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Abstract
A vast body of empirical studies lends support to the incentive effects of rank-
order tournaments. Evidence comes from experiments in laboratories and
non-experimental studies exploiting sports or firm data. Selection of competi-
tors across tournaments may bias these non-experimental studies, whereas
short task duration or lack of distracters may limit the external validity of
results obtained in lab experiments or from sports data. To address these
concerns we conducted a field experiment where students selected themselves
into tournaments with different prizes. Within each tournament the best per-
forming student on the final exam of a standard introductory microeconomics
course could win a substantial financial reward. A standard non-experimental
analysis exploiting across tournament variation in reward size and competi-
tiveness confirms earlier findings. We find however no evidence for effects
of tournament participation on study effort and exam results when we ex-
ploit our experimental design, indicating that the non-experimental results
are completely due to sorting. Treatment only affects attendance of the first
workgroup meeting following the announcement of treatment status, suggest-
ing a difference between short-run and long-run decision making.
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Rank-order tournaments as analyzed in Lazear and Rosen (1981) are widely viewed
as labor market contracts that describe and explain relevant features of compensa-
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tion and incentive structures in organizations. Tournaments provide incentives by
evaluating individual performance relative to the performance of competitors. Un-
like piece rates, tournaments induce optimal effort in circumstances where absolute
productivity is difficult to observe but where relative performance measures are more
readily available. A pay-off scheme based on relative productivity is also attractive
in situations where common shocks affect the productivity of all individuals.

There is a small but expanding literature examining the incentive effects of tour-
naments. Observational studies use firm level data to test indirect predictions of
tournament theory, or data from sports events to estimate the effect of prices on
performance. A second strand of studies are based on laboratory experiments. As
we will discuss in more detail in the next section, observational studies potentially
suffer from selection bias when more able individuals get sorted in the more compet-
itive and higher prize tournaments. Experimental studies have not analyzed sorting
across tournaments, and have been criticized for having limited external validity.

The aim of the current paper is to test the incentive effects of tournaments and
in particular the confounding effects of sorting when observational data is used to
test tournament theory. We ran a field experiment in a naturally occurring setting.
In our experiment students enrolled in a standard introductory microeconomics
course could win a substantial prize for having the best score on the course’s final
(multiple choice) exam. Participants had to select themselves into a tournament
with either a low prize (1000 Euros), a medium prize (3000 Euros) or a high prize
(5000 Euros). Within each tournament participants were then randomly assigned
to a treatment group and a control group. In each tournament the prize was won
by the student in the treatment group who performed best at the exam. Students
in the control groups could not win a prize. We conducted this experiment two
years in a row (in the academic years 2004/5 and 2005/6). The exam consisted of
35 multiple-choice questions. The number of correct answers on the exam is our
measure of productivity. During the course we registered participants’ attendance
of the course’s workgroups, and at the end of the exam we asked them how much
time they spent preparing for the exam. These are our measures of effort.

The time span between the announcement of this field experiment and the day
of the final exam is 3 months. While this period is shorter than the "several years"
involved in a tournament to become a firm’s CEO, it is substantially longer than
the "two or three hours" of a typical laboratory experiment or a sport event and will
therefore contribute to the external validity of our results. To assess the confounding
effect of sorting we contrast our experimental findings with a non-experimental em-
pirical analysis that exploits across tournament variation in prize money and group
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size which has been the common way of testing tournament theory using sports data
(e.g. Ehrenberg and Bognanno, 1990a), or firm data (e.g. Eriksson, 1999).

We find only very little evidence that the prospect of winning a prize affected
students’ effort. The exception is that treated students are significantly more likely
to attend the first workgroup meeting immediately after assignment to treatment
and control groups was announced. But there is no effect on attendance of subse-
quent workgroup meetings or on the amount of time spent preparing for the exam.
Consistent with this, we also find no effect on students’ achievement; not on its mean
level and also not when we focus on students in the top of the achievement and abil-
ity distributions. This is in stark contract with the non-experimental analysis of our
data which leads to the (erroneous) conclusion that higher rewards generate higher
productivity. Finally, we exploit variation in treatment intensity across workgroups
to test for spillovers, but do not find support for that.

The remainder of this paper is organized as follows. The next section discusses
the related literature and the contribution of our study. Section 3 describes the
design of our field experiment. Section 4 presents and discusses the results. Section
5 summarizes and concludes.

2 Related literature

Empirical support for tournament theory comes from various sources. First, there
are several studies that use data from firms or executive pay. As Becker and Huselid
(1992) point out, tournament structures are more likely to exist where individuals’
absolute effort or performance is difficult or costly to observe. Studies based on
firm data therefore do not conduct direct tests of the incentive effects of tourna-
ments but typically test some of the indirect implications of the tournament model.
An example is Eriksson (1999), who uses data from Danish firms to test among
other things whether pay differentials between job levels are consistent with rela-
tive compensation, whether pay dispersion is higher in more noisy environments,
and whether pay dispersion is affected by the number of participants. His analyses
support most of the theoretical predictions. Gibbs (1995) criticizes such indirect
tests of the tournament model by arguing that (many of) the indirect implications
of the tournament model are also consistent with a model in which firms require a
threshold level for performance in order to be promoted to the next rank. Another
potential complication arises from the sorting of workers across firms.

A second source for empirical support for tournament theory comes from studies
where sports events are analyzed in terms of rank-order tournaments. This line
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of research started with the papers of Ehrenberg and Bognanno (1990a,b) that
analyzed data from professional golf tournaments. Both papers regress players’ final
score in a tournament on the total available prize money with control variables for
difficulty of the course, weather conditions, players’ ability and opponents’ quality.
They also regress final-round scores on proxies of players’ marginal returns to effort.
The results of these analyses typically provide support for tournament theory: the
level and structure of prizes influence players’ performance.1 Following Ehrenberg
and Bognanno’s lead, regression models inspired on tournament theory have been
estimated on data from other sports including professional bowling (Abrevaya, 2002;
Bognanno, 1990), tennis (Sunde, 2003) and auto racing (Becker and Huselid, 1992).
The results of all these studies are in support of tournament theory.

A third group of studies is based on laboratory experiments, starting with Bull
et al. (1987). In this study over 200 undergraduate students volunteered to partici-
pate in one of the ten treatments of this study. Treatments vary features as the prize
spread, asymmetry of costs and information conditions. The main finding of this
study is that while behavior is on average in agreement with theoretical predictions
there is a very large variance of behavior at the individual level. This is not the case
in the piece rate treatment in which some of the subjects participated. Moreover,
low ability (high cost) subjects tend to choose higher effort levels than predicted.
The authors hypothesize that these deviating findings are due to the game nature
of tournaments (in the laboratory). Van Dijk et al. (2001) conducted a laboratory
experiment to contrast the performance of piece-rates schemes, team incentives and
tournaments.2 Their findings regarding tournaments are very similar to those ob-
tained by Bull et al. (1987). They too, report a large variance in behavior under
tournaments and low ability subjects exerting too much effort.3

The evidence from sports events and from laboratory experiments is often used
as the basis for rather strong statements concerning the optimality of tournaments.
For instance, Van Dijk et al. (2001) conclude that "[f]rom the perspective of an

1The results in Orszag (1994) cast some doubt on the validity of the findings reported in
Ehrenberg and Bognanno (1990a). Orszag replicates their analysis using data from another tour,
and finds no effect of total prize money on performance. Further analysis reveals that in the data
used by Ehrenberg and Bognanno, the (self-rated) weather data are not orthogonal to the prize
money variable. Orszag concludes that "perhaps golf is not the ideal example to study tournament
theory, or perhaps tournament theory does not elicit the desired incentive results."

2A novel feature of their experimental design is that subjects have to provide real effort (search-
ing the maximum in a grid) rather than just choose a number from an effort-cost table.

3Other studies using laboratory experiments include Schotter and Weigelt (1992) who study
the effects of affirmative action programs in a tournament setting, Harbring and Irlenbusch (2003)
who focus on the effects of different tournament sizes and different prize structures, and Freeman
and Gelber (2006) who examine the effects of inequality in rewards and different provision of
information.

4



employer, relative payment schemes would therefore [higher effort on average] be
superior." (p.208). Likewise, Becker and Huselid (1992) state that: "Employers
want to encourage employees to take risks and to be entrepreneurial, but not to be
careless in their actions. It would appear that tournament reward systems have the
potential to achieve these goals" (p.348), or "[t]ournament systems have considerable
motivational properties" (p.348).

It is unclear whether this kind of inference can be based on behavior observed in
the laboratory or in sports events. These environments are arguably rather limited
representations of the economic environments that are considered to be suitable for
tournaments such as the competition for a promotion in an organization, or becom-
ing CEO. A first important difference is the lack of potentially distracting factors
which may side track people. A second important difference is the duration of the
task at hand. Subjects in laboratory experiments spend at most two or three hours
on their task, and also sports events are characterized by short periods of intense
competition with relatively large amounts of time between events. In contrast, the
interaction between employees at a particular hierarchical level who compete for
promotion to the next level, can easily take some years. In their discussion of the
external validity of laboratory experiments Levitt and List (2007) emphasize find-
ings from the psychology literature which show that there are important differences
between short-run (hot) and long-run (cold) decision making. In the hot phase, emo-
tions can be very important, while these can be suppressed in the cold phase. This
behavior is illustrated by the findings of Gneezy and List (2006) who consider gift
exchange experiments which have been popular in laboratory experiments. When
they run gift exchange experiments in a natural setting they find that employees’
positive responses to employers’ gifts consisting of high wages are only short-lived.

A further element that limits the external validity of experimental results is
related to sorting. Inspired by the finding that some experiments conducted in the
laboratory report high variance in behavior, Eriksson et al. (2006) show that this
is an artifact of the designs implemented in these laboratory experiments. They
argue that in reality participants self-select into tournaments. Consequently, in
their laboratory experiment they let their subjects choose between payment schemes
(tournament versus piece-rates) and find that the variance in behavior is reduced in
comparison to a situation in which choice is not possible.4 A related study is Cadsby
et al. (2007) who compare performance under a piece rate scheme and a fixed wage
contract in a laboratory experiment. An interesting aspect of this study is that

4Lazear et al. (2006) show that introducing sorting affects observed sharing behavior in dictator
game experiments.
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in some rounds subjects can sort into the payment scheme of their choice. Based
on performance in other rounds where subjects could not choose the compensation
scheme. Cadsby et al. estimate that the sorting effect is twice the size of the
incentive effect. Similar results are reported by Dohmen and Falk (2006) who also
find that sorting decisions vary by gender, risk attitudes, overconfidence and other
personality traits.

Where the absence of sorting in laboratory experiments limits their external
validity, the presence of sorting poses econometric challenges to the analysis of nat-
urally occurring data. Lazear and Rosen (1981) observed that "[i]n the real world,
where there is population heterogeneity, market participants are sorted into differ-
ent contests. There players (and horses, for that matter) who are known to be of
higher quality ex ante may play in games with higher stakes" (fn.5). Studies using
field data typically ignore such selectivity and at most assume that all selection is
on observables, which may severely bias the conclusions. Davis and Stoian (2005)
analyze the performance of top runners in road-race competitions. They estimate a
performance equation similar to earlier studies, but also introduce a sorting equa-
tion. They conclude that runners respond to prizes both in their performance and
their sorting decisions. One important limitation of their analysis is that the sort-
ing equation is assumed to be independent from their performance equation which
implies that selection is essentially assumed to be on observables.

3 Experimental Design and Data

In our field experiment participants had to sort themselves into tournaments with
different prizes. The experimental design allows us to estimate the impact of the
tournament on effort and performance and also investigate the importance of the
confounding effect of sorting. The subject pool is drawn from two cohorts of first-
year students in economics and business at the University of Amsterdam. The first
cohort entered in the academic year 2004/2005, the second in 2005/2006. During
the first year of their three years bachelor program all students follow exactly the
same program of 14 compulsory courses for a total of 60 credits.5

Students follow a standard introductory microeconomics course in the second
term of the first year. The course is worth 7 credits, which implies a nominal
study-load of 196 hours. The course was taught over a period of seven weeks in
November and December. The exam was held at the end of January and consisted
of 35 multiple choice questions. During each of the seven course weeks, there was

5There are no difference in the program between the two years.
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a two-hours central lecture for all students together on Monday, and there were
two two-hours workgroup meetings on Tuesday/Thursday or Wednesday/Friday.
Attendance of the central lecture and the workgroup meetings is not compulsory.

We invited the students to participate in the field experiment during the first cen-
tral lecture of the course, which was held in a lecture hall with almost all students
present. We explained that we would be organizing three separate tournaments.
Within each tournament the student who answered most multiple-choice questions
correctly at the exam would be declared the winner and would receive a prize.6 The
prize differed between tournaments, and was 1000, 3000 and 5000 euros respectively.
It was made clear that students could participate in only one tournament, and there-
fore had to choose the prize for which they wanted to compete and that after having
chosen their preferred tournament, one out of two students was randomly selected
to actually participate in the tournament. We explained that those randomized into
the tournament would compete with others that i) selected the same tournament
and, ii) were also randomized into the treatment.

Students could participate by filling out a form that asked their name, age,
gender, math score in secondary school, the prize they wanted to participate for,
their subjective evaluation of how well they expected to do on the exam relative to
others, and their consent to link information from the experiment to information
from the students’ administration.7 Application forms were distributed during the
break of the first lecture and, for students not attending this lecture, also during
the workgroups in the first week. Forms had to be handed in no later than 5pm of
the Friday of the first course week.

The result of the randomization of students to the treatment and control group
was announced at the start of the second week, during the central lecture in the
lecture hall on Monday and on the teaching website on the intranet. The announce-
ment also explicitly communicated the number of competitors in each tournament
to the participants.

The participants in this field experiment are recruited from the same popula-
tion as the subjects usually participating in laboratory experiments. Hence, the
differences that we will report between the results emerging from laboratory exper-
iments and the results emerging from our study cannot be explained by systematic

6If the highest score in a tournament was shared by more than one student, then the prize was
divided among these students. This happened in one of the six tournaments we organized.

7The question asking about students’ subjective rank reads: "Assume that this reward experi-
ment would not take place. Out of 100 randomly chosen first-year economics and business students
in this university, how many do you expect to perform better on the microeconomics exam than
you?" For the purpose of the analysis we reversed the ordering of this measure so that a higher
score means a better subjective rank.
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Table 1. Numbers of participants [test-taking participants]

2004 2005
Treated Controls Treated Controls

1000 prize 25 [23] 25 [24] 32 [32] 32 [29]
3000 prize 59 [51] 58 [51] 58 [50] 58 [55]
5000 prize 56 [48] 58 [48] 69 [64] 69 [67]
All 140 [122] 141 [123] 159 [146] 159 [151]

differences in subject pool. Moreover, with a subject pool of students in economics
and business, we give the predictions of tournament theory a fair chance since these
fields are likely to attract students who are more competitive and more sensitive to
financial incentives than the average person in the population (Carter and Irons,
1991; Frank et al., 2000).

In our design both the size and composition of each tournament is endogenously
determined. Since the randomization scheme randomizes half of the students out of
the treatment we have a control group for each tournament. This means that we can
estimate the incentive effect for each separate tournament, but across tournament
comparison will be confounded by the self-selection of students. This setup allows
us to contrast experimental and non-experimental results.

Table 1 shows how the participants in the experiment sorted themselves over the
three tournaments, separately for both years. It also shows how many students in
each group took the exam. In both years around 20 percent of the participants opted
for the tournament with the low (1000 Euros) prize. The remaining 80 percent split
about equally over the other two tournaments. The sizes of the tournaments are
relevant as they indicate the number of competitors for those who were assigned to
the treatment groups.

From the administrative record of the university we obtained, for each participant
in the experiment, the results on the exams they took in the first term. These
first term scores and the mathematics grade students achieved at the centralized
matriculation exam for secondary school serve as our measures of ability. The score
on the microeconomics exam is our measure of productivity. The subjective rank
reported by the student in the form at the start of the experiment can also be a
measure of ability, but it may also capture elements of motivation. Furthermore, the
instructors of all workgroups kept track of students’ attendance of the workgroups.
Finally, we added an extra question at the end of the exam that asked students to
report how many hours they spent preparing for the exam. Workgroup attendance
and exam preparation are our measures of effort.
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Table 2. Balancing of treated and controls by tournament - pre-treatment variables

1000 3000 5000
Treated Controls Treated Controls Treated Controls

Age 19.23 19.36 19.44 19.59 19.48 19.63
Male 0.61 0.68 0.71 0.72 0.74 0.73
Ability 7.12 7.08 7.25 7.27 7.31 7.44
Credits 6.42 6.42 7.10 6.34 7.09 6.95
GPA 5.49 5.40 5.76 5.47 5.88 5.91
Subjective Rank 60.95 60.23 62.50 66.53 65.07 65.33
Prior Attendance 1.63 1.53 1.54 1.47 1.51 1.48

Having not only data on productivity but also on effort make the data quite
unique and particularly suitable for a empirical investigation of tournament theory.
Data from sports tournaments are often restricted to either a measure for effort or
a measure for productivity, while in laboratory experiments productivity is equal to
effort plus some noise term.

For the assignment of students to the treatment and control group, we use strat-
ified randomization based on high school math score. We constructed subsamples of
students with similar math scores and divided within each subsample the students
equally over the treatment and control group. The main reason for using stratified
randomization is to reduce the risk of ending up with an unequal distribution of
ability between treatment and control groups. Table 2 presents sample means of
pre-treatment variables for treatment and control groups separately for each tour-
nament. With the exception of subjective rank in the 3000 tournament which is
significant at the 10 percent level, none of the differences between treated and con-
trols is significantly different at the 10%-level or better based on chi-square tests for
gender and on t-tests for the other variables. The main message from this table is
that within each tournament, treated and controls are balanced in terms of their
observed characteristics. This is to be expected given the random assignment to
treatment and control groups.

Table 2 also indicates that students with better math scores and who performed
better in the first term (more credits collected and a higher GPA) are more likely to
choose a tournament with a higher prize. This provides some evidence that higher
ability students are more likely to self-select into the higher prize tournament. This
is also seen in students’ subjective position, students who rank themselves higher
seem to be more likely to choose a higher prize tournament.

Table 3 compares the different tournament for the two years to investigate the
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Table 3. Differences between tournaments, Pooled Sample

Rank-sum Test
1000 3000 5000 1vs3 1vs5 3vs5 J-T Test

A. Pre-Treatment Characteristics, Treated & Controls
- Age 19.3 19.5 19.6 0.077 0.212 0.487 0.466
- Male 64.9 71.6 73.3 0.209 0.103 0.666 0.144
- Ability 7.1 7.3 7.4 0.273 0.028 0.147 0.020
- Credits 6.4 6.7 7.0 0.556 0.212 0.404 0.190
- GPA 5.4 5.6 5.9 0.353 0.015 0.076 0.010
- Subjective Rank 60.6 64.5 65.2 0.065 0.007 0.290 0.011
- Prior Attendance 1.6 1.5 1.5 0.426 0.321 0.830 0.388

B. Exam Outcomes, Controls
- Test Taker (%) 93.0 91.4 90.6 0.717 0.589 0.823 0.606
- Score 18.7 18.9 21.2 0.850 0.006 0.001 0.001
- Pass (%) 35.1 32.8 46.5 0.761 0.151 0.030 0.048
- Attendance 6.2 6.3 6.8 0.866 0.339 0.397 0.299
- Preparation (hours) 26.6 22.4 23.6 0.110 0.228 0.545 0.475

Note: Sample averages per tournament. The column 1vs3 (1vs5, 3vs5) reports p-values from
Wilcoxon rank-sum tests comparing the 1000 and 3000 tournaments (1000 and 5000, 3000 and
5000 resp.) based on the pooled sample. The last column reports the p-values from a two-sided
Jonckheere-Terpstra (J-T) test for ordered alternatives.

sorting of students into the different tournaments.8 Panel A shows shows the average
individual characteristics and the different ability measures for both the treated and
controls. The main result is that more able students tend to select themselves into
the tournaments with the higher prizes. Students in the higher prize tournaments
have on average better high school math scores and scored higher grades in the
first term. Students who opted for a tournament with a higher prize also tend to
report a higher perceived position in the exam score distribution. Students that
rank themselves higher also tend to choose higher prize tournaments.

Finally, one can conclude from panel A that there are no substantial differences in
student populations between the two years in which the experiment was conducted
in terms of gender and age. Recently studies have documented gender differences
in competitive behavior (e.g. Gneezy et al., 2003; Gneezy and Rustichini, 2004)
and suggested that they may explain gender gaps in the labor market. Niederle
and Vesterlund (2007) let participants in a laboratory experiment choose between
a piece rate and a tournament. They find that men are twice more likely to choose
the tournament than women. Interestingly we do not find important differences

8Table A3 reports these data separately for 2004/5 and 2005/6.
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Figure 1. Exam score distributions in the control groups

between men and women with respect to sorting between tournaments.
Further evidence for the sorting of students comes from investigating the stu-

dents in the control group. Assuming that the students in the control group are
not affected by the tournament, differences in effort or productivity between stu-
dents who selected into different tournaments are due to sorting. Panel B in Table
3 shows the results for outcome measures by tournament choice. The most impor-
tant result is that students in the 5000 euro tournament score significantly better
at the exam than other students. The productivity of these students is therefore
higher independently of the financial incentives of the tournament scheme. There
are however no significant differences in average effort between the students in the
different tournaments.

The lower panel of Figure 1 shows the exam score distribution in the popula-
tion (of controls) and the upper panel provides additional evidence with respect to
sorting by plotting the cumulative distributions of the exam score distributions of
the participants assigned to the control groups for each tournament separately. The
distribution of the 5000 league clearly stochastically dominates those of the 1000
and 3000 leagues. The ordering of the 1000 and 3000 distributions is not monotonic
in prize money, although above the mean (20) the cumulative distribution of the
3000 league dominates the 1000 league. Even though the correlation between the
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means of the exam score distributions of the controls and the size of the reward
across the six tournaments is nearly perfect, Figure 1 shows that the distributions
overlap substantially.9

4 Results

4.1 Non-experimental analysis

Empirical papers using data from sports or companies only have information on
those individuals who actually play for the prize. In the spirit of these non-experimental
analyses we start out by restricting the analysis to participants who were assigned to
the treatment group and thus could win a prize. We follow Ehrenberg and Bognanno
(1990a) and estimate regressions of the following form

yi = δpi + αni + βxi + εi (1)

where yi is student’s i performance on the exam, pi is the size of the reward in
the tournament the student is participating in, ni the number of competitors the
student faces, and finally xi which is ability, or ability relative to the competitors.
Table 4 shows estimates of (1) using different sets of covariates.

The first regression, which does not include any ability and tournament control
variables, shows a positive effect of reward size on productivity but this effect is
small and lacks significance. Recall however from Table 1 that the tournament with
larger prices tend to have more competitors which suggests that the coefficient in
column (1) is likely to be downward biased. This is confirmed by the second column
where we control for the number of competitors in the tournament. The effect
of the reward size increases and differs significantly from zero. The point estimate
suggests that productivity goes up by one correct response (around 0.2 of a standard
deviation in the score) for each 1000 euros increase in the prize. At the same time
about ten additional competitors decrease the number of correct responses by one.

One might still be concerned by remaining omitted variable bias. Especially
ability bias arising from sorting where higher prize tournaments attract more able
participants is a concern. We can however control for participants’ ability (math
score) since we collected information on math grades students obtained at high
school matriculation. Column (3) shows the results from this specification. The R-
squared increases substantially confirming that the math score is a good measure of
ability while at the same time the impact estimate on prize money remains similar.

9For some additional results on sorting and heterogeneity see Appendix B.

12



Table 4. Regressions of score on reward size for treated

(1) (2) (3) (4)
Prize Money/1000 0.318 1.118 1.023 1.094

(0.223) (0.445)∗∗ (0.415)∗∗ (0.415)∗∗∗
# Competitors −0.103 −0.107 −0.105

(0.047)∗∗ (0.043)∗∗ (0.043)∗∗
Ability 1.861

(0.251)∗∗∗
Ability− AbilityCompetitors 1.801

(0.245)∗∗∗

R-squared 0.01 0.03 0.21 0.20
Note: Robust standard errors in parentheses. Number of observations equals 260. **) significant
at 5 percent level, ***) significant at the 1 percent level.

Finally, one might argue that what matters is not so much ability, but rather ability
relative to the competitors in the tournament. In the final column the math score is
therefore replaced by the difference between participants’ own math score and the
average math score of their competitors in the tournament.10 We again find that
average productivity goes up by one correct response for each 1000 euros increase
in prize money.

The results in Table 4 support the predictions of the tournament model: An
increase in reward size and a decrease in the number of competitors enhance pro-
ductivity. These conclusions are also confirmed when we estimate the regressions in
Table 4 on the sample of participants who were assigned to the control groups and
were therefore not exposed to the tournament incentives. Using these observations
the “effects” of rewards are even larger, and the point estimate in the first column
is already significantly different from zero (see Table A1 in the Appendix). In the
remainder of this section we will show that these conclusions are not confirmed by
analyses that use the control groups for inference, and are in fact an artifact of
participants’ self-selection into tournaments.

10This last specification is very similar to the specifications in the papers of Ehrenberg and
Bognanno. The difference is that they include own ability and the mean of competitors’ ability as
separate regressors. In our data these variables suffer from multicollinearity since the correlation
between the mean math score of competitors and the size of the reward equals 0.83. Including the
difference in math scores circumvents this multicollinearity problem and at the same time captures
the spirit of the specifications in Ehrenberg and Bognanno (1990a,b).

13



4.2 Experimental results

We now turn to the experimental results of the paper. Using the control groups we
can estimate the causal effect of participating in the tournaments on effort and pro-
ductivity. Our measures of effort are attendance per workgroup meeting, aggregate
workgroup attendance and time spent (in hours) preparing for the exam.

Before turning to the main results with respect to effort we start out by investi-
gating the relation between effort and performance. Using the sample of controls we
regressed exam performance on both workgroup attendance and a spline of prepara-
tion hours while controlling for ability, gender and cohort. The left panel of Figure 2
shows the results for preparation hours. The solid line is the best fitting spline with
a single kink (at sixteen hours) in an OLS regression, and the dashed line is based
on a more flexible local linear regression. For each level of preparation the circles
indicate actual average performance and their size is proportional to the number of
observations. As can be seen from the graph, the relation between performance and
effort as measured by self-reported preparation hours is highly non-linear. In the be-
ginning preparation time is positively and significantly correlated with achievement,
and three hours of preparation time are associated with approximately one correct
exam response. We see this up to sixteen hours – which covers about forty percent
of the population – whereas after this point the positive relation disappears and
even becomes slightly negative. The right panel proceeds in the same way for work-
group attendance. Here we find a strong monotonic and linear relationship between
workgroup attendance and performance. Over the whole range three workgroup
meetings imply one more correct exam answer.

The full regression results, reported in Table A2, show that the relationship
between workgroup attendance and performance is highly statistically significant,
as is preparation time up to sixteen hours. Although one must be careful with
giving these results a causal interpretation, they suggest that in particular workgroup
attendance, and also preparation time over a more limited range are both measures
of student effort which significantly affect performance.

Table 5 shows results from equations in which the various effort measures are
regressed on a single treatment dummy. The set of control variables consists of age,
a dummy for gender, math score, subjective rank and dummies for reward size and
cohort. We do not find any impact on total preparation time for the exam and
on total workgroup attendance. However, when we split up workgroup attendance
and consider the impact on separate meetings, we see that the treatment effect
for the first meeting is significantly different from zero (at the 5%-level): treated
participants were 7 percentage points (at a base of 74 percent) more likely to attend
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Figure 2. Effort and performance, Controls only

the first meeting than the controls. This suggests different behavior in the short-run
(hot) and in the long-run (cold).

Given that there appear to be no (lasting) effects of treatment on effort we should
not expect any impact on productivity, unless our measures of effort do not pick up
all relevant dimensions. This could be the case if the tournament incentives do not
change the extensive margin but rather the intensive margin of study time, i.e. the
efficiency of time spent studying.

Table 6 reports the effects of treatment on two measures of productivity: a
binary indicator for taking the exam and the actual exam score, which is the number
of correct responses on the 35 multiple choice questions. The first column shows
some minor differences in test taking between the treated and control which are
never statistically significant. The second shows how the treatment affected average
performance in the different leagues. Results are mixed, although the treated score
on average one more correct answer in the 3000 prize group, we also find a negative
point estimate for the 5000 tournament. In the final column we included the student
who did not take the test and assigned zero correct answers as their exam score. For
the 1000 and 5000 tournaments this does not change our findings, and the positive
effect for the 3000 league disappears. It seems therefore that the treated exam takers
in the 3000 tournament are on average somewhat better than the control students
in that league who end up taking the test. We interpret these results as being
consistent with the findings for effort: we find no indication of any impact of the
treatment on mean productivity.

Incentives in the experiment are given by rewarding the highest exam score in
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Table 5. Effect of tournament incentives on effort

Effort Measure Estimate (s.e.)
Preparation hours −0.302 (1.461)

Total attendance 0.075 (0.271)

Attendance by Meeting
- 1st meeting 0.067 (0.034)∗∗
- 2nd meeting −0.008 (0.037)
- 3rd meeting −0.014 (0.036)
- 4th meeting −0.001 (0.037)
- 5th meeting −0.041 (0.038)
- 6th meeting 0.047 (0.037)
- 7th meeting −0.029 (0.039)
- 8th meeting 0.042 (0.038)
- 9th meeting −0.019 (0.039)
- 10th meeting 0.027 (0.039)
- 11th meeting −0.023 (0.040)
- 12th meeting 0.027 (0.038)
Note: Each estimate comes from a separate linear probability regression. The specification controls
for age, gender, math and subjective rank and dummies for reward size, year and attendance during
the workgroups before randomization. Robust standard errors are in parentheses. Number of
observations equals 574, except in first row where only 512 test-takers are included. **) significant
at 5 percent level.

Table 6. Mean effect estimates on productivity

Test taking Exam Score (Test takers) Exam Score (All)
(1) (2) (3)

1000 prize 0.032 (0.044) 0.974 (0.877) 1.164 (1.166)
3000 prize -0.057 (0.043) 1.184 (0.617)* 0.005 (0.975)
5000 prize -0.026 (0.037) -0.629 (0.644) -0.847 (0.969)
Pooled -0.027 (0.024) 0.383 (0.403) -0.153 (0.599)
Note: Each cell comes from a separate regression. Controls are the same as in Table 5. Standard
errors are in parentheses.
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Figure 3. Tournament performance and ability

each tournament. One might therefore expect that especially exam scores at the
top of the distributions are affected by exposure to treatment. This is illustrated
by Figure 3 which plots for all six tournaments the performance of the participating
students as a function of their ability as measured by their high school math score.
The winners are marked by a cross, the losers by a circle.

It is immediately apparent from the graph that all winners come from the top of
the ability distribution. With one exception the winners belonged to the top 10 in
the ability distribution and are, again with one (other) exception, never the student
with the highest ability as measured by the math score.

In the six tournaments we ran, only one student achieved a perfect score (35)
which rules out ceiling effects. Finally, students in the 1000 and 3000 Euro tour-
naments performed less well than participants in the 5000 Euro tournaments. This
suggests that there is scope for higher performance by increasing effort.

To examine incentive effects in the top, we ranked within each tournament all
exam scores from the highest to the lowest, separately for control and treatment
groups. The left part of Table 7 reports the sums of the ranks of the top 3, the top 5
and the top 10 for the controls and the treated in each tournament. The p-values of
ranksum tests are reported in the final columns in these panels. Each separate test is
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based on only 6, 10 or 20 observations and has therefore limited power. By pooling
data from the separate tournaments we achieve more power. The p-values of the
tests on the sum of ranksums are in the bottom right cell of each panel in the table.
These p-values indicate that also at the top ends of the exam score distributions no
treatment effects are found.

The right part of the table repeats the same analysis but now participants have
been ordered on the basis of their ability (math score). Here too, we find no signif-
icant differences between the students in the tournament and those in the control
group. This conclusion does not change when we order students on their subjective
rank.

We also investigated gender differences in performance (not reported here). Just
like we did not find differences in sorting behavior between men and women, we do
not observe differences between the genders in performance either. Women do not
perform worse than men in the tournaments, and women who compete (treated) do
not perform worse than women who do not compete (controls). Again, this contrasts
with the findings of Gneezy et al. (2003); Gneezy and Rustichini (2004); Niederle
and Vesterlund (2007) who all find that compared to men women underperform
when they find themselves in a competitive environment.

4.3 Spillovers

An alternative explanation for the absence of effects of the tournaments on achieve-
ment are spillovers to the controls. The most likely mechanism seems to be the one
where the increased effort of treated students improves the outcomes of students in
the control groups. If individuals work together then increased class attendance of
treated students may also lead to higher attendance among control students. In a
similar vein, if treated students become more active during class this may benefit
all attending students, not only the treated ones.

Although spillovers are notoriously difficult to identify and are therefore difficult
to rule out, we implemented a tentative test of this hypothesis. To do so we exploit
the fact that, with the exception of central lectures, students are taught in small
workgroups (as explained above). We consider it likely and assume here that if
spillovers exist, they will operate at this level.

There were 9 workgroups in 2004, and 10 in 2005. Because these workgroups are
relatively small (they are all around 40 students), the number of treated students
will vary across workgroups because of small sample variation. The number of
treated students per workgroup varied from 10 to 21 (16 on average with a standard
deviation of 3). Our test consists of relating exam performance and workgroup
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Table 8. Spillovers by tournament

nTg (1− ti) nTg ti

A. Exam Score
2004 1000 0.208 (0.256) -0.570 (0.215)**

3000 -0.017 (0.193) 0.321 (0.137)**
5000 0.211 (0.188) -0.007 (0.291)

2005 1000 0.285 (0.229) -0.004 (0.424)
3000 -0.067 (0.196) -0.368 (0.284)
5000 0.268 (0.217) -0.119 (0.201)

Pooled 0.130 (0.095) -0.084 (0.104)

B. Workgroup Attendance
2004 1000 -0.276 (0.464) -0.426 (0.303)

3000 0.124 (0.149) -0.146 (0.193)
5000 -0.078 (0.204) -0.367 (0.193)*

2005 1000 -0.090 (0.294) 0.370 (0.219)
3000 0.281 (0.139)* 0.023 (0.100)
5000 0.002 (0.133) -0.092 (0.179)

Pooled 0.058 (0.084) -0.107 (0.097)
Note: Pooled regressions include separate indicator variables for each tournament. Standard errors
(between parentheses) are heteroscedasticity robust and are clustered at the workgroup level.

attendance of students to the number of treated students in their workgroup. We
estimated the following regression separately for each group of students that applied
to the same tournament (the treated and their controls):

yig = βnTg (1− ti) + γnTg ti + αti + δng + x′igη + εig (2)

Here yig is either the exam score or attendance of individual i in workgroup g, ti
is an indicator of the treatment status, and nTg are the number of treated students
in workgroup g, and ng the number of students in the workgroup that participated
in the experiment. We control (in xig) for age, gender, ability, workgroup atten-
dance prior to treatment assignment, subjective rank and grade point average in
the first term. We allow for arbitrary heteroscedasticity in εig and clustering at the
workgroup level.

The first term on the right hand side captures spillovers to the control group,
and the second term eventual spillovers or competition effects to the treated stu-
dents. This is similar in spirit to Philipson (2000) and the way Miguel and Kremer
(2004) estimate (across school) externalities in their analysis of spillovers of worm
treatments in Kenia.
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Estimates for the first two terms are reported in Table 8, the first column showing
the spillover effects for students in the control group, and the second column those
for students assigned to the treatment.

The results for exam scores are reported in panel A. While some of the estimates
are significantly different from zero, their pattern is mixed. This is confirmed by
the last row in the panel which reports results from a regression that pools all
tournaments while adding tournament indicator variables. We cannot reject that
there are no spillover effects. A similar conclusion arises from the estimates for
workgroup attendance, the majority of which is insignificant and tend to vary in
sign.

The overall picture emerging from Table 8 is that we fail to find support for
spillovers. This suggests that explanations for the absence of a treatment impact
need to be sought elsewhere.

5 Conclusion

We conducted a field experiment to test key predictions of rank-order tournaments
in a natural setting where participants are potentially exposed to various natural
distracters. To make the pool of competitors in tournaments more homogeneous
and to mimic a realistic feature of real-world tournaments, we let participants sort
themselves into tournaments with different reward sizes.

Our main findings are that:

1. Participants of higher quality select into tournaments with higher rewards;

2. Those who could win a prize were more likely to attend the first workgroup
meeting immediately following the announcement of assignment to treatment
and control groups. Exposure to treatment has, however, no lasting impact
on workgroup attendance or exam preparation;

3. Exposure to treatment has no effect on students’ productivity, nor on its mean
level and neither when we focus on students in the top of the achievement and
ability distributions;

4. A non-experimental analysis of our data falsely leads to the conclusion that
higher rewards generate higher productivity. Instead the positive correlation
between productivity and reward size is due to sorting.

Our findings contrast with results from previous studies that empirically test the
predictions of tournament theory. These studies almost invariably find that partici-
pants in tournaments choose their effort and/or realize productivity in line with the
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predictions of that theory. As the discussion in the introduction makes clear, the
previous studies that measure effort and/or productivity use either data obtained
in the laboratory or data gathered from sports events.

We fail to find evidence for spillovers that harmonize effort between the treated
and controls. This supports our preferred explanation for the difference between our
findings and the findings from laboratory experiments, namely that in laboratory
experiments tasks are of short duration and participants can do nothing besides
performing the task at hand, whereas the participants in our field experiment had
many alternative uses of their time. Once subjects in laboratory experiments have
entered the laboratory they know that they will be there for the next two or three
hours. The only use of time available to them is to play the game.

The same explanation applies to the difference between our findings and the
results from sport events. Professional golf players for example know that once
they are on the green they have to play the nine or 18 holes. Again, there is no
alternative to playing the game. In addition, the non-experimental results reported
in this paper suggest that the empirical results based on data from sports events
may be biased due to sorting.

The duration of our field experiment is three months from its announcement to
the final exam. While a period of three months is clearly shorter than the perhaps
years involved in tournaments in organizational life, it is closer to that context than
laboratory experiments or sports events. Moreover, following an academic course,
attending workgroups and preparing for an exam are naturally occurring events in
the life of university students.

Like others before us (e.g. Gneezy and List 2006) we also find a difference
between hot and cold decision-making. Participants in our experiment initially re-
sponded to assignment to treatment, by being more likely to attend the first work-
group. This supports the interpretation that the difference in duration between our
field experiment and previous laboratory experiments/sports events is responsible
for the difference in findings.

An alternative explanation for the absence of any lasting effect on effort or an
effect on productivity is that the stakes in the field experiment are not sufficiently
large. A first piece of evidence against this alternative explanation is again our find-
ing that those assigned to treatment were more likely to attend the first workgroup.
If the stakes were too small, there is no reason why they would do so. Second, in
objective terms we argue the stakes are not small. Given the size of the tourna-
ments and the prize money the expected value of exposure to treatment, assuming
an equal probability to win, ranges from 31 to 89 euros. In an earlier study Leuven
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et al. (2009) found that freshmen at the University of Amsterdam earn about 7.5
euros per hour in side jobs. At this wage, this means that (risk neutral) treated
participants should have put in 4 to 12 additional hours into the microeconomics
course. This translates into two to six extra workgroups attended. A response of
that size would certainly have been identified in our data, but we observe nothing
of the kind. Moreover, this is likely to be a conservative lower bound since if there
are only a few potential (high ability) winners then the stakes are much higher.

The tournament model as formulated by Lazear and Rosen is an attractive model.
With a simple mechanism it potentially explains a number of relevant features of
internal labor markets. The evidence in this paper, however, suggests that the effort
inducing effects of tournaments in rich and naturally occurring environments are less
straightforward than previously thought. It may thus be that firms run tournaments
not only because they provide incentives but also because they sort more productive
workers into the firms that organize (higher prize) tournaments. This is comparable
to the results reported by Lazear (2000), who finds that half of the productivity gain
resulting from a switch from salaries to piece rates is due to sorting more productive
workers. From the point of view of an individual firm it may not matter so much
whether incentives are more important than sorting or vice versa. This issue has
however potentially important implications for social welfare.

Finally it should be noted that the relative importance of sorting vs incentives
is likely to vary with the nature of the task, the distribution of task related skills in
the relevant population and the size of the incentive. Further exploration of these
interactions will be an interesting area of research.
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A Appendix

Table A1. Regressions of score on reward size for controls

(1) (2) (3) (4)
Price Money/1000 0.690 2.296 2.165 2.338

(0.201)∗∗∗ (0.440)∗∗∗ (0.382)∗∗∗ (0.380)∗∗∗
Number of competitors −0.200 −0.196 −0.200

(0.047)∗∗∗ (0.042)∗∗∗ (0.042)∗∗
Math score 1.642

(0.275)∗∗∗
Ability− AbilityCompetitors 1.583

(0.271)∗∗∗

R-squared 0.04 0.10 0.24 0.24
Note: Robust standard errors in parentheses. Number of observations equals 265. ***) significant
at the 1 percent level.

Table A2. Regression of effort measures on performance, Controls only

Exam Score
Workgroup attendance 0.293

(0.073)∗∗∗
Preparation Hours (spline)
0-16 Hours 0.284

(0.073)∗∗∗
16+ Hours −0.033

(0.019)∗
Ability 1.654

(0.226)∗∗∗
Male 0.433

(0.624)
Year = 2005 −3.468

(0.560)∗∗∗
Intercept 3.833

(2.075)∗

Adj. R-squared 0.325
N 259
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Table A3. Differences between tournaments, Separately by year

1000 3000 5000 1vs3 1vs5 3vs5 J-T Test
A. Pre-Treatment Characteristics, Full Sample

- Age 2004 19.0 19.4 19.7 0.030 0.019 0.712 0.044
2005 19.5 19.6 19.4 0.664 0.653 0.172 0.348

- Male 2004 70.0 69.0 73.5 0.895 0.650 0.455 0.523
2005 60.9 74.1 73.2 0.066 0.080 0.864 0.166

- Ability 2004 7.1 7.3 7.4 0.656 0.169 0.223 0.119
2005 7.1 7.3 7.4 0.282 0.088 0.418 0.089

- Credits 2004 6.5 6.6 7.4 0.777 0.174 0.166 0.110
2005 6.4 6.8 6.7 0.588 0.628 0.907 0.733

- GPA 2004 5.6 5.7 6.1 0.774 0.035 0.023 0.012
2005 5.3 5.6 5.7 0.374 0.192 0.754 0.264

- Subjective Rank 2004 41.2 37.6 35.3 0.206 0.026 0.139 0.017
2005 38.0 33.5 34.4 0.108 0.098 0.957 0.192

- Prior Attendance 2004 1.6 1.5 1.5 0.207 0.412 0.584 0.673
2005 1.5 1.5 1.5 0.910 0.541 0.405 0.434

B. Exam Outcomes, Control Sample
- Test Taker (%) 2004 96.0 87.9 82.8 0.256 0.105 0.433 0.107

2005 90.6 94.8 97.1 0.447 0.165 0.513 0.185
- Score 2004 19.6 20.5 23.7 0.648 0.001 0.001 0.000

2005 18.0 17.4 19.4 0.429 0.228 0.015 0.061
- Pass (%) 2004 40.0 39.7 62.1 0.977 0.065 0.016 0.017

2005 31.3 25.9 33.3 0.587 0.836 0.362 0.621
- Attendance 2004 6.3 6.1 6.2 0.815 0.897 0.936 0.932

2005 6.1 6.5 7.3 0.641 0.151 0.361 0.157
- Preparation (hours) 2004 20.2 19.5 21.9 0.502 0.846 0.413 0.840

2005 31.7 25.1 24.8 0.140 0.131 0.958 0.212
Note: See Table 3.

B Sorting and heterogeneity

Having participants sort themselves into tournaments may also reduce heterogeneity
of participants within tournaments compared to the overall population. Theory pre-
dicts that a more homogeneous pool of competitors will, other things equal, induce
more effort of participants. Table B1 shows to what extent heterogeneity has been
reduced. First we show the standard deviation in math score. For every year we do
this for the complete (pooled) population and for the separate tournaments. Within
each tournament the standard deviation in math scores is not much lower than in the
total population. For participants assigned to the control groups, the table shows
the standard deviation of the exam score within each tournament and in the popu-
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Table B1. Within tournament heterogeneity and sorting – Standard deviations

Math Score - All Exam Score - Controls
2004 2005 2004 2005 2004 2005

1000 prize 1.25 1.31 4.47 4.77 4.42 4.16
3000 prize 1.29 1.19 5.33 5.51 4.08 4.94
5000 prize 1.24 1.22 4.81 4.51 5.64 4.79
Pooled 1.26 1.23 5.22 5.00 5.22 5.00
Average 1.26 1.22 4.96 4.93 4.80 4.73

Tournament Actual Actual Assigned

lation. Participants in the low and high prize tournaments experience a reduction in
heterogeneity relative to what they would experience in a randomly selected group,
participants in the medium prize tournaments in contrast are confronted with a
more heterogeneous group of competitors. Overall we observe, however, a reduction
in heterogeneity. The final columns of the table report the standard deviations that
would have been realized if participants would have been assigned to tournaments
on the basis of their math scores (where the fraction of individuals in each tourna-
ment matches the actual distribution). Compared to the assignment on math score,
participants’ self-selection led to more homogeneous high prize tournaments and less
homogeneous medium and low prize tournaments.
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