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Abstract
Relative-performance feedback (RPF) allows one’s own performance to be compared to that of others, for instance via rankings. It is traditionally assumed that RPF affects performance by changing the
optimal level of effort, which we call the effort channel. Our first contribution is to propose an alternative way of modelling the effect of RPF on performance, namely the technology channel. “Room for
improvement” (i.e. the possibility to improve upon existing technologies) is then a key driver of the
relative contributions of the two channels. Our second contribution is to show that the variety of existing
empirical results are strikingly easy to understand once room for improvement is taken into account. Our
third contribution is to design an experiment in which the differences between the predictions of each
channels are made salient. The empirical results provide clear support for the relevance of the technology
channel.
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Introduction and literature review
Relative-performance feedback (RPF henceforth) consists of information that enables individuals to

compare their own performance to that of others, for instance by providing rankings or their position relative
to the mean. RPF is ubiquitous in the economy: employers provide information on worker productivity,
academics are able to compare themselves using publicly-available citation scores, the TripAdvisor website
publishes a ranking of the best hotels, etc. What is less clear is the effect that RPF has on performance. It
is traditionally assumed that RPF will affect performance by changing the optimal effort level, which we
call the effort channel. For instance, in a tournament, if RPF reveals that the prize is within reach, the effort
channel predicts that optimal effort will rise; conversely, for individuals who realise that they are at the
bottom of the distribution, the effort channel predicts that RPF will result in less effort.
There exist, however, situations in which even poor performers do improve their performance after RPF.
For instance, Azmat and Iriberri (2010) show that providing RPF to high-school students has a constant
and positive effect all along the performance distribution, so that all students increase their effort. Blanes i
Vidal and Nossol (2011) also find that providing RPF increases worker productivity at all prior productivity
levels. The effort channel thus struggles to account for the effect of RPF on poor performers. A second
limit of the effort channel relates to the evolution of the RPF effect over time. RPF is assumed to modify
the marginal return to effort the first time it is provided, but to have no impact on performance after the
initial round. However, Azmat and Iriberri (2016) find that the effect of RPF on performance evolves over
time. For the effort channel to explain these phenomena, an ad-hoc term if often added to the utility function
so that individuals are assumed to derive utility from their ranking per se. This requirement of a taste-forranking term in the utility function is, in our view, a weakness of the effort channel. The challenge is then
to complement the effort channel by an alternative approach to help explain these results.
The existing theoretical literature on relative performance feedback in tournaments (Ederer, 2010; Aoyagi, 2010; Goltsman and Mukherjee, 2011; Gershkov and Perry, 2009) considers how this information affects incentives for effort.1 All papers in this literature predict that the effect will not be unambiguously
positive. Feedback will discourage effort, when the agent learns that effort is unlikely to improve their
chances of winning. The idea that feedback could improve technologies rather than effort only appears in
Wirtz (2016).
When agents have the option to choose and discard technologies, this will affect the riskiness of their
output. This connects our work to the literature on risk-taking in contests (Hvide, 2002; Anderson and
1
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Cabral, 2007; Seel and Strack, 2013), who point out that agents who lag behind in a contest tend to benefit
from increased risk-taking.
Finally our work relates to the literature on strategic experimentation. The closest work is Halac et al.
(2017) who considers the optimal feedback and prize structure in an innovation contest. As in our model,
feedback allows agents to learn about the quality of the technology they are pursuing as well as their chance
of winning the contest. However, there is only one technology which all agents are using and which they
get more and more pessimistic about. The agent only has the choice how much and how long to invest
into the technology, but they cannot switch to a different one. This is also related to dynamic Bayesian
Persuasion problems (Che and Horner, 2019; Kremer et al., 2014; Renault et al., 2017) where a principal
uses information to influence the decision of short-lived agents. However, these papers do not consider
competitive environments and there is no option of trying out different risky technologies.
The first contribution of this paper is to propose an alternative way of accounting for the effect of RPF
on performance, which we call the technology channel. Elaborating on Wirtz (2016), we assume that the
main choice to be made relates to technology (i.e. the way in which effort is transformed into performance)
rather than effort itself. We assume that the relative effectiveness of the technologies available is not known
with certainty. When an individual only knows her own performance, she cannot tell whether this reflects
the effectiveness of her chosen technology or unobserved factors affecting all participants. In this context,
RPF allows the individual and aggregate determinants to be disentangled.
Consider for instance a student who received a good mark in a test after studying with a group of friends
the day before the test. She might be uncertain about whether working with friends (her technology) helped,
or simply that the test was an easy one. If she learns her rank, in addition to her grade, and it turns out
that she is well-ranked, she might infer that the change she introduced in her technology was beneficial
and improved her performance. If, on the other hand, she learns that most of her peers did better than
her, she may no longer want to work with friends for future tests, as it does not appear to have helped her
performance. RPF helps identify better technologies, leading to increased productivity across rounds, even
for low performers.
How relevant the RPF technology channel is in a particular situation depends on how much room for
improvement there is. By room for improvement, we mean the possibility to improve upon existing technologies. When the room for improvement is low,2 as is the case for running, it is unlikely that subjects
can quickly change their technology. Here the effect of RPF on performance is expected to work mainly
2
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via effort. On the other hand, when there is considerable room for improvement,3 for instance for exams
in school, RPF conveys information about the relative productivity of the available technologies. Here RPF
affects performance also via technology.
The second contribution of this paper is to reconsider the existing evidence in the light of room for
improvement. Table 1 lists some of the important contributions to the literature on RPF. As can be seen in
the last three columns, RPF appears to have mixed performance effects. However, the existing results are
strikingly easy to classify once we allow for room for improvement (in the first column). Moreover, the
existing evidence, once classified by room for improvement, appears in line with the predictions from the
two channels: when there is little room for improvement, the empirical results are as in the effort channel
(a small to detrimental effect at the bottom of the performance distribution), while the results when there
is room for improvement are in line with the predictions of the technology channel (a shift in the entire
distribution of performance).
The third contribution of this paper is to test the predictions of the technology channel using applicable
data. We were fortunate enough to receive permission to set up an experiment with almost no restrictions
in two Iranian high schools (similar permission was refused in France). In particular, students were not
informed that they were taking part into an experiment, as the schools backed the experiment as part of
regular training. Our objective was to design an experiment so that differences between the technology and
effort channels were particularly sharp, i.e. regarding the effect of RPF on low performers and when RPF
is repeatedly provided. We thus designed a four-round experiment so as to be able to assess whether the
effect changes across rounds. To completely shut down the effort channel for low-ability individuals, we
designed a tournament such that, after a few rounds, even performing at the best possible level will no longer
suffice to win a prize. Under the effort channel, low-ability performers have zero incentive to increase their
effort. Last, we needed to identify a task with great room for improvement, and for which performance is
easy to measure and compare across individuals. We chose math tests. Our results indicate a continuous
improvement of the effect of RPF over time, and a positive RPF effect at the bottom of the distribution.
These empirical findings therefore provide a clear support for the existence of the technology channel.
The remainder of the paper is organised as follows. In Section 2, we present and compare the theoretical
predictions of the effort and technology channels, in terms of how RPF can affect performance. In Section 3
we present the design and results of the experiment used to test the predictions from the technology channel.
Last, Section 4 concludes.
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Table 1: Review of the empirical literature on the impact of performance feedback
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Theoretical predictions
This section presents the theoretical frameworks of the two channels through which RPF can affect

performance. The first assumes that RPF provides incentives to exert more effort, particularly through
a taste-for-ranking, and the second that RPF allows individuals to identify better technologies. The two
models, presented below, are polar cases. The effort model is at one extreme, assuming that all individuals
have the same technology and decide how much effort to exert; the technology model, at the other extreme,
assumes that all individuals exert the same effort but choose which technologies to use.

2.1

The effort channel
We consider a large number of individuals performing the same task at each period, over T ≥ 2 periods.

At each period, an individual produces an output xt = et + bt + εt , where et is individual effort provided
at cost c(et ) =

1 2
2 et ,

bt a common shock (i.i.d, bt ∼ N (0, σ 2 )) and εt is an individual error term (i.i.d.,

εt ∼ N (0, 1)). The individual therefore faces two sources of uncertainty: that regarding the common shock
and that in the error term.
We consider a tournament setting over the sum of total output, which is equivalent to a setting in which
the individual wins a prize (normalised to 1) if the sum of her outputs, net of the common shocks, is greater
than a given threshold s.
Individuals only care about winning: We first consider the case in which individuals do not care about
their rank per se, which yields the following payoff:

P

( T
∑

)

(et + εt ) ≥ s −

T
∑

c(et )

(1)

t=1

t=1

There are two groups. Individuals in the first group (RPF group) are informed each period about the
value of their individual output and their individual rank, while those in the second group (control group)
receive only the value of their individual output. For the description of the results we restrict ourselves to
T = 2.
In the RPF group, the individual ranking suffices to entirely disentangle the two sources of uncertainty
and infer the values of bt and εt (as the grade xt is known, et is a choice variable and εt = xt − et − bt ).
From Period 2 we can define s′ = s − e1 − ε1 − e2 , and the winning probability becomes

P

( T
∑

)

(et + εt ) ≥ s

t=1
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= 1 − Fε (s′ )

(2)

The first-order conditions thus provide the optimal effort in Period 2, and by backward induction the
optimal effort in previous periods:

F
eRP
2

= fε (s′ )

F
eRP
1

=

E(ε1 ,e2 ) [fε (s′ )]

=

E(ε1 ,e2 ) [e2 ]

(3)

(4)

As can be seen from Equation 4, effort in Period t equals the expected effort in subsequent periods, as
the individual wishes to smooth effort across periods.
Deriving the first-order conditions for the control group (in which individuals receive only their individual performance) yields
′
eC
1 = E(ε1 ,e2 ) [fε (s )]

(5)

so that there is no difference between the RPF and control groups in Period 1. In the same fashion, we find:

eC
2

[

( )]

= E(ε1 |x1 ) fε s′

(6)

These equations indicate that there should be no average RPF treatment effect on performance. However,
there could still be differences in individual effort between the control and the treatment groups, depending
on the realisation of the error terms, but in expectation providing feedback information does not change
performance.
In sum, RPF has no effect on performance, on average, while there is ample evidence that it does so in
practice. One popular way of reconciling theory and evidence has been to add an ad hoc term to the utility
function.
Individuals care about their rank per se:

P

( T
∑
t=1

In this setup, the agent’s payoff becomes
)

(et + εt ) ≥ s −

T
∑

c(et ) + g (rt (et )) 1RP F

(7)

t=1

with rt being the rank of the individual in period t and g a “taste-for-rank” function. We assume only that the
g function falls in the rank. This additional term increases the marginal return of effort, and so its optimal
7

level. Introducing this additional term to the utility function therefore increases performance, with the size
of the increase depending on the shape of the g function. The most common solution is to assume that the
better the rank, the greater the marginal rank’s utility, making the effect of RPF on performance stronger at
the top of the distribution.
One interesting feature in this setting is that the additional term allows us to rationalise any type of
distribution of improvements. It would equally be possible to assume that the effect of the taste-for-rank is
stronger at the bottom of the distribution (people dislike being last, as in Kuziemko et al. (2014)), so that
poor performers improve the most. If we relax the monotonicity of the g function, it is even possible to
rationalise a negative effect of RPF on performance at any point of the distribution.
Another important feature of this model is that RPF shifts the distribution in the first period but has no
further effect in the subsequent periods.

2.2

The technology channel
We now present our model in which RPF affects performance through the better identification of good

technologies. As in the previous model, individuals carry out the same task over T periods, and play in a
tournament. The model here differs in that output in Period t is now defined as

xt =

t−1
∑

θr · 1Keep,r + θt · 1Experiment,t + Bt

(8)

1

where θr is an individual technology drawn in the previous period r (i.i.d, θr ∼ N (0, 1)). For instance, in a
school exam, technologies could represent preparation methods that either improve or worsen performance:
taking notes on a computer (rather than on paper), meeting with classmates to work together, drinking coffee
at breakfast, and studying late the night before can all affect performance. They can have either a positive or
negative effect, which is ex ante uncertain. Overall productivity is the sum of all the preparation methods.
Bt is an aggregate shock that affects all individuals, and takes the form of a random walk with increments
bt ∼ N (0, σ 2 ). The shape of the aggregate shock is convenient, as the individual only updates her beliefs
about the value of the technology once, after the realisation of xt . In the subsequent periods the belief will
remain constant.
Individuals again face two sources of uncertainty: that regarding individual technologies and that from
the common shock.
As in the effort model, individuals are paid if the sum of their output in all periods net of the common
shock is above a threshold s. We consider the same two groups, the first in which individuals know both

8

their rank and the value of their individual output (RPF group), and the second (control) group in which
individuals only know the value of their output.
In each period, individuals have to make two decisions. They first need to decide whether they want to
keep the technology drawn θt in the subsequent periods or drop it (Keep or Drop). If an individual decides
to drop her technology, this is abandoned for all subsequent periods. Second, individuals decide whether
they wish to experiment with new technology the next period, not knowing ex ante whether this will improve
or reduce their output. They can also decide not to draw a technology and remain at their current level of
output (Experiment or Stop). For illustrative purposes, we restrict the demonstration below to a setting
with two periods (T = 2).
Optimal strategies:

For individuals in the RPF group, learning about their rank allows them to perfectly

identify the value of θ1 . They can therefore adopt the optimal strategy, i.e. Keep their technology if θ1 ≥ 0,
and decide to Experiment if θ1 ≤ 2s . The optimal strategies are illustrated in Figure 1.

0

1

θ1

Figure 1: The optimal strategy in the feedback treatment, depending on the technology drawn in the first
period (s = 2, the aggregate shock and level of uncertainty are irrelevant). The yellow area corresponds to
the strategy (Drop, Experiment), that in red to (Keep, Experiment) and that in blue to (Keep, Stop).
Individuals in the control group do not however perfectly observe the value of the common shock, and
can so only partially update their beliefs about the true value of their output. Using Bayes’ rule, the updated
belief becomes
(

θ1 |x1 ∼ N

x1
σ2
,
1 + σ2 1 + σ2

)

(9)

The estimated probability of reaching the threshold s, depending on decision strategy d1 and denoting
total output y =

∑T

t=1 (xt

− Bt ), becomes

9

P [y ≥ s|x1 , d1 ] = 1 − Fy|x1 ,d1 (s)
(

s − E[y|x1 , d1 ]
= 1−Φ √
V ar[y|x1 , d1 ]

)

(10)

From Equation 10, the probability of winning rises in V ar[y|x1 , d1 ] when E[y|x1 , d1 ] < s. The Experiment strategy increases the variance without affecting the expectation of the output (recall θ ∼ N (0, 1)).
Individuals will therefore Experiment when their expected score is below the threshold, i.e. when x1 ≤
(1 + σ 2 ) 2s .
The decision to Keep or Drop the current technology in future periods affects both the variance and
the expected value of the output E[y|x1 , d1 ]. Keeping the technology has a positive (expected) impact on
E[y|x1 , d1 ] if x1 ≥ 0. Keeping the technology always increases the variance, as there is uncertainty about
the true value of θ1 . For x1 ≥ 0, individuals therefore always have an incentive to Keep. For x1 < 0, there
is a trade-off between a lower expectation and a larger variance. Individuals decide to Keep when the output
in Period 1 is greater than a threshold x1 defined as

(

1−Φ
⇒

√s−E[y|x1 ,(Keep,Experiment)]
V ar[y|x1 ,(Keep,Experiment)]
x1

)

(

)

s − E[y|x1 , (Drop, Experiment)]
≥1−Φ √
V ar[y|x1 , (Drop, Experiment)]
(
)
√
s
σ 2 + (1 + 2σ 2 ) (1 + 5σ 2 ) − 1
≥ x1 = −
3

(11)

The threshold for keeping the technology falls in σ, so that the individual will decide to keep technologies that are worse in expectation when σ is large, as they believe that it is more likely that the shock reflects
a bad common shock rather than poor technology. The threshold also falls in s, so that when s is high (i.e. a
small share of individuals receive the prize) individuals retain potentially bad technologies, as the increased
variance improves their probability of reaching the high s.
Effect of RPF:

The differences between the two groups will depend on the sign of the common shock.

Optimal strategies, depending on θ1 and the value of the common shock, are illustrated in Figure 2. In the
case of a negative aggregate shock (Figure 2a), individuals believe that their technology is worse than it
actually is, and so are more likely to discard their technology even when θ1 is higher than 0 (the yellow
area) and more likely to continue experimenting even when they should stop (the red area).
If the common shock is neutral (b1 = 0, Figure 2b), then RPF only affects the choice of strategies by
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increasing uncertainty. Individuals in the control group will Keep technologies with negative values, and
will Experiment for values of θ1 that are above 2s .
When the aggregate shock is positive (Figure 2c), individuals are on the contrary likely to believe that
their technology is better than it actually is. The θ1 threshold between (Drop, Experiment) and (Keep,
Experiment) is negative, meaning that bad technologies are retained. Individuals are also more likely to
stop experimenting, believing that their technology suffices to reach s. In this case their probability of
winning can even drop to 0.

0

θ1

1

0

(a) Negative shock (b1 = −0.8)

θ1

1

(b) Neutral shock (b1 = 0)

0

1

θ1

(c) Positive shock (b1 = 0.8)

Figure 2: The optimal strategy for the no-feedback treatment, depending on the sign of the common shock
(s = 2 and σ = 0.4). The area in yellow corresponds to the strategy (Drop, Experiment), that in red to
(Keep, Experiment) and that in blue to (Keep, Stop).
To summarise the predictions from the technology model, we can say that the distributions of strategies
will depend on the value of the aggregate shock, but in any case, the uncertainty regarding the shock faced
in the control group will reduce their average performance. We plot the resulting distributions in Period 2 in
Figure 3.4
0.6

0.5

0.4

Feedback
Negative shock

0.3

Neutral shock
Positive shock

0.2

0.1

-4

-2

2

4

Figure 3: The resulting distributions with s = 2 and σ = 0.4. For the positive shock, b1 = 0.8, for the
neutral shock, b1 = 0 and for the negative shock, b1 = −0.8
4

To calculate the distributions, we need the convolution of a truncated normal distribution (for the (Keep, Experiment) strategy),
which can be found for instance in Turban (2010).
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2.3

Comparison of the predictions from the two channels
After having described the two ways in which RPF may affect performance, we can compare the two

models’ theoretical predictions. Under the assumptions made in the two models, both can theoretically explain why performance improves on average when RPF is provided. There are, however, two key differences
between the two models’ predictions: the ability to rationalise all types of data and the evolution over time.
The first difference between the effort and technology models regards their ability to rationalise data in a
single period. As noted in the description of the effort channel, the term (the g function) added to the utility
function affects the marginal utility of effort and so performance. By having very few restrictions on the g
function, we can rationalise any distribution of a positive RPF effect.5 The technology channel, however,
does not allow for such easy rationalisation.
The second difference relates to their implications in multiple-round settings. Figure 4 displays the evolution of the control (blue curve) and RPF (red curve) groups over time in both models. In the effort model
(Figure 4a), the term added to the utility function is only added once in the first period. The distribution
of performances shifts in the first period (depending on the shape of the g function) and the two distributions subsequently remain stable over time. On the other hand, in the technology model (Figure 4b) both
groups improve across the periods. Providing RPF increases the speed of the increase for the RPF group as
compared to the control group.
Performance

Performance

1

2

3

4

Period

1

(a) Effort model

2

3

4

Period

(b) Technology model

Figure 4: The evolution of the average in the RPF (red curve) and control (blue curve) groups in the two
models. The lines here are purely illustrative and may not correspond to realistic parameter values.

3

Empirics
We now describe a field experiment in which the task to be performed, math tests at one-week inter-

vals, leaves large room for improvement. As a consequence, we expect to confirm the predictions of the
5

As noted above, relaxing the monotonicity assumption allows any distribution to be rationalised by the effort channel.
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technology channel.

3.1

Experimental Design
The experiment took place in 2011 in Iran.6 The subjects were 14 year-old girls (Eighth grade) in single-

sex schools. They took four math exams, which were framed as part of the curriculum. Students were not
aware that they were participating in an experiment. They were only told that they would take four exams,
and that the two top-ranked students in each class would receive a prize. There were around 30 students in
each class.
The experiment was run with tournament incentives: in each class (there were three classes per school),
the two best performers received a prize of 1.000.000 Iranian Rials.7 The final rankings were calculated as
the sum of the scores over the last three exams. The first test can thus be considered as a trial.
In the control group, students were only informed about their individual grade; in the treatment group,
students were also (privately) told their rank in the class. The total number of students in the no-feedback
treatment (control group) is 91, with 83 in the RPF treatment (treatment group). Students in the same
group belong to the same school. To ensure comparability, we ran pilot studies to find two schools that
were sufficiently similar. As the schools were quite far away from each other, there was little chance of the
students realising that a similar (but different) tournament was being organised in another school.
All of the exams consisted of 40 multiple-choice questions. The difficulty of the questions were evaluated using pilot studies, so that the grades across tests are comparable. Improvements across rounds can
therefore only be due to improvements in performance (i.e. better math skills rather than easier tests). For
each question, four options were presented including one correct answer. Each correct answer obtained four
points and each incorrect answer was penalised by one point. Unanswered questions were not penalised.
To ensure that the students would have time to react to the RPF information, the exams were one week
apart, and the results (either individual score alone or individual score and ranking) were given to students
the day after they had taken the exam.

3.2

Results
The histograms of the scores of students in the treatment and control groups appear in Figure 5. These

show that (1) there is a strong positive average effect of RPF on exam scores and (2) students who receive
RPF continually improve, as the treatment effect appears to increase over time.
6

The reason for choosing Iran is that, surprisingly enough, it was much easier to obtain permission to run experiments in schools
there than in France.
7
At the time roughly equivalent to 50e, about one week’s wages for a low-skilled worker.
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Figure 5: The evolution of average exam scores over time for the control and treatment groups.

Moreover, as indicated in Figure 6, the RPF appears to shift the entire distribution upwards.
We further test these results using a standard difference in differences framework (Equation 12: the
coefficient of interest is β3 ). The results in Table 2 further indicate that the size of the RPF effect is large (at
about 10 points for a maximum score of 160 points) and robust to the introduction of the controls available
(parents’ education and number of siblings).

P erf ormanceit = β0 + β1 T reatmenti + β2 P eriod4 + β3 (T reatmenti ∗ P eriod4 ) + γXi + εit (12)
The case of low-ability students deserves particular attention. It is often suspected that RPF may harm
the weakest students. Our design allows us to identify the sub-group of students who, after round 3, no
longer have any chance of winning a prize, even if they obtain the highest possible score. Even so, the
average scores in this group do rise between Periods 3 and 4 (see Figure 7). On a more general note, we also
see in Figure 7 that RPF has a more homogeneous effect.
Overall, our empirical findings fit nicely with the predictions of the technology channel: there is evolution in the treatment effect across periods, with an increasing effect in the last periods. This feature is
hard to explain using the effort channel. The fact that the treatment effect is more or less constant all along
the performance distribution is also predicted by the technology channel. Since there obviously is room for
improvement here, we conjecture that students became more efficient by gradually improving their learning
technology.
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Figure 6: The change in the densities of exam scores over time for the control (green) and treatment (orange)
groups
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Figure 7: The comparison of performance in the final Period to the average in Periods 2 and 3. Each dot
represents an individual. The X-coordinate is the average score in Periods 2 and 3; the Y-coordinate is the
score in Period 4.
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Table 2: The results of difference-in-differences estimations of providing feedback on exam scores

Treatment
Period 4
Period4 * Treatment

(1)

(2)

(3)

(4)

-.555
(2.675)
8.318***
(2.818)
10.226***
(3.845)

-2.964
(2.630)
8.301***
(2.801)
9.538**
(3.756)
2.541***
(.703)

-2.729
(2.609)
8.304***
(2.804)
9.542**
(3.732)
1.262
(.863)
1.797**
(.823)

37.348***
(1.987)

29.236***
(2.993)

26.374***
(3.227)

-3.443
(2.668)
8.167***
(2.822)
9.736**
(3.767)
.686
(.902)
2.002**
(.851)
-2.509**
(1.120)
31.990***
(4.161)

.150
336

.169
321

.179
321

.189
315

Mother’s education
Father’s education
Number of siblings
Constant
R2
No. obs

* p<0.10, ** p<0.05, *** p<0.01. The dependent variable is the exam score. The initial period in the
estimations is Period 1. Robust standard errors appear in parentheses.

4

Conclusion
RPF is often assumed to affect performance by changing optimal effort. We here propose an alternative

channel, namely technology. We identify “room for improvement” as a key distinguishing feature of the
technology versus the effort channels in the effect of RPF on performance. A first test of our approach is
to make sense of the conflicting results found in previous work, in the light of whether there is large room
for improvement. Why exactly RPF may have a positive or negative effect was a source of some scepticism
among researchers. The technology channel is certainly not the definitive answer, but it at least suffices
to organise the existing empirical evidence in a natural way. The second test of the technology channel
comes from a (natural) field experiment. The results here are in line with the theoretical predictions of the
technology channel.
This paper therefore proposes a wider view of RPF. Traditionally, probably the best-known use of RPF
is in tournaments, for instance among workers in a firm who compete for promotion. Tournaments have long
been recognised as creating powerful incentives, especially for top performers (see Sheremeta (2016) for an
in-depth and stimulating discussion of the pros and cons of tournaments). RPF is used in these cases to let
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top performers know that the reward is within reach. The interpretation of the subsequent improvement of
the top performers is then assumed to take place through the effort channel: top performers will work harder.
Although very common, tournaments are nonetheless a specific use of RPF, resulting in RPF being closely
associated with greater competition. Furthermore, tournaments (and RPF) may discourage low performers,
conveying an image of promoting winners and stigmatising poor performers.
On the contrary, the technology channel proposes a different (perhaps simultaneous) explanation of how
RPF affects performance that has little to do with competition. To illustrate, consider a poor performer in
a situation in which performers are not subject to any kind of competition (their payoffs do not depend on
others’ performance) and RPF is not publicly provided (there is no social-image concern, like shaming).
By (privately) knowing that many others are doing much better, she can learn how good her attempts to
improve her technology have been. As a result, RPF provides her with crucial information on improving
her performance. RPF can therefore have a positive effect on performance without being associated with
incentives, nor appealing to anything like a taste for ranking.
The findings from this paper are related to two branches of the literature. They could first be of particular
interest in the field of education. RPF is traditionally seen as detrimental in education, as it is argued to
negatively affect poor performers. Note that RPF can be publicly- or privately-provided. RPF is generally
associated with public rankings, which indeed may have an adverse effect on poor performers (via for
instance poorer self-image). As a consequence, teachers are often reluctant to provide rankings to young
pupils. However, the effect of RPF on performance via the technology channel does not require RPF to be
public. As shown in a number of experiments, private RPF can be beneficial even for poor performers, and
may therefore be a cheap and efficient way of improving performance.
This paper is also related to the literature on social norms. In the dominant interpretation, social norms,
once made salient to individuals, influence behaviour as individuals want to comply with the norm. Our
work here suggests that there also exists an alternative interpretation. Social norms can indeed be considered as RPF as they may convey information about the technology used. One good example is electricity
consumption. Electricity consumers have been found to reduce their consumption when provided with information about their consumption relative to that of similar households in their neighbourhoods, without
any additional incentives (see Goldstein et al. (2008) and Schultz et al. (2007)). In these situations, individuals may learn thanks to RPF how to use electricity in a more efficient way, and change their behaviour
accordingly. Individuals may thus comply with the norm, not (only) because they wish to comply per se,
but because they can then learn about better technologies.
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