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ABSTRACT
Performance Pay and Prior Learning:
Evidence from a Retail Chain
We run two field experiments within a large retail chain showing that the effectiveness
of performance pay crucially hinges on prior job experience. Introducing sales-based
performance pay for district- and later for store-managers, we find negligible average
treatment effects. Based on surveys and interviews, we develop a formal model
demonstrating that the effect of performance pay decreases with experience and may even
vanish in the limit. We provide empirical evidence in line with this hypothesis, for instance,
finding positive treatment effects (only) in stores with low job experience.
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1 Introduction
Many firms use financial incentives to motivate employees to exert higher efforts (see for
instance Prendergast 1999, Lazear 2018 for surveys). Indeed, a still small but increasing
number of field studies have shown that performance pay can raise performance significantly
in specific environments.1 However, there is also a substantial share of jobs where
performance pay in not used. In his Nobel lecture, Bengt Holmström even states that “Firms
use rather sparingly pay-for-performance schemes.” (Holmström 2017, p.1769). In the US,
for instance, less than 50% of employees work in jobs with performance pay (Lemieux et al.
2009, Bloom and Van Reenen 2011). It is therefore important to advance the understanding
for context factors that favor the usefulness of performance pay or limit its benefits.
Studying two field experiments in a retail chain2, we identify a limiting factor for the
effectiveness of performance pay. We argue that the benefits of introducing performance pay
crucially depend on the level of prior learning. In other words, the more experience an
organization has formed in a specific stable environment, the smaller the remaining “room for
improvement”, i.e. potential scope for employees to improve their performance further. As
Holmström (2017) has argued, employees are subject to various additional monetary and nonmonetary incentives beyond performance pay that influence their behavior. If these forces
already constrain employees or drive them to give their best, the opportunity for performance
pay to raise performance further may be limited. We formalize the idea that prior learning
restricts the benefits of performance pay in a simple model and provide further empirical
evidence for this claim.
More precisely, we examine the causal effect of performance pay using two randomized
control trials with district (middle-level) managers and later store managers (lower-level) in a
large German retail firm. The firm operates a large chain of discount supermarkets throughout
Germany. Discount supermarkets offer a standard assortment of goods with a strong focus on
low prices using standardized processes. The firm employs a store manager for each
supermarket, and about six supermarkets are supervised by a district manager. Hence, there
are rather small spans of control and tight central management. Store managers have a limited

1

Starting with Lazear (2000) and Shearer (2004), an extensive empirical literature emerged, which is summarized in
Bandiera et al. (2011), List and Rasul (2011), Levitt and Neckermann (2015), and Bandiera et al. (2017). More recently, field
experiments have started to explore causal effects of performance pay in more complex environments. Hossain and List
(2012) study the role of framing bonuses in Chinese high-tech manufacturing. Gibbs et al. (2017) investigate the effect of
rewards on innovations in a large technology firm. Delfgaauw et al. (2013, 2014, 2015) run tournament field experiments
with a Dutch retailer, and Friebel et al. (2017) study the effect of a team bonus in a German bakery chain.
2 The experiments were approved by the company’s works council, which served as an IRB. The experiments were
preregistered with ID AEARCTR-0000961 and AEARCTR-0001758.
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scope to affect performance but can still acquire knowledge about the specific demand in their
store or specific routines that would raise profits. Moreover, their responsibility is to manage
the store’s workforce, and be accountable for the cleanliness of the stores as well as the
presentation of products.
Prior to our study, the central executive management of the chain discussed the usefulness
of individual, monetary performance pay in the firm’s business model. In collaboration with
the regional management, the average sales per customer (“average receipt”) was identified
as a simple and accessible key performance indicator for performance pay in order to generate
further incentives to raise the likelihood for a customer to buy more.3
In the first experiment, we implemented performance pay based on the average sales per
customer for district managers in the fall of 2015. For three months, 25 of 49 randomly
selected district managers were eligible to receive this bonus. To filter common exogenous
shocks, we used a normalized version of the performance measure relative to each store’s own
prior development and the development of this key figure in all stores (Holmström 1982,
Gibbons and Murphy 1990). Using insights from the first experiment, we implemented the
same bonus during the same exact months one year later in 2016 for 194 of 294 store
managers. In this second experiment, one treatment replicates the design of the first
experiment, and a second treatment uses a simpler bonus formula that reduces the possible
complexity of the relative performance evaluation scheme.4
We find negligible average treatment effects in both experiments with economically very
small upper bounds of 90% confidence intervals (performance increases below 1% or 0.05
standard deviations) in both experiments. In the spirit of “insider econometrics” (Ichniowski
and Shaw 2003) and following the aim of the economist working as a “plumber” (Duflo
2017), we studied the business in detail, had access to almost all available data from the
company, generated survey data through both online surveys with the store managers and
telephone interviews with district managers, and continuously analyzed and adjusted the
experimental design.
Based on these surveys, we conjecture that store managers’ work is characterized by
learning about potential improvements (gaining valuable knowledge that increases sales) and
The average sales per customer is also known as “average transaction value” or “average customer spent”. It is the average
sum of sales per customer on a specific visit of a store and is considered an important figure to measure the success of a store,
both for the specific supermarket chain that we studied and in retailing in general (see, e.g., Davids 2013, Bullard 2016). For
simplicity, we refer to it as the “average sales per customer” in the following.
4 During the whole experimental period, the company managed the communication (while we prepared everything), and only
the senior (top) managers as well as the works council knew that we as researchers were involved. The experiment was called
“project,” which is a typical wording in the company. In order to control eventual spillovers and avoid potential effects of
envy, the control group was also informed that a bonus would be introduced but that the timing of the introduction and the
incentivized key performance indicator would vary.
3
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habit formation (acquiring productive routines). We organize this thought in a simple formal
dynamic model in which we show that in such an environment, past improvements can limit
additional benefits of performance pay. In the model, an agent exerts effort in each period and
past efforts increase an agent’s future proficiency in doing the job. This naturally leads to
concave and bounded learning curves. We then study the effect of introducing performance
pay at some later point in time in the learning process and show that the effect of performance
pay should be smaller, the later it is introduced. Hence, prior learning limits the added value
generated through performance pay and the more efficient a certain process has become, the
more difficult it is to generate further performance gains through performance pay.
We explore this idea empirically by studying heterogeneous treatment effects in the
second experiment, in which we can access detailed information on prior experience and
productivity of stores. To do this, we collect a number of different measures for past
experience such as (i) the age of the store, (ii) store managers’ tenure, and (iii) age of store
managers. We find consistent evidence in line with the hypothesis that performance pay is
more effective when there is still “room for improvement”. For instance, treatment effects are
significantly positive in stores with low levels of experience but become negligible for
experienced stores.
The literature already acknowledges that performance pay may be less useful in complex
work environments. For instance, multitasking distortions can arise because not all aspects of
an employee’s work are measurable (Holmström and Milgrom 1991, Baker 1992). However,
our argument does not rest on the complexity of the environment but rather on its stability;
when employees work in stable environments they may build up productive capabilities over
time, reducing the value added of performance pay. The paper thus links the literature on
performance pay to the literature on human capital formation (e.g. Becker 1962, Becker 1964,
Ben-Porath 1967) and learning-by-doing (e.g. Arrow 1962, Jovanovic and Nyarko 1996,
Levitt and List 2013) where knowledge is gradually built up through experience, which leads
to concave productivity profiles. We show that when past efforts tend to generate persistent
human capital, prior learning can naturally limit the benefits of performance pay. The idea
thus closely builds on the role of habit formation in efforts. As documented by Charness and
Gneezy (2009) for the case of exercising, monetary incentives can make people develop good
habits that persist even when incentives are withdrawn. We argue that the effect also works in
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the other direction: previously established productive habits may render performance pay
dispensable.5
The paper proceeds as follows. We first describe the firm and the environment of the
field experiments in detail. We then describe the two experimental designs and first key
results. Subsequently we develop the formal framework, its implications and go back to the
experimental data to study further implications derived from the formal model. The last
section concludes.

2 The Environment
The company is a large, nationwide retailer operating discount supermarkets in Germany
with more than 2,000 stores at the time of the experiment. The supermarket chain is structured
into several larger geographical regions that cover Germany and has a rather steep
hierarchical structure with relatively small spans of control. Each region has a regional top
manager and is split into sales areas, which are managed by sales area managers. The sales
area managers supervise about 4-6 district managers, and the district managers, in turn, are
responsible for 5-8 store managers. The district managers generally monitor the store
managers but also have some leeway to decide whether to take over operational tasks in the
stores or delegate them to store managers. District managers visit their respective store
managers approximately twice per week. The store managers run a store with about 5-8 full
time equivalent employees and are responsible for the daily operation of the store.
As is common in discount retailing, the company has highly standardized tasks and
processes. Many elements of the store management procedures are determined by the central
office (for instance, the store layout and most of the placement of goods). Ordering decisions
made by store managers are based on suggestions generated by a computer system that
recommends order quantities using a statistical model. Hence, the store managers are in
charge of the execution of operational tasks, such as guaranteeing that shelves are refilled, the
store is kept clean, fresh products (fruits, vegetables and bread) are well presented, and that
the registers operate efficiently. However, they do have some leeway regarding decisions
concerning special placements of goods, temporary price reductions (sales), and product

5

Our paper is also related on the literature on pay for performance and exploration. Manso (2011) and Ederer and Manso
(2013), for instance, have argued that performance pay can reduce incentives to further learn through exploration.
Complementary to this, we argue that prior learning also limits the benefits of performance pay.
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orders where they can overwrite the ordering suggestions made by the computer software
using potential local knowledge about customer demand.
In our meetings with the management prior to the project, we learned that the executive
managers had diverse opinions on whether or not monetary incentives could be useful to raise
performance in discount retailing. As the firm was considering changing the existing annual
bonus scheme for district managers and, more importantly, introducing a bonus scheme for
store managers, we proposed to evaluate this question with randomized controlled field
experiments. Together with the head office, we approached the regional top manager of one
large region with about 300 stores and implemented the two experiments in that region in
2015 and 2016.

3 The Experiments
3.1 Experiment I: District Managers
3.1.1 Design Experiment I
From November 2015 until January 2016, we introduced performance pay by
incentivizing an increase in the sales per customer (“average receipt”) for a group of
randomly assigned district (middle) managers in Western Germany.6 The district management
of this region consisted of 49 managers (covering 300 stores), of which 25 (supervising 152
stores) were randomly assigned to the treatment group using a pairwise randomization method
similar to Barrios (2012) and as discussed in Athey and Imbens (2017).7 The remaining 24
district managers serve as a control group.8 Table A1.1 in the Appendix shows that
randomization was successful with all characteristics not jointly significantly predicting
selection into the treatment. In each treatment month, the district managers of the treatment
group received €100 (gross for net, approx. 3-5% of their net income) per percentage point
increase of the normalized average sales per customer (Norm. Bonus).9

6

As pre-registered, we also worked with another region for a treatment intervention in which we provide performance
feedback without a monetary incentive. However, due to a reallocation of stores to district managers right before the
experiment, the treatment and control group are not comparable and empirical estimations with standard models are
misleading.
7 We predicted the average sales per customer for district managers during the treatment period using one year of past data.
We then ranked the managers according to this prediction and then randomized treatments within a group of two.
8 We initially preregistered a sample of 304 stores, but the regional manager removed 4 stores from the pilot (before the start)
due to refurbishments and new competitors.
9 The bonus was a (capped) linear function of the year-on-year percentage point increase in the average sales per customer in
the district minus the increase in the average sales per customer of all (more than 2,000) stores in Germany. The district
managers received €100 for each percentage point difference above a specific base value, which was equal to the difference
of the growth rate of the district in the first nine months of the year relative to the growth rate of the nation’s (Germany)
average sales per customer in the first nine months. Thus, both nation-wide shocks and previous performance increases are
eliminated. The normalized key figure is:
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The bonus payment was limited to €500 per month. The bonus for the managers was
tripled unexpectedly in the last treatment month (€300 per percentage point increase of the
average sales per customer, approx. 10% of their net income), which also lifted the upper cap
on payments. No change in the managers’ daily business and organizational structure
occurred.10 Managers were not aware that they were taking part in an experiment. During the
whole period, we developed the introduction presentation and letters, calculated the bonus,
and created monthly notifications. However, in the end company representatives handled all
communication of the project. The bonus was introduced during a kick-off meeting with just
the managers of the treatment group and communicated again to all district managers by
mail.11

3.1.2 Results Experiment I
In the following, we estimate our main results on the full sample of managers
originally assigned to the treatment using a difference-in-difference estimation including fixed
effects for months and districts.
𝑌𝑑𝑡 = 𝛽0 + 𝛽1 ∙ 𝑇𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡𝑑𝑡 + 𝛾𝑋𝑑𝑡 + 𝑎𝑑 + 𝛿𝑡 + 𝜀𝑑𝑡
where 𝑌𝑑𝑡 is the average sales per customer in month t for district d. 𝑋𝑑𝑡 includes time-variant
controls which here are dummy variables indicating an ongoing or past refurbishment of the
store. 𝜀𝑑𝑡 is an idiosyncratic error term clustered at the district level and 𝑎𝑑 are district fixed
effects.12 𝑇𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡𝑑𝑡 equals 1 for district managers in the treatment group during the
treatment period and 0 otherwise. In further specifications we also include district manager
and store manager fixed effects. As a baseline specification, we use the time periods from the
beginning of the previous year to the end of the experiment (e.g. January 2016 until March

(

𝐴𝑣𝑔𝑆𝑎𝑙𝑒𝑠𝐷𝑖𝑠𝑡𝑟𝑖𝑐𝑡𝑡,2015 𝐴𝑣𝑔𝑆𝑎𝑙𝑒𝑠𝑁𝑎𝑡𝑖𝑜𝑛𝑡,2015
𝐴𝑣𝑔𝑆𝑎𝑙𝑒𝑠𝐷𝑖𝑠𝑡𝑟𝑖𝑐𝑡1−9,2015 𝐴𝑣𝑔𝑆𝑎𝑙𝑒𝑠𝑁𝑎𝑡𝑖𝑜𝑛1−9,2015
−
)− (
−
)
𝐴𝑣𝑔𝑆𝑎𝑙𝑒𝑠𝐷𝑖𝑠𝑡𝑖𝑟𝑐𝑡𝑡,2014 𝐴𝑣𝑔𝑆𝑎𝑙𝑒𝑠𝑁𝑎𝑡𝑖𝑜𝑛𝑡,2014
𝐴𝑣𝑔𝑆𝑎𝑙𝑒𝑠𝐷𝑖𝑠𝑡𝑖𝑟𝑐𝑡1−9,2014 𝐴𝑣𝑔𝑆𝑎𝑙𝑒𝑠𝑁𝑎𝑡𝑖𝑜𝑛1−9,2014

As we explain below, we also used a much simpler normalization in our second experiment to address the concern that this
might be too complex.
10 District managers had an additional annual bonus plan, which rewarded reduction of inventory losses and personnel
expenses. However, this does not conflict with our intervention as it was unchanged and identical for treatment and control
group. For the store managers that we study in our second experiment, no such bonus plan existed.
11 Importantly, the managers in the control group knew that other managers received the bonus, but that they would also
receive a bonus at some point in the future for a performance variable that was unknown at the time. Possible spillover effects
made this communication strategy necessary. The key idea is to avoid managers in the control group feeling unfairly treated
upon learning that others receive the bonus. With the bonus being common knowledge, we closely follow Bloom et al. (2015)
and Gosnell et al. (2016) and are in line with Bandiera et al. (2011). The company indeed paid out a comparable bonus to the
control group in the three months after the end of the treatment.
12 We use the allocation of stores to district at the beginning of the experiment as clusters and fix this for the whole estimation
period.
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2017, 15 months). Moreover, we provide estimates of the absolute value of the dependent
variable. Variations to this are displayed in the Appendix.
Table 1 shows results from the fixed effects regressions. As the results show, the treatment
had no discernible average effect on performance.13 Even the upper bound of the 90%
confidence interval at €0.056 (approx. 0.44% performance increase; 0.036 standard
deviations) is small in terms of economic significance (column 3).14 Table A1.2 in the
Appendix provides robustness checks using ordinary least square regressions (single
difference, longer time periods, trimmed data as well as the log of average sales per customer
which all confirm this result. 15
The data of the first two months of the experiment already indicated the main effect to
be negligible in size. Therefore, the regional manager decided (upon our request) to triple the
amount employees could earn (300€ instead of 100€ per percentage point increase) for the
final treatment month (January) to rule out that the incentives were simply too weak to affect
behavior (see, e.g., Gneezy and Rustichini 2000). The Appendix shows regression estimates
of a monthly regression (Table A1.3). However, we still find no significant difference
between the treatment and the control group in any month and no significant difference
between months two and three within the treatment group (Wald test, p = 0.833).
Furthermore, Table A1.4 shows no significant treatment effects on any other key outcomes
(sales, customer frequency, inventory losses, mystery shopping scores, product ordering
behavior, and sick days of store employees). In total, a sum of €5,487.32 was paid out, with
an approximate average of €73.16 per district manager.

13

Column 3 of Table A1.2 in the Appendix displays results from a regression with trimmed data (top and bottom 1%) and
shows that the negative sign of the coefficient might depend on some outliers in the data.
14 As ex-post power calculations to support null effects are problematic (Hoening and Heisey 2001), we prefer to refer to the
confidence intervals to illustrate the possible range of effects (see, e.g., Groth et al. 2016).
15 Note that this effect is very small also in comparison to the effects of performance pay reported in the literature so far. For
instance, Friebel et al. (2017) estimate an effect of a team bonus in a bakery chain of 0.3 standard deviations and Bandiera et
al. (2017) estimate an average effect of performance pay of 0.28 standard deviations using a meta-analysis.

8

Table 1: Main Effects Experiment I & II
Experiment I – District Level

Treatment Effect
Norm. Bonus

(1)

(2)

(3)

(4)

(5)

(6)

Sales per
Customer

Sales per
Customer

CI 90%

Sales per
Customer

Sales per
Customer

CI 90%

0.0020
(0.0464)

-0.0240
(0.0475)

[-0.1037;
0.0556]

-0.0162
(0.0437)

-0.0099
(0.0478)

[-0.0902;
0.0703]

0.0328
(0.0504)

0.0347
(0.0594)

[-0.0649;
0.1343]

Yes
Yes
No
No
3822
Store
294
50
0.8473
0.0497

Yes
Yes
Yes
Yes
3473
Store
294
50
0.8476
0.0327

Treatment Effect
Simple Bonus
Time FE
Store/District FE
District Manager FE
Store Manager FE
N of Observations
Level of Observations
N of Districts/ Stores
Cluster
Within R2
Overall R2

Experiment II – Store Level

Yes
Yes
No
No
637
District
49
49
0.9427
0.1043

Yes
Yes
Yes
No
637
District
49
49
0.9478
0.1185

Note: The table reports results from a fixed effects regression with the sales per customer on the district/ store level as the
dependent variable. The regression accounts for time and store district fixed effects and adds fixed effects for district
managers in column 2 and fixed effects for district and store managers in column 5. For experiment I, the regressions
compare pre-treatment observations (January 2015 - October 2015) with the observations during the experiment (November
2015 – January 2016). For experiment II, the regressions compare pre-treatment observations (January 2016 - October 2016)
with the observations during the experiment (November 2016 – January 2017). Treatment Effect thus refers to the
difference-in-difference estimator. All regressions control for possible refurbishments of a store. Observations are excluded
if a store manager switched stores during the treatment period. Robust standard errors are clustered on the district level of
the treatment start and displayed in parentheses. Columns 3 and 6 display 90% confidence intervals of the specification in
column 3 and 6, respectively. * p<0.1, ** p<0.05, *** p<0.01.

3.1.3 Post-Experimental Interviews
To investigate possible reasons for the absence of a meaningful treatment effect, we
conducted a telephone survey in June 2016 and interviewed 19 of the 25 treated district
managers on behalf of the company.16 All district managers reported having tried to influence
the average sales per customer. Still district managers claimed that it is necessary to delegate
the tasks to store managers to influence the average sales per customer. Hence, it is
conceivable that the bonus would be more effective when targeted at the store managers, who
are more immediately responsible for operating the stores.17

16

Of the 25 district managers in the first period, 3 have left the company and 3 refused to talk to us unless they had formal
written permission from the regional manager.
17 Indeed, the post-experimental questionnaire of Experiment II confirmed that store managers themselves state that they have
more influence on the average sales per customer than district managers.
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3.2 Experiment II: Store Managers
3.2.1 Design Experiments II
Based on the above insight, we ran a follow-up experiment one year later in the same
calendar months (November 2016 – January 2017), now incentivizing store managers. We
held the circumstances constant and used the same performance measure – only this time
measured at the store level. We now compare a control group to two different treatment
groups: One treatment group received a bonus based on exactly the same formula as before
(Norm. Bonus) but applied for the store managers, whereas the other one was subject to a
substantially simpler year-on-year comparison (Simple Bonus).18 The key idea of the second
treatment was to investigate whether the normalization led to an overly complex bonus
formula, which may have limited its impact on performance.19
We used the same pairwise randomization method as in Experiment I to create new
treatment groups and randomly assign stores within districts. This leads to 95 stores in the
group with the bonus calculation method used previously for the district managers (Norm.
Bonus), 95 stores in the group with the simplified year-on-year calculation (Simple Bonus)
and 99 stores in the control group. The balancing table (Table A2.1) shows the successful
randomization.
Each month, store managers received €125 (approx. 4% of their gross income) per point
increase of the respective normalized average sales per customer.20 The bonus payment was
limited to €375 per month.21 As before, all communication was standardized and handled by
company representatives. We used the same communication strategy, material and wording as
in Experiment I.22

𝑡,2016
The simplified key figure here is: 𝐴𝑣𝑔𝑆𝑎𝑙𝑒𝑠𝑆𝑡𝑜𝑟𝑒
𝐴𝑣𝑔𝑆𝑎𝑙𝑒𝑠𝑆𝑡𝑜𝑟𝑒𝑡,2015
19 On the other hand, a preregistered countervailing effect could be that managers positively reciprocate the normalized bonus
because they feel better insured.
20 The difference to Experiment I occurs because this time taxes had to be paid on the bonuses, but the relation to the monthly
salary is similar. The reason for the net bonus in the case of district managers was that the company could use a tax
exemption – the transfer was made through a company shopping card – which was not feasible for store managers.
21 In contrast to the district managers, store managers were previously not eligible for any bonus.
22 The only difference is that this time the communication was done by letters sent through the standard postal service as
emails to store managers could be accessed by all store employees. Additionally, we received the full support of the works
council.

18
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3.2.2 Results Experiments II
Again, Table 1 shows results from a fixed effects regression, with the store level being the
unit of observation.

23

Column 4 shows a point estimate without controlling for district

manager and store manager fixed effects. Column 5 controls for district managers and store
manager fixed effects. Again, the effects of both treatments are not only statistically
insignificantly different from 0 (and from each other) but also economically very small. As
before, upper bounds of the 90% confidence intervals are economically very small at approx.
1% (0.0545 standard deviations) and 0.5% (0.0285 standard deviations), respectively.
Robustness checks are again displayed in the Appendix (Table A2.2), monthly treatment
effects in Table A2.3. Table A2.4 shows possible influences on other key outcomes (sales,
customer frequency, inventory losses, mystery shopping scores, product ordering behavior,
and sick days of store employees) with no significant treatment effect. In total, a sum of
€68,221.98 was paid out as bonus payments, with an average of approximately €108.39 per
store manager.

3.2.3 Post-Experimental Survey and Interviews
At the end of the second experiment (end of January), we invited all store managers to
participate in an online survey.24 In total 43.20% of all store managers answered all questions
of the survey.
Concerning satisfaction with work, salary, work stress, employer fairness, and life in
general, we do not find any statistical significance difference between the three groups of
experiment II. Therefore, it seems unlikely to have negative influences on the managers. As
already mentioned above, managers from all groups stated that the average sales per customer
can be more easily influenced by store managers than by district manager (p<0.001).
Comparing the two respective bonus schemes, there are statistically significant differences
in store managers’ perceptions of the respective scheme (Appendix Table A2.5).25 Most
importantly, store managers perceived the normalized bonus formula as more complicated
23

At the request of the company and to be consistent with Experiment I, we only assigned the treatment to stores older than
two years, which lead to a reduction of the treated stores from the preregistered sample. Accidentally, two younger stores
were assigned a treatment, but this was corrected by the company afterwards. As before, we only include stores in the
regression that have been open for more than two years in order to make all three groups comparable. Data for store
managers who switch stores during the treatment period are dropped from the analysis. Including the full sample does not
lead to qualitative differences in the results.
24 This was the first time we became apparent as a university as we officially conducted the surveys to maintain anonymity of
the managers.
25 Store managers in both bonus treatments had to respond to the same survey items containing statements about the bonus
formula such as “The bonus formula was fair”, “I understood the bonus formula” or “The bonus formula was complicated”.
Store managers had to evaluate the statements on a scale from 1 = completely agree to 6 = completely disagree.

11

(p<0.01) and not easy to understand (p<0.01). Interestingly, store managers in the treatment
with the normalized bonus formula perceived the bonus formula to be as fair as those in the
treatment with the simple bonus (p<0.01). Importantly, they generally agree that they know
how to influence average sales per customer (Wilcoxon Signed-Rank test against a neutral
response of 3, p<0.001).
We also included open-ended questions in the online survey with the store managers and
in January and February 2017, we again conducted telephone interviews with all district
managers. After the end of the treatment intervention, we asked store managers in open-ended
survey questions for potential difficulties in influencing the average sales per customer.
Exemplary statements of store managers are:
− “No leeway. Strict predetermined concept.”
− “The given placements by the district manager. The store managers know better what
sells well.”
− “I do my best every day and thus a further increase was simply impossible.”
− “A high average receipt from the beginning […].”
− “High average receipt, low customer frequency.”
− “Because in my store all shelves are always filled, I couldn’t do more.”
− “Not a lot of room for my own ideas.”
− “I already have a high average receipt and due to [competitor X] also less sales.”
Exemplary statements in the interviews with the district managers after the end of Experiment
II are:
− “A high average receipt from the start […].”
− “If the store manager already did a good job and implemented all things, then the
store manager has a high average receipt and a further increase is difficult as the
leeway is restricted.”
− “The store managers will be incentivized, but it is extremely difficult to raise the
average receipt if it’s already on a high level.”
− “[…] Store manager did a good job throughout the whole year to increase the
average receipt, but it is simply not possible for him to raise it further in the required
months.”
− “My store managers have been trying to increase the average receipt for years with
great success. Now it is much more difficult to perform during the bonus period.”
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Hence, the main aspects that managers mentioned were limited autonomy, their own activities
prior to the introduction of the bonus, and past efforts that had been invested to raise the
average sales per customer that leave little further potential.

4 Prior Learning and Performance Pay
4.1 A Conceptual Framework
A key argument that is repeatedly mentioned by managers’ in the survey is that in their
limited scope to raise the average sales per customer, they have already put numerous
measures into practice before. Therefore, it was claimed that the respective potential to
improve further tended to be exhausted. The environment thus seems to be characterized by a
combination of “learning-by-doing” (Arrow 1962, Jovanovic and Nyarko 1996, Levitt and
List 2013) and habit formation in efforts (Charness and Gneezy 2009). Intuitively, store
managers learn over time how to raise the average sales per customer and establish routines
that carry over into future periods.
We now explore a simple model to illustrate this idea and its implications. The
performance of an organizational unit in period 𝑡 is a function of the agent’s proficiency 𝑝𝑡 in
managing the unit. Profits in period 𝑡 are given by
𝑓(𝑝𝑡 )
where 𝑓 ′ (𝑝) > 0 and 𝑓 ′′ (𝑡) ≤ 0. In each period the agent can exert an effort 𝑒𝑡 at cost 𝑐(𝑒𝑡 )
where 𝑐 ′′ (𝑒𝑡 ) > 0 and 𝑐 ′ (𝑒) = 0 for some 𝑒 > 0.26 The agent’s proficiency in period 𝑡 is a
function of her prior proficiency 𝑝𝑡−1 and the effort exerted in the current period 𝑡
𝑝𝑡 = 𝜙𝑝𝑡−1 + 𝛾𝑒𝑡
with 0 < 𝜙, 𝛾 < 1. Hence, efforts exerted in a given period raise performance in that period
but also may generate more persistent effects on future performance. The parameter 𝛾
measures the marginal returns to current efforts and 𝜙 captures the level of habit formation or
human capital acquisition. When 𝜙 is larger, efforts form habits to a stronger extent.27 If, for
instance, 𝜙 = 0, the model is a standard moral hazard model with purely transitory efforts. If

Hence, the agent’s cost function is first decreasing and then increasing in effort. We thus assume that the agent voluntarily
exerts some effort even in the absence of any formal incentives (for instance because she may to some extent be intrinsically
motivated or because of monitoring and firing threats).
27 Note that the model can be equivalently transformed to one in which the agent chooses 𝑘 at costs 𝑐 (𝑘𝑡 −𝜙𝑘𝑡−1 ) which is
𝑡
26

𝛾

close to common representations of habit formation in consumer theory and macroeconomics (see, e.g. Ravn et al. 2006).
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𝜙 = 1, then efforts are fully persistent human capital investments. If 0 < 𝜙 < 1 then efforts
are habit forming or generate human capital, but there is human capital depreciation, i.e.
agents forget knowledge or partially lose habits or routines when not investing further efforts.
We first analyze the dynamics of store performance when there is no performance pay. In
this case, the agent exerts effort 𝑒𝑡 = 𝑒 in each period. Hence,
𝑡−1

𝑝𝑡 = 𝛾𝑒 ∑ 𝜙 𝜏
𝜏=0

which corresponds to the sum of a finite geometric series such that
𝑝𝑡 = 𝛾𝑒

1 − 𝜙𝑡
.
1−𝜙

Hence, we obtain the following result:
Proposition 1: When there is no performance pay, profits in period 𝑡 are given by
𝑓 (𝛾𝑒

1 − 𝜙𝑡
).
1−𝜙
𝛾𝑒

Profits are increasing over time and converge to 𝑓 (1−𝜙).
The simple model thus implies an increasing and bounded learning curve. In each period the
agent exerts some effort and learns from experience.
Now suppose that a bonus 𝛽 is introduced in period 𝑡 for one period. The agent now
maximizes
max 𝛽𝑓(𝜙𝑝𝑡−1 + 𝛾𝑒𝑡 ) − 𝑐(𝑒𝑡 )
𝑒𝑡

with first order condition
𝛽𝑓 ′ (𝜙𝑝𝑡−1 + 𝛾𝑒𝑡 )𝛾 − 𝑐 ′ (𝑒𝑡 ) = 0
which implicitly defines effort in period 𝑡 as a function of the bonus and prior knowledge
𝑒𝑡 (𝛽, 𝑝𝑡−1 , 𝛾). This leads to the following result:
Proposition 2. When there are decreasing returns to proficiency (i.e. 𝑓 ′′ (𝑝𝑡 ) < 0), the
performance effect of introducing a bonus in period t will be decreasing in t.
Proof:
The performance gain from incentives is equal to
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𝛥𝜋 = 𝑓(𝜙𝑝𝑡−1 + 𝛾𝑒𝑡 (𝛽, 𝑝𝑡−1 , 𝛾)) − 𝑓(𝜙𝑝𝑡−1 + 𝛾𝑒)
and

𝜕𝛥𝜋
𝜕𝑒𝑡 (𝛽, 𝑝𝑡−1 , 𝛾)
= 𝑓 ′ (𝜙𝑝𝑡−1 + 𝛾𝑒𝑡 (𝛽, 𝑝𝑡−1 , 𝛾)) (𝜙 + 𝛾
) − 𝑓 ′ (𝜙𝑝𝑡−1 + 𝛾𝑒)𝜙
𝜕𝑝𝑡−1
𝜕𝑝𝑡−1
= (𝑓 ′ (𝜙𝑝𝑡−1 + 𝛾𝑒𝑡 (𝛽, 𝑝𝑡−1 , 𝛾)) − 𝑓 ′ (𝜙𝑝𝑡−1 + 𝛾𝑒)) 𝜙
+ 𝑓 ′ (𝜙𝑝𝑡−1 + 𝛾𝑒𝑡 (𝛽, 𝑝𝑡−1 , 𝛾))𝛾

𝜕𝑒𝑡 (𝛽, 𝑝𝑡−1 , 𝛾)
𝜕𝑝𝑡−1

< 0

as by the implicit function theorem
𝜕𝑒𝑡
𝛽𝑓 ′′ (𝜙𝑝𝑡−1 + 𝛾𝑒𝑡 )𝛾
= − ′′
𝜙 < 0.
𝜕𝑝𝑡−1
𝛽𝑓 (𝜙𝑝𝑡−1 + 𝛾𝑒𝑡 )𝛾 2 − 𝑐 ′′ (𝑒𝑡 )
■

As 𝑝𝑡−1 is increasing in t the result follows.

When there is learning-by-doing or habit formation, performance pay thus has a stronger
effect on performance when agents are still early on in the learning curve. The more
knowledge, routines, or productive habits an agent has acquired before, the weaker the
additional gain from exerting more effort. When 𝑓(𝑝𝑡 ) is bounded (for instance if agents have
limited job scope), then lim𝑝𝑡−1 →∞ 𝛥𝜋 = 0 such that performance pay can become ineffective
for agents with strong experience. We explore these implications empirically in the next
section.

4.2 Empirical Evidence
A straightforward conjecture based on the model is thus that the bonus had negligible
effects because earlier activities reduced the scope to increase the sales per customer further.
However, if this is indeed the case, we should be able to detect an effect of the bonus, for
those stores that are “early on” in the learning curve. The key idea is illustrated in Figure 1.
The closer a manager is to the beginning of the learning curve (less prior learning), the more
room for improvement exists.
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Figure 1: Illustration Learning Curve

A first simple implication of the model is that store managers should find it harder to
increase average sales per customer when average sales per customer are higher. This idea is
supported by the questionnaire data reported in Table A2.5 in the Appendix. In each of the
three treatment groups store managers state that it is easier to influence the average sales per
customer with initially low rather than initially high average sales per customer (p<0.01).28
In a next step, we now explore the hypothesis that (i) treatment effects are positive for
stores with a low experience and that (ii) treatment effects decrease with experience. The
empirical model we estimate to investigate these heterogeneous treatment effects is the same
fixed effects difference-in-difference regression as before. Only this time we additionally
interact the treatment variable with proxies for prior experience.

𝑌𝑠𝑡 = 𝛽0 + 𝛽1 𝑇𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡𝑠𝑡 + 𝛽2 𝑇𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡𝑠𝑡 × 𝐸𝑥𝑝𝑒𝑟𝑖𝑒𝑛𝑐𝑒𝑠 + 𝛾𝑋𝑠𝑡 +
𝛿𝑡 + 𝛿𝑡 × 𝐸𝑥𝑝𝑒𝑟𝑖𝑒𝑛𝑐𝑒𝑠 + 𝛿𝑠 + 𝛿𝑏 + 𝜀𝑠,𝑡

To allow for different time trends of stores of different levels of experience we also include
interaction terms of the experience proxies with the time fixed-effects. We apply different
normalizations of experience to investigate not only the heterogeneous treatment 𝛽2, but to
study the size of the treatment dummy 𝛽1 in stores with low experience. We estimate this for
To be precise: The respective survey items are “A store with an initially high average receipt can more easily influence the
average receipt.” and “A store with an initially low average receipt can more easily influence the average receipt”. In all three
groups store managers agree significantly more often to the second item.
28
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both performance pay treatments separately (i.e. both bonus formulas that were implemented
in the second experiment).
We measure experience by (1) the age of the store, (2) the tenure of the store manager
in the firm, and (3) the age of the manager. We compute the percentile value (the value of the
cumulative distribution function) of each of these variables29 and start by interacting the
treatment with the average experience percentile (i.e. the mean of the percentiles of age of the
store, tenure of the manager, and age of the manager).
The regression results are reported in Table 2. In line with the conjecture that the
bonus is less effective later on in the learning curve, the interaction terms are significantly
negative in both treatments. Hence, the size of the treatment effect is decreasing with
experience. Note that the treatment coefficients estimate the effect of the treatment in a store
which would have the lowest experience in all three proxy variables. The estimate amounts to
an increase in sales per customer of about €0.32 or about 2.4% (p<0.02, Table 2, Column 2)
in both treatment groups.
Table A3.1 in the Appendix reports robustness checks (single difference, longer time
periods, trimmed data, log values) and Table A3.2 displays a regression where we interact
each experience proxy separately in the regression.30

29

To be precise: The respective variable is the rank of the store with respect to the proxy (starting with the store with least
experience) divided by the number of all stores such that the variable takes value 1 for the store with the highest experience
and takes a value close to zero for the stores with the lowest experience. See, for instance, Aggarwal and Samwick (1999) for
a similar approach.
30 Note that there is no statistically significant correlation between the three proxies that cover personal and store
characteristics (Spearman rho between Age Manager and Age Store = 0.0477, p = 0.4132, Spearman rho between Tenure
Manager and Age Store = 0.0272, p = 0.6430). But store manager age and tenure are of course positively correlated
(Spearman rho between Tenure Manager and Age Manager = 0.5295, p <0.001).
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Table 2: Heterogeneous Treatment Effects by Experience
Sales per Customer
Treatment Effect
Norm. Bonus

(1)
0.270**
(0.122)

(2)
0.324**
(0.134)

Treatment Effect
Norm. Bonus x Experience Proxy

-0.539**
(0.206)

-0.632***
(0.233)

Treatment Effect
Simple Bonus

0.260**
(0.122)

0.338**
(0.131)

Treatment Effect
Simple Bonus x Experience Proxy

-0.435**
(0.212)

-0.578**
(0.235)

Time FE x Percentile
Time FE
Store FE
District Manager FE
Store Manager FE
N of Observations
N of Stores
Within R2
Overall R2

Yes
Yes
Yes
No
No
3692
284
0.8474
0.0514

Yes
Yes
Yes
Yes
Yes
3378
284
0.8486
0.0359

Note: The table reports results from a fixed effects regression with sales per customer on the store
level as the dependent variable. The regression accounts for time and store fixed effects in column 1
and adds district manager and store manager fixed effects in column 2. The regressions compare pretreatment observations (January 2016 - October 2016) with the observation during the experiment
TreatmentTime (November 2016 – January 2017). All regressions control for possible refurbishments
of a store. Observations are excluded if a store manager switched stores during the treatment period.
Treatment Effect thus refers to the difference-in-difference estimator. Experience Proxy (between 0
and 1) refers to the mean percentile of a store’s age, manager’s tenure, and manager’s age of the
respective manager/store. The regressions interact all time variables with the Experience Proxy. Note
that for 10 observations we do not have date on job tenure. Robust standard errors are clustered on the
district level of the treatment start and displayed in parentheses. * p<0.1, ** p<0.05, *** p<0.01.

Note that the main treatment effect is here estimated for a (hypothetical store) at the
lowest end of the experience distribution and that this estimation hinges on the assumption
that the interaction effect is linear in experience. It is therefore important to check the
robustness of the results when we investigate treatment effects directly for subsamples of
stores with low experience. We estimate the treatment effects separately within the group of
stores where the mean percentile of the experience proxies is below 30%, 40%, 50%, and
60%, respectively. Table 3 reports the respective regressions of average sales per customer on
treatment dummies in the different subsamples. As column (1) shows, both treatments have
sizeable (>€0.30) and highly significant (p<0.01) effects in the group of stores where the
mean percentile of the experience proxies is below 30%. The effect is still significant for
stores where the mean percentile is below 50% but then has only about half the magnitude.
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Table 3: Treatment Effects in Stores With Low Experience
Cut-Offs of the Experience Proxy
(2)
(3)
<=0.4
<=0.5
0.198**
0.166**
(0.0933)
(0.0688)

Treatment Effect
Norm. Bonus

(1)
<=0.3
0.309***
(0.110)

(4)
<=0.6
0.0237
(0.0642)

Treatment Effect
Simple Bonus

0.369***
(0.119)

0.168*
(0.0868)

0.176**
(0.0693)

0.0786
(0.0664)

Time FE
Refurbishments
District Manager FE
Store Manager FE
N of Observations
N of Stores
Within R2
Overall R2

Yes
Yes
Yes
Yes
521
45
0.8840
0.0686

Yes
Yes
Yes
Yes
1128
96
0.8824
0.0846

Yes
Yes
Yes
Yes
1748
148
0.8631
0.0468

Yes
Yes
Yes
Yes
2222
189
0.8573
0.0225

Note: The table reports results from a fixed effects regression with sales per customer on the store level as the dependent
variable in different subsamples of the Experience Proxy. Experience Proxy refers to the mean percentile of a store’s
age, manager’s tenure, and manager’s age of the respective manager/store. The regression accounts for time, district,
district manager, and store manager fixed effects. The regressions compare pre-treatment observations (January 2016 October 2016) with the observation during the experiment TreatmentTime (November 2016 – January 2017). All
regressions control for possible refurbishments of a store. Observations are excluded if a store manager switched stores
during the treatment period. Treatment Effect thus refers to the difference-in-difference estimator. We start at <=0.3
because we only have 13 stores with <=0.2. * p<0.1, ** p<0.05, *** p<0.01.

Finally, for all four indicators that we used (mean percentile of experience proxies, and age
manager, tenure manage, and age store) we estimated treatment effects in each tercile of the
distribution of the respective experience measure. These estimates are displayed in Figure 2.
For each of the four indicators and two treatments, the point estimates are largest in the lowest
tercile and are smaller for higher values of the respective proxy.
As the Figure shows, the effect of the simple bonus essentially becomes zero in the largest
experience terciles. It also indicates that the normalized bonus may even have had a negative
effect in stores with high experience. A potential explanation for this observation is the
following: In this treatment, store managers earned a bonus only when exceeding a threshold
of sales per customer determined directly before the intervention. Hence, this scheme made it
particularly hard for store managers who had been successful in raising the key figure already
before the intervention. It is conceivable that this induced a demotivating effect as store
managers may have felt punished for past successes.31

31

Recall that store managers who received the normalized bonus considered the bonus significantly less fair than those who
received the simple bonus (see section 3.2.3).
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Figure 2: Treatment Effects by Terciles of Experience Proxies

Note: This figure displays treatment effects on sales per customer for different experience variables in different terciles with
90% confident intervals. To estimate treatment effects, we generate dummies for the different treatments and the different
terciles of the experience variable and regress sales per customer on these dummies using a fixed effects regression with
time, store, district manager and store manager fixed effects. The regression compares pre-treatment observations (January
2016 - October 2016) with the observation during the experiment TreatmentTime (November 2016 – January 2017). The
regression controls for possible refurbishments of a store. Observations are excluded if a store manager switched stores
during the treatment period.
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5 Conclusion
We report two large firm-level field experiments in a retail chain showing that individual
performance pay may not always raise performance in an economically meaningful way. We
did not find a positive average treatment effect of the performance-contingent bonus on the
incentivized key figure (sales per customer) for district managers. We then replicated this
finding for store managers. Results from surveys and interviews suggest that past activities
already had raised sales per customer to a level that had made it hard for store managers to
achieve further increases. We rationalized this conjecture in a framework in which prior
learning and habit formation can generate persistent effects of effort on performance. As we
show, in such a framework prior learning can naturally limit the performance effects of
performance pay. We then explored implications of the model in further analyses of the data
from the field experiments. Most importantly, we find that performance pay raised
performance in stores with little prior experience (i.e. young stores with young store
managers) but that treatment effects vanish with experience.
Our results thus point to a further explanation that contributes to our understanding for
the absence of performance pay in many jobs beyond the typically stated multitasking
distortions or a lack of available performance measures: Even if there are no such distortions
and clean and simple performance measures are available, prior learning and the formation of
productive habits or routines may in stable environments leave little room to raise
performance further. Bonus payments can, however, lead to performance increases in areas
where room for improvement (still) exists.
We do not claim that our results are more representative for the question of whether
performance pay raises performance than previous field experiments, but we assert that they
are not less representative. In other words, we view the results as a cautionary tale.
Performance is often driven (or constrained) by many other management practices, company
policies and regulations, or social norms of behavior. In some cases, performance pay may not
be able to affect performance to a significant extent beyond the already achieved.
A further implication is that, in order to extrapolate the effects of performance pay as
estimated in a specific study, it is important to take the prior experience of the respective
workforce into account. In lab experiments or in field experiments conducted with temporary
workers, for instance, subjects typically face novel tasks where learning curves can be steep.
Hence, these studies should rather yield upper bounds for the performance effects than what
could be expected among more experienced workers. It even seems conceivable that the large
performance effects of about 20% identified in Lazear (2000) are to some extent due to
21

Safelite’s rather inexperienced workforce. Safelite’s turnover rates were over 4.5 percent per
month and the average tenure of the workforce was only about two-thirds of a year (Lazear
2000, p. 1354).32 As our model suggests, such an environment should be a particularly fertile
ground for strong performance effects of bonus payments.
Our results also have broader implications for the design of bonus schemes in practice.
For instance, they can help to understand why firms quite frequently change incentive
schemes or the underlying key figures used to measure performance.33 Standard principal
agent models suggest that in stable environments there is an optimal set of key figures that
should be used for incentive compensation as long as the underlying technology does not
change. But if there are bounded learning curves and agents keep up acquired productive
habits and routines, it may become beneficial to vary the performance indicators used in
incentive compensation over time in order to focus employee’s attention to form new habits
on routines for tasks where there is still room for further improvement.

32

As Lazear and Shaw (2008, p. 708) document, workers at Safelite faced steep learning curves and workers at their first
month of tenure were 42% less productive than the same workers one year later.
33 For their higher-level managers, the firm we study for instance changed the key figures used for incentive compensation
every year.
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6 APPENDIX
6.1 Additional Tables Experiment I
Table A1.1: Balancing Table, Experiment I
(1)
Descriptive Statistics

(2)
Norm. Bonus District

Sales per Customer in October ‘15

12.8560
(1.5123)

0.568
(0.616)

Mean Sales per Customer '15

12.6136
(1.5138)

-0.599
(0.618)

Female District Manager (Y/N)

0.1633
(0.3734

-0.158
(0.210)

Store in City (Y/N)

0.8145
(0.2477)

-0.317
(0.443)

FTE

7.5433
(0.7056)

-0.118
(0.122)

Age of Store in Years

14.9901
(3.4515)

0.0362
(0.0254)

Store Space in m2

746.5118
(44.0471)

-0.000664
(0.00223)

N of Observations
R2
F-Statistic

49

49
0.1049
0.69 (p=0.6829)

Note: The table reports overall descriptive statistics (means and standard deviations) in column 1 and
results from an ordinary least squares regression linear probability model in column 2. The dependent
variable is a dummy variable equal to 1 if the manager is part of the treatment. * p<0.1, ** p<0.05, ***
p<0.01.
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Table A1.2: Robustness Check, Experiment I
(1)

Treatment Effect
Norm. Bonus
Time FE
District FE
District Manager FE
N of Observations
N of Districts
Within R2
Overall R2

(2)
Sales per Customer

(3)

(4)
log (Sales per
Customer)

Single
Difference

More T

Trimmed

FE

-0.0618
(0.4757)

-0.0207
(0.0475)

0.0092
(0.0458)

-0.0010
(0.0027)

Yes
No
No
147
49

Yes
Yes
Yes
1225
49
0.9389
0.1289

Yes
Yes
Yes
611
48
0.9562
0.1315

Yes
Yes
Yes
637
49
0.9595
0.1197

0.1818

Note: The table reports results from different estimations with sales per customer on the
district level as the dependent variable in column 1-3 and the log value in column 4. Column
1 reports a single difference estimation with only the treatment months included. Column 2
increases the time period of the fixed effects regression by one year. Column 3 uses trimmed
data in which every month the bottom and top 1% are dropped. Column 4 uses the log value
of sales per customer instead of the absolute. All regressions control for possible
refurbishments of a store. Robust standard errors are clustered on the district level and
displayed in parentheses. * p<0.1, ** p<0.05, *** p<0.01.
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Table A1.3: Monthly Treatment Effects,
Experiment I
(1)
Sales per
Customer

(2)
Sales per
Customer

Treatment Effect
1st Month

-0.00171
(0.0436)

-0.0205
(0.0444)

Treatment Effect
2nd Month

-0.0103
(0.0903)

-0.0291
(0.0901)

Treatment Effect
3rd Month

0.0181
(0.0384)

-0.0220
(0.0412)

Yes
Yes
No
637
49
0.9427
0.1043

Yes
Yes
Yes
637
49
0.9478
0.1186

Time FE
District FE
District Manager FE
N of Observations
N of Districts
Within R2
Overall R2

Note: The table reports results from fixed effects regressions with the sales per
customer on the district level as dependent variable. The regressions account for
time and district fixed effects and adds district manager fixed effects in column 2.
The regressions compare pre-treatment observations (January 2015-October 2015)
with the observation during the experiment (November 2015 – January 2016).
Treatment Effect thus refers to the difference-in-difference estimator. All
regressions control for possible refurbishments of a store. Robust standard errors
are clustered on the district level and displayed in parentheses. * p<0.1, **
p<0.05, *** p<0.01.
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Table A1.4: Other Dependent Variables, Experiment I

Treatment Effect
Norm. Bonus
Time FE
District FE
District
Manager
FE
N Observations
N of distircts
Within R2
Overall R2

(1)
Sales

(2)
Customers

(4)
Mystery
Shopping
0.0116
(0.142)

(5)
Ordering
Up
-0.0270
(0.122)

(6)
Ordering
Down
-0.0394
(0.0859)

(7)
Sick Days

-0.0437
(0.0393)

(3)
Inventory
Losses
-0.140
(0.103)

-0.0960
(0.0656)
Yes
Yes
Yes

Yes
Yes
Yes

Yes
Yes
Yes

Yes
Yes
Yes

Yes
Yes
Yes

Yes
Yes
Yes

Yes
Yes
Yes

637
49
0.8826
0.2262

637
49
0.8103
0.0362

637
49
0.7476
0.5191

637
49
0.0803
0.0001

637
49
0.2912
0.2202

637
49
0.6167
0.4095

637
49
0.2014
0.0654

0.164
(0.192)

Note: The table reports results from fixed effects regressions with different standardized dependent variables on the district level. Column
1 and column 2 use sales and customers as the dependent variable, respectively. Column 3 has the known product waste (opposite to the
unknown waste from, for example, theft) as the dependent variable. Column 4 uses a scoring done by mystery shoppers. Columns 5 and 6
use the percentage of upward (downward) corrections by the store managers to the ordering proposal as the dependent variable. The
dependent variable in column 7 is the average number of sick days taken by employees in a store. The regression accounts for time,
district, and district manager fixed effects. The regressions compare pre-treatment observations (January 2015-October 2015) with the
observation during the experiment (November 2015 – January 2016. All regressions control for possible refurbishments of a store.
Robust standard errors are clustered on the district level and displayed in parentheses. * p<0.1, ** p<0.05, *** p<0.01.
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6.2 Additional Tables Experiment II
Table A2.1: Balancing Table, Experiment II
(1)
Descriptive
Statistics
13.1854
(2.4626)

(1)
Simple Bonus

(2)
Norm. Bonus

0.00658
(0.0155)

-0.0107
(0.0158)

Mean Sales per
Customer ‘16

12.9382
(1.3389)

0.00687
(0.0267)

0.0136
(0.0272)

Female Store
Manager (Y/N)

0.4366
(0.4968)

-0.0835
(0.0601)

0.0141
(0.0613)

Store in City (Y/N)

0.7852
(0.4114)

-0.00623
(0.0830)

-0.0501
(0.0847)

FTE

7.5583
(1.4900)

-0.000674
(0.0196)

0.0134
(0.0200)

Age of Store in Years

14.0385
(8.3681)

-0.00343
(0.00401)

0.000444
(0.00409)

Age of Manager in
Years

38.9437
(9.6521)

-0.00502
(0.00380)

0.00450
(0.00387)

Tenure of Manager in
Years

11.1409
(8.0818)

0.00390
(0.00465)

-0.00594
(0.00474)

Store Space in m2

752.809
(106.804)

-0.000166
(0.000317)

-0.0000426
(0.000323)

Part of Exp I (Y/N)

0.5070
(0.5008)

-0.0111
(0.0568)

-0.0584
(0.0579)

284

284
0.0196
0.55 (p=0.8559)

284
0.0168
0.47 (p=0.9114)

Sales per Customer
October ‘16

Observations
R2
F-Statistic

Note: The table reports overall descriptive statistics in column 1 (means and standard
deviations) and results from an ordinary least squares regression linear probability model
in column 2&3. The dependent variable is a dummy variable equal to 1 if the manager is
part of the treatment Simple Bonus (column 2) or part of the treatment Norm. Bonus
(column 3). 0 always refers to the control group. Note that for 10 observations we do not
have date on job tenure. * p<0.1, ** p<0.05, *** p<0.01.
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Table A2.2: Robustness Check, Experiment II
(1)

(2)
Sales per Customer

(3)

(4)
log (Sales per
Customer)

Single
Difference

More T

Trimmed

FE

Treatment Effect
Norm. Bonus

-0.0352
(0.4043)

-0.0067
(0.0500)

0.0077
(0.0469)

0.0016
(0.0028)

Treatment Effect
Simple Bonus

0.2517
(0.4428)

0.0372
(0.0573)

0.0521
(0.0552)

0.0029
(0.0030)

Yes
No
No
No
882
294
50

Yes
Yes
Yes
Yes
6729
294
50
0.8081
0.0241

Yes
Yes
Yes
Yes
3370
290
50
0.8581
0.0365

Yes
Yes
Yes
Yes
3473
294
50
0.8670
0.0340

Time FE
Store FE
District Manager FE
Store Manager FE
N of Observations
N of Stores
Cluster
Within R2
Overall R2

0.0719

Note: The table reports results from different estimations with sales per customer on the store level
as the dependent variable in column 1-3 and the log value in column 4. Column 1 reports a single
difference estimation with only the treatment month included. Column 2 increases the time period
of the fixed effects regression by one year. Column 3 uses trimmed data in which every month the
bottom and top 1% are dropped. Column 4 uses the log value of sales per customer instead of the
absolute value. All regressions control for possible refurbishments of a store. Observations are
excluded if a store manager switched stores during the treatment period. Robust standard errors are
clustered on the district level and displayed in parentheses. * p<0.1, ** p<0.05, *** p<0.01.
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Table A2.3: Monthly Treatment Effects, Experiment II
(1)
Sales per
Customer

(2)
Sales per
Customer

Treatment Effect
Norm. Bonus 1st Month

-0.0138
(0.0634)

0.0048
(0.0524)

Treatment Effect
Norm. Bonus 2nd Month

-0.0184
(0.0492)

-0.0142
(0.0653)

Treatment Effect
Norm. Bonus 3rd Month

-0.0427
(0.0396)

-0.0203
(0.0466)

Treatment Effect
Simple Bonus 1st Month

0.100**
(0.0485)

0.0978*
(0.0565)

Treatment Effect
Simple Bonus 2nd Month

0.00786
(0.0468)

0.0176
(0.0842)

Treatment Effect
Simple Bonus 3rd Month

0.0166
(0.0764)

-0.0134
(0.0599)

Time FE
Store FE
District Manager FE
Store Manager FE
N Observations
N Stores
Cluster
Within R2
Overall R2

Yes
Yes
No
No
3822
294
50
0.8475
0. 0498

Yes
Yes
Yes
Yes
3473
294
50
0.8478
0. 0312

Note: The table reports results from a fixed effects regression with the sales per
customer on the store level as the dependent variable. The regression accounts
for time and district fixed effects and adds district manager fixed effects in
column 2. The regressions compare pre-treatment observations (January 2016October 2016) with the observation during the experiment (November 2016 –
January 2017). Treatment Effect thus refers to the difference-in-difference
estimator. All regressions control for possible refurbishments of a store.
Observations are excluded if a store manager switched stores during the
treatment period. Robust standard errors are clustered on the district level of the
treatment start and displayed in parentheses. * p<0.1, ** p<0.05, *** p<0.01.
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Table A2.4: Other Dependent Variables, Experiment II
(1)
Sales

(2)
Customers

Treatment Effect
Norm. Bonus

0.0280
(0.0435)

Treatment Effect
Simple Bonus
Time FE
Store FE
District Manager FE
Store Manager FE
N Observations
N Stores
N Cluster
Within R2
Overall R2

(4)
Mystery
Shopping
-0.0652
(0.0839)

(5)
Ordering
Up
-0.0102
(0.0765)

(6)
Ordering
Down
0.0097
(0.0709)

(7)
Sick Days

0.0090
(0.0333)

(3)
Inventory
Losses
-0.0385
(0.0616)

-0.0001
(0.0407)

-0.0080
(0.0311)

0.0615
(0.0676)

-0.0078
(0.1056)

0.0227
(0.0808)

0.0054
(0.0724)

-0.0244
(0.1053)

Yes
Yes
Yes
Yes
3473
294
50
0.6175
0.0566

Yes
Yes
Yes
Yes
3473
294
50
0.5537
0.0040

Yes
Yes
Yes
Yes
3473
294
50
0.4965
0.2351

Yes
Yes
Yes
Yes
3472
294
50
0.0407
0.0098

Yes
Yes
Yes
Yes
3473
294
50
0.1788
0.0114

Yes
Yes
Yes
Yes
3473
294
50
0.2719
0.0749

Yes
Yes
Yes
Yes
3473
294
50
0.0660
0.0008

0.0317
(0.1320)

Note: The table reports results from fixed effects regressions with different standardized dependent variables on the store level. Column 1
and column 2 use sales and customers as the dependent variable, respectively. Column 3 has the known product waste (opposite to the
unknown waste from, for example, theft) as the dependent variable. Column 4 uses a scoring done by mystery shoppers. Columns 5 and 6
use the percentage of upward (downward) corrections by the store managers to the ordering proposal as the dependent variable. The
dependent variable in column 7 is the average number of sick days taken by employees in a store. The regression accounts for time, district,
and district manager fixed effects. The regressions compare pre-treatment observations (January 2016 - October 2016) with the observation
during the experiment (November 2016 – January 2017). All regressions control for possible refurbishments of a store. Observations are
excluded if a store manager switched stores during the treatment period. Robust standard errors are clustered on the district level and
displayed in parentheses. * p<0.1, ** p<0.05, *** p<0.01.
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Table A2.5: Quantitative Questionnaire, Experiment II
(1)
Control

(2)
Simple
Bonus
2.86
(1.74)

(3)
Norm.
Bonus
3.87
(1.68)

2.65
(1.65)

3.34
(1.7)

1.95
(0.82)

2.5
(1.43)

The bonus formula insures me against
exogenous shocks.

3.28
(1.18)

3.84
(1.33)

-0.563**

The bonus depends on things I cannot
influence.

2.88
(1.45)

2.34
(1.44)

0.542*

The size of the bonus was ok.

2.7
(1.5)

3.16
(1.37)

-0.460

I understood the bonus formula

2.07
(1.33)

3.55
(1.74)

-1.483***

The bonus formula was complicated.

4.56
(1.75)

2.79
(1.49)

1.769***

The bonus formula was fair.
The bonus motivated me to raise my average
receipt.
I tried to raise my average receipt in the
previous months.

2.39
(1.45)

(4)
Difference
(1)-(2)

(5)
Difference
(1)-(3)

(6)
Difference
(2)-(3)
-1.001***
-0.691*

0.438*

-0.109

-0.547**

The average receipt can be influenced by store
managers.

2.78
(1.36)

3.23
(1.25)

3.47
(1.29)

-0.450

-0.691**

-0.241

The average receipt can be influenced by
district managers.

3.61
(1.48)

4.05
(1.38)

3.87
(1.34)

-0.438

-0.260

0.178

A store with an initially high average receipt
can more easily influence the average receipt.

3.65
(1.62)

4.44
(1.26)

4.47
(1.29)

-0.790**

-0.822**

-0.032

A store with an initially low average receipt can
more easily influence the average receipt.

2.65
(1.29)

3
(1.69)

3.05
(1.69)

-0.348

-0.400

-0.053

I know how to influence the average receipt.

2.39
(1.45)

2.12
(1.12)

2.32
(1.21)

0.275

0.076

-0.200

3.23
(1.63)

3.47
(1.45)

43

38

My district manager leaves me room to
influence the average receipt.
N Observations

53

-0.241

Note: The table reports means and standard deviations from the post-experimental questionnaire of experiment II. The questionnaire asked
store managers to evaluate the statement on a scale from 1 (completely agree) to 6 (completely disagree). Column 4-6 report differences
between treatment groups and statistical significance using a t-test. * p<0.1, ** p<0.05, *** p<0.01.
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6.3 Prior Learning
Table A3.1: Robustness Check, Prior Learning, Experience Proxy
(1)

(2)
(3)
Sales per Customer

(4)

(5)
log (Sales per
Customer)

Single
Difference

More T

Trimmed
Sales per
Customer

Trimmed
Experience
Proxy

FE

Treatment Effect
Norm. Bonus

1.582
(1.064)

0.302**
(0.133)

0.238*
(0.131)

0.299**
(0.139)

0.0163**
(0.00810)

Treatment Effect
Norm. Bonus x
Experience Proxy

-3.092
(1.919)

-0.590**
(0.237)

-0.437*
(0.232)

-0.590**
(0.241)

-0.0277**
(0.0132)

Treatment Effect
Simple Bonus

2.034**
(0.991)

0.331**
(0.124)

0.231*
(0.127)

0.332**
(0.136)

0.0117
(0.00767)

Treatment Effect
Simple Bonus x
Experience Proxy

-3.299*
(1.864)

-0.570**
(0.227)

-0.343
(0.211)

-0.577**
(0.244)

-0.0173
(0.0120)

Yes
No
No
No
852
284
50

Yes
Yes
Yes
Yes
6526
284
50
0.8088
0.0274

Yes
Yes
Yes
Yes
3275
280
50
0.8584
0.0465

Yes
Yes
Yes
Yes
3315
278
50
0.8486
0.0388

Yes
Yes
Yes
Yes
3378
284
50
0.8669
0.0349

Time FE
Store FE
District Manager FE
Store Manager FE
N of Observations
N of Stores
Cluster
Within R2
Overall R2

0.083

Note: The table reports results from different estimations with sales per customer on the store level as the dependent
variable in column 1-4 and the log value in column 5. Column 1 reports a single difference estimation with only the
treatment month included. Column 2 increases the time period of the fixed effects regression by one year. Column 3
uses trimmed data in which every month the bottom and top 1% of sales per customer are dropped. Column 4 uses
trimmed data in which every month the bottom and top 1% of the experience proxy are dropped. Column 5 uses the log
value of sales per customer instead of the absolute value. All regressions control for possible refurbishments of a store.
Observations are excluded if a store manager switched stores during the treatment period. Robust standard errors are
clustered on the district level and displayed in parentheses. * p<0.1, ** p<0.05, *** p<0.01.
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Table A3.2: Heterogeneous Effects for Position on Learning Curve –
Separate Experience Variables
(1)
Sales per Customer

(2)
Sales per Customer

Treatment Effect
Norm. Bonus

0.258*
(0.129)

0.312**
(0.139)

Treatment Effect
Norm. Bonus x Perc. Tenure Manager

-0.252
(0.174)

-0.263
(0.179)

Treatment Effect
Norm. Bonus x Perc. Age Store

-0.141
(0.172)

-0.133
(0.190)

Treatment Effect
Norm. Bonus x Perc. Age Manager

-0.130
(0.168)

-0.210
(0.155)

Treatment Effect
Simple Bonus

0.224*
(0.130)

0.282*
(0.143)

Treatment Effect
Simple Bonus x Perc. Tenure Manager

-0.0930
(0.156)

-0.153
(0.152)

Treatment Effect
Simple Bonus x Perc. Age Store

-0.148
(0.142)

-0.136
(0.174)

Treatment Effect
Simple Bonus x Perc. Age Manager

-0.150
(0.153)

-0.205
(0.144)

Time FE x Percentile
Time FE
Store FE
District Manager FE
Store Manager FE
Observations
N of Stores
Within R2
Overall R2

Yes
Yes
Yes
No
No
3692
284
0.8513
0.0485

Yes
Yes
Yes
Yes
Yes
3378
284
0.8531
0.0360

Note: The table reports results from a fixed effects regression with sales per customer on the store
level as the dependent variable. The regression accounts for time and store fixed effects in column 1
and adds district manager and store manager fixed effects in column 2. The regressions compare pretreatment observations (January 2016 - October 2016) with the observation during the experiment
TreatmentTime (November 2016 – January 2017). All regressions control for possible refurbishments
of a store. Observations are excluded if a store manager switched stores during the treatment period.
Treatment Effect thus refers to the difference-in-difference estimator. Perc. refers to the percentile of a
store’s age, manager’s tenure, and manager’s age of the respective manager/store. The regressions
interact all time variables with store’s age, manager’s tenure, and manager’s age. Robust standard
errors are clustered on the district level of the treatment start and displayed in parentheses. * p<0.1, **
p<0.05, *** p<0.01.
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6.4 Instructions (for online Appendix)
6.4.1 Instructions Experiment I
Initial email to district managers in the bonus group (sent by regional manager)
Subject: Bonus “Average Receipt”
Dear Mr. XXX,
In the next three months, you can earn an additional bonus for increasing the average receipt
in your district. For this, the monthly change of the average receipt in your district will be
measured and you will be paid a bonus depending on this increase. The bonus will be
calculated immediately after the end of a month and will be paid out to you at the beginning
of the following month.
All district managers in the XXX region will receive an additional bonus in the time to come.
However, due to administrative and evaluation-related reasons, the bonus will be paid out at
two different points of time and will relate to two different performance measures. The two
groups for this were randomly drawn according to a statistical method.
You are part of the first group and your three months bonus period starts on November 2nd,
2015. Therefore, we ask you to pay special attention to increasing the average receipt in the
next months. Accordingly, the first bonus payment rewards an increase of the average receipt
in the month November. Please consider the attached document for a more detailed
explanation.

With kind regards
(Regional Manager)

Initial email to district managers in the control group (sent by regional manager)
Subject: Bonus “Average Receipt”
Dear Mr. XXX,
All district managers in the XXX region receive an additional bonus in the time to come. Due
to administrative and evaluation-related reasons, the bonus period commences at two different
points of time. The two groups for this were randomly drawn according to a statistical
method. For fairness, the objective to increase the performance measure relates to two
different performance measures. For the first group, the average receipt is relevant. The

37

second group will learn its performance measure and its objective shortly before the
beginning of the bonus period in the next year.
You are part of the second group and your bonus period starts next year. You will be
informed about the exact period and the relevant performance measure at the beginning of the
bonus period that is relevant to you.

With kind regards
(Regional Manager)

-----------------------------------------------------------------------------------------------------------------

Attached Document to Email by Regional Manager

Initiative to Increase the Average Receipt

The average receipt is an essential driver of success for XXX. The aim of this initiative,
which we are only conducting with half of the districts in your region due to administrative
and evaluation-related reasons, is to increase the average receipt. The participating districts
were randomly selected according to a statistical method.
Your district was selected. Therefore, we ask you to pay special attention to increasing the
average receipt in the next months. Your success will be reported to you according to a
performance measure on a monthly basis.
In the following month, you will receive this performance measure as a pay-out in
Euros. The money will be credited to your employee card.

Calculation of performance measure average receipt
As of November 2nd, 2015, and until January 2016, you will receive monthly information
regarding the increase of your average receipt. The performance measure depends on how the
average receipt of your relevant stores34 develops compared to the average receipt of the
nation. I.e. the basis of calculation is:
Increase versus nation =

34

Relevant for the calculation are regular stores whose average receipt is not distorted by refurbishments.
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%-increase average receipt in the past month versus previous year (district)
– %- increase average receipt in the past month versus previous year (nation).

The increase is compared to a base value. The base value results from the comparison of the
first three quarters of this year versus the first three quarters of the previous year.
Base value =
%-increase months 1-9 versus previous year (district)
– %-increase months 1-9 versus previous year (nation).

Hence, the base value stays the same for each month in which you receive information.
The performance measure is the difference between the increase versus nation and the base
value. Therefore, it shows how your average receipt developed compared to the nation and the
first months of the year.
Performance measure = (Increase versus nation – base value)*100
From this results a bonus pay-out of "€ performance measure"
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6.4.2 Monthly Notifications Experiment I
Initiative to increase the average receipt
Monthly communication performance measure:

Dear Mr. XXX,
The first month of the project "Increase of Average Receipt" is now over. Listed below, you
can find a summary of your average receipt figures.
Summary of your average receipt:
Increase versus nation
•
•

Your average receipt in the last month was: XXX (X% increase versus previous
year)
The average receipt of the nation was XXX (X% increase versus previous year)

From this results an increase versus nation = %-increase receipt in the current month versus
previous year (district)
– %-increase receipt in the current month versus
previous year (nation)
= XXX
Constant base value
•
•

Your average receipt from January to September this year was: XXX (X%
increase versus previous year)
The average receipt of the nation from January to September this year was XXX
(X% increase versus previous year)

From this results a base value = %-increase months 1-9 versus previous year (district)
– %-increase months 1-9 versus previous year (nation)
= XXX
The resulting performance measure is: (Performance measure – constant base value) *
100 = XXX
Hence, we will credit € XXX to your employee card as soon as possible.
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6.4.3 Instructions Experiment II
Initial letter to store managers in the bonus group (sent by regional manager)
Subject: Bonus “Average Receipt”
Dear XXX,
In the next three months, you can earn an additional bonus for increasing the average receipt
in your store. For this, the monthly change of the average receipt in your store will be
measured and you will receive a bonus depending on this increase. The bonus will be
calculated immediately after the end of a month and will be paid out to you as part of the
following payroll.
All store managers in the XXX region will receive an additional bonus in the time to come.
However, due to administrative and evaluation-related reasons, the bonus will be paid out at
two different points of time and might possibly relate to two different performance measures.
The groups for this were randomly drawn according to a statistical method.
You are part of the first group and your three months bonus period starts on November 1st,
2016. Therefore, we ask you to pay special attention to increasing the average receipt in the
next months. Accordingly, the first bonus payment rewards an increase of the average receipt
in the month November. Please consider the attached document for a more detailed
explanation.

With kind regards
(Regional Manager)

-----------------------------------------------------------------------------------------------------------------

Initial letter to store managers in the control group (sent by regional manager)
Subject: Bonus “Average Receipt”
Dear Mr. XXX,
All store managers in the XXX region receive an additional bonus in the time to come. Due to
administrative and evaluation-related reasons, the bonus commences at two different points of
time. The groups for this were randomly drawn according to a statistical method. For fairness,
the objective to increase the performance measure might possibly relate to two different
performance measures. For the first group, the average receipt is relevant. The second group
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will learn about its performance measure shortly before the commencing bonus period in the
next year.
You are part of the second group and your bonus period starts next year. You will be
informed about the exact period and the relevant performance measure in the beginning of the
bonus period that is relevant for you.
With kind regards
(Regional Manager)

-----------------------------------------------------------------------------------------------------------------

Attached Document to Letter by Regional Manager (normalized bonus)

Initiative to Increase the Average Receipt
The average receipt is an essential driver of success for XXX. The aim of this initiative,
which we are only conducting with two thirds of the store managers in your region due to
administrative and evaluation-related reasons, is to increase the average receipt. The
participating stores were randomly selected according to a statistical method.
Your store was selected. Therefore, we ask you to pay special attention to increasing the
average receipt in the next months. Your success will be reported to you on a monthly basis
according to a performance measure.
In the following month, you will receive this performance measure as a pay-out in Euros
(capped upwards at € 375). The money will be credited to you as part of your payroll.

Calculation of performance measure average receipt
As of November 1st, 2016, and until January 31st, 2017, you will receive monthly information
regarding the increase of your average receipt. The performance measure depends on how the
average receipt of your store develops compared to the average receipt of the nation. I.e. the
basis of calculation is:
Increase versus nation =
%-increase average receipt in the past month versus previous year (store)
– %-increase average receipt in the past month versus previous year (nation).
The increase is compared to a base value. The base value results from the comparison of the
development in the first three quarters of this year versus the development in the first three
quarters of the previous year.
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Base value =
%-increase months 1-9 versus previous year (store)
– %-increase months 1-9 versus previous year (nation).
Hence, the base value stays the same for each month in which you receive information.
The performance measure is the difference between the increase versus nation and the base
value. Therefore, it shows how your average receipt developed compared to the nation and the
first months of the year.
Performance measure = (Increase versus nation – base value) * € 125
From this results a bonus pay-out of "€ performance measure"
Fictitious example for normalized bonus

Increase versus nation
Group

Avg.Receipt
November 2016

Avg.Receipt
November 2015

Increase in
%
versus
prev. year

Store manager 1

13.78

13.51

2%

Nation

10.84

10.81

0.3%

Increase in % versus
nation

2% - 0.3% = 1.7%

Base value
Group

Avg.Receipt
cum. until Sept.
2016

Avg.Receipt
cum. until Sept.
2015

Increase in
%
versus
prev. year

Increase in % versus
nation

2.4% - 2.7% = - 0.3%

Store manager 1

12.81

12.51

2.4%

Nation

10.28

10.01

2.7%

Performance measure SM1 = ( 1.7% - (- 0.3%) ) * 125 = 2 * 125 = 250
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Performance measure in € = € 250

-----------------------------------------------------------------------------------------------------------------

Attached Document to Letter by Regional Manager (simple bonus)

Initiative to Increase the Average Receipt
The average receipt is an essential driver of success for XXX. The aim of this initiative,
which we are only conducting with two thirds of the store managers in your region due to
administrative and evaluation-related reasons, is to increase the average receipt. The
participating stores were randomly selected according to a statistical method.
Your store was selected. Therefore, we ask you to pay special attention to increasing the
average receipt in the next months. Your success will be reported to you on a monthly basis
according to a performance measure.

In the following month, you will receive this performance measure as a pay-out in Euros
(capped upwards at € 375). The money will be credited to you as part of your payroll.

Calculation of performance measure average receipt
As of November 1st, 2016, and until January 31st, 2017, you will receive monthly information
regarding the increase of your average receipt. The performance measure depends on how the
average receipt of your store develops compared to the previous year. I.e. the basis of
calculation is:
%-Increase average receipt in the past month versus previous year (store)

The performance measure is exactly this increase.

Performance measure = %-Increase versus previous year * € 125
From this results a bonus pay-out of "€ performance measure"
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Fictitious example for simple bonus

Increase
Group

Store manager 1

Avg.Receipt
November 2016

13.78

Avg.Receipt
November 2015

13.51

Performance measure SM1 = 2% * 125 = 250
Performance measure in € = € 250
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Increase in %
versus
prev.
year
2%

6.4.4 Monthly Notifications Experiment II
Normalized Bonus
Initiative to increase the average receipt
Monthly communication performance measure:

Dear Mr. XXX,
The first month of the project "Increase of Average Receipt" is now over. Listed below, you
can find a summary of your average receipt figures.
Summary of your average receipt:
Increase versus nation
•
•

Your average receipt in the last month was: XXX (X% increase versus previous
year)
The average receipt of the nation was XXX (X% increase versus previous year)

From this results an increase versus nation = %-increase receipt in the current month versus
previous year (store)
– %-increase receipt in the current month versus
previous year (nation)
= XXX
Constant base value
•
•

Your average receipt from January to September this year was: XXX (X%
increase versus previous year)
The average receipt of the nation from January to September this year was XXX
(X% increase versus previous year)

From this results a base value = %-increase months 1-9 versus previous year (store)
– %-increase months 1-9 versus previous year (nation)
= XXX
The resulting performance measure is: (Performance measure – constant base value) *
125 = XXX
Hence, we will credit € XXX as part of your next payroll as soon as possible.

-----------------------------------------------------------------------------------------------------------------

Simple Bonus
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Initiative to increase the average receipt
Monthly communication performance measure:

Dear Mr. XXX,
The first month of the project "Increase of Average Receipt" is now over. Listed below, you
can find a summary of your average receipt figures.
Summary of your average receipt:
Increase compared to previous year
•

Your average receipt in the last month was: XXX (X% increase versus previous
year)

The resulting performance measure is: (Increase compared to previous year) * 125 =
XXX
Hence, we will credit € XXX as part of your next payroll as soon as possible.
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