope of the indifference curve then

translates into a preference classification with nine different archetypical preference types.

' This is either because all subjects are forced into fewer categories or because more subjects are classified as

“other” and then discarded which changes the relative share of the included categories.
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There are three assumptions underlying the test and the preference classification
resulting from it. The first assumption is ordering, i.c. that preference relations on income
allocations (m, o) can be represented by a continuous utility function u(m, o) for all possible
income allocations (i, 0) € R°. This assumption ensures that preferences are complete and
that alternatives can be ordered continuously. The second assumption is strict m-
monotonicity: for given o, the utility of the decision maker is strictly increasing in m (i.e.
du/om > 0 for all (m, 0) € R*). Hence, the positive effect of an increase in the decision
maker’s own income dominates any negative affect that might arise from, for instance,
increased inequality. Thus, decision makers should not be willing to simply burn money in
order to decrease inequality. The third assumption is piecewise o-monotonicity: the general
effect on the decision maker’s utility (increase, decrease or indifferent) from a change in the
income of the recipient depends only on whether the recipient has a higher or lower income
than the decision maker and not on the size of the income difference (i.e. sign(8u/Go) depends
only on sign(m — o) for all (m, 0) € R?). Thus, only outcomes — and not intentions — matter
for the utility of the participant. For instance, belief-based concerns (such as reciprocity or
guilt aversion) or the context of the situation (e.g. entitlement) cannot affect utility under this
assumption. Hence, for the test to create reliable outcomes the experiment should to be

designed in a way that makes these aspects less likely to influence behavior.

Under the three assumptions above, distributional preferences can be classified into nine
different archetypes: selfish, altruistic, inequality averse, maximin, equality averse,
competitive, envious, kick-down and kiss-up®. Consider first the sclfish type who cares only
about own material payoff. The utility of this person is unaffected by changes in the material
payofT of the other person (8u/6o = 0 ¥ u). Hence, indifference curves in the (m, o) space are
vertical. A person that is efficiency maximizing (or altruistic) is better off when the payoff of
the other person is increasing, that is u(m, o) is increasing in all o. This person’s indifference
curves are negatively sloped. Conversely, a competitive or spiteful person is better off when

the other person decreases and thus has positively sloped indifference curves.

Inequality (or inequity) aversion is characterized by disutility from differences in
material payoff. Thus, an inequality averse person has negatively sloped indifference curves
(fu/do > 0) in the domain of advantageous inequality (i.c. when the person’s own payoff is

larger than the payoff of the other person, m > 0) and positively sloped indifference curves

* See Kerschbamer (2010) for a survey of papers that discuss the various forms of preferences.
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(6u/Bo < 0) in the domain of disadvantageous inequality (m < 0)5 . Conversely, a person that is
cquality averse has positively (negatively) sloped indifference curves in the domain of

advantageous (disadvantageous) inequality.

The defining characteristic of maximin (or Leontief or Rawlsian) preferences is that the
utility is increasing in the lowest payoff. That is, indifference curves are negatively sloped in
the domain of advantageous inequality and vertically sloped in the domain of disadvantageous
inequality. Conversely, a person with ‘kiss-up’ preferences has utility that is increasing in the
highest payoff. An envious person is unaffected by the income of the other person if this is
lower than the person’s own income but gets disutility if the other person has more. Finally,
the opposite 1s true for a person with ‘kick-down” preferences who is unaffected if the other
person has more but who gets increased utility from decreased payoff to the other person once

this person has less. Figure 1 shows a graphical illustration of the nine archetypes.

To elicit the slope of the indifference curve — and thus to identify the distributional
preferences — Kerschbamer lets participants make a series of choices between pairs of income
distributions (m, o). Participants choose between Left and Right and in all situations, the
option Right yields the egalitarian outcome in the reference point (m, o) = (e, €). The option
Left is from one of two lists: the X-list (of disadvantageous inequalities) or the Y-list (of
advantageous inequalities). In the X-list, the recipient is better off than in the reference point,

(m,0)=(m’, e + g), and in the Y-list the recipient is worse off, (i, 0) = (m”’, e — g).

Inequality aversion is related to the strict egalitarian faimess ideal (see Cappelen et al. 2007) according to

which total income should be distributed equally among all agents.
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Figure 1: Indifference curves for the nine archetypes of distributional preferences
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Notes: The figure shows the nine archetypes of distributional preferences. The arrows indicate the
locus of the upper contour set (i.e. the allecations that make the decision maker better off than the
points on the indifference curves).

In essence, the choices are dictator games as they determine both the decision maker’s
own payoff as well as the payoff of the recipient who has no influence on outcomes. The
recipient is made passive in order to focus on distributional preferences and to eliminate the
effect of intentions. Under the three assumptions, the choices allow us to elicit the slope of the
participants’ indifference curve through the reference point. This slope translates into one of

the nine preference types, cf. figure 1.

4 Experimental design

This section first describes the detailed design of the distributional preferences test and our

experimental treatments. Second. we briefly explain the overall procedures of the iLEE
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internet experiments. Third, we describe two other parts of the experiment which we use in
the analysis below: attitude questions and psychology measures. Finally, we give a brief
summary of the design of the public good experiment which we use to measure the correlation
between distributional preferences and cooperation and to test the predictive power of the

distributional preferences test.
The distributional preferences test

We apply a modified version of the XY test of Kerschbamer (2010) described above. We
set the reference point, e, to 50 Danish kroner (Dkr.} for each person (approximately €7) and
table 1 shows the 14 distributions that decision makers can choose instead of the reference
point. We make two modifications to the basic version of the XY test. First, we add two
choices to the low end of the X-list and two to the high end of the Y-list, thus making the test
asymmetric. Second, we vary the incremental change in m in the Left option (the step size in

Kerschbamer’s terminology, which is constant in the basic version of the test).

Table 1 shows the 14 pairs of distributions that decision makers choose between (7 in the
X-list and 7 in the Y-list). Note that the assumption of strict m-monotonicity implies that

decision makers should switch at most once from Right to Left and never from Left to Right.

Table I: The X- and Y-list used in the experiment

The X-list: Disadvantageous inequalities The Y-list: Advantageous inequalities
Left Right Left Right

m 0 m o m 0 m 0
20 75 50 50 42 25 50 50
30 75 50 50 48 25 50 50
42 75 50 50 50 25 50 50
48 75 50 50 52 25 50 50
50 75 50 50 58 25 50 50
52 75 50 50 70 25 50 50
58 75 50 50 80 25 50 50

Notes: The table shows the 14 set of income allocations (Left) that decision makers can choose instead
of the reference point (Right). In each situation, they choose between Left and Right, where Right is
always the reference point of 50 kr. for both the decision maker (denoted m for “my™) and the
unknown recipient (denoted o for “other”). For choices on the X-list, the decision maker always
receive less than the participant if choosing Left (hence “disadvantageous inequalities). Analogously
for the Y-list where the decision maker always receive more than the recipient (“advantageous
inequalities™).
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The reason for using 50 kroner as the reference point is that this amount is equal to the
endowment given to participants in the public good game which we use to test the predictive
power of the test (see section 5.3 below). As noted by Levitt and List (2007), it is important to
contro] for the stakes across games if we are to trust the predictions. We use an asymmetric
version of the test to get allocations that are below the minus 45 degree line on the X-list and
choices that are above the minus 45 degree line on the Y-list. This cnables us to identify
participants with strong altruistic concerns. These subjects are willing to give up more than
the recipient gains (in at least one list) and thereby lowering efficiency. We vary the step size
in order to have small steps close to the reference point while the steps increase in size away
from the reference point. The small step size increases the precision with which we identify
indifference curves that are (locally) vertically sloped. As the test allows us to identify two
points between which the indifference curve must pass, we will never be able to find evidence
of indifference curves that have exact vertical slopes. Reducing the step size gives us more
precision in identifying those indifference curves that have slopes that are close to vertical. In
principle, we define what we interpret as vertical. We set the step size equal to 2 Dkr. at m =
50 which allows us to identify slopes that in absolute terms are greater than 12.5 (25/2) and
we consider these as being vertical. Hence, our definition implies that decision makers that
are not willing (in either list) to give up 2 Dkr. in order to increase the payoff of the recipient
by 25 Dkr. are classified as being selfish (their absolute willingness to pay to increase o by 1
is less than 1/12.5 = 0.08). Consider, for example, a decision maker that switches from Right
to Left at m = 52 on both lists. This behavior is in principle consistent with both inequality
aversion and selfishness. However, we say that the inequality aversion is so weak (2 Dkr. in
monetary gains to the decision maker is enough to compensate for an inequality of at least 23
Dkr.) that we label this behavior as purely selfish. Increasing the step size away from m = 50
ensures that we have distributions with m-values that are further from 50 without having to
increase the number of choices by each decision maker. Figure 2 provides an illustration of

the income allocations in table 1.
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Figure 2: Possible income distributions
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Notes: The figure shows the 14 income distributions that decision makers can choose instead of the
reference point (which gives 50 kr. to both the decision maker, m, and the recipient, o).

Experimental schedule

Participants are first explained the rules of the experiment (see appendix A for the
instructions). Decision makers then choose between the 14 pairs of distributions in table | but
only one is paid (which one is determined randomly ex post). Choices are made one at the
time on separate screens where decision makers choose between Left and Right before
moving on to the next choice (see appendix B for screen shots). The order of the choices is
randomized. Once they have made all 14 choices, they see a confirmation screen. The
confirmation screen shows an overview of all decisions with a horizontal line separating the
X- and the Y-list. The chosen distributions are color highlighted and decision makers can go
back and change their decisions as many times as they wish. Once they confirm their

decisions, they move on to the next experiment in the wave®.

®  The iLEE experiments are carried out in waves. Our distributional preferences test is part of the third wave

which in total consists of six different parts.
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Treatments

We employ two primary treatments that relate to the roles and possible interaction of
decision makers and recipients. The treatment FixedRoles is exactly as described in section 3
where half of the participants are decision makers, the other half are recipients and the two are
randomly matched. Roles are randomly assigned and revealed after both participants have
rcad the instructions. Recipienis make no decisions and continue on to the next part in the
wave. In treatment RandomRoles, all participants make choices as if they are decision
makers. A random draw ex post determines which role each participant will be paid as.
Subjects chosen to be decision makers will then be randomly matched with those chosen to be
recipients. Instructions are kept as similar as possible across treatments, Treatment allocation
is random with 1/3 of participants in trcatment FixedRoles and 2/3 of participants in

RandomRoles.

In addition, we run four secondary treatments in a 2x2 design relating to the presentation
of the X- and Y-lists on the confirmation screen (only shown to subjects who make
decisions). The first dimension is whether the X- or the Y-list is shown first and the second
dimension is the ordering (ascending or descending) within lists. Allocation to treatments is

random and treatments are equally likely.

Treatment FixedRoles is the clearest way to isolate the effect of distributional
preferences on behavior and it is the best way to elicit these preferences. The reason is that the
decision maker knows — when making the decisions — that the recipient is a passive person
who cannot influence the payoffs of neither the decision maker or a third participant. In
addition, the fact that the recipient’s role is fixed from the outset means that concerns about
intentions (such as reciprocity) cannot play a role. Hence, the decision maker can base
decisions purely on the basis of distributional preferences over outcomes. The main downside
to treatment FixedRoles is that we elicit preferences for only half of the participants. This
means that it is costly to collect a large sample. In addition, if the test is to be used in
laboratory settings 1o control for heterogeneity in distributional preferences it would be
preferable if the preferences could be elicited for all participants. This is possible in the
RandomRoles treatment where all participants make decisions as decision makers and roles
arc randomly assigned ex post. In this case, however, onc could imagine that beliefs about
other’s actions influence decisions. Also, it could be a concern that participants do not think
as much about their choices given that they are not certain to be influential. One aim of this

paper is to sce whether these two procedures yield different results. Finally, we vary the
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ordering and sequence of the X- and Y-lists to control for any behavioral patterns resulting

from presentation.
General iLEE procedures

The experiment is conducted using the platform of the internet laboratory for
experimental economics (iLEE) at the University of Copenhagen, Denmark. Subjects for the
platform are recruited with the assistance of the official statistics agency (Statistics Denmark)
who select a random sample from the general population. Statistics Denmark send the
selected individuals physical letters, inviting them to participate in an online scientific
experiment that is jointly organized by the University and Statistics Denmark. Participants log
in to the experiment using a personal identification code provided by Statistics Denmark.
Payments are done by electronic bank transfer and participants remain anonymous to the
researchers at the University throughout the experiment. The distributional preferences test is
part of the third wave of experiments conducted on the iLEE platform. All three waves are
done on the same set of participants, thus creating a panel data set useful for cross game
analysis. We use this feature to examine the predictive power of the measure of distributional
preferences. For the third wave, we invite the 2291 people who completed the first wave’. In
total, 1067 participants complete the third wave between July and September, 2010.
Participants can log on at any point during this period and are free to log out and continue
later at their convenience. The third wave consists of a total of 6 different parts. First in the
third wave is a trust game. After the trust game are four different smaller parts: a real effort
task, a voting game, measures of risk and loss aversion and our application of the XY test.
The order of these four parts is random. The final part is a questionnaire which includes
questions on age, gender and education. In total, the median person spends 63 minutes

completing the entire wave and eams 279 Dkr. (€37).

Cooperation with Statistics Denmark is necessary to obtain the names and addresses of
participants needed to send out invitations but our cooperation also yields additional
advantages. First, it allows us to target a representative sample of the population. Combined

with the high penetration of internet access in Denmark®, this means that we have participants

For descriptive statistics on the sample and the full details about invitations and general iLEE procedures, see

Tyran and Wengstrém {2009) as well as the online appendix for that paper.

In 2009, Denmark was the world leader in terms of broadband internet penetration (source: EU

Commission’s 15th Progress Report on the Single European Electronic Communications Market, 2009)
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from all walks of life. This enables us to investigate how experimental behavior is correlated
with self-reported socio-economic variables such as age, education and employment. Second,
our procedures entail double blindness in the sense that participants are anonymous not only
to other participants but also to us, the experimenters. This is important to minimize potential
experimenter-demand effects. Levitt and List (2007) survey evidence that shows how the lack
of anonymity between experimenters and participants increases the level of pro-social
behavior when measuring distributional preferences. Double blindness should decrease such

effects.
Questionnaire

Participants answer questions regarding their basic socio-economic background,
including their age, gender and level of education. In the analysis below, we group education
in four categories: primary (no more than 10 years, 6 percent), secondary (vocational and high
school, 22 percent), short tertiary (50 percent) and long tertiary (22 percent). In addition, we
ask participants to answer five attitude questions from the World Values Survey.’ Participants
had the option of not answering the questions. About 8 percent choose to not answer at least

onc of the following five questions:

LeftRight: “In political matters, people talk of "the left" and "the right." How would you
place your views on this scale if 1 means the left and 10 means the right?” Possible answers

are integers ranging from 1: “left” to 10: “right”.

Responsibility: “We would like your opinion on important political issues. How would
you place your views on a scale from | to 10?” Possible answers are integers ranging from 1:
“People should take more responsibility to provide for themselves” to 10: “The government

should take more responsibility to ensure that everyone is provided for”.

Competition. How would you place your views on a scale from 1 to 10?” Possible
answers are integers ranging from 1: “Competition is good. It stimulates people to work hard

and develop new ideas” to 10: “Competition is harmful. It brings out the worst in people”.

Trust: “Generally speaking, would you say that most people can be trusted or that you
can’t be too careful in dealing with pcople?” Possible answers arc 0: “Can’t be oo careful”

and 1: “Most people can be trusted”.

See http://www.worldvaluessurvey.org/.

83



Fairness: “Do you think most people would try to take advantage of you if they got a
chance, or would they try to be fair?” Possible answers are integers ranging from 1: “Would

take advantage of you™ to 10: “Would try to be fair”.
Psychology measures

We also include psychology measures in the survey that participants answer. Qur
psychology measures consist of a cognitive reflection test (CRT), an 1Q test and a personality
test. The CRT is due to Frederick (2005) and consists of three short questions that all have
incorrect but “intuitive” answers. Hence, the CRT is aimed at capturing participants’ ability to
reflect upon a question and resist the temptation of giving the first (wrong) answer that comes
to mind. Frederick finds that the CRT is predictive of behavior in a number of decision

making environments. The three questions are:

1: “A bat and a ball cost 110 Dkr. in total. The bat costs 100 Dkr. more than the ball.

How much does the ball cost?” Answer is given in Dkr.

2: “If it takes 5 machines 5 minutes to make 5 widgets, how long would it take 100

machines to make 100 widgets?” Answer is given in number of minutes

3: “In a lake, there is a patch of lily pads. Every day, the patch doubles in size. If it takes
48 days for the patch to cover the entire lake, how long would it take for the patch to cover

half of the lake?”” Answer is given in number of days.

The intuitive answers to the questions are (10, 100 and 24) while the correct answers are
(5, 5 and 47). The variable CRT score is calculated as the number of correct answers, i.e. 0, 1,
2or3.

Qur measure of 1Q is based on the I-S-T 2000R intelligence structure test (which we use
by permission of Dansk Psykologisk Forlag'®). The test is based on Raven’s Progressive
Matrices and participants have 10 minutes to solve 20 puzzles (see appendix B for a screen

shot of an example). The JQ score variable is the number of correct answers, from 0 to 20.

Our measure of personality is based on the Five Factor Model (Costa and McCrae 2004)
which describes human personality according to the “Big Five” dimensions or traits:
Openness (to experience), Conscientiousness, Extraversion, Agreeableness and Neuroticism.

Openness is related to creativity, to being curios and original and to the person’s ability to

' See http://www.dpf.dk/.
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contemplate new ideas. Conscientiousness is related to having a will to achieve, to being
conscientious, hard-working and well-organized and to being ambitious. Extraversion is
related to being social, passionate, talkative and dominating in groups. Agreeableness is
related to kindness and altruism and to being good-natured and trusting. Neuroticism is related
to being emotional, worried, self-conscious and temperamental. We use the short version of
the NEO PI-R test'' with 60 questions. The test yields scores for each of the five dimensions
on a scale from 1 to 48. A higher score means that a personality is correlated with a higher
degree of the particular trait. For example, a person who scores 40 on Neuroticism is likely to

be more emotional than a person who scores 5.
Public good experiment

In the public good experiment, subjects are endowed with Dkr. 50 and decide how much
to contribute to the public good and how much to keep for themselves (the private good).
Subjects are matched in groups of four. The total amount contributed by the group to the
public good is doubled and shared equally among the group members (marginal per capita
return, MPCR, is 0.5). It is a one-shot game as subjects make only one contribution decision.
While it is socially optimal that all group members contribute the full endowment, individual
income is maximized by contributing zero as there is no scope for reputation building. After
the contribution decision, we elicit beliefs about the average contribution of the three other
group members (incentivized using a quadratic scoring rule). In the analysis below, the

variable Contribution is the contribution decision and Belief'is the elicited belief.

5 Results

In this section, we present the results from the experiment. First, section 5.1 provides simple
descriptive statistics and shows that the different treatments yield similar results. Second,
section 5.2 investigates how the distributional preferences correlate with socio-economic
background variables and personal traits like I1Q, personality and gender. We find that gender,
age, subjects’ expectation of being treated fairly, cognitive reflection and IQ correlate with
distributional preferences. Finally, section 5.3 tests the predictive power of the XY-test by
comparing actual and predicted behavior in a standard public good game. We find that

subjects who are cfficiency maximizers, inequality averse and have maximin preferences

"' The Danish version of the test is developed by Dansk Psykologisk Forlag, see Costa and McCrae (2004).
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contribute more than those who are selfish. In addition, we find that taking distributional
preferences into account explains almost half of the ditference between observed behavior in

the public good game and the prediction of standard economic theory.
5.1 The distribution of distributional preferences

In total, » = 1067 participants complete the distributional preferences test (average
carning from this part is 51.8 Dkr.). Table 2 shows that 363 participate in the FixedRoles
treatment, of which 181 are decision makers and 182 are recipients'?. The 704 participants in
the RandomRoles treatment all make decisions as if they are decision makers and a random
draw determines the role and matching of participants ex post. We say that decision makers
are rational if their behavior is consistent with the two assumptions of ordering and strict m-
monotonicity. These assumptions imply that decision makers should switch at most once from
Right to Left (and never from Left to Right) in either list. Of the n = 885 decision makers, 650
fulfill the rationality criterion while 235 (27%) make choices that are not consistent with

rational behavior'>,

Table 2: Number of participants

Treatment RandomRoles FixedRoles

Role - Decision makers Recipients Total

All participants 704 181 182 1,067
- Inconsistent 190 45 - 235
- Consistent 514 136 - 650

Notes: The table shows the number of participants split by treatments (RandomRoles and FixedRoles),
role (decision maker and recipient in FixedRoles) and consistency (inconsistent and consistent for
decision makers).

Figure 3 shows at what level of own income () decision makers switch from Right to
Left in each of the treatments FixedRoles (# = 136) and RandomRoles (r# = 514). The first
thing to note from the figure is that the two treatments seem to yield similar results. In total,
there are 8 x 8 = 64 possible combinations of switch points and of these, we observe 43. The
distributions on the 43 observed switch points are not different for the two treatments (p =

592, xz test). In addition, the distributions do not differ across the two other treatments

12

The spare recipient is matched with a random decision maker whose choice is consequential twice.
" 272 subjects had inconsistent choices when they reached the confirmation stage. Of these, 40 changed

choices in a consistent way while 3 subjects changed from consistent to inconsistent behavior.
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relating to presentation on the confirmation screen: the order in which the table are presented

(p = .682, %" test) and the ordering within tables (p = .566, " test).

Figure 3: Switch points by treatment
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Notes: The figure shows at what level of own income (r1) decision makers switch from Right to Left,
for the two treatments FixedRoles (# = 136) and RandomRoles (n = 514). The x-axis shows the switch
point for the X-list where the recipient receives o = 75 (disadvantageous domain) and the y-axis shows
the switch point for the Y-list where the recipient receives o = 25 (advantageous domain). The
reference point of Right is the egalitarian distribution of (50, 50). Marker size is proportional to the
number of observations at a particular point (also printed). For the disadvantageous domain, switching
at m < 48 implies a negatively sloped indifference curve above the reference point (¢ > 50), switching
at m = {50, 52} implies a vertical sloped indifference curve and switching at m = 52 or never
switching implies a positively sloped indifference curve. Analogously for the advantageous domain,
switching at m < 48, implies a positively sloped indifference curve below the reference point (o < 50},
switching at m = {50, 52} implies a vertical sloped indifference curve and switching at m > 52 or
never switching implies a negatively sloped indifference curve.

We use the switch points in figure 3 to classify subjects according to their distributional
preferences and the result is presented in table 3. For example, a person switching at m > 58
on both lists behaves in a way that is consistent with inequality aversion. The second column
of the table shows that about one third of the subjects are classified as efficiency lovers, about
one quarter are inequality averse and one fifth are selfish. Almost 14 percent have maximin
preferences and in total these four preference types account for 89 percent of the subjects. Of
the remaining, 6 percent act in a way that is consistent with envy, 3 percent are spiteful while
kiss-up, equality averse and kick-down each account for only about 1 percent of the subjects.
Thus, while the XY is very comprehensive and allows for the full set of nine theoretical
preferences types, only four of the types seem to be important empirically. The fact that the

X- and Y-lists crosses the minus 45 degree line allows us to identify among those classified as



efficiency lovers the subjects that must have some element of pure altruistic preferences. In
particular, subjects switching at m = 20 on the X-list give up more than the recipient gains
(compared to the reference point) and thus efficiency is decreased. Similarly, never switching
on the Y-list is inconsistent with efficiency concerns (in the last row, the decision maker
chooses a total output of 100 instead of 105). This behavior is observed for 52 of the 209
subjects (25%) classified as efficiency lovers. Hence, for these subjects altruism must be part

of their preferences as their choices are inconsistent with pure efficiency maximization.

Columns three and four show the distributions for the two treatments RandomRoles and
FixedRoles. A Fisher’s exact test fail to reject that the two distributions are the same (p =
.549). The fifth column shows the expected distribution if all decision makers were to choose
switch points randomly (and each switch point has the same probability of being chosen). The
distribution resulting from random bchavior is significantly different from the overall
observed distribution (p = .000, xz test). In addition, we test whether the two treatments
relating to presentation makes a difference for the observed distribution of preference types.
We find that neither the table order (p = .679, Fisher's exact test) nor the questions ordering
(p = .555, Fisher’s exact test) matters for the results. Hence, for the remainder of the analysis

we merge all treatments.

Table 3: Distribution of distributional preference types (%)

Overall RandomRoles FixedRoles Random switch

Efficiency loving 322 325 30.9 25.0
Inequality averse 23.2 23.7 213 12.5
Selfish 20.0 18.9 243 6.3
Maximin/Leontief 13.7 14.0 12.5 12.5
Envious 5.5 5.8 44 6.3
Spiteful 2.6 2.5 29 6.3
Kiss-up 1.2 0.8 2.9 12.5
Equality averse 1.1 1.2 0.7 12.5
Kick-down 0.5 0.6 0.0 6.3
N 650 514 136

Notes: The table shows the distribution (in %) of distributional preferences for the total sample (n =
650) as well as split by the two treatments RandomRoles (n = 514) and FixedRoles (n = 136). A
Fisher’s exact test fails to reject the hypothesis that the distributions are the same for the two
treatments (p = .549). The righimost column shows the expected distribution if decision makers
choose switch points randomly. This distribution is significantly different from the observed overall
distribution (p = .000, %* test).
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In addition to classifying subjects as types, we also calculate their willingness to pay
(WTP) in order to change the income of the recipient by 1. For example, subjects switching
from Right to Left at m = 42 on the X-list are willing to give up at least 8 but not 20 to
increase the income of the recipient by 25. Hence, these subjects have 0.32 < WTP < 0.80.
Similarly, subjects that switch at m = 58 on the X-list are willing to give up at least 2 but less
than 8 in order to decrease the income of the recipient by 25. Thus, for these subjects -0.32 <
WTP < -0.08. Figure 4 shows the distributions of WTP in our experiment. A higher WTP
means that a decision maker is more benevolent towards the recipient. The figure also shows
a grid to divide subjects into the nine distributional preferences types reported in table 3. For
instance, efficiency maximizing agents have WTP > 0.08 is both domains and are located in

the top-right comer of the figure (see the figure’s notes for the location of the other types).

Figure 4: Willingness to pay to change the income of the recipient
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Notes: The figures shows the decision makers’ willingness to pay (WTP) for changing the income of
the recipients (# = 650). The x-axis shows the WTP in the disadvantageous domain (where o = 75 >
m) and the y-axis shows the WTP for the advantageous domain (where o = 25 <m). A positive WTP is
the amount that the decision maker is willing to give up in order to increase the income of the
recipient by 1. Analogously, a negative WTP is what the decision maker is willing to give up to
decrease the income of the recipient by 1. We calculate intervals for the WTP and the figure shows the
upper bounds (except for when WTP > 1,20). For example, the label <-0.08 means -0.32 < WTP < -
0.08. The marker size is proportional 1o the number of observations at a particular point (also printed).
The dotted lines split the figures in three columns and three rows. Label the columns A, B and C and
the rows 1, 2 and 3. Then Al contains the inequality averse, A2 the maximin, A3 the efficiency lovers,
B1 the envious, B2 the selfish, B3 the kiss-up, C1 the spiteful, C2 the kick-down and C3 the equality
averse.
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The figure shows that, in the advantageous domain, few subjects are willing to give up
money in order to decrease the income of the recipient (27 of 650, about 4 percent, have a
negative WTP). In addition, it shows that in the advantageous domain (when o = 25) 25
percent (163 of 650 participants) have a WTP of at least 1.20. Hence, they are willing to give
up more of their own income than the recipient gets and thus lower overall output. These

people are either very inequality averse, very altruistic or have strong maximin preferences.

Our findings are in line with the previous literature in the sense that we find greater
support for a motive of efficiency maximization than for inequality aversion. Our finding of
20 percent selfish subjects is close to the results reported by Andreoni and Miller (2002) who
find that 23 percent are sclfish. While our findings are consistent with previous findings, one
should be careful in putting too much weight on cross-study comparisons as definitions differ

acrOSs papers.
5.2 The correlates of distributional preferences

We use the heterogeneity of our sample to investigate how the different preference types
correlate with background variables for the four most prevalent types (selfish, inequality
averse, maximin and efficiency maximizers, » = 579). In the first step, we include only basic
socio-economic variables often collected in experiments (gender, age and dummies for
education). Table 6 presents the result in form of average marginal effects based on a

multinomial logistic regression where the dependent variable is the type classification (Type).
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Table 4: Correlates of distributional preferences (basic)

Dependent variable: Selfish Inequality Maximin Efﬁ'cie_ncy
Type averse maximizers
Female -0.082%* 0.14]%x* 0.073%~> <(.132%m*
(0.035) (0.034) {0.029) (0.039)
Age 0.003 0.020%** -0.010* -0.013
(0.007) (0.008) {0.006) (0.008}
Age squared -0.032 -0.152% 0.079 0.105
(0.072) (0.078) (0.065) {0.086)
Secondary education 0.153 -0.045 0.006 -0.114
(0.097) {0.079) (0.075) (0.097)
Short tertiary education 0.092 -0.095 0.022 -0.019
(0.094) (0.071) (0.070) (0.091)
Long tertiary education 0.177* -0.143* -0.034 0.00t
(0.095) (0.078) (0.076) (0.095)
Estimated probability 22.5 26.1 154 36.1
Actual share 22.5 26.1 154 36.1
Percent correctly predicted 2.5 49.7 7.4 72.1
N 579
Pseudo log-likelihood value -738.2
Pseudo-R2 0.050

Notes: The table shows average marginal effects from a multinomial logistic regression with robust
standard errors (shown in parentheses). The dependent variable is the Type classification from fable 3.
Basic independent variables include a gender dummy, the participants’ age and the age squared
(scaled up by a factor 1°000) and education dummies. Estimated probability is the predicted share of
each type and actual share is the share found in the sample. Percent correctly predicted is the share of
people that is predicted to be the same type as is observed. N =579 as the regression only includes the
four most prevalent types. * denotes significance at 10 percent, ** at 5 percent and *** at 1 percent.

The first row of table 4 shows that female subjects are less likely to be selfish (-8.2%) or
cfficiency maximizing (-13.2%) and more likely to be inequality averse (14.1%) or have
maximin preferences (7.3%). The second row shows that age is positively related to being
inequality averse (the effect is decreasing, third row of table 4) and negatively related to
having maximin preferences. Education seems to have only a very weak effect on
distributional preferences where a long tertiary education positively affects the probability of
being selfish (17.7%) and negatively affects the probability of being inequality averse (-
14.3%). The model performs very well in predicting the expected shares of cach preference
type but less well on the individual level (percent correctly predicted ranging from 2.5 to
72.1).

In addition to asking subjects basic socio-economic questions, we also ask them five
attitude questions from the World Values Survey: LefiRight (identification as left or right

wing on a scale from | to 10 where 1 is left and 10 is right), Responsibility (responsibility for
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the individual is the person’s own responsibility (1) or the governmments (10)), Competition
(attitude to competition from good (1) to bad (10)), Trust (can people generally be trusted, no
(0) or yes(1)) and Fairness (will people treat you fairly, from 1 (no) to 10 (yes)). Table 5
shows the result of including these variables in the regression (7 = 536 as 43 subjects did not

answer at least one of these questions).

First, table 5 shows estimates for the basic control variables that are similar to those in
table 4 (although some of the estimates are slightly smaller when attitudes are included).
Second, the table shows that subjects who think that competition is good are more likely to be
efficiency maximizers (Competition has a negative coefficient). Third, the last row of
estimates show that subjects who cxpects others to treat them fairly are more likely to
maximize efficiency and less likely to be selfish. Finally, the regression model with attitude
questions yield better individual predictions of preference types, especially for the selfish

subjects (20.5 percent are correctly predicted compared to 2.5 percent in table 4).
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Table 5: Correlates of distributional preferences (basic and attitudes)

?ependent variable: Selfish Inequality Maximin Efﬁ.cie_ncy
ype averse maximizers
Female -0.084** 0.134%*** 0.059* -0.109%**
{0.037) {0.037) (0.032) (0.042)
Age 0.004 0.017** -0.008 -0.013
(7.011) (7.889) (6.196) (8.081)
Age squared -0.036 -0.120 0.050 0.106
(0.000) {0.000) {0.000) {0.000)
Secondary education 0.121 -0.043 -0.010 -0.068
(0.096) (0.081) {0.075) {0.099)
Short tertiary education 0.061 -0.085 0.009 0.014
(0.093) (0.074) (0.070) {0.092)
Long tertiary education 0.174* -0.137* -0.050 0.012
(0.095) (0.080) (0.075) (0.097)
LeftRight 0.009 -0.019* 0.009 0.001
{0.009) (0.011) {0.008) (0.012)
Responsibility -0.016 0.003 0.008 0.005
(0.010) 0.011) (0.009) (0.011)
Competition 0.015 0.006 0.008 -0.029**
(0.011) (0.011) {0.009) {0.012)
Trust -0.093 0.056 -0.046 0.083
(0.067) (0.082) (0.060) (0.101)
Fairness -0.030%* -0.012 -0.009 0.051%**
(0.012) (0.013) (0.010) {0.016)
Estimated probability 228 26.7 15.1 354
Actual share 22.5 26.1 154 36.1
Percent correctly predicted 20.5 49.0 7.4 73.2
N 536
Pseudo log-likelihood value -665.0
Pseudo-R2 0.076

Notes: The table shows average marginal effects from a multinomial logistic regression with robust
standard errors (shown in parentheses). The dependent variable is the Tvpe classification from fable 3.
Basic independent variables are a gender dummy, the participants’ age and the age squared (scaled up
by a factor 1°000) and education dummies. In addition, five attitude questions from the World Values
Survey are included (LefiRight, Responsibility, Competition, Trust and Fairness). Estimated
probability is the predicted share of each type and actual share is the share found in the sample.
Percent comrectly predicted is the share of people that is predicted to be the same type as is observed. N
= 536 as the regression only includes the four most prevalent types and 43 participants choose not to
answer all attitude questions. * denotes significance at 10 percent, ** at 5 percent and *** at 1 percent.

In addition to the basic and attitude variables, we also include variables related to
psychology. These include the number of correct answers to the IQ test (from 0 to 20, /O
score), the number of correct answers to the cognitive reflection test (from 0 to 3, CR score)
and the score in the five domains of the Big 5 personality test (from 0 1o 48, Agreeableness,
Conscientiousness, Extraversion, Neuroticism and Openness). The latter five estimates arc not

presented in table 6 to save space (all are insignificant).
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The first line of table 6 shows that once we control for psychological factors, female
subjects are no longer more or less likely to be classified as either efficiency maximizers or as
having maximin preferences. Thus, being female per se does not influence these probabilities
but gender is instead correlated with underlying psychological characteristics. The effects of
age, Fairness and Competition do not change much compared to table 5 while a long tertiary
education is no longer correlated with the probability of being classified as inequality averse.
Responsibility is negatively correlated with being selfish, i.e. subjects who think that the
government should take more responsibility to ensure that everyone is provided for are less
likely to be classified as selfish. Finally, higher scores in the CR test are positively related to
being efficiency maximizing and negatively related to being inequality averse and the latter

holds also for higher scores on the IQ test.

In conclusion, we find substantial correlation between social preferences and background
variables (socio-economic, attitudes and psychology). These effects are of substantial
magnitudes and most have the intuitively expected signs. Note also that the explanatory
power of the model increases when controlling for psychology and attitudes. This is reflected
both in the success of predictions at the individual (all except for the efficiency maximizers
increase substantially) and aggregate level (which are all fairly accurate) as well as in the

increase of log-likelihood values and R? (the latter doubles comparing table 6 to table 4).
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Table 6: Correlates of distributional preferences (basic, attitudes and psychology)

Dependent variable: Selfish Inequality Maximin Efﬁf:igm:y
Type averse maximizers
Female -0.092%* 0.104*** 0.042 -0.055
(0.041) (0.03%) (0.036) (0.043)
Age 0.002 0.018** -0.009 -0.012
(7.022) (7.880) (6.173) (7.893)
Age squared -0.025 -0.141* 0.062 0.104
{0.000) {0.000) (0.000) (0.000)
Secondary education 0.115 -0.012 -0.033 -0.070
(0.096) {0.083) 0.077) (0.096)
Short tertiary education 0.055 -0.052 -0.013 0.010
(0.092) {0.076) 0.073) {0.089)
Long tertiary education 0.171* -0.075 -0.076 -0.020
{0.094) (0.081) {0.077) (0.094)
LeftRight 0.010 -0.017 0.008 0.000
(0.010) (0.011) {0.008) 0.012)
Responsibility -0.018* 0.003 0.008 0.008
{0.010) (0.011) (0.009) (0.012)
Competition 0.016 -0.002 0.011 -0.025**
0.012) (0.011) (0.009) (0.012)
Trust -0.092 0.055 -0.043 0.080
(0.069) (0.07%) (0.062) (0.101)
Fairness -0.030%* -0.015 -0.010 0.055% %+
{0.012) (0.014) {0.010) (0.016}
1Q score 0.006 -0.014** 0.003 0.005
(0.006) {0.007) {0.005) (0.007)
CR score -0.023 -0.041** -0.016 0.080***
(0.018) (0.017) (0.015) {0.020)
Big 5 personality scores Yes Yes Yes Yes
Estimated probability 22.8 26.7 15.1 354
Actual share 225 26.1 15.4 361
Percent correctly predicled 26.2 524 12.3 67.4
N 536
Pseudo log-likelihood value -646.4
Pseudo-R2 0.102

Notes: The table shows average marginal effects from a multinomial logistic regression with robust
standard errors (shown in parentheses). The dependent variable is the Type classification from table 3.
Basic independent variables are a gender dummy, the participants’ age and the age squared (scaled up
by a factor 1°000) and education dummies. In addition, five attitude questions from the World Values
Survey are included (LefiRight, Responsibility, Competition, Trust and Fairness) and measures related
to psychology (scores in the IQ and cognitive reflection (CR) tests as well as Big 5 personality scores
(not reported, all five are insignificant). Estimated probability is the predicted share of each type and
actual share is the share found in the sample. Percent correctly predicted is the share of people that is
predicted to be the same type as is observed. N = 536 as the regression only includes the four most
prevalent types and 43 participants choose not to answer all attitude questions. * denotes significance
at 10 percent, ** at 5 percent and *** a( | percent.
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5.3  Distributional preferences and cooperation

In this section, we investigate how distributional preferences can help explain behavior
in the standard, one-shot public good game. We first briefly summarize the public good game
before providing a descriptive overview of observed behavior. We then formalize the analysis
using regressions. Finally, we predict behavior taking distributional preferences into account
and compare these behavioral predictions to the predictions of standard economic theory
(SET) and observed behavior. We find that a substantial share of subjects contribute positive
amounts and that subjects classified as inequality averse, efficiency maximizers and those
who have maximin preferences contribute more than those who are selfish, even when
controlling for the beliefs about other subjects’ contributions. Finally, we find that
incorporating distributional preferences explains almost half of the difference between the
prediction of SET and observed behavior. These findings can be interpreted as a validation of

the XY test as it is able to predict behavior in a different setting.

In the public good game, participants in groups of four are endowed with 50 Dkr. and
given the option to contribute to a common pot (the public good). The amount contributed to
the pot is doubled and shared equally among all group members while the rest of the
endowment 1s kept by subjects themselves (the private good). Hence, it is socially optimal for
all group members to contribute their entire endowment but it is individually optimal to keep

the endowment.

Note that the public good game is a strategic game where aspects besides from
distributional preferences potentially affect behavior. For example, reciprocity might lead to
participants being willing to contribute if they think that other group members contribute (this
is often labeled conditional cooperation in the literature). For this reason, distributional

preferences should not be expected to fully account for observed behavior.
Descriptive overview

The prediction of SET is that all group members keep their entire endowment and
contribute nothing to the common pot. However, most public good experiments find that a

substantial share of participants contribute a non-zero amount. Figure 5 shows that in our
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sample, less than 8 percent contribute zero whereas the modal choice (about 42 percent of

participants) is to contribute the full endowment of 50'.
Figure 5: Contributions in the public goods game
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Notes: The figure shows the distribution of contributions in the one-shot public good game. The
average contribution is 35.2 and n = 650.

Taking distributional preferences into account yields predictions of behavior that, for
some types, are different from the zero-contribution prediction of SET. We now loosely
discuss these predictions before formalizing them below. First, participants with selfish
preferences are in line with SET and maximize own income by contributing zero to the public
good. The same holds for participants that are envious, spiteful or have kick-down
preferences. On the other hand, for participants that are efficiency lovers it can be optimal to
contribute a positive amount, irrespectively of what other group members do. Participants
who have (strong) maximin preferences or are inequality averse should maich the
contributions of the other group members. For participants who have kiss-up preferences or
are equality averse it can be optimal to both contribute more or less than the others, depending

on the exact curvature of their indifference curves.

""" These contributions are large compared to average observations in the standard lab. This is partly due to a
subject pool effect of using a Danish sample. Hermann, Thoni and Gichter (2008) find in a cross-country

study that subjects in Denmark are amiong the most cooperative.

97



Table 7 shows that, in accordance with the predictions, the average contribution of
participants with efficiency concerns is greater than the overall average (38.5 vs. 35.2). The
contributions of those who have maximin preferences or are inequality averse are strikingly
close to the overall average (average of 35.6 and 35.2, respectively).'” This is consistent with
the prediction given rational expectations. Also in line with the predictions do those who have
selfish preferences, those who are envious and those who are spiteful contribute less than the
overall mean (31.6, 33.0 and 25.9, respectively), with the spiteful contributing the least of the
three types. The equality averse is the on average least contributing type (28.6) while those
with kiss-up preference contribute the most of all (41.3). The three participants that have kick-
down preferences contribute more than the average (36.7). While the deviation from the mean
is generally correct for all groups except for the kick-down type, participants still deviate from
the predictions. One reason why participants with selfish preference on average choose to
contribute a non-zero amount could be that intention-based concems (e.g. reciprocity or guilt)

matter as the actions of all group members affect outcomes.

Table 7: Contributions to the public good

Preference type con?fi%dlﬂion N
Efficiency lover 38.5 209
Inequality averse 352 151
Selfish 316 130
Maximin 35.6 39
Envious 33.0 36
Spiteful 259 17
Kiss-up 41.3 B
Equality averse 28.6 7
Kick-down 36.7 3
Overall 352 650

Notes: The table shows the mean contribution to the public good (between 0 and 50) for the full
sample as well as split by preference types.

* The first wave of iLEE had several treatments relating to the public goods experiment. One treatment

concerned the framing (gfve to the common pool vs. fake from the common pool} and another concerned the
incentives (paid vs. hypothetical). For details on the former treatmenl, see Fosgaard et al. (2010) and for the
latter, see Tyran and Wengstrdm (2009). In table 7, all treatments are merged but in the regression analysis

below. we use dummies to control for any treatment effects,
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Regression analysis

We now formally test whether the behavior across groups is statistically different. First,
we introduce the notion of weak preferences. We say that preferences are weak if they are
close to the selfish preferences in terms of the willingness to pay (to change the payoff of the
recipient). In particular, we define weak preferences as having a positive WTP that is smaller
than 0.32 or a negative WTP that is greater than -0.08. Graphically, this corresponds to the
points that are adjacent to the center area (selfish) in figure 4.'® We run tobit regressions with
the contribution in the one-shot public game (Contribution) as the dependent variable,

censored below at 0 and above at 50:

Contributi on, = 8, + y - Preference Types + f3, - Belief
+ 0 - BasicContr ols + @ - PsychContr ols + ¢,

As explanatory variables, we usc dummies for the distributional preferences types
(selfish is the reference category), participants’ beliefs about other member’s contributions
(Belief) and two different sets of controls. We control for individual Belief as several papers
have found a strong relation between beliefs and contributions'’. The Basic controls variables
are basic socio-economic background variables and include dummies for gender, education,
and the participants’ age and the age squared. It also includes dummies for the public good
treatments (give vs. take framing and incentivized vs. hypothetical). The Psych controls
include the participants’ scores in each of the Big 5 personality traits and their number of

correct answers to the 1Q and cognitive reflection (CR) tests. Table 8 shows the resulis.

Model (1) in table 8 is the simplest specification where the contribution to the public
good is explained only by the distributional preferences dummies. Model (2) adds the beliefs
about other group members’ contributions. Model (3) includes further the basic controls often
applied in these settings and model (4) includes also the psychology controls. Overall, the
table shows that weak preferences do not yield outcomes that are significantly different from
the outcome under selfish preferences (in graphical terms, there is no difference between
outcomes when indifference curves arc vertically sloped and when they are close to vertical).

This finding is as expected. The reason is that in our public goods game, the price of

'* Our resulls are not depending on this classification. Whether we treat all participants in a category as the
same or whether we make an even finer prid, we obtain qualitatively similar results.
17

See for instance Thoni et al. (2010) for the sample at hand or Fischbacher and Gichter {2010),
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increasing the payoff of others by 1 is 0.33 (a contributor loses 0.5 for every unit contributed,
but the others collectively gain 1.5). Weak preferences imply that the WTP < (.32 and thus

these participants should not be expected to contribute more than purely selfish ones.

Selfish participants contribute less than the average person and thus eamn higher profits,
1.¢. they arc in an advantageous domain. Using the selfish as a reference point, participants
with maximin preferences, those that are efficiency loving and those that are inequality averse
should increase their contribution if WTP* > 0.5/1.5 = 0.33'%. The table shows that for the
non-weak preferences these three groups do in fact contribute significantly more than those
that are selfish (the reference category in the regression). The contributions of participants
with other types of preferences are not significantly different from the contributions of the
selfish participants. This is potentially due to the low number of observations for each of these
other types. The estimates arc quite robust to the model specification and qualitatively hold

for all model specifications, (1) to (4).

One particularly interesting aspect in the public good setting is the role of beliefs. Model
(1) explains contributions with just the preference types as explanatory variables and finds the
above mentioned effects. However, one could be worried that beliefs correlate with
preference types. For instance, efficiency lovers might expect other group members to also
have efficiency concerns and thus expect them 1o contribute more. Similarly, selfish
participants might expect others to be selfish and thus to contribute nothing. As previous
research has clearly shown that beliefs are highly correlated with contributions (see footnote
16), the preference dummies might just capture the effect of heterogencous beliefs.
Remarkably, however, we find highly significant effects of preference types even after
controlling for belicfs. Hence, we do seem to be identifying the pure effect of underlying

preferences on cooperation in the public good game.

"™ For the remainder of the paper. WTP? refers to WTP in the domain of advantageous inequality and WTP to

WTP in the domain of disadvantageous inequality.
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Table 8: Distributional preferences and cooperation

Dependent variable: Contribution (1) (2) 3) 4
Weakly efficiency loving 0.952 -0.208 -0.289 -0.663
(1.527) (1.474) (1.706} (1.707)
Efficiency loving 3.372%%% 2.613%F% 2. B04*** 3.043%**
(0.872) (0.868) {0.916} (0.912)
Weakly inequality averse -1.574 0.503 1.203 1.541
(2.936) (3.040) (3.733) (3.459)
[nequality averse 1.442% 1.833%* 2.218%* 2.007**
(0.804) (0.850) {0.922) (0.942)
Weakly maximin -0.871 0.362 0.365 0.478
(1.145) {1.320) (1.399) {1.386)
Maximin 3.179%**  2.270% 2.560%* 2.095*
(1.106) (1.171) (1.297) (1.273)
Weakly envious 1.884 2.227 1.194 0.919
(2.522) (3.078) (3.493) {3.481)
Envious 0.393 1.474 1.665 1.908
(1.38%) (1.272) (1.340} (1.404)
Spiteful -2.144 -0.558 -0.549 -0.279
(1.527) (1.681) (1.792) {1.836)
Weakly kiss-up 2.904 1.704 3.037 2.030
{1.938) (2.790) 3.379 (3.622)
Kiss-up 3.449 1.403 1.489 -0.138
(4.288) (1.207) (1.004) (1.115)
Equality averse -1.704 2.329 3.593 3.010
(2.251) (1.996) (2.402) (2.304)
Weakly kick-down 3.578 -0.318 2.235 0.945
(3.277) (6.515}) (6.694) {6.015)
Belief 0.644%%x () 744%** 0.751%**
(0.036) (0.045) (0.045)
Basic controls No Na Yes Yes
Psych controls No No No Yes
Log-pseudolikelihood -1824.6 -1548.4 -1525.2 -1515.1
F-statistic 29 40.1 27.4 22.0
Prob>F 0.000 0.000 0.000 0.000
Pseudo R’ 0.010 0.160 0.172 0.178
N 650 650 650 650

Notes: The table shows marginal effects (at means) from tobit estimation of corporation. The
dependent variable is Contribution in the one-shot public good game, double censored (below at 0 and
above at 50). Explanatory variables include dummies for distributional preference types (selfish is the
reference category). Weak preferences imply that indifference curves are (locally) close to vertically
sloped. Belief is the expected average contribution by the three other group members. Basic controls
are socio-economic variables and contain dummies for gender and education, a dummy for the Give
framing, a dummy for hypothetical choices, the participants’ age and age squared. Psych controls are
participants” score in the Big 5 personality traits and their number of correct answers to the 1Q and
cognitive reflection tests. Parentheses contain robust standard errors. * p < 0.10, ** p < 0.05, *** p <

0.01
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Our estimates show that a participant with efficiency concerns on average contributes
between Dkr. 2.6 and 3.4 more than a selfish participant depending on model specification.'”
The inequality averse contribute Dkr. 1.4-2.2 more than the selfish participants while for the
participants with maximin preferences, the contribution is between Dkr. 2.1 and 3.2 larger.
Selfish participants contribute on average Dkr. 31.6 (table 7). Hence, having efficiency

concerns increases contributions by between 7.6 and 10.8 percent.

We now investigate whether leaving out the preference dummies affects the estimates for
the other variables. Table 9 provides evidence on the effect of controlling for distributional
preferences when explaining behavior in the public goods game. Model (5) is a basic model
that is often employed when correlating corporation behavior with socio-economic variables
and which does not contain the distributional preferences dummies. These are included in
model (6) which is identical to model (3) in table 8. Model (7) includes the basic controls as
well as the psychology controls but not distributional preferences. These are included in
model (8) which is identical to model (4) in table 8. The general message from table 9 is that
including the distributional preferences dummies does not alter the coefficients or significance
levels of the other explanatory variables substantially, comparing (5) to (6) and (7) to (8). The
reason for this is that the variables that correlate most with preference types (e.g. gender) do
not correlate with corporation. Hence, we find no evidence that not controlling for
distributional preferences biases the cocfficients of other explanatory variables. Thus, in this
particular setting, the most important reason for controlling for distributional preferences is to

control for subject pool effects when comparing results across different samples.

' If we distinguish between those with a WTP smaller or greater than 1.20 {where the preferences of the latter

must contain an element of altruism), we get an average marginal effect of 2.7 for those with WTP < 1.20 and
one of 3.1 for those with WTP > 1.20 (in model (2)). Both are different from zero (» = 0.005 and 0.041,
respectively) but not different from each other (p = 0.815).
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Table 9: The effect of controlling for distributional preference types

Dependent variable: Contribution (5) {6) (N 8
Belief 0.749%%%  (.744%** (. 754%%% () 751 **%
(0.043) (0.045) (0.043) (0.045)
Female -0.162 -0.213 -0.639 -0.711
(0.620) (0.618) (0.635) (0.623)
Age 0.240* 0.239* 0.193 0.188
(0.125) {0.123) (0.125) 0.123)
Age squared -0.003**  -0.003**  -0.002* -0.002*
{0.001) {0.001) (0.001) (0.001)
Secondary education -1.124 -0.621 -0.870 -0.344
(1.229) (1.245) (1.312) {1.323)
Short tertiary education -1.423 -1.069 -1.492 -1.126
(1.118) (1.166) (1.193) (1.233)
Long tertiary education -2.115% -1.773 -2.382% -2.009
(1.241) (1.289) (1.323) (1.362)
Give treatment ~4.512%%* 4 573FEF 43074 % 4 4] w**
(0.762) (0.746) (0.779) (0.763)
Hypothetical treatment -3.596%*  -3.267** 3205+ -2.977*
(1.433) (1.406) (1.454) (1.417)
Agreeableness 0.190%%* (0, 188***
(0.060) (0.060)
Conscientiousness -0.042 -0.027
(0.062}) (0.060)
Extraversion -0.037 -0.057
(0.057) {0.058)
Neuroticism -0.030 -0.026
(0.053) (0.053)
Openness 0.159%%% (0, 167***
(0.050} (0.050)
IQ score 0.029 (.046
(0.109) (0.110)
CR score -0.058 -0.213
(0.314) (0.323)
Preference types No Yes No Yes
Log-pseudolikelihood -1533.2 -1525.2 -1523.0 -1515.1
F-statistic 63.2 274 37.5 22.0
Prob > F 0.000 0.000 0.000 0.000
Pseudo R’ 0.168 0.172 0.173 0.178
N 650 650 650 650

Notes: The table shows marginal effects (at means) from tobit estimation of corporation. The
dependent variable is Contribution in the one-shot public good game, double censored (below at 0 and
above at 50). Explanatory variables include Befief which is the expected average contribution by the
three other group members, basic socio-economic variables (dummies for gender and education, a
dummy for the Give framing, a dummy for hypothetical choices, the participants’ gge and age
squared), psychological variables {the participants’ score in the Big 5 personality traits and their
number of correct answers to the IQ and cognitive reflection tests) and dummies for distributional

preference types. * p < 0.10, ** p < 0.05, *** p < 0.0]
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Table 9 also provides an opportunity to assess the relative effect of distributional
preferences compared to other factors affecting behavior in the public good game. Several
papers have found that the framing of the public good game is important for outcomes (e.g.
Andreoni 1995, see Fosgaard et al. 2010 for an overview). In our setting, the average marginal
effect of framing (Give) is -4.4 in model (8) while the effect of being efficiency maximizing is
3.0, i.e. almost 70% as big as framing. In addition, the effect of being efficiency maximizing
is greater than the effect of making choices hypothetical®. Whether or not that is a lot is, of
course, an open question. However, distributional preferences do seem to have an effect of a
considerable size. This means that having more efficiency maximizers in the subject pool will

significantly affect outcomes, highlighting the need to control for subject pool effects.
Predictive power of the behavioral model

Standard economic theory (SET) is a fairly bad predictor of behavior in the public good
game as only 7.4 percent of subjects contribute zero to the public good. In fact, the modal
choice is full contribution (42.2 percent of subjects). We now investigate how much of the
gap between the SET prediction and the observed behavior can be explained by the behavioral
model (BM) of distributional preferences. We find that accounting for distributional

preferences explains almost half of this gap.

The starting point of this exercise is to formalize how distributional preferences translate
into behavior. First, consider those who are concerned with efficiency. Participants with weak
efficiency concerns have a WTP® < 0.32. Thus, their willingness to pay is lower than the 0.33
that it costs to increase the income of the other group members by 1. Hence, they contribute
zero. Analogously, efficiency concerned participants with WTP® > 0.32 contribute the full

endowment of 50.

Inequality averse participants and those with maximin preferences who are in the
disadvantageous domain (i.e. they contribute more than they expect others to and thus eam
less) reduce their contributions until they match the expected contributions of others. In the
advantageous domain (where they contribute less and thus earn more) they increase their

contributions if their WTP® > 0.32, Thus, ¢; = Belief; if WTP® > (.32 and ¢; = 0 otherwise.

* See Tyran and Wengstrom (2009) for details and a discussion about the negative effect of hypothetical

choices,
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Selfish, envious, spiteful and participants with kick-down preferences all set ¢; = 0.
Participants with kiss-up preferences set ¢; = 0 if WTP! < 0.32 and ¢; = 50 otherwise. Finally,
equality averse participants maximize the difference between own earnings and the earnings
of the other group members, i.c. they set ¢; = 0 if Belief; > 25 and ¢; = 50 otherwise. The

second column of table 10 summarizes these predictions.

We allow for participants to make mistakes by introducing a standard normal error term.

Thus, the predictions of the behavioral model and standard economic theory are:

BM, = max(0,min(c, + £,,50))
SET, = max (0, min (0 + £; ,50))
£, ~N(0,1)

We compare the observed choices with predicted behavior using both the behavioral
model and the standard model for all decision makers. The black bars in figure 6 show the
actual choices in the experiment (the same as in figure 5), the white bars show the prediction
of BM and the grey bars show the prediction of SET. The figure hints that BM performs
better than SET in explaining behavior as — for all levels of ¢, where choices are observed —

the height of the white bar is between the height of the grey and black bars.

Figure 6: Distribution of choices and predictions in the public goods game
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Notes: The figure shows the distributions of actual choices (black bars) in the public good game as
well as the prediction yielded by standard economic theory (grey bars) and the behavioral model
implied by the distributional preferences {white bars). N = 650.



We formalize the analysis by calculating for each observation the absolute prediction
error, i.e. the difference between the predicted and observed contributions. We do this for
both predictions, BM and SET. Table 10 shows the average error for the two types as well as
the share of the difference between behavior and SET that can be explained by BM for each

preference type.

Table 10: Predictive power of the behavioral model

Preference rvpe Behavioral prediction Mean abs. Mean abs. Share explained
P (contribution = ¢;) error (SET) error (BM) by BM (%)
Efﬁmency c i 0iIfWTP* < 0.32 38.13 14.72 61.4
loving ci= 50 else
- W 1 o
Inequality ¢ = 0 1f.WTP <0.32 34.87 10.91 68.7
averse ci = Belief; else
Selfish =0 31.35 31.35 0.0
b = M il

Maximin =0 WIP'<0.32 35.12 16.45 53.2

¢, = Belief; else
Envious =0 32.69 32.69 0.0
Spiteful =0 25.52 25.52 0.0

v = 3 d

Kiss-up =0 WTP < 0.32 40.45 33.29 17.7

c; = 50 else

. ¢, =0 if Belief, > 25

Equality averse ¢, = 50 else 28.25 30.63 -8.4
Kick-down =0 35.20 35.20 0.0
Overall 34.88 19.17 43.11

Notes: The table shows how well observed choices are explained by both standard economic theory
(SET) and the behavioral model (BM) based on the distributional preference types. The second
column shows the how distributional preference types translate into predicted behavior. The third
column shows the mean absolute error (observed behavior — (predicted behavior + error term)) for the
SET model and the fourth column shows the corresponding number for the BM. The fifth column
shows the how much of the gap between actual behavior and SET can be explained by taking
distributional preferences into account, in the form of the BM.

Table 10 shows that the behavioral model performs better than the standard economic
model for four of the nine preference types, whereas the opposite is true for one type
(consisting of 6 participants} while the two models yield the same predictions for four
preference types (¢; = 0). We measure the improvement of the BM as the share between the
standard prediction and actual behavior that is explained by the BM. This improvement is
between 18% and 69% for the four types where the behavioral modei outperforms the

standard model while it is minus 9% for the participants that are equality averse. The overall
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weighted (by number of observations) average of the improvement is 43.1%. That is, the
distributional preference types explain almost half of the gap between observed behavior and
the predictions of standard economic theory. The behavioral model performs particularly well
for those preference types whose optimal strategy it is to contribute the same (or more) as
they expect others to contribute. One possible explanation for this finding could be that there
is less scope for the influence of intention-based motives, such as reciprocity or guilt, when
participants contribute the same as others. Hence, the assumption that only outcomes matter

for decisions is more likely to be fulfilled and the test should perform better.

In summary, we find that pure distributional preferences do affect cooperation in
strategic settings and agents who are efficiency maximizing, inequality averse or have
maximin preferences contribute more than selfish people, even after controlling for beliefs. In
addition, we find that almost half of the gap between observed behavior and behavior
predicted by standard economic theory can be explained by taking distributional preferences

into account.

5 Concluding remarks

Distributional (or social) preferences have been an important topic for economists in the
past decade and there is increasing evidence supporting the hypothesis that agents care not
only for their own material payoff but also for (some element of) the distribution of payoffs,

The present paper adds to this mounting evidence.

In particular, we employ Kerschbamer’s (2010) XY test to a large sample of the Danish
population to make three contributions to the literature of distributional preferences. First, we
show that role uncertainty does not affect behavior when compared with a treatment where
roles are fixed ex ante. Second, we find that distributional preferences are heterogeneous in
Denmark. In line with previous literature, we find that efficiency concems are a more
important driver for behavior than inequality aversion. The XY test employs a very
coniprehensive approach which allows for the full set of nine different preference types. We
find four of these types to be of great importance empirically and together they account for 89
percent of subjects. In addition, we find that personal characteristics (socio-economic,
attitudes and psychology measures) correlate with distributional preferences. Third, we find
that distributional preferences influence corporative behavior in the public good game. In

particular, we find that agents with non-selfish preferences contribute morc to the public good
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than those with selfish preferences and that the effects are substantial (contributions increase
with between 6 and 11 percent), even after controlling for beliefs. Finally, we find that taking
distributional preferences into account explains almost half of the difference between
behavior and the prediction of standard economic theory. These findings can be interpreted as

a validation of the XY test as it successfully predicts behavior in a different setting.

Taking distributional preferences into account to predict behavior in other games has not
been widely done in the past. One exception is Fehr and Schmidt (1999) who investigate the
predictive power of their model of inequality aversion in a series of games. Among these, they
consider the last period of repeated public good games. They show that sustainable
cooperation in the public good game is possible if sufficiently many group members are
sufficiently inequality averse. However, given an assumption about the distribution of
inequality aversion (based on evidence from ultimatum games), they show that these
conditions will rarely be fulfilled. This is in line with their empirical evidence as contributions
in repeated public good games is known to decline over the periods and little contribution is
observed in the very last period (they consider several studies and find that on average 73
percent contribute zero in the last period). Note, however, that the final period of a repeated
public good game is not directly comparable to a one-shot public good game as the one we
conducted. While corporation is uncommon in the last period of a repeated game, it is not

uncommon in one-shot games.

Another recent exception is Blanco, Engelmann and Normann (forthcoming) who
estimate a model of inequality aversion and uses 1t to predict behavior in other games. They
find that the prediction is fairly good on the average level but not on the individual level.
While they look at behavior in the ultimatum game, the public good game and the sequential-
move prisoners’ dilemma game, we only consider behavior in the public good game. The

predictive power of the XY test in other environments is a topic for further research.

We use the XY test because it is particularly simple and maps subjects into one of nine
distinct, archetypical preference types. While other tests focus on the preference types that are
expected to be most prevalent ex ante, the XY test can identify all forms of distributional
preferences and we are thus able to verify which types are indeed most prevalent ex post. It
turns out that of nine possible preference types, only four have strong relevance empirically.
In addition, the XY test consists of a randomly ordered series of binary choices between two
alternatives instead of an option to give or take from other subjects which is the normal

procedure in the dictator game. As List (2007) shows, behavior in these game depends
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crucially on the action-space of the subjects, i.e. whether they can only give or whether they
can also take. By asking subjects to make simple left/right decisions, the XY test avoids this

issue.

The XY test focuses purely on outcomes and not on intentions. That is, it does not take
into account intention-based motives such as reciprocity or guilt aversion. These motives may
influence behavior in settings where the decision maker does not solely determine the
outcome, such as in the public good game. For example, an agent might have selfish
preferences concerning the pure distribution of payoffs but at the same time be reciprocal.
This could potentially explain why selfish agents do not contribute zero in the public goods
game. Hence, when explaining behavior in such settings it might be beneficial to extent the

XY model in order to incorporate both outcomes and intentions.

Using the internet as the platform for economic experiments is becoming increasingly
popular as it has several advantages. Importantly for our investigation of the correlates of
distributional preferences is that the internet allows us to get participants from all walks of life
instead of just the standard student population often used in regular lab experiments. In
addition, our corporation with Statistics Denmark leads to double blindness in our design.
That is, participants remain anonymous to us throughout the experiment. This is important
because a lack of anonymity leads to more pro-social behavior as highlighted by Levitt and
List (2007). In addition, the anonymity of the internet ensures that participants consider the
experiment truly one-shot as they will never face the subjects they are matched with. One
drawback of using the internet is that it inevitably Icads to a loss of control. For instance,
subjects may not pay as much attention as in the lab which may explain the large share of
inconsistent choices. However, given that we can identify and exclude these subjects, we feel
that using the internet in this setting cnables us to identify insights which would not have been

able to do in the standard lab.

In conclusion, we find that distributional preferences are heterogeneous, they relate to
personal characteristics and they influence behavior, thus making them important to control

for.
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Appendix A: Instructions

The first part of the instructions is identical for both the FixedRoles and RandomRoles

treatments (see figure B3 for a screen shot of the RandomRoles instructions, in Danish):

In this part of the experiment, there are two roles: decision makers and recipients. A
decision maker makes 14 choices on behalf of the person him-/herself and a randomly

sclected second participant (the recipient).

Every choice is between two alternatives: LEFT and RIGHT. The alternative chosen by
the decision maker will determine the payment for both the decision maker and the

recipient.

Here is an example:

VENSTRE HBJRE
Vemig Veaig
VEHSTRE Du far Hodtageran fir Du Far Modtageren fér HOJRE
70 kr 26 ke 50 kr 50 kr

If the decision maker chooses LEFT, he/she gets 70 kr. and the recipient gets 25 kr. If the
decision maker chooses RIGHT, he/she gets 50 kr. and the recipient gets 50 kr.

The continued instructions differ depending on the treatment.

Fixed role treatments:

Only decision makers are asked to make the 14 choices. Recipients make no decisions.

Half the participants will be decision makers and the other half will be recipients.

What role you get is determined randomly before the decisions are made. It is as likely
that you will be decision maker as it is that you will be recipient. Once the roles are

determined, each decision maker is randomly matched with a recipient.

Only one of the decision maker’s 14 choices will be selected for payment. All choices

have the same probability of being selected.
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On the next screen you will be told whether you have been chosen to be a decision maker

or a recipient.

Remember that if you are selected to be a decision maker, your choices will determine
both your own and a recipient’s earnings from this part of the experiment. The recipient will
only get a payment from your decisions and no further payment. If you are selected to be a
recipient, your earnings will be solely determined by another participant’s choices. In this

case, you will not yourself make any choices in this part of the experiment.

Random roles treatment:

All participants are asked to make the 14 choices as if they are decision makers. Half the
participants will actually be decision makers whose choices will count whereas the other half

will be recipients whose choices will not count,

What role you get is determined randomly after the experiment has ended. It is as likely
that you will be decision maker as it is that you will be recipient. Once the roles are

determined, each decision maker is randomly matched with a recipient.

Only one of the decision maker’s 14 choices will be selected for payment. All choices

have the same probability of being selected.
On the next screens you will make the 14 choices between LEFT and RIGHT.

Remember that if you are selected to be a decision maker, your choices will determine
both your own and a recipient’s earnings from this part of the experiment. The recipient will
only get a payment from your decisions and no further payment. If you are selected to be a
recipient, your earnings will be solely determined by another participant’s choices. in this
case, your choices in this part of the experiment will have no effect on anyone’s payment

(neither on your own payment nor on anybody else's payment).
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Subjects in the FixedRoles treatment see an additional screen informing them of the

outcome of the random draw that determines their role:

Fixed Roles — Subjects chosen to be decision makers:
You have been randomly selected to be a decision maker.

On the next screens you will make the 14 choices between LEFT and RIGHT.
Remember that your choices will determine both your own and a recipient’s eamings from
this part of the experiment. The recipient will only get a payment from your decisions and no

further payment.

Fixed Roles — Subjects chosen to be recipients:
You have been randomly selected to be a recipient.

Your eamnings will be solely determined by another participant’s choices. You will not

make choices in this part of the experiment yourself.
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Appendix B: Screen shots

Figure B1: Welcome

iLEE SRR LEDDELE 1 2L st | TS

i nmmeen b dette sl oTmEY AR S gernehlgr ¢ f R ErE © 3 L ARennave T L e L2t
For ol *B mere minematen om exspersreniet bede, du 10gpe nd

Login e

[

Translation: Welcome.

Welcome to this economic experiment which is carried out by researchers from the University of
Copenhagen.

To get more information about the experiment, please log in.
Login-number

Log in
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Figure B2: General instructions

iLE wt=ret Laberainrint for' ELApE Himamiel Dnanam

information om eksperimentet
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Y ePTLE U Al e T AR
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Fuiurmerted
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Da andre dafagere | REEpaArEmentet Uivy -0 dig B0 udvaliit 3t Danmans Staknle 4 o pne
wraberel por Bees bl 2t WeRage Ve, rste Nternetebypeament som Lot 1'ma) 2008 nn hgssaee gy
sennetge gl abe det plqmiaende ekpenmert [nghdere b de 2o kgesoth din wnneret B AL getae
w0y ARGEL wRkemele Sperment Som ioie s M3l 2009, oo notke o gelaterne (Mon BRr ake)
nennemigns 03 detle ek sperment

Husk at gamme it lagin-nummer! Cu Shal Drug: del B it iogge oo e for al se udfadene of
eespermetel Ford o er @ omym hara ke muighed o 2@ oolyse dLisonenammer A du mesier det

Hvia du har spprgsmél aller Beheoy for vejledring neuc. dasende 20 emar bl gea@@econ b dk ster
inge pd telefar 39 32 43 04 pd ke Loic Lortatopiysninger inder du il som hetsh lebet af
S8 e 16 LR A EYIEE DA b anpn D G B DR en o et eie el aF - Fmen
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Transiation: Information about the experiment.

You have now logged in, Thank you for your interest in the experiment.

Your participation is going to be valuable as you by completing the experiment contribute to Danish
social sciences research.

In the experiment, you make money. The amount that you can earn depend on both your own and
other participants’ decisions. The amount is paid by bank transfer after you complete the entire
experiment.

It is crucial for the scientific character of the experiment that you complete the entire experiment. The
experiment will last approximately 1 hour. During the experiment, you can log out by closing your
browser and you can retum later before July 31st. When you log in again, you will continue from
where you lefi.

Like you, the other participants in the experiment were randomly selected by Statistics Denmark to
receive a mailed invitation to participate in our first internet experiment which ran in May 2008 and
like you, they all completed that experiment. Furthermore, they all, like you, were invited to
participate in our second internet experiment, which ran in May-July 2009, and some (but not all) also
completed this experiment.

Remember to save your login-number! You need it to log in again to see the outcomes of the
experiment. Because you are anonymous, we cannot inform you of your log-in number in case you
lose it.

If you have questions or need guidance, please send an email to ilee@econ.ku.dk or call telephone
35 32 44 04. You can find this contact information at any time by clicking the button Help (Hjelp) in
the bar in the top of the screen.

Continue>>
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Figure B3: Instructions, RandomRoles
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Transiation:

This screen shows the instructions for the RandomRoles treatment. See appendix A for full translation
of the instructions for both treatments (RandomRoles and FixedRoles).

118



Figure B4: Choice

Gense 7
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Transiation: Choice (1/14)

Select your preferred outcorne

Velg VENSTRE = Select LEFT.
Du far= You get.

Modtageren far = The recipient gets.
Valg HAIRE = Select RIGHT.
Indsend svar = Send answer.

Top bar: Gense instruktioner = Repeat instructions, Hjzlp = Help
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Figure B5: Confirmation
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Transiation: Confirm your choices

You now have the option to examine your choices and possibly to revise themn.

Your selections are pointed out by colors in the table below, If you wish to revise a decision, click
Revise (Revideér). You will then again see the decision screen for this decision. Afterwards you will
return here and your revised choice will be apparent below.

VENSTRE = LEFT, HAJRE = RIGHT

Du far = you get, modtageren far = the recipient gets.

Du valgte = You chose, Revidér dette valg? = Revise this decision.
Bekrzf{t valg = Confirm decisions

Top bar: Gense instruktioner = Repeat instructions, Hjelp = Help
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Figure B6: End of distributional preference test

5. del af eksperimentet er nu siut

Des TS 9Pty | U shiel ol ol Iode S0 perment=| o sbd

Translation: The fifth part of the experiment is now over.

You will be told the outcome once the entire experiment is over.

Continue

Figure B7: Example of IQ puzzle

ONOIN 8
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Translation: Puzzle 1

[Picture]
O Answer | O Answer2 O Answer 3 O Answerd O Answer 5
Confirm your answer
<<123456789101112 13 14 1516 17 18 19 20 >>

End logic puzzles
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are known to produce price bubbles and crashes with inexperienced subjects. This study
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Introduction

In asset market experiments of the type pioneered by Smith, Suchanek, and Williams
(1988), hereinafter SSW, it is well-known that price bubbles — “trade in high volume at prices
that are considerably at variance from fundamental value™ King et al. (1993) - followed by
crashes are commonplace when subjects are inexperienced. In the two decades since SSW
first documented this pattern, an extensive body of literature, much of which is summarized in
Porter and Smith (2008), has sought to identify the cause of these bubbles by applying a very
wide range of manipulations to the market environment. These efforts have largely proven
fruitless, such that the conventional wisdom remains that the only condition known to
eliminate these bubbles is repeated experience in a stationary market environment, as part of

the same group of subjects.

The behavioral pattern of bubbles and crashes is a puzzling deviation from the prediction
of economic theory: in an environment in which the fundamental value of the asset being
traded is common knowledge, any trade that occurs should take place at prices exactly equal
to fundamental value, under the assumptions of risk neutrality and common knowledge of
rationality. Porter and Smith (1995) examine the role of risk preferences by eliminating
uncertainty over the realizations of dividends. They find that price bubbles still occur when
dividends arc certain and conclude from this that risk preferences are not the cause of
mispricing. Common knowledge of rationality has, until now, remained untested. This is the

topic of the present paper.

In their seminal paper, SSW hypothesize that a lack of common expectations among
subjects might be the cause of mispricing'. Even if all traders are rational, some might believe
that others are not. In this case, speculative behavior can be optimal. Smith (1994) note that
simply reading out instructions to subjects is no guarantee that the subjects will have common
expectations, since there may still be uncertainty as to how each subject will use the

information.

In addition to reading the instructions out loud, we examine the effect of requiring all

subjects in a market to correctly answer an exiensive series of control questions before the

“What we leam from the particular experiments reported here is that a common dividend, and common
knowledge thereof is insufficient to induce initial common expectations. As we interpret it this is due to agent

uncertainty about the behavior of others.” (Smith, Suchanek. and Williams (1988)).
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experiment commences. We believe that this series of questions ensures that our subjects
understand the environment and, thus, improves rationality at the individual level. In our
“common knowledge™ treatment (CK), all ten traders in a market must answer all questions
correctly and this is common knowledge. That is, we tell subjects that the experiment will
only begin after everyone has answered all of the questions correctly. In the “no common
knowledge” treatment (NCK), all traders in the market must still answer all questions
correctly but this is not common knowledge. In particular, they only know that ten out of
twenty subjects in the session are required to answer the questions — what they do not know is
that all ten are in the same market. The other ten subjects in the session are not required to

answer any control questions, and are simply told to wait until the experiment begins.

Thus, the individual understanding induced by requiring all subjects in a market to
answer control questions is the same in our NCK markets as it is under CK. All that differs
between these treatments is whether or not the subjects know for sure that the other traders in
their market are also required to answer the questions. Hence, our treatments allow us to
identify the effect of common expectations and, thereby, to test the original hypothesis of
SSwW.

We find that CK essentially eliminates bubbles in four out of six markets and leads to
less mispricing overall. In our NCK markets in which all traders must also answer the control
questions correctly — but where this is not common knowledge — we find substantial
mispricing similar to standard SSW markets. Thus, the fact that it is not common knowledge
that all traders in a market are requircd to answer the control questions is responsible for the
greater mispricing in our NCK ftreatment as compared to CK. This is in support of the
conjecture of SSW that the lack of common expeciations about other subjects’ behavior is a

major source of mispricing in experimental assct markets of this type.

The paper 1s organized as follows. Section 2 briefly reviews the most pertinent previous
research. Section 3 describes our design and procedures, section 4 presents our results, and

section 5 concludes.
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2 Experimental asset markets

The canonical design of an experimental asset market is due to SSW.? In this design each
market typically has between eight and twelve traders, each of whom is given an initial
endowment of experimental money and shares which they can trade in a computerized double
auction. The market operates over fifteen trading periods, with each period typically running

for four minutes.

At the end of each period, each share pays a dividend to its current owner. This dividend
is the same for all shares, and the probability distribution from which it is drawn is common
knowiedge. In particular, the dividend takes values of 0, 8, 28 or 60 currency units, each with
equal probability, such that the expected dividend in each period is 24. After the fifteenth
dividend has been paid, shares have no remaining value. The fundamental value of each share
is thus 24 times the number of remaining dividend payments, so it is 360 in the first period
and declines by 24 after each dividend has been paid. Not only are these facts common
knowledge, they arc also typically presented to subjects in the form of an “average holding
value table”. Table | shows an example of such a table, as first introduced by Porter and
Smith (1995).

The following description relates to design 4 in SSW, which is the standard and most extensively-studied set

of parameters.



Table I: Average Holding Value Table

End Begin Periods  Average per Period _ Average per Unit
Period Period Held Dividend Value Inventory Value

15 1 15 x 24 = 360
15 2 14 x 24 = 336
15 3 13 x 24 = 312
15 4 12 x 24 = 288
15 5 11T x 24 = 264
15 6 10 x 24 = 240
15 7 9 x 24 = 216
15 8 8 x 24 = 192
15 9 7 % 24 = 168
15 10 6 x 24 = 144
15 11 5 % 24 = 120
15 12 4 x 24 = 96
15 13 3 x 24 = 72
15 14 PR 24 = 48
15 15 1 x 24 = 24

Notes: This table shows the “average holding value table” provided to subjects by Porter and Smith
(1995) as part of the experimental instructions. The last column shows, for each period in the second
column, the fundamental value of the asset.

By designing this relatively simple market environment, SSW originally set out to create:

“a ‘transparent’ asset trading market where shares had a well-defined
intrinsic value based on common trader information concerning share
expected, or average, dividend value. Using these experimental results as a
baseline, the research program originally was expected to inquire if price
bubbles — trading away from intrinsic value — could be created by

controlling information or other elements.” (Porter and Smith (2008))

Contrary to expectation, this intentionally simple design has instead been found to
consistently generate price bubbles and crashes when subjects are inexperienced. It is typical
for these markets to exhibit substantial price deviations from fundamental value, starting out
below fundamental value in the first few periods before rising above it — sometimes to a level
in excess of the maximum possible dividend value of a share —before crashing back down

toward fundamental value as the end of the market approaches.
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One explanation for why initial trades typically occur at prices below fundamental value
1s that they could be motivated by risk aversion on the part of sellers. On the other hand, the
only rational explanation for purchases at prices exceeding the maximum dividend value is
that these trades are motivated by speculation. That is, the only reason why a rational trader
would be willing to pay such a price would be if she believed there was a second trader to
whom she could resell at an even higher price — and for that to be the case, this second trader
would have to either himself be irrational or else believe that there was some third trader to

whom he could resell at a yet higher price, and so on.*

Building upon such reasoning, it can be argued that even though the dividend process is
common knowledge, this is insufficient to induce common knowledge of rationality. For this
reason, a price bubble can occur even when all traders are indeed rational and correctly
understand the dividend structure of the asset — but there are at least some traders who believe
(that some others believe, ... ) that some others may not. Alternatively, and more directly, it
could simply be the case that overpriced transactions are the result of actual irrationality (or

confusion, or decision errors) on the part of some traders.

The hypothesis that price bubbles are due to failure of common knowledge of rationality
is consistent with the observation that prices track more closely to fundamental value as
subjects gain repeated experience in the same market environment as part of the same group
of traders (SSW; van Boening, Williams, and LaMaster (1993)). Nonetheless, it is unclear
from this result to what extent it is actual rationality, as opposed to the common knowledge

thereof, that is improved with experience.

Conclusive evidence of acrual irrationality in inexperienced markets is provided by Lei,
Noussair, and Plott (2001), who control for speculative motives by assigning each subject to a
role either as a buyer (with no opportunity to resell) or seller (with no opportunity to
repurchase). They find that 38 percent of all trades in such markets occur at prices in excess
of the maximum dividend value where, given that it is not possible to resell, the buyer is sure

to incur a net loss from such a trade.*

Of course, trades at less extreme prices might also be motivated by speculation, Moreover, speculation may
still be profilable even when the resale price is lower than the purchase price, since the speculator can eam

dividends during the time that she holds the share.

In the (Lei. Noussair, and Plott) no-speculation sessions the dividend is either 20 or 40 with equal probability,

such that the maximum dividend value is 4/3 times fundamental value. By contrast, in the SSW design the
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Consistent with the results of Lei, Noussair, and Plott (2001), in markets in which
subjects are inexperienced the bubble-and-crash pattern has proven highly robust to a very
wide range of treatment manipulations involving various aspects of the market environment.

Much of this work is surveyed in Porter and Smith (2008).

One conspicuous exception is provided by Noussair and Tucker (2006) who find that
when a complete set of futures markets is provided, price bubbles in the spot market are
eliminated. In their design, these futures markets have the distinctive feature that they are
opened sequentially in reversc order — starting with the futures market for period fifteen —
before the spot market is opened. One implication of this procedure is that fully half of the
scssion timce 18 taken up with this sequential opening of futures markets before the first period
of spot trading commences. Noussair and Tucker (2006) explicitly acknowledge that this is
done to “to facilitate the backward reasoning that is required for agents to realize that the

expected future dividend stream corresponds to a limit price for a rational trader” (p. 172).

Noussair and Tucker (2006) report one of the very few treatments to eliminate the
bubble-and-crash phenomenon for inexperienced subjects in the SSW environment.’
However, it remains unresolved whether their result holds because they provide a complete
set of markets (as might be suggested by theory) or, as they themselves suggest, because their
treatment hammers home the logic of backward induction to subjects. Even if it is the latter, it
is not possible in their design to disentangle whether the diminished mispricing they observe
is the dircct effect of training subjects in the logic of backward induction, or a byproduct of

the fact that it is common knowledge that all subjects have undergone this training.

As we describe below, our control questions are also designed to train subjects to use the

logic of backward induction to calculate the fundamental value of the experimental asset.

maximum dividend value is 60/24 = 2.5 times fundamental value. This difference contributes to the relatively

high incidence of overpriced transactions in (Lei, Noussair, and Plott) data,

Subsequent 1o commencing the work reported here, we also became aware of the results of (Lei and Vesely
(2009)). In their experiment there is a pre-market phase during which participants passively experience the
realisation and accrual of a stream of dividends at periodic intervals, with each interval corresponding
temporally to the length of a irading period. We observe that this procedure is similar to that of {Noussair and
Tucker (2006)) insofar as, prior to the commencement of trade in the asset market proper, participants first
gain experience in a related activity for a length of time equal to the life of the experimental asset itself. Both
results may thus also be related to the robust finding, noted above, that price bubbles tend to be diminished

with repeated experience as part of the same group of participants.
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Since our design does not involve futures markets, we can eliminate complete markets as an
cxplanation for any effect that we observe. Moreover, our design cnables us to directly
manipulate whether or not it is common knowledge that all traders in a market have

undergone the training.

As it turns out, this control proves to be critical. We find that our control questions alone
do not have any significant effect upon the severity of mispricing. However, when it is
common knowledge that all traders in a market must complete the questions successfully, we

find that mispricing is significantly diminished.

3 Design and Procedures

In designing our experiment to address the issue of subjects’ divergent expectations, we
follow the recommendations of Haruvy and Noussair (2006). They argue for a design which
(1) facilitates subjects’ comprehension of the link between the expected future dividend stream
and the fundamental value of the asset, (ii) cnsures that subjects are not trading due to an
experimental demand effect, and (ii1} induces common knowledge that subjects are using the

expected future dividend stream as their limit price.

We address issue (i) by requiring subjects to successfully complete an extended set of
control questions. Whether or not it is common knowledge that all traders in a market must
answer these questions depends upon the treatment, and thus our research question relates
directly to issue (iii). As regards issue (ii), one might fear that by their very nature, our control
questions (which we describe below) might directly induce our subjects to trade at
fundamental value. If this was the case, any effect that we observe might then be attributable
to an experimental demand effect. However, given that our control questions are identical in
our CK and NCK treatments, any demand effect should also be identical across these
treatments, and hence should not affect a between-groups comparison of these treatments. As
it turns out, our results reveal minimal effects of the control questions alone in the absence of
common knowledge. For this reason, we are confident that our results are not contaminated

by any significant demand effects.

Depending upon the treatment, our control questions may achieve one or both of the

following two effects:
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Controlling for confusion on the part of subjects (treatments CK and NCK). Although
it is standard procedure in SSW-type markets to carefully explain the dividend process and to
provide subjects with an average holding value table similar to Table 1, little is known
regarding the extent to which subjects either understand the information or make use of the
table. In particular, in contrast to some other branches of experimental economics research,
the literature on asset market experiments following SSW does not consistently make use of
control questions to check on subjects’ understanding of the decision environment. However,
given the evidence of confusion or decision errors identified by Lei, Noussair, and Plott
(2001}, we seek to control for such misunderstandings by implementing a more robust

structure of control questions than is typical in this literature.

Improving common knowledge of rationality (treatment CK). As discussed above, price
deviations from fundamental value may arise from uncertainty concerning the expectations of
other traders. In our CK treatment we make it common knowledge that all subjects in the
market must successfully answer all of the control questions, thereby strengthening the
common expectation that all subjects have understood the fundamental value process and that

they will behave accordingly.
Basic environment and endowments

We adopt the classic SSW parameters of fifteen double auction trading periods cach
lasting four minutes. Each share pays a dividend of 0, 8, 28 or 60 currency units, each with
cqual probability, at the end of cach trading period. Subjects are randomly assigned to receive
one of three different initial endowments of experimental currency and shares, all having the

same fundamental value. These endowments are summarized in Table 2.

Table 2: Endowments and Exchange Rates

Endowment type I 11 1II
Number of traders of this type 3 4 3
Initial stock 2 4 6
Initial cash 1,890 1,170 450
Endowment value (ECU) 2,610
Exchange rate (DKK/ECU) 1/11
Endowment value (DKK) 237.27

Total Stock of Units (TSU) 40

Notes: The table shows the technical parameters of the experimental design. One DKK is
approximately equal to 0.20 USD or 0.13 EUR (as of November 2009).
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Control questions

Prior to constructing our control questions, we conducted a thorough search of the
literature on experimental asset markets for appropriate precedents, and identified very few.
Given that control questions are typically only included in working papers and de not find
their way into final publications, we cannot claim on these grounds that they are seldom used,
but it is nonetheless clear to us that their use is not universal. Moreover, many of the
examples we identify relate to aspects of the market that are novel to a specific paper (for
example, the futures market treatment of Noussair and Tucker (2006)), as opposed to the
standard SSW environment itself. In short, the existing literature provides little clear guidance

as to what 1o include in an appropriate set of control questions.

Our main intervention involves two sets of control questions — one framed from the
perspective of buying a share, and the second framed from the perspective of selling. Since
one aspect of our interest in control questions is to train subjects in the logic of backward
induction without providing a complete set of futures markets, we include fifieen questions in
each frame, ordered from period fifteen to period one.® For example, the first buyer control

question asks:

Suppose that you buy one share in period 15 and that you keep it until the
end of the market (i.e. until period 15). What is the average total dividend

that you will receive from this share?
Similarly, the second seller control question asks:

Suppose that you sell one share in period 14 and that you do not buy it back.

What is the average total dividend that you give up on this share?

Our control questions thus effectively require each subject to enter the values from the
final column of the average holding value table twice, from the bottom up. The majority of
subjects learn to do this relatively quickly, and without requiring any assistance from the
experimenters. However, in each session there are also up to 20 percent of subjects who take
much longer — in some cases over twenty minutes ~ requiring further instruction from an

cxperimenter in the process.

* In addition, all participants were also required to answer a set of four basic control questions. See Appendix

A for details.
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Details of sessions

Our cxperiments were conducted at the Laboratory for Experimental Economics at the
University of Copenhagen between October 2009 and June 2010. We oversubscribed sessions
to ensurc that there would be exactly ten subjects in each market. We also operated two
completely independent markets in each session, for a total of twenty subjects. No subject had
ever taken part in any previous asset market experiment. Each session lasted up to 2.5 hours,
and the average earnings were 230 Danish kroner (approximately 46 US dollars, 31 Euros as
of November 2009). The experiments were conducted in English, and the computerized

market was programmed using the z-Tree environment (Fischbacher (2007)).

At the start of each session, we first distributed and read aloud the first three pages of
instructions which deal with the mechanics of using the computer interface to make price
offers and to buy and sell shares.” This was followed by a ten-minute practice period, which
did not count toward subjects’ earnings. Note that subjects completed this practice task before
they had been told about the dividend structure of the asset or how their earnings would be
determined. We next circulated and read aloud the remainder of the instructions, dealing with
the dividends, average holding value table and calculation of eamings. Following this, we
required subjects to complete the control questions described above, as appropriate to the
treatment (as discussed below). Upon conclusion of the experiment, we also asked subjects to

complete a questionnaire.
Treatments

Our experiment consists of four treatments, referred to as Baseline, CK, NCK, and
WAIT. The first three form the main focus of our analysis, while WAIT is a necessary

byproduct of the procedures we use to obtain the NCK treatment.

The Baseline treatment is a standard SSW market with the parameters outlined above.
Subjects in the Baseline treatment only answer a set of four basic control questions (see
Appendix A) and not the extended set of thirty buyer and seller control questions. This
treatment provides a benchmark for the severity of mispricing in SSW markets conducted

under standard procedures, as applied to our subject pool.

In the Common Knowledge (CK) treatment all subjects must correctly answer both the

four basic control questions and the extended set of thirty buyer and seller control questions.

7 The full text of the instructions for the CK treatment is contained in Appendix C of our working paper.
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Subjects are explicitly informed that the experiment does not begin until all twenty subjects in
the session have correctly answered all of these questions. This design is intended to induce
common knowledge of rationality, in the sense that all subjects have understood the
instructions, that all subjects believe that all subjects have understood the instructions and that
all subjects believe that all subjects believe that all subjects have understood the instructions,
etc. In support of this, as will be seen in our results below, it appears that the CK design very
quickly creates common expectations (typically within the first two periods) about other

subjects’ behavior in the market.

To obtain our last two treatments, we inform all twenty subjects in a session that an
unspecified number of them will be asked to answer a set of control questions, and that these
subjects must answer all of the questions correctly before the experiment can begin. The
remaining subjects will not be asked to answer any questions, and must simply wait until the

experiment begins.

Of the twenty subjects in the session, we require ten to answer the full set of control
questions. Through a message on their computer screens, we inform these ten subjects that
exactly ten of the twenty subjects in the session arc being asked to answer control questions.
What they are not told is that we then group these ten subjects together to trade in the same
market. This market thus contains ten subjects who have all answered the control questions
correctly (with the implied effect upon their understanding of the instructions) but who are not
aware that all others in the market are also required to answer these questions. In other words,
we induce individual rationality (as in CK) but not the common knowledge of having done so.

We refer to this third treatment as No Common Knowledge (NCK).

As a byproduct of our NCK trecatment we also have ten subjects in each session who do
not answer any control questions and must simply wait for the others to finish. These ten
subjects are also grouped together to make up the second market in the session. Through a
message on their computer screens, we inform these subjects that when the experiment
begins, none of the subjects in their market will have answered control questions. That is, the
unspecified number of subjects who must answer the questions will be in a different market to
them. We refer to the fourth trcatment as WAIT. This treatment is similar in design to the
Baseline, except that subjects must wait approximately twenty minutes before the experiment
begins. Compared to Baseline, the WAIT institution may thus give subjects additional time to

think.
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We collect six independent observations (markets) in each of our treatments. In the

analysis below, each market is treated as the (independent) unit of observation.

4 Results

We begin this section by providing a descriptive overview of our results, before tuming
to a formal analysis of bubble measures and regressions. We find that control questions alone
do not have a great effect upon mispricing, but that the combination of control questions

together with common knowledge essentially eliminates mispricing in most markets.
4.1 Descriptive overview

Figure summarizes our main findings by showing aggregated measures of mispricing for
each of our four treatments. For each market and in each period, we calculate the absolute
deviation of the median transaction price from fundamental value. For each treatment and in
each period, we then calculate the median over the six markets and plot the result in figure .
Through simple visual inspection, we see that mispricing is lowest in the CK treatment in
thirteen of the fifteen periods. There is no obvious ranking between the NCK, WAIT and
Bascline markets. If anything, WAIT appears to show the greatest mispricing in the middle

periods, while the picture is mixed in the earlier and later periods.®

*  We ran a fifth treatment that was identical to CK but assigned fixed buyer and seller roles as in (Lei,

Noussair, and Plott {2001)) and used a certain dividend as in (Porter and Smith (1995)). The results were
comparable 1o those of CK, in that prices closely tracked fundamental value. Casual inspection suggests that
mispricing was even smaller than in CK. but an analysis of the bubble measures (defined below) showed that

the difference was not significant under most specifications.
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Figure I: Median absolute deviation per treatment
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Nuotes: The figure shows aggregated measures of mispricing by treatrent, For each market and period,
we calculate the absolute deviation of the median transaction price from fundamenial value, The figure
then shows the median over the six markets for each treatment in each period.

What is not secn in figure is that there is considerable heterogeneity in the performance
of the six markets in each treatment. Appendix B shows the median transaction prices per
period in each market for each treatment. Figure B1 shows the price trajectories for the six
Baseline markets. Consistent with previous research on SSW-type markets, we observe a
tendency for prices to start out below fundamental value in the first period. Two markets go
on to exhibit the typical bubble-and-crash pattern (note that the use of median prices masks
the crash in market 2 which had a closing price of 150), two markets remain flat for much of
the experiment, while the remaining two markets largely track fundamental value. Overall, the
Baseline markets are characterized by large price deviations from fundamental value and

highly heterogeneous price trajectorics, which is not uncommon in SSW markets,

In the CK markets (Figure B2) we again observe trade occurring at prices below

fundamental value in the first period. However from period two onward, prices in four of the
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six markets track very closely in line with fundamental value.” In the remaining two markets
we observe a residual tendency for shares to trade above fundamental value through the
second half of the cxperiment, but even this is mild compared to the mispricing typically
observed in inexperienced SSW markets. In general, as shown in figure , the CK markets do
not display the pronounced tendency to bubble and crash that is the norm with inexperienced

subjects.

In sharp contrast to our CK markets, the absence of common knowledge under NCK is
associated with large price deviations from fundamental value in several markets (Figure B3).
In particular, we observe overpriced transactions'® in three of the six markets. Overall, this
treatment displays some of the most severe instances of mispricing that we observe in our
entire study. The WAIT markets (Figure B4) appear similar to the Baseline in that we observe
some markets in which there are price bubbles, some in which the price remains more or less

flat over time, and one market that tracks fundamental value.

In short, while the six markets in cach of the treatments are not identical in the extent of
mispricing, figure does yield a fairly representative picture of the effect of our treatments. We
now formalize the analysis of treatment effects by calculating standard bubble measures and

using regression analysis.
4.2 Bubble measures and regression analysis

We follow the literature on asset market experiments in computing measures of the
severity of mispricing. The literature has produced an abundance of different measures and
there cxists no golden standard as to which measures to present. Stéckl, Huber, and Kirchler
(2010) discuss various of these bubble measures in the light of what they see as three essential
criteria’'. They conclude that the traditional bubble measures do not fulfill these criteria and

instead suggest calculating two altemative bubble measures. The first measure, Relative

In a seventh market, the prices tracked fundamental value from period two through to twelve, at which time
we experienced a fatal server crash. The data from this crashed market are not included in the analysis

reported below.,

We follow {Palan (2009)) in defining an overpriced transaction as one that occurs at a price in excess of the

maximum dividend holding value.

The criteria are that bubble measures should (i) relate price and fundamental value, {ij} be monotone in the
difference between price and fundamenial value, and (iii} be independent of the number of periods and the

absolute level of the fundamental value.
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Deviation (RD), is a measure of overpricing calculated as the average (over the T = 15

periods) difference between mean transaction price and fundamental value, normalized by

average fundamental value 0/_‘ | = 192). Formally:
Relative Deviation = %Z; (13, -1 ) / If' |

where P, is the mean transaction price in peried ¢ and £; is the fundamental value in period f.
Note that the definition of RD implies that positive and negative price deviations from
fundamental value cancel out. A relative deviation of 0.3 means that the assets on average are

overvalued by 30 percent compared to lf |

The second measure, Relative Absolute Deviation (RAD), is a measure of mispricing. It
is very similar to RD but is calculated using the absolute (instead of the raw) difference

between mean price and fundamental value. Formally, RAD is defined as:
ive Absolute Deviation =3 |P 7
Relative Absolute Deviation = FZM I ) - f,l / l H |

Thus, positive and negative price deviations do not cancel out in RAD. Intuitively, a relative
absolute deviation of 0.3 means that mean prices on average differ 30 percent from the

average fundamental value in the market, f | Hence, for both measures, a larger value

indicates more severe deviations of price from fundamental value.

The top pancl of table 3 reports the mean values of the two measures for each of the four
treatments. It shows that the RD yields negative values for three of the four treatments,
reflecting the substantial underpricing occurring in several markets. In absolute terms, CK has
the smallest RD (0.027), WAIT the second smallest (0.071) while NCK and Baseline have
almost identical values (0.106 and 0.101, respectively). For RAD, CK again has the smallest
mean value (0.182) while NCK has the second smaltest (0.283) and Baseline and WAIT are
very similar (0.370 and 0.348, respectively).
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Table 3: Bubble Measure Analysis

Relative Relative Absolute
Deviation Deviation
Mean values
Baseline -0.101 0.370
CK -0.027 0.182
NCK 0.106 0.283
WAIT -0.071 0.348

Wilcoxon rank-sum p-values

Baseline vs. WAIT 0.749 0.873
CK vs. Baseline 0.337 0.078*
CK vs. Baseline + WAIT 0.512 0.039%*
NCK vs. Baseline 0.200 0.631
NCK vs. Baseline + WAIT 0.160 0.512
CK vs. NCK 0.200 0.150
Common knowledge 0.947 0.039**
Control questions 0.204 0.094*

Notes: The top panel of the table shows the mean values of the two bubble measures (Relative
Deviation and Relative Absolute Deviation) for the six markets in each of the four treatments. The
bottom panel shows p-values for Wilcoxon rank-sum tests comparing the measures across treatments
and groups of treatments. Common knowledge tests CK against the other three treatments; Control
questions tests CK and NCK against Baseline and WAIT. * p < 0.10, ** p < 0.05, *** p < 0.01

The lower panel of table 3 reports p-values for Wilcoxon rank-sum tests comparing the
two measures across treatments. The first row confirms that Baseline and WAIT do not differ
significantly from one another (p > 0.749) for either measure. The second and third rows
show that CK differs significantly in RAD, but not in RD, from Baseline at the 10 percent
level, and from Baseline pooled with WAIT at the 5 percent level. Rows four and five show
that NCK 1s not significantly different from either Baseline or Baseline pooled with WAIT for
cither measure. Row six shows that CK and NCK are not different for either measure (p =
0.200 for RD and p = 0.150 for RAD). Row seven tests the effcct of common knowledge, i.e.
treatment CK vs. the other treatments. We find that the effect of common knowledge is
significant for RAD (p = 0.039) but not for RD (p = 0.947). The last row of table 3 shows that
control questions make no difference for RD but are weakly significant for RAD (p = 0.094).
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To summarize, the analysis of bubble measures shows that Relative Deviation is not
significantly different across treatments. This is because we observe both over- and
underpricing which cancel out in the calculation of RD, and average overpricing is thus rather
small in all treatments. This is not the case for Relative Absolute Deviation where we find a
significant difference between CK and the markets without control questions (Baseline and
WAIT). For RAD, we find that common knowledge significantly decreases mispricing (when
compared to all treatments without common knowledge). We find a weaker effect of control
questions in themselves when comparing treatments with and without the questions. This

suggests that common knowledge may be more important than just control questions.'*

The advantage of using measures of mispricing in combination with nonparametric
statistical tests, as we do above, is that this is a very simple and straightforward approach
which entails few assumptions. However it is also limited, in that the measures are highly
aggregated and thus disregard a lot of information. In addition, the nonparametric tests do not
allow us to make partial inference when pooling treatments into one dataset. For example, we
arc not able to distinguish between treatments CK and NCK when testing for the overall effect
of control questions (in the last row in table 3), even though these two treatments are
fundamentally different. This means that we cannot say whether the weakly significant effect
is driven by the fact that it is common knowledge that everyone has to answer the control

questions in CK, or by the control questions per se.

To take into account these drawbacks, we extend the analysis above using regression
analysis. To do so, we first define two measures based on the median price in each period and
market. In particular, we define 4bhsDev, to be the absolute difference between the median

transaction price and the fundamental value in a period:

AbsDev = |E /)

Furthermore, we create a binary variable Track, to indicate whether AbsDev, is within a

tolerance band of 5% of fundamental value:

"> We also calculate but do not present a number of the older bubble measures. The overall finding is that

measures which focus on overpricing (Amplitude, as defined in King 1991, Duration, as defined in Porter and
Smith 1995, Average bias, as defined in Haruvy and Noussair 2006) yield values that are similar across
wreatments while a measure that focuses on mispricing (Total dispersion, as defined in Haruvy and Noussair

2006) yields values that are smaller for CK than the other treatments.
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I if AbsDev, <0.05- f

Track, = i
0 if AbsDev 20.05- f,

We then define a set of dummy variables that characterize our different treatments.
CommonKnowledge equals | in treatment CK; ControlQuestions equals | in treatments CK
and NCK while 7ime equals 1 in all treatments except Baseline. The variable Time captures

the fact that trading does not start immediately after the instructions have been read aloud.

We run OLS regressions using 4bsDev, and Track, as dependent variables with standard
errors clustered on individual markets to take account of correlated error terms'. The
explanatory  variables are the dummies described above (ControlQuestions,
CommonKnowledge and Time) along with period dummies and a constant. Table 4 presents

the results.

Table 4: Mispricing regressions

Dependent variable: AbsDev Track
ControlQuestions -5.79 -0.100
(17.01) (0.101)
CommonKnowledge -23.98 * 0.244 **
(13.65) (0.105)
Time -4.53 0.077
(20.65) {0.113)
Constant 33.24 % 0.056
(19.44) (0.094)
Period dummies Yes Yes
Adj. R? 0.214 0.085
N 359 359

Notes: The table shows OLS estimates (tobit regression for 4bsDev censored at 0 and random effect
regressions yield qualitatively similar results) on two measures of mispricing: AbsDev is the absolute
deviation of period median prices from fundamental value. Track is a dummy variable equal to 1 if
AbsDev is less than 3% of the fundamental value and zero otherwise. Parentheses show robust
standard errors, clustered on markets. We exclude three outliers: one (0.015%) observation with price
2215 and two (0.030%) observations with price zero. * p<0.10, ** p<0.05, *** p<0.01

" Random effect regressions and tobit regressions censored at zero (for AbsDev) yield qualitatively similar

results,
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The first row of estimates in table 4 shows that control questions per se do not have a
significant effect on the level of mispricing, for either of the two measures used.'* However,
the second row shows that common knowledge significantly reduces mispricing, when
controlling for individual rationality (i.c. control questions). Thus, individual rationality alone
does not affect mispricing but common knowledge of rationality does. This is in support of
SSW’s hypothesis that common knowledge of the fundamental dividend value is not
necessarily enough to induce common knowledge of rationality and that this could explain (at
least part of) the mispricing that we observe in SSW-type asset markets. Finally, we find that

extra time for subjects to think about the situation does not affect mispricing.

5 Concluding remarks

When SSW first devised the design of their experiment, they intended it be a particularly
simple and transparent bubble-free environment that would serve as a baseline for research
into the factors that might contribute to the formation of price bubbles. Nonetheless, SSW
were initially sanguine about their observation of price bubbles with inexperienced subjects,
as they observed that rational expectations theory was not necessarily violated even if all
traders were indeed rational but simply lacked common knowledge of this fact. This
interpretation was consistent with the observation that bubbles were diminished with repeated
experience as part of the same group of subjects. However, the results of Lei, Noussair, and

Plott (2001) provided conclusive evidence of actual irrationality in inexperienced subjects.

As we interpret it, the Lei, Noussair, and Plott (2001) no speculation treatment
eliminated the opportunity o speculate, yet did not deter subjects from making decision errors
— indeed it was designed preciscly to demonstrate that subjects were indeed making such
errors. Our NCK treatment in some respects does the opposite. In particular, our control
questions are intended to improve rationality at the individual level, and thus reduce the extent
of decision errors. However, because the NCK treatment does not create common
expectations, it gives subjects who do not believe in the rationality of others a motive to

speculate. The result, as we have shown, is substantial mispricing. Hence we conclude that —

" The results are robust to using the mean instead of the median or of using the median of absolute prices
instead of using absolute median prices for AbsDev, as well as to using different definitions of Track,

including 10% deviation or an absolute deviation of [0 experimental currency units,
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taken alone — neither removing the possibility of speculation nor reducing decision errors is

sufficient to eliminate mispricing,.

Incidentally, this interpretation aligns with that of Noussair and Plott (2008), who
attribute the bubble and crash phenomenon to two sources. Firstly, even though all traders
may be rational, if this rationality is not common knowledge then some may still hold the
belief that there are irrational traders in the market, and this may lead to speculation that
drives prices above fundamental value. Secondly, mispricing may also simply reflect actual

decision crrors on the part of some subjects.

Our CK treatment succeeds in largely eliminating mispricing because it addresses each
of these points. Firstly, we require that subjects properly understand the decision environment
in order to correctly answer our battery of control questions. This minimizes decision errors.
Second, the fact that it is common knowledge that all traders must correctly answer all of
these questions reduces uncertainty regarding the behavior of others. This creates common
expectations and reduces the scope for speculation. The result is that mispricing is cssentially
eliminated in four of our six CK markets — even though our traders are inexperienced — with
only small deviations from fundamental value in the remaining two markets. Qur results thus
speak directly to SSW’s conjecture regarding the importance of homogeneous expectations in
the formation of bubbles, by showing that common knowledge of rationality is sufficient to
largely eliminate the bubble-and-crash phenomenon that has occupied researchers for over

twenty years.
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Appendix A: Control Questions

In total, we require subjects in the CK and NCK treatments to correctly answer 34
control questions: 4 in the basic sct and 30 in the extended set. The extended set consists of
two series of 15 questions: one series which is framed from the perspective of a buyer and one

which is framed from the perspective of a seller. The questions are stated below.
Basic set (4 questions)
Question 1: What is the average dividend from the share in period 14?

Question 2: What is the total average dividend that you will receive if you hold the

share from period 14 and to the end of the market (i.e. until period 15)?

Question 3: What is the total maximum dividend that you will receive if you hold
the share from period 14 and to the end of the market (i.e. until period
15)?

Question 4: What is the total minimum dividend that you will receive if you hold
the share from period 14 and to the end of the market (i.e. until period
15)?

Extended set of control questions, buyer frame (15 questions)
Fori= {15, 14, ..., 1}, subjects are asked:

Question 5 + (15-7): Suppose that you buy one share in period 7 and that you keep it until the
end of the market (i.e. until period 15). What is the average total

dividend that you will receive from this share?
Extended set of control questions, seller frame (15 questions)
Forj= {15, 14, ..., 1}, subjects are asked:

Question 20 + (15-/): Suppose that you sell one share in period j and that you do not buy it
back. What is the average total dividend that you give up on this share?

149



Appendix B: Median price trajectories in individual markets
This Appendix shows the median transaction price trajectories in each of the six markets

for each of our four treatments: Baseline (Figure B1), CK (Figure B2), NCK (Figure B3) and
WAIT (Figure B4).

Figure B1: Median Transaction Prices, Baseline markets
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Figure B2: Median Transaction Prices, CK markets
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Figure B3: Median Transaction Prices, NCK markets
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Figure B4: Median Transaction Prices, WAIT markets
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Appendix C: Instructions for the CK treatment *
General Instructions

This is an experiment on decision making in a market. The instructions are simple and if you
follow them carefully and make good decisions, you may eam a considerable amount of
money which will be paid to you in cash at the end of the experiment.

Please do not communicate with other participants during the experiment. If you have a
question please raise your hand, and an experimenter will assist you.

In this experiment, you have the opportunity to buy or sell in a market. The money used in
this market is ‘Experimental Currency Units’ (ECU). All trading will be done in terms of
ECU. The cash payment to you at the end of the experiment will be in Danish kroner,

The conversion rate will be 11 ECU to 1 krone.

You will then be asked to complete a questionnaire, after which you will receive your
payment. The entire experiment will last approximately two-and-a-half hours, including half
an hour for instructions and practice.

How to use the Computerised Market

On the top right of the screen you will see how much time is left in the current trading period.
The items you can buy and sell in the market are called shares. In the centre of your screen
you will see the number of shares and the amount of money you currently have.
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Horizontal rules denote the positions of the page breaks in the original instructions.
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The screen can be used to participate in the market in one of four ways.
Making an offer to sell a share, by entering the price at which you would like to sell:

To offer to sell a share, enter the price at which you would like to sell in the box labelled
‘Enter offer to sell’ on the left of the screen, then click on the button ‘Submit offer to sell.

The second column from left will show a list of offers to sell, each submitted by a different
participant. The lowest offer-to-sell price will always be on the bottom of the list. Your own
offer will appear in blue. Submitting a new offer will replace your previous one.

Making an offer to buy a share, by entering the price at which you would like to buy:

To offer to buy a share, enter the price at which you would like to buy in the box labelled
‘Enter offer to buy’ on the right of the screen, then click on the button ‘Submit offer to buy’.

The second column from right will show a list of offers to buy, ecach submitted by a different
participant. The highest offer-to-buy price will always be on the bottom of the list. Your own
offer will appear in blue. Submitting a new offer will replace your previous one.

Buying a share, by accepting an offer to sell:

You can select an offer to sell in the second column from left by clicking on it. If you click
the ‘Buy’ button at the bottom of this column, you will buy one share at the selected price.
However you are not allowed to buy a share from yourself.

When you accept an offer to sell, it will disappear from the list. If you had also placed an offer
to buy, it will disappear from the offers to buy list because you have just bought a share.

Selling a share, by accepting an offer to buy:

You can select an offer to buy in the second column from right by clicking on it. If you click
the “Sell’ button at the bottom of this column, you will sell one share at the selected price.
However you are not allowed to sell a share to yourself.

When you accept an offer to buy, it will disappear from the list. If you had also placed an
offer to sell, it will disappear from the offers to sell list because you have just sold a share.

Transaction prices

When you buy a share your money decreases by the price of the purchase. You can only buy a
share if you have enough money to pay for it.

When you sell a share your money increases by the price of the sale. You can only sell a share
if you owned one to begin with.

In the middle column of the screen, labelled ‘Transaction prices’, you will see the prices at
which shares have traded in the current period.
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Practice period

You now have ten minutes to practice buying and selling shares. Your actions in this practice
period will not influence your earnings or your position later in the experiment. The only goal
is to master the use of the interface.

Please make sure that you successfully submit offers to buy and offers to sell. Also make sure
that you successfully accept other people’s offers to buy and sell shares.

If you have any questions, please raise your hand and an experimenter will assist you.

[DISTRIBUTED AFTER THE PRACTICE PERIOD]
Specific Instructions for this Experiment

In each market there are ten participants. Although there may be more than ten participants in
the lab today, you will always be in the same market of ten participants, consisting of yourself
and the same set of nine others.

The market will consist of fifteen trading periods. In each period there will be four minutes
during which you can trade shares in exchange for ECU.

At the beginning of the first trading period, your screen will display your initial holdings of
money and/or shares. These will not necessarily be the same for all participants in the market.

Any trade that you make will change your holdings of money and shares. These holdings will
carry over from one trading period to the next.

Dividends

Recall that the market consists of fifteen trading periods. Shares are assets with a life of
fifteen periods. Each share will pay a dividend to its current owner at the end of each period.

The dividend is randomly determined by the computer, and will be the same for all shares. In
particular, each share that you own at the end of a period will pay:

. a dividend of 0 ECU with probability 1/4;

. a dividend of 8 ECU with probability 1/4;

. a dividend of 28 ECU with probability 1/4; and

. a dividend of 60 ECU with probability 1/4.

Since each outcome is equally likely, the average dividend is (0+8+28+60) /4 =24 ECU in
every period.

Dividends will be added to your money balance automatically at the end of each period. After
the dividend is paid at the end of the fifteenth trading period, all shares will be worthless and
there will be no further eamings possible from them.
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Average Holding Value Table
You can use your AVERAGE HOLDING VALUE TABLE to help you make decisions.

The first column indicates the Ending Period of the market. The second column indicates the
Current Period for which the average holding value is being calculated. The third column
gives the Number of Holding Periods from the Current Period to the Ending Period.

The fourth column gives the Average Dividend per Period for each share that you hold. The
fifth column gives the Average Holding Value per Share that you hold from the Current
Period until the end of the market.

That 1s, for each share that you hold for the remainder of the market, you will earn on average
the amount listed in column five. The value in column five is calculated by multiplying the
values in columns three and four.

AVERAGE HOLDING VALUE TABLE
Ending Current Numberof  Average Dividend _ Average Holding

Period Period Holding Periods Per Period Value Per Share
15 1 15 24 360
15 2 14 24 336
15 3 13 24 312
15 4 12 24 288
15 5 11 24 264
15 6 10 24 240
15 7 9 24 216
15 8 8 24 192
15 9 7 24 168
15 10 6 24 144
15 11 5 24 120
15 12 4 24 96
15 13 3 24 72
15 14 2 24 48
15 15 1 24 24

Your Earnings

At the end of the market, your eamings will equal the amount of money you have at the end
of period fifteen, after the last dividend has been paid.

This amount of money will be equal to:

Any money you had at the beginning of period one
+ Any money you received from sales of shares
— Any money you spent on purchases of shares

+ Any dividends you received

At the conclusion of the experiment this amount will be converted into Danish kroner at the
rate specified on page one of these instructions, and paid to you in cash.
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