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Introduction

Firm performance depends heavily on the motivation of people. However, people differ
in what motivates them. A large literature in economics, management and management
accounting investigates the effect of management practices on performance as well as
other outcomes such as turnover or employee perceptions (See for example Bloom and
Van Reenen (2011) for an overview), also showing heterogeneity in the responses of
employees to management practices based on individual characteristics, e.g. based on
gender (Delfgaauw et al., 2013; Gneezy et al., 2003; Niederle and Vesterlund, 2007),
social preferences (Bandiera et al., 2005) or personality (Donato et al., 2017).

To motivate their employees more effectively, firms could thus individualize their
management practices. There are primarily two approaches: 1) A company can assign
management practices to employees based on individual characteristics e.g. by using
AI methods (centralized approach), 2) a company can provide more discretion to
their managers/employees such that they can use their local knowledge (decentralized
approach). This dissertation sheds light on both approaches making use of various
empirical methods and data sources. One of the three chapters is based on an extensive
proprietary firm dataset. This data is combined with self-collected survey data as well
as a field experiment. Another chapter is based on two large-scale online experiments
on Amazon MTurk. The third chapter uses data from a field experiment in collaboration
with a company.

Chapter 11 investigates the centralized approach in individualizing a management
practice. We investigate the merit of using recently advanced methods combining
machine learning algorithms and causal inference for targeted assignment of incentives.
Running two large-scale experiments with gig workers, we could show that a machine
learning algorithm can detect heterogeneity in worker reactions to different incentive
schemes. In a second step, we show that targeted algorithmic assignment of incentive
schemes based on observable worker characteristics increases performance significantly
in comparison to assigning all workers to the single best incentive scheme. In a third step,
we show that the quality of the algorithmic assignment depends on how reliably the
characteristics are measured. Thus, we demonstrate that using a centralized approach
to individualize monetary incentives can be beneficial for companies by increasing
employee motivation. However, it is important to consider issues such as data privacy
preferences, fairness concerns and potential for manipulation.

1This chapter is based on Opitz et al. (2024). Please find the description of my contribution to this
co-authored paper at the beginning of the chapter.
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In Chapter 22, I examine the decentralized approach in the context of a specific
monetary incentive system. In this study, my coauthors and I explore how managers
make use of discretion in management practices. We focus on bonus assignments
and employee outcomes within a bonus system where managers have discretion over
the timing of bonuses, rather than making annual or biannual bonus decisions. A
key assumption of these so-called spot bonus systems is that timely bonuses provide
employees with more recognition for their work compared to delayed bonuses. We
investigate the use of this widespread tool by analyzing extensive personnel records
and linked survey data from a large multinational company. Our results reveal that
managers award most bonuses at the end of the budget year, despite the system’s
intention to reward employees promptly. Analyses using the historical firm data, a field
experiment, and an additional expert survey indicate that this practice aligns with the
predictions of a Bayesian learning model, which suggests that managers need time to
gather information to accurately assess performance signals. Thus, the postponement
of bonus assignments may be rational from the managers’ perspective. However, we
find that employees report significantly higher levels of perceived recognition when
they receive a bonus earlier in the year, suggesting that this rational behavior might be
suboptimal for the company. We propose several strategies for companies that wish to
retain a discretionary approach while still promoting timely bonuses.

Chapter 33 presents evidence on the individualization of a management practice
that differs from monetary incentives. In this single-authored project, I investigate
how highlighting flexibility options—such as working from home or flexible work
hours—in job ads posted on social media platforms influences the number of applicants
for various jobs. By conducting a field experiment in collaboration with a recruiting
service provider, using 176 job ads from over 40 different companies, I examine the
average treatment effect across industries and other job characteristics, as well as how
the effect size depends on specific job characteristics. My results show that highlighting
either working from home or flexible work hours significantly increases the number
of applications compared to not highlighting any job characteristics. Additionally, I
provide initial evidence of heterogeneity in the impact of highlighting working from
home, depending on job characteristics. However, I find no evidence that emphasizing
flexible work options is detrimental for jobs with any specific characteristics. Therefore,
while highlighting existing flexible work options appears beneficial for all companies
aiming to increase the number of applicants, the effectiveness may vary depending on
certain aspects of the job.

2This chapter is based on Block et al. (2024). Please find the description of my contribution to this
co-authored paper at the beginning of the chapter.

3This chapter is based on Opitz (2024). The paper is single-authored.
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Taken together, the studies presented in this dissertation provide insights in the
effectiveness of two approaches firms can use to individualize management practices:
centrally targeting management practices or providing managers with discretion. As
more and more data as well as advanced methods become available, firms become less
dependent on the latter approach. However, to investigate and compare the relative
merits of both approaches in other contexts will be a task for future research.

3
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1 The Algorithmic Assignment of Incentive Schemes

Abstract

The assignment of individuals with different observable characteristics to different
treatments is a central question in designing optimal policies. We study this
question in the context of increasing workers’ performance via targeted incentives,
using machine learning algorithms with worker demographics, personality traits,
and preferences as input. Running two large-scale experiments we show that (i)
performance can be predicted by accurately measured worker characteristics, (ii)
a machine learning algorithm can detect heterogeneity in responses to different
schemes, (iii) a targeted assignment of schemes to individuals increases performance
significantly above the level of the single best scheme, and (iv) algorithmic assignment
is more effective for workers who have a high likelihood to repeatedly interact with
the employer, or who provide more consistent survey answers.

This chapter is published as: Opitz, S., Sliwka, D., Vogelsang, T., & Zimmermann,
T. (2024). The algorithmic assignment of incentive schemes. Management Science,
71(2),1546–1563. ISSN: 1526-5501 (Online); ISSN: 0025-1909 (Print)

The paper is coauthored with Prof. Dr. Dirk Sliwka, Prof. Dr. Timo Vogelsang and
Prof. Tom Zimmermann, PhD. In this paper, I contributed significantly to various stages
of the research process. Together with my co-authors, I was involved in the development
of the core ideas, which were initially based on the notion proposed by Prof. Dr. Dirk
Sliwka. I was responsible for programming, testing, and conducting the experiment on
MTurk. Additionally, I programmed and implemented the algorithm in collaboration
with my co-authors, particularly Prof. Tom Zimmermann, PhD. Additionally, I took
primary responsibility for the data analysis and the preparation of the tables. While
the writing of the paper was a joint effort, my main contributions were in the design,
experimental procedure, and the method part. Furthermore, I played a leading role in
revising the paper following the reviewers’ feedback, once again focusing on the data
analysis.
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2 Discretion over Bonus Timing

Abstract

We study bonus assignments by managers who have discretion over bonus timing,
analyzing extensive personnel records and linked survey data from a multinational
firm. We find that – even though the bonus system is intended to provide timely
rewards – managers award most bonuses at the end of a year. As predicted by a
rational Bayesian learning model, we find supportive evidence for an information
acquisition channel according to which managers delay bonuses because they want
to gather more information to assess performance signals correctly. However, our
survey results also reveal that employees who receive bonuses earlier in the year
perceive a stronger recognition compared to those receiving late bonuses. Thus,
the bonus delay – while potentially rational for the managers aiming at allocating
bonuses to the most deserving employees – may therefore not be optimal from a
company’s perspective.

This chapter is based on the working paper published as Block et al. (2024)4. Minor
revisions have been made to fit the format of this thesis. The paper is coauthored with
Dr. Sidney Block, Prof. Dr. Dirk Sliwka and Prof. Dr. Timo Vogelsang. For this paper,
my contributions were primarily focused on data preparation, analysis, the planning and
conducting of the field experiment, and restructuring the paper. While the initial contact
with the company was established and the survey with employees and supervisors in
2020 was planned and conducted by my co-authors, and the theoretical model was
developed by Prof. Dr. Dirk Sliwka, I was primarily responsible for processing the
administrative data provided by the partner company. The initial data analysis was done
mainly in collaboration with Dr. Sidney Block, while the planning and conducting of
the field experiment was a joint effort. Following feedback from a journal, we undertook
a complete revision of the paper, which involved a new focus, the integration of new
data, and additional analyses, without further involvement from Dr. Sidney Block. I
also programmed the expert survey and planned and conducted the expert interview. I
led the data analysis and prepared the tables. Finally, I worked closely with Prof. Dr.
Timo Vogelsang and Prof. Dr. Dirk Sliwka in rewriting the paper.

4The company survey and the field experiment were approved by the study firm’s works council
and an IRB board. The expert survey was also approved by an IRB board. We pre-registered the field
experiment on socialscienceregistry.org with the ID AEARCTR-0007891.
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2.1 Introduction

We study the role of time in the assignment of discretionary bonuses. In recent
years, many firms have granted managers autonomy to determine the timing of bonus
payments, thereby adding a new layer of discretion to traditional discretionary bonus
systems studied in prior literature (e.g., Abernethy et al., 2020; Baiman and Rajan,
1995; Bol et al., 2015; Cai et al., 2023; Gibbs et al., 2004; Höppe and Moers, 2011). In
these so-called spot bonus systems, managers have to decide, within a given period
and budget, not only who should receive a bonus and the respective bonus amount
but also on when to award a bonus to an employee. In this paper, we conceptualize
managers’ choice of timing of such bonuses by developing an analytical model of bonus
assignments and we provide empirical evidence from archival data, employee- and
expert surveys, and a field experiment5.

Spot bonuses are monetary payments that can be paid to an employee at any point in
time to reward outstanding performance outcomes in a timely manner. Frequently, firms
setting up a spot bonus system assign a budget6 that can be used for the bonuses in a
given year. Spot bonuses can then be awarded at any point in time throughout the year
typically based on the respective supervisor’s suggestion. Managers are then explicitly
asked to reward excellent contributions at the point in time when they have been
provided.7 These systems have become quite common in many countries (Das, 2020;
PayScale, 2021; WorldAtWork, 2014). Analyzing a representative survey on German
companies, we, for instance, document that about 56% of firms with more than 500
employees state to have such a bonus system in place.

Managers deciding on bonus timing face an intertemporal decision problem. To study
their bonus timing, we develop a rational Bayesian learning model where managers aim
at tying bonuses to the most deserving performance outcomes. As they receive noisy
performance information, managers have to rationally update their beliefs on actual
performance and allocate bonuses accordingly being aware of a limited budget. The
model illustrates a rational information acquisition mechanism that leads to a tendency to
delay bonus payments whenever two conditions are met: (i) performance assessments
are noisy and (ii) employees differ in their underlying abilities. We show that even

5The survey and the field experiment were approved by the study firm’s works council and an IRB
board.

6Alternatively, firms provide certain guidelines on how many employees should receive a bonus
within a year, e.g. top 30%.

7UC-Berkeley (2024), for instance, states on its website: "Spot Awards are designed to recognize
special contributions, as they occur, for a specific project or task". In some firms, spot bonuses can also be
based on coworker nominations or can be awarded to teams. PayPal (2024) states: "Recognition Awards
(Spot Awards): A Spot Award is a one-time award that managers may give to individuals (or teams) for
outstanding work. [...] If you want to nominate someone on your team or another, talk to your manager
or another manager [...]".
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when performance is distributed evenly over the year, more bonuses are awarded later
in time in this case. The reason is that rational managers’ ability to discern truly high
performance from mere noise is increasing with the accumulated evidence from earlier
periods.

Drawing on an extensive proprietary data set of personnel records from a large
multinational firm with more than 10,000 employees and 2,000 managers, we find that
the share of employees receiving a bonus is indeed increasing over time within each
budget period. In fact, managers award the majority of bonuses at the very end of the
budget period.

We also discuss potential alternative mechanisms beyond the information acquisition
motive. For instance, managers may engage in precautionary savings early in the budget
period because they are uncertain about the necessity of future bonuses, thereby
accumulating funds early in the budget period to be spent later (Balakrishnan et al.,
2007; Liebman and Mahoney, 2017; Zimmerman, 1976). Or, managers may simply
pay too little attention (e.g., Birnberg and Shields, 1984; Bordalo et al., 2022) to bonus
assignments during the budget period, which makes bonus assignment an urgent matter
only when the budget is about to expire (inattention).

By further testing the predictions of our model, running a survey among 23 com-
pensation experts from larger companies, and implementing a field experiment within
our study firm, we provide evidence for information acquisition as a key motive to delay
bonus payments. For instance, when being asked to rate 10 different mechanisms
potentially driving bonus delay, the surveyed experts rate information acquisition as the
most prominent motive. Moreover, we show that spot bonus sizes are larger earlier in the
year which appears hard to reconcile with a predominant precautionary savings motive.
Finally, in our field experiment, randomly selected managers were explicitly reminded
about the firm’s goal to allocate early bonuses and the anticipated advantages of doing
so. We find no evidence that managers adjust their awarding behavior, suggesting that
inattention is not a key driver of delayed bonus payments.

While we show that managers may rationally want to delay bonuses when aiming at
rewarding the most deserving performance, it is, however, unclear whether this is also an
optimal policy from the firm’s perspective if the aim is to provide employee recognition
in a timely manner. After all, this provision of timely recognition is often a key motive for
introducing discretion over bonus timing and prior research in organizational behavior
indeed documents benefits of immediate as opposed to delayed feedback (e.g., Berger
and Ludwig, 2007; Dihoff et al., 2004; Mason and Redmon, 1993; Northcraft et al., 2011;
Reid and Parsons, 1996).

8



To investigate this tension, we study whether and how the timing of bonus assignments
is associated with employee attitudes. Specifically, we combine personnel records with
large-scale survey data to investigate whether early (and thus, on average, more
timely) rewards are linked to employees’ perceived recognition, job satisfaction, and
engagement.8 Our key observation here is that employees report a significantly higher
level of recognition if they receive bonuses during rather than at the end of the year. This
finding appears well in line with findings in organizational behavior research, which has
rather consistently shown beneficial effects of immediate as opposed to delayed feedback
(Berger and Ludwig, 2007; Dihoff et al., 2004; Mason and Redmon, 1993; Northcraft et al.,
2011; Reid and Parsons, 1996). However, it shows a tension between managers’ rational
motives to delay bonuses when they want to reward the most deserving performance
events and the (valuable) aim to provide recognition in a timely manner. We discuss
potential implications of this tension.

Our paper contributes to the nascent literature investigating how time matters in
employee compensation and performance management. We develop a formal theoretical
model that illustrates how the aim to rationally use collected information affects bonus
timing and tests its propositions. We thereby broaden the existing literature by examining
how managers use their discretion over bonus timing, and give first insights into the
relationship between bonus timing and employee attitudes. Existing literature on
time and bonuses, for instance, studied bonuses paid as time-off rather than in money
(Vogelsang, 2024), and the role of deterministic bonus timing (Boosey and Goerg, 2020).
Moreover, as spot bonuses are explicitly used to combine positive performance feedback
with tangible rewards in order to provide recognition the paper is also related to the
recent accounting literature on the optimal frequency and timing of feedback (e.g.,
Casas-Arce et al., 2017; Hecht et al., 2020; Holderness Jr et al., 2020; Waddoups, 2022).9

In addition, our work relates to the literature on the dynamics of spending patterns
when there are fixed budgets (Pollack and Zeckhauser, 1996; Siemroth, 2022; Zimmerman,
1976). In the context of government organizations, this work, for instance, documents
spending spikes at the end of the budget period (e.g., Balakrishnan et al., 2007; Baumann,
2019; Eichenauer, 2020; Fitzenberger et al., 2016; Liebman and Mahoney, 2017). We show
that similar patterns occur when managers have discretion over timing in spending
bonus budgets. Moreover, while this literature typically stresses a precautionary savings
motive as key reason for delayed payouts (i.e. decision makers postpone payments
due to the uncertainty about potentially more deserving later cases), we formalize and

8Previous research documents a positive relationship between receiving rewards and various employee
attitudes (e.g., Green and Heywood, 2008; Kulikowski, 2018; Pouliakas, 2010) as well as positive effects of
recognition on performance (e.g., Burke et al., 2017; Lourenço, 2016).

9This literature rather consistently documents drawbacks of too frequent feedback. Together with the
above cited findings on the benefits of immediate as opposed to delayed feedback these findings thus
appear to support the use of spot bonuses to provide both infrequent but immediate positive feedback for
outstanding performance.
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test an information acquisition mechanism, which appears particularly important in the
context of spot bonuses: The more time has elapsed in a given budget period, the more
information can be collected on a specific employee’s performance, which makes it easier
to build a case warranting a bonus payout later in the budget period. To understand
the key difference, note that the budgeting literature typically considers settings where
different and independent cases come up sequentially and the decision maker has to decide
whether to spend money on the case at hand or wait. In our context a decision maker
continuously tracks a given set of employees and thus the performance of an employee
in earlier periods is informative for the assessment of later periods. As we show in our
formal model this leads to a motive to delay even when future payouts are perfectly
predictable and decision makers are risk neutral.

We also contribute to a rich literature in accounting, psychology, and economics which
has studied the role of managerial discretion in subjective performance evaluations (e.g.,
Bol, 2011; Bol and Smith, 2011; Grabner et al., 2020; Kusterer and Sliwka, 2024; Maas
et al., 2012; Manthei and Sliwka, 2019; Moers, 2005; Woods, 2012) and the allocation
of bonuses (e.g., Abernethy et al., 2020; Baiman and Rajan, 1995; Bol et al., 2015; Cai
et al., 2023; Gibbs et al., 2004; Höppe and Moers, 2011; Kampkötter and Sliwka, 2018).
While this literature has shown that discretionary evaluations tend to be "biased" as the
distribution of manager’s assessments systematically deviates from the distribution of
actual employee performance10, our results indicate that there may also be a discrepancy
between the timing of employee performance and the timing of bonuses supposed to
reward performance.

Finally, the evidence we provide in the context of our field experiment also contributes
to the literature on attention in accounting and economics (see, e.g., Birnberg and
Shields, 1984; Bordalo et al., 2022; Manthei et al., 2023a). Our findings suggest that
bonus delay is not the result of a managerial attention problem but rather appears to be
an intentional decision by managers.

The remainder is structured as follows. Section 2.2 details the theoretical model.
Section 2.3 describes the data and the setting. Section 2.4 provides results on bonus timing
and the information acquisition channel. Section 2.5 presents results on alternative
mechanisms. Section 2.6 presents exploratory findings on the question whether the
behavior we find is optimal. Section 2.7 provides a concluding discussion of our findings
and potential avenues for future research.

10In particular, ratings and bonus payments are more compressed and more lenient than reflected in
the underlying performance distributions.
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2.2 Information Acquisition and the Timing of Bonuses

Traditional discretionary bonus schemes, such as bonus pool arrangements11, grant
managers autonomy to distribute a fixed bonus budget to their subordinates at a given
point in time (typically once a year). In spot bonus systems, which are the focus of this
study, managers additionally have to decide on the timing of the bonus payments. The
key idea of such schemes is to provide rewards for performance outcomes realized at
any point during a year when employees have demonstrated high performance.

Managers deciding on bonus timing then face an intertemporal decision problem.
Importantly, as managers track a given set of employees over the budget period,
signals about the performance in earlier periods are informative about an employee’s
performance later. In turn, managers sequentially acquire performance signals which
help them to discern truly high performance from mere noise. We provide a formalization
of this information acquisition mechanism in the following.

2.2.1 Analytical Model

Consider a firm employing a continuum of agents on 𝑆 = [0, 1] indexed by 𝑖. The agents
work for 𝑇 ≥ 2 periods 𝑡 = 1, .., 𝑇 in a given year. The actual performance of an agent 𝑖
in period 𝑡 is given by

𝑦𝑖𝑡 = 𝜂𝑖𝑡 + 𝑎𝑖

where the 𝜂𝑖𝑡 ∼ 𝑁
(
0, 𝜎2

𝜂

)
capture time varying elements of performance and 𝑎𝑖 is agent

𝑖’s ability and thus constant over time.
The organization now awards bonuses for high performance throughout the year. As

we focus here on bonus timing, assume that the bonus size for each payout is fixed12

and it has to be determined which agents 𝑖 receive a bonus 𝑏𝑖𝑡 ∈ {0, 1} in period 𝑡. As
laid out in the above, spot bonus systems typically entail a budget or a guideline on the
number of bonuses that can be awarded. Hence, we assume that over the whole year a
mass 𝑝 < 1 of bonus payouts can be made, for instance, because the firm sets a fixed
budget for the bonuses or because it uses a guideline specifying that bonuses should be
awarded for the 𝑝 · 100% best performance outcomes. This implies the following budget
constraint

𝑇∑
𝑡=1

(∫
𝑆

𝑏𝑖𝑡𝑑𝑖

)
= 𝑝. (1)

11Bonus pools have, for instance, been studied by Baiman and Rajan (1995), Rajan and Reichelstein
(2006), Rajan and Reichelstein (2009), or Kampkötter and Sliwka (2018).

12Companies might also have clear guidelines on the spot bonus size. For example, in the company we
study, the size of the spot bonus depends mainly on the hierarchical level.
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There is a set of supervisors who each observe a subset of the employees such that
each employee has exactly one supervisor. We allow for the possibility that supervisors
have prior information on their subordinates: An agent 𝑖’s supervisor expects his ability
to be 𝑎𝑖 ∼ 𝑁

(
𝑚𝑖 , 𝜎2

𝑟

)
where 𝑚𝑖 is thus the expected value of an agent’s performance and

𝜎2
𝑟 is the residual uncertainty on the agent’s ability at the beginning of the year. Across

the workforce these ex-ante expectations are normally distributed with 𝑚𝑖 ∼ 𝑁
(
𝑚, 𝜎2

𝑚

)
.

Hence, 𝜎2
𝑚 measures the heterogeneity in prior performance assessments: When 𝜎2

𝑚 = 0
then teams are homogeneous and supervisors have the same beliefs about the expected
performance of all agents at the beginning of the year and only then start to learn about
ability differences. When, however, 𝜎2

𝑚 > 0 they have further information on ability
differences.13 An alternative interpretation is that when 𝜎2

𝑚 = 0 supervisors ignore prior
knowledge about performance differences and use only information collected during
the budget period, whereas they use prior information when 𝜎2

𝑚 > 0.
Throughout the year these supervisors collect information on their assigned agent’s

performance and each period 𝑡 they observe noisy performance signals

𝑠𝑖𝑡 = 𝑦𝑖𝑡 + 𝜀𝑖𝑡

for each agent where 𝜀𝑖𝑡 ∼ 𝑁
(
0, 𝜎2

𝜀

)
are independent noise terms. Each supervisor

observes a set of employees and presents performance assessments �̂�𝑖𝑡 to the firm. Each
assessment �̂�𝑖𝑡 of agent 𝑖 in period 𝑡 is based on the pieces of information collected by the
respective supervisor in the considered budget year up to point 𝑡 and are determined
by Bayes’ rule. Assessments are thus equal to the conditional expectation about true
performance 𝑦𝑖𝑡 given the prior expectations on agent 𝑖’s performance and the collected
signals up to the current period:14

�̂�𝑖𝑡 = 𝐸𝑖

[
𝑦𝑖𝑡 |𝑠𝑖1, ...𝑠𝑖𝑡

]
.

13Hence, the overall variance in abilities 𝜎2
𝑎 = 𝜎2

𝑚 + 𝜎2
𝑟 can be decomposed in variance in prior beliefs

𝜎2
𝑚 and residual uncertainty 𝜎2

𝑟 . This is equivalent to a setting where supervisors have a common prior
𝑎𝑖 ∼ 𝑁

(
𝑚, 𝜎2

𝑎

)
, but the receive signals 𝜔𝑖 = 𝑎𝑖 + 𝛾𝑖 about an agent’s performance where 𝛾𝑖 ∼ 𝑁

(
0, 𝜎2

𝛾

)
.

Then 𝑚𝑖 = 𝐸 [𝑎𝑖 |𝜔𝑖 ] = 𝑚 + 𝜎2
𝑎

𝜎2
𝑎+𝜎2

𝛾
(𝜔𝑖 − 𝑚) and 𝜎2

𝑟 = 𝑉 [𝑎𝑖 |𝜔𝑖 ] =
𝜎2
𝑎𝜎

2
𝛾

𝜎2
𝑎+𝜎2

𝛾
. In turn 𝜎2

𝑚 =
𝜎4
𝑎

𝜎2
𝑎+𝜎2

𝛾
and thus

𝜎2
𝑟 + 𝜎2

𝑚 = 𝜎2
𝑎 .

14Note that a selfish supervisor will have an interest to report this if the firm checks the performance
assessments with a certain probability and then inspects the collected signals up to this point in time.
When the supervisor’s utility is a decreasing function of the deviation between her report and the a rational
assessment of performance based on these signals, it is optimal to report the conditional expectation.
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The firm’s objective function is to maximize the predicted performance �̂�𝑖𝑡 of bonus
recipients at the time of receiving the bonus

𝑇∑
𝑡=1

(∫
𝑆

𝑏𝑖𝑡 �̂�𝑖𝑡𝑑𝑖

)
(2)

under the budget constraint (1). The firm thus aims at allocating the bonus budget
to those agent-month combinations where the case for a high performance is best
supported by the supervisor’s assessment based on available at the respective point in
time.

2.2.2 Optimal Bonus Assignment

First, we determine the individual performance assessments �̂�𝑖𝑡 obtaining the following
result:

Lemma 1 The optimal assessment of period 𝑡 performance of an agent 𝑖 is

�̂�𝑖𝑡 = 𝐸𝑖

[
𝑎𝑖 + 𝜂𝑖𝑡 |𝑠𝑖1, ...𝑠𝑖𝑡

]
= 𝑚𝑖 +

𝜎2
𝜂 (𝑠𝑖𝑡 − 𝑚𝑖)
𝜎2
𝜂 + 𝜎2

𝜀

+
𝜎2
𝑟 𝜎

2
𝜀
∑𝑡

𝜏=1 (𝑠𝑖𝜏 − 𝑚𝑖)(
𝜎2
𝜂 + 𝜎2

𝜀 + 𝜎2
𝑟 𝑡
) (

𝜎2
𝜂 + 𝜎2

𝜀

) .
Proof: See Appendix 2.9.

This assessment in a period 𝑡 is thus a function of (i) the prior expectation 𝑚𝑖 at the
beginning of the year, (ii) the information 𝑠𝑖𝑡 collected in the period under consideration,
but also (iii) the performance in earlier periods of the year (𝑠𝑖𝜏 for 𝜏 = 1, ..., 𝑡 − 1). The
reason for the latter is that earlier signals also help to filter out noise and to provide a
more accurate representation of the agent’s true performance.

Note that �̂�𝑖𝑡 evolves over time according to the observed signals and is also normally
distributed. Importantly, this implies that – while the variance of actual performance
𝑉

[
𝑦𝑖𝑡

]
is stable over time – the variance of performance assessments 𝜎2

�̂�𝑡
= 𝑉

[
�̂�𝑖𝑡

]
is

strictly increasing in 𝑡 as the following result shows:

Lemma 2 When 𝜎2
𝑟 > 0 and 𝜎2

𝜀 > 0, the variance of optimal performance assessments �̂�𝑖𝑡 is
increasing over time, i.e. 𝜎2

�̂�1
< 𝜎2

�̂�2
< ... < 𝜎2

�̂�𝑇
.

Proof: See Appendix 2.9.
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The intuition is the following: As only few signals are observed in early periods,
rational assessments do not vary strongly with observed signals when information is
noisy. But as more information is gathered, individual performance assessments become
more precise and, in turn, performance assessments become more differentiated. Hence,
the variance of assessments between agents increases.15 In other words, it becomes
easier over time to disentangle truly high performance from mere luck.

In a next step, we can determine the optimal assignment of bonuses based on these
performance evaluations. Note that optimal assignment policy is a threshold policy such
that bonuses will be assigned to agents where �̂�𝑖𝑡 > 𝜃𝑡 for some positive constants 𝜃𝑡 .16

As the assessments �̂�𝑖𝑡 are normally distributed with ex-ante mean 𝐸
[
�̂�𝑖𝑡

]
= 𝐸 [𝑚𝑖] = 𝑚

and variance 𝜎2
�̂�𝑡

, we thus have that the share of bonuses awarded in period 𝑡 is equal to

𝑝𝑡 = Pr
(
�̂�𝑖𝑡 > 𝜃𝑡

)
= 1 −Φ

(
𝜃𝑡 − 𝑚

𝜎�̂�𝑡

)
where Φ (𝑥) is the cumulative distribution function of a standard normal distribution.
We can use this to derive the following result:

Proposition 1 The share 𝑝𝑡 of employees receiving a bonus is increasing over time, i.e. 𝑝1 <

𝑝2 < ... < 𝑝𝑇 if and only if performance is imperfectly observable (i.e. 𝜎2
𝑟 > 0 and 𝜎2

𝜀 > 0), .

Proof: See Appendix 2.9.

Hence, the result shows that whenever performance is imperfectly observable, more
bonuses are awarded at the end of the budget period – even though average performance
is stable over time. This result is due to the following mechanism: As laid out in the
above, performance assessments based on signals collected within the given year become
more precise when more information is gathered over time. In turn, these assessments
become more differentiated in later months. Early in the year, it is more difficult to
make a case for outstanding performance only based on this information. Over time, it
becomes easier to identify truly high performance. In other words, the more information
is gathered, the easier it is to build a case showing superior performance worth receiving
a bonus.

15See e.g. Kusterer and Sliwka (2024) for recent experimental evidence showing how access to a larger
number of performance signals leads to more differentiated performance evaluations.

16Suppose that 𝜃0𝑡 is the lowest value of �̂�𝑖𝑡 leading to a bonus in 𝑡. If there is a set of performance
levels 𝑆 with 𝑖𝑛 𝑓 𝑌 > 𝜃0𝑡 that do not lead to a bonus, then (2) can be increased by raising 𝜃0𝑡 and instead
awarding bonuses for performance levels in 𝑆 instead.
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It is important to note that this effect is entirely driven by the motive to acquire
more precise information. If either abilities17 – and thus all underlying components
of performance that are stable over time – were perfectly known ex-ante (𝜎2

𝑟 = 0) or
performance throughout the year perfectly observable without any noise (𝜎2

𝜀 = 0) then
bonuses would be uniformly distributed over time.

It is instructive to consider a two period version of the model to derive one further
testable comparative statics prediction on the timing of bonuses. Namely, we can show
the following:

Proposition 2 The larger the heterogeneity in ability assessments 𝜎2
𝑚 the higher the fraction of

bonuses that are awarded early on.

Proof: See Appendix 2.9.

The intuition for the result is the following: As laid out in the above 𝜎2
𝑚 measures

heterogeneity in prior performance assessments. That is, when 𝜎2
𝑚 is larger, supervisors

have information – for instance from having worked with them in the past – that some
agents are better than others. In that case it is easier for them to identify true high
performance without having to wait for more signals throughout the year. In turn, they
should rationally award more bonuses early on. In other words, if a supervisor receives
a signal indicating high performance from a person that has consistently performed
very highly in the past (thus having a high prior ability expectation 𝑚𝑖), she can be more
certain that this was not merely a “lucky shot”(driven just by a high realization of 𝜖𝑖𝑡).
In contrast, when 𝜎2

𝑚 = 0 supervisors have no prior information and only learn about
the agents relative performance by observing their performance during the considered
time frame. In turn, they have a rational motive to postpone bonus payments to acquire
sufficient information.

We will test this result later on in two ways: First, we can assess a supervisor’s tenure
and expect supervisors of longer tenure (and thus more past information that allow
differentiated priors) to award bonuses earlier on. Second, we use data on employees’
annual performance evaluations and expect that more bonuses are awarded earlier on
when performance evaluations have a larger variance.

17Note that if this is not the case an agent’s performance outcomes are independent over time, i.e. prior
performance is not predictive for future performance.
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2.3 The Environment

2.3.1 Use of Spot Bonus Systems

Before describing the institutional details of the specifics of the bonus scheme in our
study firm, we report here some evidence on the use of spot bonuses in general. As
outlined in the introduction, spot bonuses appear to be widely utilized (Das, 2020;
PayScale, 2021; WorldAtWork, 2014). To collect further representative evidence on their
prevalence, we draw on an item that one of the authors had included in the German
Linked Personnel Panel survey, a representative survey among German companies
conducted on behalf of the federal ministry of labor. This particular item asks: "Does
your company offer financial recognition for outstanding performance, which can be
awarded during the year and independently of the regular bonus and for which there
is usually a separate budget available?"18. Overall, 44.73% of all 769 companies that
answered have such a spot bonus system in place. Notably, the prevalence of this system
varies slightly across different company sizes, with 41.16% implementation in smaller
companies (up to 99 employees) and 56.14 % in larger corporations (exceeding 500
employees), as illustrated in Figure 2.3 in Appendix 2.10).

Additionally, we supplemented our investigation by conducting a survey in cooper-
ation with the German Association for Human Resource Management (DGFP). This
gave us the opportunity to survey German compensation and benefit experts in large
companies. Of the 23 experts who fully completed the survey, 17 stated that they have a
spot bonus system in place, with bonuses proposed by the supervisor. On average, 7.3%
of employees receive a spot bonus in a given year in these companies.

2.3.2 The Firm

We collaborate with a large multinational industrial firm employing more than 10,000
employees in more than 30 countries around the world. Approximately half of the
workforce works in production, while the other half belongs to other functions such
as R&D, sales, marketing, HR, IT, or finance. Though the firm’s business is dependent
on the business cycle, it is not seasonal such that the firm’s output is relatively stable
over the financial year (which coincides with the calendar year and the budget period).
Almost all jobs in the firm have in common that employees work interactively with others
and that individual performance is hard to quantify objectively. Every permanently
employed worker’s compensation consists of three components: A fixed salary, a bonus
for firm-wide performance paid out to nearly all employees as a function of the overall
firm profitability, and an individual discretionary spot bonus.

18Please note that this is a translation of the original German item.
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2.3.3 The Spot Bonus

The key purpose of the spot bonus is to reward excellent individual performance. In
internal documents, the firm summarizes the purpose of the spot bonus as follows: “It
[the spot bonus] recognizes outstanding performance in a timely manner.”19 Managers
award spot bonuses based on their own discretion. Managers receive discretion because
individual performance is hard to quantify objectively in a timely manner20 and managers
are close to their direct reports and should be able to identify outstanding performance
more quickly, which would be hard to identify for top management, or accounting, and
HR department. Importantly, spot bonuses are not based on predefined targets as in
classical management-by-objectives (e.g., Bol et al., 2010) but payments are determined
by managers ex-post. Specifically, within the limits of their yearly spot bonus budget21

and a time frame from February to November, awarding managers have discretion over
i) who receives a bonus, ii) what size a bonus should have, and iii) when a bonus is
awarded.

If a spot bonus is paid, its size mostly depends on the hierarchical level and base
salary of the receiving employee. Hence, the core issue is not so much the decision
about the magnitude of the payout, but its timing. We conducted an interview with
the manager responsible for setting up the system more that 15 years ago (at the time
global head of HR in the firm). He continuously stressed the purpose of the system is to
reward excellent performance most immediately.22

We can actually see in the data that higher performance ratings by the direct supervisor
are strongly associated with a higher likelihood of receiving a spot bonus. It is also
weakly associated with receiving spot bonuses earlier in the year (see Table 2.6 in
Appendix 2.10). Thus, supervisors in our company do actually seem to reward what
they perceive as higher performance.

19A formal agreement with the firm’s works council in Germany, for instance, lists as criteria the
"fulfillment of main tasks", "complexity, and scope of the extra task", as well as "time expenditure for the
task" should be considered.

20Even where objective performance measures are available many such (in particular financial) metrics
are lagging indicators of performance.

21The spot bonus budget is determined by the following formula: For each employee i in the team, the
planner receives Annual Salary𝑖 × Spot Bonus Percentage𝑖 , where the spot bonus percentage varies between
1% and 4% depending on the managerial level of the employee.

22In particular, he stressed that while in his view "money never provides sustainable motivation" but
"[..] if money is used wisely and at the right time, it can still trigger something positive. Whether it’s
gratitude and appreciation or more commitment". He continued to explain the importance of timeliness
as appreciation "is more likely to be triggered by this timely element" rather than by traditional annual
evaluations, i.e. "talking now in April of the following year about something that you did in the summer
of last year" which he claimed to have much weaker effects.
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There are two important roles in the assignment process: supervisors and spot bonus
planners. The supervisor, at any time of the awarding period, has the right to propose
that an employee should receive a spot bonus (and its size). The planner is legally
responsible for awarding the spot bonus, and she thus has to approve the proposed spot
bonus. For around 50% of the employees, the roles of supervisor and planner coincide.
In the remaining cases, the planner is one or more levels above the supervisor in the
firm hierarchy (see Table 2.7 in Appendix 2.10).23

Once a spot bonus is awarded, the firm’s HR system automatically generates a letter,
stating the bonus size and expressing the firm’s gratitude for the employee’s great
performance. The supervisor and the receiving employee then have a private meeting,
in which the supervisor explains why the spot bonus was awarded, thanks the employee
for the performance, and hands over the letter. Due to the private nature of this process,
spot bonuses are generally not discussed with colleagues in the firm.24

In the subsequent sections of this paper, we mainly focus on supervisors as they
initiate the awarding process and maintaining direct communication with the spot
bonus recipients. However, we also ensure the robustness of our findings by focusing
on the planner as the formally responsible manager.

2.3.4 Data

We draw on the firm’s personnel records and matched survey data. We have access to
employees’ socio-demographic characteristics and organizational positions. This data
spans the years 2016 through 2019 and covers more than 10,000 employees, of which
around 2,000 are supervisors, and 700 also have the role of bonus planners. In particular,
our data set includes an employee’s age, gender, tenure, region, organizational unit25,
salary, promotions, performance ratings for 2019 until 2021, team size, and hierarchical
level. All variables vary at the employee-year level.

Table 2.7 in Appendix 2.10 provides summary statistics on the firm’s workforce. On
average, employees are 45.57 years old, work in production, and have 14.98 years of
tenure at the firm. 82% of the employees are men. Supervisors and planners do not differ
much from employees along these four dimensions, except that the share of planners

23Additionally, each spot bonus award has to be approved by a manager higher up the hierarchy. They
are also responsible for the final decision in case supervisors and planners do not agree. It is important to
note that disagreements between planners and supervisor are extremely rare.

24Of the 17 firms that have a spot bonus system in our expert survey sample, 15 answered "no" to the
question: "Do employees know whether their colleagues have received a bonus?". The remaining two
stated "I do not know".

25For the years 2016-2019, we have a unique identifier for each employee indicating the business unit
and/or function of an employee. Moreover, for the year 2020, we know the name of an employee’s
function.
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is substantially smaller in production as span of controls are larger, and the roles of
planner and supervisor coincide less often there. Moreover, supervisors have an average
span of control of 6 employees, and planners are responsible for awarding spot bonuses
to about 14 employees on average.

In addition to the above-mentioned variables, the personnel records feature data
on all spot bonuses paid by the firm in the years 2016 through 2019. For each bonus,
we know the recipient, the bonus size, the supervisor of the recipient, the responsible
planner, and the payout date. Because the payout of the spot bonus takes place with the
payout of the next paycheck, there is some lag between the actual awarding of a spot
bonus and the payout date.26

Table 2.8 in Appendix 2.10 documents summary statistics on the spot bonus. Around
35 to 40 percent of employees receive a spot bonus in a given year. Only four percent
of employees receive more than one spot bonus in a year. The size of the average spot
bonus in a given year varies between 2.4 and 2.5 percent of an employee’s annual salary.

In addition to the firm’s personnel records, we use data from large-scale surveys
we designed in collaboration with the study firm and can link to the personnel data
on the level of individual employees. The aim of the surveys was to study employees’
perceptions about their work situation and different management practices. With the
help of local HR staff, we ran the surveys in all operating countries of the firm in May
2020 and July 2020.27 Of the global 2019 workforce, 41% of all employees responded to
at least one of the surveys.28

2.4 Results

2.4.1 Timing of Spot Bonuses

We first analyze the distribution of spot bonuses over time. Given that the firm’s business
operations exhibit no seasonal variations and outstanding employee performance should
occur during the entire year, a logical benchmark for the observed distribution of spot
bonus timing is a uniform distribution over time. However, as outlined in Section 2.2
Proposition 1, our model suggests that managers delay the payment of bonuses even
when actual performance is evenly distributed over time.

26For this reason, we observe spot bonuses in month 12, although supervisors cannot award spot
bonuses in December. Moreover, there are very few exceptions of spot bonuses paid out in January (12
out of more than 20,000 spot bonuses). We drop these exceptional bonuses paid out in January from our
sample.

27The two consecutive surveys were run in this short time frame because the firm, among others,
wanted to use them to assess changes in overall working conditions during the COVID pandemic. See
Appendix 2.11 for screenshots of all survey items.

28Employees who received a spot bonus in 2019 are statistically more likely to participate in at least one
of the surveys than those employees who did not receive a spot bonus in 2019 (55% of bonus recipients
participated). However, the participation rate of spot bonus recipients does not vary with the month in
which they received a spot bonus in 2019.
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Figure 2.1: The Timing of Spot Bonuses
Note: This graph plots the mean share of spot bonuses paid out by the supervisors in each month of a
year. We present one graph per year of our observation period (2016-2019).

When plotting the distribution of spot bonuses over the months of a year in Figure
2.1, we indeed observe substantial deviations from a uniform distribution over time.
Three empirical patterns emerge. First, relatively few spot bonuses are awarded in
the early months of a year as the first quarter accounts for only 4%, and the second
quarter for only 14% of all spot bonus awards. Second, there is a spike in spot bonuses
in November and December. It is important to recall that November is the last month
in which supervisors can nominate employees for a bonus. As there is some delay in
bonus payouts, a substantial share of these is then paid out in December. Third, the
timing pattern is similar in all years of the observation period. We also tested whether
the share of bonuses awarded is uncorrelated with the month using the Spearman
rank correlation. The null hypothesis that there is no correlation was clearly rejected
(Spearman’s rho: 0.304, p-value: < 0.001).29

29Regressions of spot bonus incidence on time are reported in Table 2.9 in Appendix 2.10.
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Recall that the model of information acquisition implies a gradual increase in bonus
payouts.30 It is therefore interesting to note that there is a particular spike towards the
end of the budget period. A broader interpretation would be that many supervisors
rather aim at waiting until the very end to determine which employees are the most
deserving.31

To validate the bonus delay finding further and to ensure that the observed patterns
are not company-specific, we further managed to receive similar data on the timing
of spot bonuses by another multinational company with more than 15,000 employees
in a related industry which operates a spot bonus system similar to the one described
above.32 Indeed, we also observe that more bonuses are assigned later in the year (see
Figure 2.4 in Appendix 2.10). Also here we can clearly reject the null hypothesis that
there is no correlation between share of bonuses awarded and month (Spearman’s rho:
0.856, p-value: < 0.001).

2.4.2 Information and Bonus Timing

As shown in Proposition 2 the information acquisition mechanism implies that a higher
degree of prior information should lead to earlier bonus assignments as it is easier then
for manager to discern high performance from mere luck earlier in the budget period.
The result shows that a higher variance in prior performance assessments should be
associated with earlier bonus timing. This has two implications, which we test in turn.

First of all, the result implies that stronger heterogeneity in team performance should
result in a higher fraction of early bonuses. The key reason is that in heterogeneous
teams relative performance differences become obvious earlier on.

First, we thus test whether a spread in performance is indeed associated with awarding
earlier spot bonuses. To test this, we use data from individual annual performance ratings.
These ratings vary on a scale from 1 (worst) to 5 (best) and most employees receive a 3.
We can access the 2019 ratings to construct three measures for performance differences,
i.e. whether there is any spread in the performance ratings33, the performance spread
(maximum rating in the team - minimum rating in the team), and the standard deviation
of performance ratings within the team. Subsequently, we regress the mean month in
which a supervisor awards spot bonuses on these measures of dispersion. Table 2.1

30The model does not make a specific prediction on the shape of the distribution over time. Numerical
simulations for instance show that depending on the parameters the shape can be concave or convex
where convex shapes occur when signals are very noisy as there is more reason to delay in this case.

31Indeed, a model where supervisors do not aim to match bonuses to the most deserving performance
events but rather to the most deserving employees (i.e. these with the highest total performance over the
whole year) would predict that all bonuses are awarded at the last moment.

32For this other company we do not have access to further personnel and survey data. Hence, in our
subsequent analysis of mechanisms we focus on our main study firm.

3350% of supervisors do not have any rating spread in 2019. Of these 78% gave all their employees the
rating 3 on the scale from 1 to 5.
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Table 2.1: Performance Rating Spread
Mean Month of Spot Bonuses Awarded𝑖

(1) (2) (3)
Any Spread Dummy𝑖 -0.360∗∗

(0.166)
Rating Spread𝑖 -0.242∗∗

(0.111)
Standard Deviation𝑖 -0.443∗

(0.252)
Mean Rating 2019𝑖 0.041 0.010 -0.073

(0.215) (0.214) (0.258)
Controls Yes Yes Yes
Clustered at Planner Planner Planner
Number of Clusters 436 436 339
Observations 632 632 477
Adjusted R-squared 0.016 0.015 0.016

Note: This table reports results on how the mean month in which supervisors award spot bonuses varies
depending on the performance spread. The independent variable is a dummy for whether there was
any difference in performance rating 2019 for the employees in the team (column (1)), the performance
rating spread in the team, i.e. the difference between maximum and minimum rating (column (2)), or the
standard deviation in performance ratings in the team. Performance ratings are on a scale from 1 to 5. We
control for supervisor age, gender and level. The observations are at the supervisor level where i refers to
a supervisor. Standard errors are clustered at the planner level, and reported in parentheses. * p < 0.1, ** p
< 0.05, *** p < 0.01.

shows the results. Notably, all three measures of performance differences are negatively
correlated with the mean month in which supervisors award spot bonuses. Hence, in
line with the model’s prediction supervisors award spot bonuses earlier when confronted
with greater disparities in performance among their team members.

A second implication of the formal result is that supervisors with a better prior
knowledge should award spot bonuses earlier. When managers know more about the
expected performance of individual agents they need less time to acquire sufficient
information to assign a bonus.

To test this, we use three different measures. First, we examine the respective
manager’s tenure, reasoning that supervisors with more organizational experience are
likely to better know their subordinate employees and to possess a more comprehensive
understanding of what constitutes outstanding performance. Second, we use cases
where new supervisors join the organization. Those new supervisors likely have very
little prior knowledge on their subordinates’ strengths and weaknesses. Thirdly, we use
the cases in which new team members joined. While the latter measure may not directly
influence the supervisor’s understanding of organizational performance standards,
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Table 2.2: Tenure and Spot Bonus Timing
Mean Month of Spot Bonuses Awarded𝑖𝑡

(1) (2) (3)
Tenure𝑖𝑡 -0.018∗∗∗

(0.006)
New Manager𝑖𝑡 0.297∗

(0.162)
New Employees𝑖𝑡 0.219

(0.199)
Controls Yes Yes Yes
Clustered at Planner Planner Planner
Number of Clusters 709 381 709
Observations 3,505 1,698 3,505
Adjusted R-squared 0.049 0.058 0.044

Note: This table reports results on how the mean month in which supervisors award spot bonuses varies
depending on the supervisor’s tenure and whether there are new members in the team. The independent
variable is supervisor tenure in months (measured in December of the year)(column (1)), a dummy
whether the supervisor joined the company the year before the one in which we observe the spot bonuses
or in January of the same year, i.e. before the spot bonus system opens, excluding all supervisors that
joined in the current year after January (column (2)) or a dummy whether newly hired team members
joined in the year or not (column (3)). We control for team size, supervisor age, gender, level, function
(production or not) and region. The observations are at the supervisor-year level where i refers to a
supervisor and t refers to a year. Standard errors are clustered at the planner level, and reported in
parentheses. * p < 0.1, ** p < 0.05, *** p < 0.01.

supervisors need to get to know the new team members in order to assess who are the
best performers within the team. Table 2.2 shows the results for regressions of the mean
month in which supervisors award spot bonuses on these three measures. We include
all years from 2016 to 2019. Consistent with the predictions of our model, we see a
significant negative relation between tenure and the average spot bonus award month.
Thus, the longer a supervisor is in the organization, the earlier he or she awards spot
bonuses (column (1)). As column (2) shows, managers who had joined the company
in the year before or prior to the opening of the spot bonus system in the same year
award bonuses later (column (2)). We see the same albeit weaker and not statistically
significant pattern for newly hired team members joining (column (3)).34 This suggests
a tendency for supervisors to award spot bonuses earlier when having a better prior
knowledge on employee performance.

In summary, our findings provide empirical support for the model’s prediction that
supervisors with better prior knowledge on performance of their teams award earlier
spot bonuses.

34The results are qualitatively the same if we use new team members, i.e. also defining team members
as new if they changed teams within the company.
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2.5 Alternative Mechanisms

2.5.1 Expert Survey

Figure 2.2: Mechanism Relevance Evaluation by Comp. & Ben. Experts
Note: This graph plots the mean perceived applicability of the different proposed mechanisms for the
timing pattern we find for the spot bonus awards of a sample of compensation and benefit experts in
Germany (n=23).

So far, the analysis has shown that more bonuses are awarded later in a year and we also
provided evidence for more specific implications of the proposed information acquisition
mechanism. Nonetheless, it is reasonable to assume that alternative mechanisms also
contribute to the observed delay in bonus payments. To get a first idea about the
potential relative importance of these alternative mechanisms we first ran an online
survey among German compensation and benefits experts directly asking them for their
opinion on reasons for the observed time pattern in bonus assignments. In cooperation
with the German Association for Human Resource Management (DGFP), we distributed
the link to the survey to a mailing list of 200 compensation and benefits professionals in
large German companies. We obtained 23 complete responses.

To elicit these expert opinions, we depicted the observed time pattern and asked
the respondents to rate the relative importance of ten different reasons for the higher
likelihood of late bonus awards. We compiled this list by collecting ideas in the research
team as well as based on in depth conversations with practitioners from our study firm
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as well as other firms on the issue. Table 2.3 shows the exact wording of the question
and listed reasons. Participants were asked to what extent they perceived the reason to
be applicable on a scale from 1 (does not apply at all) to 7 (fully applicable). Figure 2.2
shows the mean level of agreement of the experts.

Table 2.3: Wording Mechanisms
Mechanism Description

"Supervisors rather award bonuses at the end of the
year, because..."

Information Acquisition ...they first want to wait for the entire budget period to
determine which services deserve a spot bonus

Inattention ...they do not think about awarding spot bonuses during
the year

Procrastination ...they shy away from the effort of awarding spot
bonuses and therefore postpone them

Envy ...they want to reduce envy within the team

Precautionary Savings ...they save during the year in order to retain flexibility
when awarding spot bonuses in case of unforeseen
events (e.g. very good performance)

Poor Budget ...the budget calculation is inaccurate and there is too
much money left over at the end of the year

Weak Incentives ...early bonuses reduce the incentive to perform well
later in the year.

Higher End Performance ...employee performance is higher at the end of the
budget period

Expectation ...employees expect a bonus at the end of the budget
period

Used To ...they are used to awarding a bonus at the end of the
budget period

On average, the experts displayed the highest agreement with the information acquisition
channel. Nearly as much agreement, on average, received the precautionary savings
mechanism whereby supervisors engage in saving throughout the year to have enough
budget left at the end of the year for unforeseen events (e.g. very good performance). The
mechanisms with the third highest agreement is expectation, positing that supervisors
delay spot bonus allocation as employees expect to receive spot bonuses at the end of
the year. inattention received the fourth highest agreement suggesting that supervisors
do not pay sufficient attention to spot bonus allocation during the year. The experts
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exhibited lower levels of agreement with mechanisms proposing that there is actually
more high performance at the end of the year (higher end performance), supervisors are
used to awarding spot bonuses late (used to) or an unfitting budget allocation leading
to excess budget at the end of the year (poor budget). The mechanisms receiving the
least agreement were (procrastination) during the year, worries that early bonuses would
weaken the incentives for employees to perform well (weak incentives) and (envy) in the
team.

We further offered an open text field for further mechanisms that they think might
be playing a role for this finding. This let to one additional suggestion of using a spot
bonus as a consolation price if there was no salary increase in the year. However, as our
study firm carries out its annual salary increase process in spring, this cannot explain
our findings.

2.5.2 Discussion of Mechanisms

In the following, we discuss several of the alternative mechanisms, which the experts
also perceived as applicable apart from the information acquisition mechanism.

Precautionary savings: We note that our formal model entails also elements of
a precautionary savings motive: Supervisors anticipate that they will have more
precise information later on and thus reserve larger parts of the budgets for later
bonus payments. However, in contrast to typical models of precautionary savings
in the budgeting literature, in our model, supervisors are not risk averse and future
expenditure needs can be accurately predicted. But of course, risk aversion and imperfect
predictability are important behavioral drivers and thus it appears worthwhile to discuss
their implications. Such a precautionary savings mechanism suggests that supervisors
allocate relatively smaller spot bonuses at the beginning of the budget period in order to
save budget. To test this implication, we regress the mean spot bonus size the supervisor
awards in a month on the month in which they award it. Column (1) in Table 2.4 shows
the results. Contrary to what this mechanism suggests, we find that bonuses allocated
later in the year tend to be smaller than those allocated earlier. Using a binary split
between early (February to October) and late (November-December) spot bonuses, we
observe the same trend. Thus, – while we do not want to claim that the precautionary
savings motive plays no role in our setting – it appears unlikely that it is the key driver
of bonus delay.35

35Recall that in our formal model of information acquisition, we assumed that bonuses are constant in
size. However, within the model, the required size of the observed signal leading to a bonus is larger
in earlier periods. This suggests that a pattern where earlier bonuses are less frequent but larger when
awarded can be consistent with a model where bonus size is a function of the observed signals.
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Table 2.4: Spot Bonus Size
Mean Spot Bonus Size𝑖𝑡

(1) (2)
Month𝑡 -0.034∗∗∗

(0.008)
End Year𝑡 -0.209∗∗

(0.082)
Constant 2.986∗∗∗ 2.835∗∗∗

(0.074) (0.042)
Clustered at Planner Planner
Number of Clusters 682 541
Observations 3,893 1,660
Adjusted R-squared 0.791 0.561

Note: This table reports results on how the mean size of spot bonuses supervisors award varies between
the months they are awarded and during the year vs end of year respectively. The dependent variable is
mean spot bonus size, which is defined as the mean bonus amount in percent of a supervisor’s employees’
annual salaries. The independent variable is the month the spot bonus is awarded (column (1)) or an
indicator for whether the spot bonus was awarded during the year (i.e., February-October) (column (2)).
Employees who do not receive a spot bonus are not included in this table. The observations are at the
supervisor where i refers to a supervisor and t refers to the time, i.e. month or during vs late. Standard
errors are clustered at the planner level, and reported in parentheses. * p < 0.1, ** p < 0.05, *** p < 0.01.

Expectations: To investigate the expectations mechanism, we revisited the timing of the
company’s regular annual bonus. It is important to note that the company-wide bonus is
paid out in spring each year based on overall financial success. Consequently, there is no
tradition to pay out bonuses in November/December where most spot bonus payments
are paid out. It thus appears very unlikely that the year-end spike has developed due to
timing expectations shaped by regular bonus payments. To provide complementary
evidence, we can further look again at column (3) in Table 2.2 to consider the timing
of spot bonuses to newly hired employees. If past expectations was the main driver of
bonus delay, we should observe a lower number of bonuses for this group at the end
of the year as these new hires should not have expectations regarding bonus timing.
However, if anything, new employees tend to receive more rather than less spot bonuses
at the end of the year .

Inattention: To investigate the inattention mechanism as a potential driver of spot
bonus delay, we conducted a field experiment during the summer of 2021. The study
firm sent a reminder email to a randomly chosen subset of around half of the supervisors.
The reminder email served the key purpose to draw attention to the spot bonus system
and its intended benefits (Barron et al., 2022). The reminder was sent just after the
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second quarter of 2021 ended (July 1, 2021).36 See Figure 2.6 in Appendix 2.10 for the
exact wording of the reminder email. To avoid spillovers arising from conversations
between supervisors, we assigned all supervisors in the same function and location to
the same treatment. Furthermore, we used a stratified randomization procedure based
on region, whether the function is production or not, as well as dummies for very large
organizational units. Table 2.11 in Appendix 2.10 presents the experimental results. In
column (1), we regress the share of bonuses that a supervisor awards in the third quarter,
i.e. in the quarter immediately following the reminder, on a dummy indicating whether
the supervisor is part of the treatment group. Column (2) additionally controls for the
share of spot bonuses the supervisor awarded in the second quarter, a dummy for the
managerial level as well as strata dummies. We find no evidence that the reminder
intervention had a discernible effect on the assignment of bonus payments. Even though
we acknowledge, that the email reminder may not have generated full attention for the
importance to assign timely bonuses as these emails may have been overlooked by some
recipients, it should at least have raised this attention on average. The fact that the point
estimate is not only insignificant but also very close to zero indicates that it is unlikely
that delayed bonus payments are due to a lack of attention for the topic during the year.

Higher end year performance: As already laid out in section 2.4.1, the firm’s business
operations exhibit no seasonal variations. While the industry in which the firm is
operating is subject to cyclical variations due to fluctuations in both customer demand
and supply by competitors over time, these cyclical variations appear to be uncorrelated
to the month of the year. Hence, while indeed in some industries revenues may by
seasonal which could explain specific annually recurring time patterns in realized
performance outcomes, there is no indication that this is the case in our study firm.

2.6 Is the Timing also Optimal from the Firm’s Perspective?

The empirical results described above support the predictions from our analytical
Bayesian learning model. Hence, manager’s spot bonus assignment appears to be
consistent with rational behavior on their side. But a key question is whether this
behavior is also optimal from the firm’s perspective. After all, the firm uses the system
to provide timely recognition to its employees and prior research in organizational
behavior indeed documents benefits of immediate as opposed to delayed feedback (e.g.,
Berger and Ludwig, 2007; Dihoff et al., 2004; Mason and Redmon, 1993; Northcraft et al.,
2011; Reid and Parsons, 1996). Thus, the delayed timing may generate a tension between
this aim and the managers’ rational motive to postpone bonus awards to collect more
information.

36Due to a change in the process of administering spot bonuses, bonuses in 2021 could only be awarded
starting from April 2021.
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To asses this question, we examine the association between bonus timing and employee
attitudes measured with the surveys described in section 2.3.4 , specifically focusing on
perceived employee recognition, job satisfaction, and engagement.

Perceived employee recognition is measured as the average of the two items: “My
supervisor personally compliments me when I do outstanding work”, and “If I improve
my performance, my supervisor is going to notice it”.37 Job satisfaction is measured
by three items taken from Hackman and Oldham (1975) ("Generally speaking, I am
very satisfied with this job", "I am generally satisfied with the kind of work I do in this
job", and the reverse coded "I frequently think about leaving this job"). We measure
engagement as the average of three items taken from Rich et al. (2010) ("I try my hardest
to perform well on my job", "I feel energetic at my job", and "At work, I focus a great
deal of attention on my job"). If an employee participated in both surveys, we average
the responses in both surveys.38 Cronbach’s Alpha for the respective scales is 𝛼 = .89
for recognition, 𝛼 = .87 for job satisfaction, and 𝛼 = .83 for engagement.

We regress the standardized (z-scored) recognition, job satisfaction, and engagement
that employees report in the 2020 surveys on spot bonus data from 2019.39 Our key
independent variables include whether an employee received a spot bonus in 2019 as
well as the interaction with the month since the beginning of the spot bonus period in
which the employee received the spot bonus, i.e. month 0 for February, month 1 for
March, etc. We drop employees who receive more than one spot bonus in 2019 (less than
5% of employees, see Table 2.8 in Appendix 2.10). Accordingly, the comparison group is
the group of employees who responded to our 2020 surveys but did not receive a spot
bonus in 2019. In the regressions, we include as additional control variables function,
tenure, and managerial level, spot bonus size (0 for non-recipients).

As bonus timing is of course not endogenously determined, it is of course important
to consider potential causes for omitted variable bias. Our data allows us to address
two key potential sources of such a bias. First, it is conceivable that more capable
managers award earlier bonuses and at the same time provide stronger recognition
through other means beyond the spot bonus. To eliminate this concern we only use the
within-supervisor variation in bonus timing by including supervisor fixed effects in all
regressions.

37Item i) is taken from Podsakoff et al. (1984) and item ii) was developed together with the firm when
the survey was set up.

38We included all job satisfaction items and engagement items in both surveys. The same is true for
recognition item ii), i.e., "If I improve my performance, my supervisor is going to notice it". In contrast,
recognition item i) was measured only in the second survey. However, we asked respondents to answer
question i) twice, once regarding the current situation, and once regarding the time when the first survey
was conducted (backward-looking). To improve measurement reliability, we averaged these four variables
to calculate the final recognition variable. Our results are robust to using only three of the four variables,
i.e., excluding the backward-looking measure of item i).

39The spot bonus system was paused in 2020 due to the Covid pandemic, and reinstated in 2021. Hence,
our results cannot be driven by employees receiving a spot bonus shortly before our surveys in 2020.
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Another key concern is that higher performing employees receive bonuses earlier and
at the same time experience higher levels of recognition independent of the spot bonus
award, which would lead to a correlation between early bonuses and recognition. To
address this concern we include the mean performance rating over the years 2019-2021
as a control variable. We cluster standard errors at the planner level in all specifications.

Table 2.5: The Relationship between Spot Bonus Timing and Employee Attitudes

Recognition𝑖

Job
Satisfaction𝑖 Engagement𝑖

(1) (2) (3) (4) (5) (6)
Spot Bonus𝑖 0.160 0.540∗∗∗ 0.402∗∗∗ 0.512∗∗∗ 0.263∗∗ 0.247

(0.110) (0.186) (0.106) (0.185) (0.124) (0.225)
Spot Bonus𝑖 × Month𝑖 -0.047∗∗ -0.014 0.002

(0.021) (0.021) (0.023)
Mean Performance Rating𝑖 0.186∗∗ 0.186∗∗ 0.234∗∗∗ 0.234∗∗∗ 0.135 0.135

(0.073) (0.073) (0.076) (0.077) (0.083) (0.083)
Spot Bonus Size𝑖 0.013 0.009 -0.039∗ -0.040∗ -0.020 -0.020

(0.024) (0.024) (0.022) (0.022) (0.029) (0.029)
Additional Controls Yes Yes Yes Yes Yes Yes
Supervisor Fixed Effects Yes Yes Yes Yes Yes Yes
Clustered at Planner Planner Planner Planner Planner Planner
Number of Clusters 249 249 249 249 249 249
Observations 1,076 1,076 1,076 1,076 1,076 1,076
Adjusted R-squared 0.124 0.129 0.122 0.121 0.122 0.121

Note: This table reports results of regressions where we regress an employee’s self-reported standardized
(using Z-scores) recognition, job satisfaction, and engagement in 2020 on spot bonus timing in 2019.
Specifically, we use an indicator whether an employee received a spot bonus in 2019 as well as the
interaction with the spot bonus period month (i.e. February being month 0, March month 1, etc.) in which
the employee received the spot bonus. The independent variables are based on HR data as of December
2019. Next to spot bonus size, we control for an employee’s age, gender, region, function (indicator if in
production), level, company tenure, team size (headcount managed by the same supervisor), and the
underlying performance measured as mean of the performance ratings from 2019 to 2021. We furthermore
include supervisor fixed effects in all columns. Standard errors are clustered at the planner level, and
reported in parentheses. * p < 0.1, ** p < 0.05, *** p < 0.01.

Table 2.5 provides the respective regression results. First, note that when we disregard
the timing (i.e. in columns (1), (3) and (5), job satisfaction, and engagement are
significantly higher for employees who receive a spot bonus in comparison to those who
do not receive a spot bonus but this is not the case for recognition.

Employees perceive significantly higher recognition (only) when they receive a
bonus early on. Also, recognition among employees who receive a spot bonus early is
significantly higher than recognition among employees who do so at the end of the year.
Employees who receive a spot bonus throughout the year 2019 thus report a significantly
higher perceived recognition in spring 2020 than those having received a bonus at the
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end of 2019 – even though less time elapsed between the bonus payout and the date
at which the survey was run for the latter. This pattern is in line with the view that
timely spot bonuses indeed serve their intended role to provide more effective employee
recognition. Thus, while the late awarding of spot bonuses is rational according to our
information acquisition model, it does not seem to be necessarily optimal given the
firm’s stated objective of increasing recognition.

The delayed timing appears to be less of an issue when considering job satisfaction and
engagement where we find little evidence for drawbacks due to delay. Controlling for
performance assessments employees are more satisfied and exhibit higher engagement
if they receive a bonus rather independently from when this is the case.

Finally, note that there is no systematic association between the size of the spot bonus
and either recognition or engagement and only a weak association with job satisfaction.
Hence, it is the incidence and – for employee recognition – the timing rather than the
actual size of the bonus that appear to affect employee attitudes.

In conclusion, while the behavior of managers in the timing of spot bonus assignment
is well in line with rational information acquisition, it may not necessarily represent the
optimal approach from the firm’s perspective when the key aim is to provide employee
recognition. In that case the delayed bonus payouts may undermine this objective
as employees potentially see less of a connection between their actions and awarded
bonuses.

2.7 Conclusion

We study the timing of discretionary bonus payments. Consistent with our analytical
model of information acquisition, we find that managers award bonuses more often
late rather than early in the bonus period. Furthermore, in line with the model, we find
that managers award bonuses earlier when there are greater disparities in performance
among their team members and when managers are more experienced.

When consulting compensation experts about the timing pattern of spot bonuses,
these experts also assess information acquisition as the most prominent motive behind
bonus delay.

While the predicted behavior of managers is thus well in line with rational information
acquisition, it may not be optimal from the firm’s perspective when the aim is to provide
timely recognition: Using employee survey data, we indeed provide evidence that
employees report higher levels of recognition if they receive a spot bonus early rather
than at the end of the budget period.40

40Future research, beyond the scope of this paper, should aim at investigating specific behavioral
drivers behind this effect. It is important to determine whether the effect arises, for instance, from
employees being surprised or because the recognition was timely (e.g., Lurie and Swaminathan, 2009).
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The fact that simple nudges did not reduce bonus delay at all, support the view that
delay is indeed a deliberate choice by managers. This, in turn, suggests that firms must
change accompanying budgeting procedures or find other ways to more actively manage
the assignment of spot bonuses if they indeed want to use spot bonuses to promote more
timely recognition. One approach could be to provide quarterly or half-year budgets.
While this might still lead to spending spikes at the end of the respective budget period,
it would force managers to distribute bonuses more evenly and thus to provide more
timely rewards.41

Our formal model also suggests a complementary approach: As we have shown,
managers rationally award bonuses earlier when they can make use of prior information
on their employees’ performance, as it becomes easier to justify outstanding performance
early in the budget period. Conversely, managers tend to delay bonus payments more
when they rely solely information acquired during the budget period.42 Hence, it
appears worthwhile for firms to emphasize that the process of information acquisition
should not be limited to the information collected within the budget period, but should
also incorporate prior information. In other words, while budgets or guidelines on who
should receive a bonus (e.g. the top 30% performers in a year) might be necessary to cap
bonus spending, the process of information acquisition should ideally be decoupled
from the budget period. Of course, it is again an empirical question to test (i) whether
such decoupling works and (ii) how it can be achieved most effectively. The design of
processes to achieve this goal will be an interesting endeavor for future research on
managerial discretion over bonus timing.

41More timely recognition may increase the frequency of feedback provided to employees. While
recognition in general can be beneficial for the organization (e.g., Burke et al., 2017; Lourenço, 2016) it
has to be noted that providing feedback too frequently can be problematic (e.g., Casas-Arce et al., 2017;
Hecht et al., 2020; Holderness Jr et al., 2020; Lurie and Swaminathan, 2009; Waddoups, 2022). Hence, it is
interesting question for future research to determine the optimal granularity of such processes.

42To see this, note that limiting managers to use only information in the budget period corresponds
to forcing them to use a symmetric prior, i.e. having 𝜎2

𝑚 = 0 which by Proposition 2 leads to late bonus
assignments. By the same token, if managers learn worker’s abilities 𝑎 perfectly over time and make use
of this information the model predicts no delay, i.e. a uniform distribution of bonuses over time when
𝜎2
𝑟 = 0 by Proposition 1.
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2.9 Appendix: A Formal Model
Proof of Lemma 1:
Note that by a standard result on sampling from a normal distribution (see e.g. DeGroot
(1970, pp. 166) and Holmström, 1999) before period 𝑡 the conditional distribution of 𝑎𝑖
given the signals 𝑠𝑖1, ..𝑠𝑖𝑡−1 is a normal distribution with expected value

𝑚𝑖𝑡−1 = 𝑚𝑖 +
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𝜏=1 (𝑠𝑖𝜏 − 𝑚)
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𝜀 + 𝜎2
𝑟 (𝑡 − 1)

and variance

𝜎2
𝑖𝑡−1 =

(
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)
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]

we can now apply the result that if two random
variables 𝑋 and 𝑌 are jointly normal then 𝐸 [𝑌 𝑋|] = 𝐸 [𝑌] + 𝐶𝑜𝑣[𝑋,𝑌]
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■

Proof of Lemma 2:
To compute the variance of (3), first apply the law of total variance to obtain (using that
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[
�̂�𝑖𝑡|𝑚𝑖

]
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Hence
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Using that (for random variables 𝑋 and 𝑌 and constants 𝑎,𝑏) 𝑉 [𝑎𝑋 + 𝑏𝑌] = 𝑎2𝑉 [𝑋] +
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which is strictly increasing in 𝑡 if and only if 𝜎𝑟 and 𝜎𝜀 > 0. ■

Proof of Proposition 1:
As a first step we show that these thresholds 𝜃𝑡 do not vary over time: As the optimal
assignment policy is a threhold policy the objective function is

𝑇∑
𝑡=1

(∫
𝑆
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.
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𝑝 =

𝑇∑
𝑡=1

(∫
𝑆

𝐼{ �̂�𝑖𝑡>𝜃𝑡}𝑑𝑖
)
=

𝑇∑
𝑡=1

Pr
(
�̂�𝑖𝑡 > 𝜃𝑡

)
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In a next step, note that𝜃−𝑚 > 0. To see this, suppose that𝜃 < 𝑚 then 𝑝𝑡 = 1−Φ
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2 > 1 which leads to a contradiction. Now note that as

𝜎�̂�𝑡 is increasing in 𝑡 we have that

𝑝𝑡 = Pr
(
�̂�𝑖𝑡 > 𝜃

)
= 1 −Φ

(
𝜃 − 𝑚

𝜎�̂�𝑡

)
is also increasing in 𝑡. ■

Proof of Proposition 2:
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Let 𝑣
(
𝜎2
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)
be the variance of ratings as a function of 𝜎2

𝑚 and 𝑡 as given by (4) and note
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𝑝
(
𝑣
(
𝜎2
𝑚 , 1

)
, 𝜃

)
+ 𝑝

(
𝑣
(
𝜎2
𝑚 , 2

)
, 𝜃

)
= 𝑝.
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such that
𝜕𝑝(𝑣(𝜎2
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which is strictly increasing in 𝑡 as 𝑣
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)
is strictly increasing in 𝑡 by Lemma 2, such

that (6) always holds. ■
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2.10 Appendix: Further Evidence

Table 2.6: Performance Rating and Spot Bonuses
Received Spot Bonus𝑖 Received Late𝑖

(1) (2)
Performance Rating 2019𝑖 0.179∗∗∗ -0.045∗

(0.021) (0.026)
Controls Yes Yes
Supervisor Fixed Effects Yes Yes
Clustered at Planner Planner
Number of Clusters 388 278
Observations 2,314 1,292
Adjusted R-squared 0.428 0.556

Note: This table reports results of an OLS regression where the dependent variables are whether an
employee received a spot bonus in 2019 (column (1)) or whether an employee received a spot bonus late
in the year, i.e. in the peak months November or December(column (2)). The data are on the employee
level. The number of observations is relatively small in comparison to other regressions as only a subset
of employees receive performance ratings. In column (2), we further restrict the sample to employees who
received a performance rating as well as a spot bonus in 2019. We include age, gender, managerial level, a
dummy whether the employee works in production or not, as well as supervisor fixed effects as controls.
Standard errors are clustered at the planner level, and reported in parentheses. * p < 0.1, ** p < 0.05, *** p <
0.01.
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Table 2.7: Summary Statistics - Workforce
Employees Supervisors Planners

Mean S.D. Mean S.D. Mean S.D.
Age 45.566 10.931 47.729 8.850 49.417 7.860
Female 0.185 0.389 0.160 0.366 0.197 0.398
Tenure 14.976 13.317 13.862 11.761 13.870 10.965
Performance Rating 3.227 0.584 - - - -
Team Size - - 5.980 7.913 14.015 26.277
Production 0.546 0.498 0.417 0.493 0.179 0.384
Managerial Level 1 0.073 0.260 0.149 0.356 0.064 0.244
Managerial Level 2 0.063 0.242 0.209 0.406 0.264 0.441
Managerial Level 3 0.040 0.196 0.225 0.418 0.491 0.500
Managerial Level 4 0.005 0.072 0.039 0.193 0.111 0.315
Managerial Level 5 0.000 0.000 0.018 0.133 0.052 0.223
Headquarter Country 0.502 0.500 0.390 0.488 0.529 0.500
Observations 13,286 2,001 690

Note: This table reports summary statistics (mean and standard deviation) for employees, supervisors
and planners. We report the summary statistics for the workforce of 2019. Age and tenure are reported in
years. The performance rating is on a scale from 1 to 5, a higher rating meaning a better performance.
Female, production (function in 2020), headquarter country (if working in the country of the headquarter)
are indicator variables. Moreover, we include an indicator variable for whether an employee is on a
specific managerial level (the remainder are non-managerial employees). For supervisors, team size is
defined as the mean number of employees they supervise in 2019. For planners, team size is defined as
the mean number of employees for whom they decide about awarding spot bonuses.

Table 2.8: Summary Statistics - Spot Bonuses
2016 2017 2018 2019

Received Spot Bonus 0.389 0.353 0.378 0.399
(0.488) (0.478) (0.485) (0.490)

Received > 1 Spot Bonus 0.043 0.038 0.040 0.037
(0.202) (0.191) (0.197) (0.188)

Spot Bonus Size (%) 2.502 2.430 2.433 2.484
(1.801) (1.600) (1.644) (1.671)

Award Month 9.260 9.496 9.564 9.410
(2.704) (2.623) (2.520) (2.657)

Note: This table reports summary statistics (mean and standard deviations) on the spot bonuses paid
in the observation period. Received spot bonus and received more than one spot bonus are indicator
variables. Spot bonus size is measured in percent of an employee’s annual salary. If an employee did not
receive a spot bonus, this employee is not included in this variable. Award month can take the values
two to 12, indicating the respective month of the year in which a spot bonus was awarded. Standard
deviations are reported in parenthesis.
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Table 2.9: Share of Spot Bonuses Awarded in a Given Month
Share of Spot Bonuses Awarded𝑖𝑡
(1) (2)

Month𝑡 0.024∗∗∗
(0.001)

March𝑡 0.020∗∗∗
(0.003)

April𝑡 0.017∗∗∗
(0.004)

May𝑡 0.030∗∗∗
(0.005)

June𝑡 0.041∗∗∗
(0.006)

July𝑡 0.038∗∗∗
(0.005)

August𝑡 0.038∗∗∗
(0.005)

September𝑡 0.068∗∗∗
(0.007)

October𝑡 0.124∗∗∗
(0.008)

November𝑡 0.311∗∗∗
(0.015)

December𝑡 0.215∗∗∗
(0.013)

Year Fixed Effects Yes Yes
Supervisor Fixed Effects Yes Yes
Clustered at Planner Planner
Number of Clusters 855 855
Observations 45,579 45,579
Adjusted R-squared 0.055 0.102

Note: This table reports results of an OLS regression where the dependent variable is the share of spot
bonuses awarded by a supervisor in a year month, and the independent variable is spot bonus year month
and spot bonus year month dummies with February as reference month (in column (2)). The data are on
the supervisor-month level, t referring to a month and i referring to a supervisor. We include year and
supervisor fixed effects as controls. Standard errors are clustered at the planner level, and reported in
parentheses. * p < 0.1, ** p < 0.05, *** p < 0.01.
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Table 2.10: Balance Table
Reminder Group Control Group

Mean S.D. Mean S.D. p-value

Panel A: Randomization Unit

Share Spot Bonuses in Q2 0.088 0.191 0.066 0.183 0.174
Tenure 15.530 9.048 16.189 9.225 0.392
Female 0.199 0.355 0.238 0.384 0.210
Managerial Level 1 0.156 0.317 0.198 0.355 0.137
Managerial Level 2 0.356 0.426 0.318 0.410 0.275
Managerial Level 3 0.259 0.371 0.244 0.371 0.629
Managerial Level 4 0.098 0.270 0.090 0.263 0.739
Production 0.131 0.338 0.130 0.337 0.983
Large No. of Supervisors 0.014 0.118 0.014 0.116 0.964
Large Avg. Team Size 0.007 0.084 0.007 0.083 0.975
Region 1 (Headquarter Region) 0.339 0.474 0.339 0.474 0.996
Region 2 0.095 0.294 0.099 0.300 0.874
Region 3 0.074 0.263 0.075 0.264 0.959
Region 4 0.099 0.299 0.113 0.317 0.584
Region 5 0.095 0.294 0.079 0.270 0.479
Region 6 0.113 0.317 0.120 0.325 0.800
Region 7 0.184 0.388 0.175 0.380 0.776

Observations 283 292 575

Panel B: Supervisor

Share Spot Bonuses in Q2 0.156 0.298 0.082 0.226 0.000
Tenure 17.967 11.915 17.966 11.873 0.999
Team Size 6.837 6.807 7.137 10.212 0.499
Female 0.157 0.364 0.178 0.383 0.269
Managerial Level 1 0.129 0.336 0.153 0.361 0.182
Managerial Level 2 0.260 0.439 0.255 0.436 0.813
Managerial Level 3 0.328 0.470 0.279 0.449 0.037
Managerial Level 4 0.075 0.264 0.071 0.257 0.758
Production 0.216 0.412 0.242 0.428 0.227
Region 1 (Headquarter Region) 0.590 0.492 0.544 0.498 0.076
Region 2 0.051 0.221 0.058 0.234 0.565
Region 3 0.056 0.229 0.077 0.267 0.094
Region 4 0.071 0.257 0.073 0.261 0.852
Region 5 0.046 0.209 0.038 0.191 0.442
Region 6 0.065 0.247 0.071 0.257 0.671
Region 7 0.121 0.326 0.138 0.345 0.327

Observations 719 790 1509
Note: This table reports summary statistics (mean and standard deviations) on the characteristics in the reminder and control group
before the start of the field experiment. Panel A reports result on the level of the randomization unit, i.e. groups of supervisors based
on the combination on function, business unit and location code. Panel B reports results on the supervisor level. If a supervisor
did not award any spot bonus in 2021 or if no spot bonus was awarded in the randomization unit, then these observations are
missing. Large number of supervisors is a dummy indicating whether the randomization unit consists of more than 20 supervisors.
Large average team size is a dummy indicating whether the average number of employees of a supervisor in the randomization
unit is larger than 40. We further report, in the last column, the p-values of a two-sided t-test for continuous variables for the null
hypothesis that the mean of the two groups of supervisors is the same. For indicator variables, we report the results of a proportion
test. The number of observations relates to the number of randomization units or supervisors for which we have information for at
least one of the characteristics.
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Table 2.11: The Effect of the Reminder on the Share of Spot Bonuses in the Next Quarter
Fraction of Spot Bonuses Awarded in the Third Quarter𝑖

(1) (2)
Reminder𝑖 -0.027 0.000

(0.027) (0.022)
Controls No Yes
Clustered at Randomization Unit Randomization Unit
Number of Clusters 569 569
Observations 1,491 1,491
Adjusted R-squared 0.001 0.122

Note: This table reports results of regressions where we regress the share of spot bonuses awarded in the
third quarter in 2021, i.e. in the quarter after the reminder, on a dummy for whether supervisors received
a reminder. The data are on the (functional) supervisor level, 𝑖 referring to a (functional) supervisor. We
drop (functional) supervisors who have not yet been (functional) supervisors when the reminder was
sent out as well as (functional) supervisors whose subordinates do not receive any spot bonus in 2021. In
column (2), we include as controls the share of spot bonuses awarded in the second quarter, a dummy
for management level 3, as well as strata dummies (strata are constructed based on the (functional)
supervisor’s function, the (functional) supervisor’s region, a dummy for whether the mean team size in
the randomization unit is large as well as a dummy for whether the randomization unit consists of many
(functional) supervisors). Note that randomization units are build based on function and location of the
(functional) supervisors. Standard errors are clustered at the randomization unit level, and reported in
parentheses. * p < 0.1, ** p < 0.05, *** p < 0.01.
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Figure 2.3: Share of Companies with Spot Bonus System
Note: This bar chart shows the share of companies in the Linked Personnel Panel (LPP) dataset with spot
bonus systems in place by the number of employees employed at the companies.

Figure 2.4: The Timing of Spot Bonuses - Second Company
Note: This graph plots the mean share of spot bonuses paid out for our second company in each month of
a year. We present one graph per year of the observation period (2019-2021). In June 2021 a restructuring
project was finalized which explains the slight spike in the second quarter of 2021.
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Figure 2.5: Distribution of Spot Rewards in Percent of Annual Salary
Note: This histogram plots the distribution of spot bonus sizes in percent of the receiving employee’s
annual salary.

Figure 2.6: Email Reminder Wording
Note: This figure shows the wording of the email reminder. For NAME, the names of the addressed
managers were inserted. Please note that in the original email the company also used a specific name for
spot bonuses existing in the company. For better understanding and for reasons of anonymity, we replace
it with the term spot bonus.
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2.11 Appendix: Research Instrument

Figure 2.7: First Page

Figure 2.8: Demographics
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Figure 2.9: General Information (Part 1)

Figure 2.10: General Information (Part 2)
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Figure 2.11: Reasons for Not Working From Home (Only if Not in Last 2 Weeks)

Figure 2.12: Work and Personal Situation (Part 1)
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Figure 2.13: Work and Personal Situation (Part 2)

Figure 2.14: Team Members and Supervisors
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Figure 2.15: Supervisors (Only for Employees in the Second Survey) (Part 1)

Figure 2.16: Supervisors (Only for Employees in the Second Survey) (Part 2)
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Figure 2.17: Direct Reports (Only for Supervisors) (Part 1)

Figure 2.18: Direct Reports (Only for Supervisors) (Part 2)
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Figure 2.19: Direct Reports (Only for Supervisors) (Part 3)

Figure 2.20: Direct Reports (Only for Supervisors in the Second Survey) (Part 1)
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Figure 2.21: Direct Reports (Only for Supervisors in the Second Survey) (Part 2)

Figure 2.22: Working From Home (Only if Worked From Home in Last 2 Weeks) (Part 1)
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Figure 2.23: Working From Home (Only if Worked From Home in Last 2 Weeks) (Part 2)
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Figure 2.24: Working From Home (Only if Worked From Home in Last 2 Weeks) (Part 3)

Figure 2.25: Last Page
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3 Highlighting Benefits in Job Ads: A Field Experiment

Abstract

In this study, I investigate the impact of highlighting specific information in job
advertisements on the number of applicants and the composition of the applicant
pool. In collaboration with a recruiting service provider, I conducted a field
experiment with job ads from over 40 firms on social media platforms where
potential candidates see job ads that highlight either work-from-home, flexible work
hours, or no job characteristic. Using the results from 3,348 applications for 176
job ads, I find that highlighting either of these flexible work options, compared
to not highlighting any job characteristic, significantly increases the number of
applicants. Additionally, an analysis of the applicant pool shows that the share of
female applicants is higher when flexible work hours are highlighted. Finally, by
leveraging the diversity of job types included in the experiment, I further show
evidence on heterogeneity.

This chapter is based on the working paper Opitz (2024).43 The paper is single-
authored.

43The field experiment was approved by the IRB board of the WiSo faculty of the University of Cologne
and pre-registered on socialscienceregistry.org with the AEARCTR-0012474.
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3.1 Introduction

Finding the right applicants for a job is crucial for organizational success. Research
indicates that employees who fit well tend to perform better and have lower turnover
rates (e.g., Cai, 2023; Campbell, 2012; Friebel et al., 2023). Therefore, personnel selection
is recognized as a key management control for organizations (Merchant and Van der
Stede, 2017). However, companies can only select from applicants who have self-selected
into the applicant pool. Job advertisements, serving as the initial point of contact
between potential applicants and the organization, provide an opportunity to influence
this self-selection process. In this study, I investigate through a field experiment with job
ads from over 40 companies how highlighting specific employee benefits, particularly
flexibility benefits, in job ads affects application behavior.

Highlighting flexibility benefits in job ads could attract more applicants for two main
reasons. First, research shows that employees value these benefits (e.g., He et al., 2021;
Mas and Pallais, 2017), and emphasizing them might make the job more appealing.
Second, highlighting flexibility might signal a positive corporate culture. For example,
emphasizing work-from-home options can indicate a company’s level of trust in its
employees, as monitoring becomes much more difficult (Spence, 1978). As a result,
showcasing flexibility benefits may encourage more applicants to apply for the job.

However, there are factors that might counteract this effect. Post-pandemic, many
firms already offer some form of flexibility (e.g., Aksoy et al., 2022; Brenscheidt et al.,
2023; Ham et al., 2024), which could mean that employees now expect these options and
may not be influenced by them being highlighted.44 Additionally, the effectiveness of
highlighting flexibility benefits might vary depending on the specific job characteristics,
such as location or field of activity.

To investigate the effect of highlighting flexibility benefits on the number of applica-
tions, I ran a field experiment in cooperation with a recruiting service provider. For the
experiment we focus on one of the services the clients can choose, namely posting the
job ads on Meta’s social media platforms (Facebook and Instagram). Over a six-month
period, we posted different versions of job ads offering flexible work hours and/or
working from home on Meta’s platforms. For all job ads that offered only flexible
working hours, we created a version that highlighted flexible working hours and one
version that did not highlight any job characteristic. For all job ads that offered only
working from home, we similarly created a version that highlighted working from home
and a version that did not highlight any job characteristic. For all job ads offering both

44Most studies showing that employees value flexibility benefits are pre-pandemic, so results might
differ now. The only exception, to my knowledge, is Fuchs et al. (2024). While they also show a positive
effect of providing workplace flexibility for entry-level jobs, they do not find an effect for experienced
employees. Additionally, their flexibility options are not standard (e.g., offering work-from-home or
flexible work hours) but rather individual solutions, which are not necessarily common post-pandemic.
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there were three versions, one each highlighting the respective flexibility benefit and
one not highlighting any job characteristic. Using Meta’s developer API, we randomized
which version individual users could see, ensuring each user viewed only one version
of the job ad.

Using this random variation in exposure to different versions, I can cleanly identify
the causal effect of highlighting flexible working hours or working from home in job
ads on application behavior. I find that both flexibility options substantially increase
the number of applications—by 20.09% for flexible working hours and even by 31.30%
for working from home. Highlighting the option to work from home also significantly
reduces the average cost per application (by 10.11% and 25.06% respectively). Using my
data, I can also provide insights into whether these treatments affect the composition of
the applicant pool in terms of gender, which might influence how attractive highlighting
these benefits is for companies aiming to attract specific groups, such as female applicants.
My results show that the share of female applicants is higher when flexible working hours
are highlighted, compared to when no job characteristics are highlighted. However, this
effect is not observed for working from home. This may be because the share of female
applicants in the control group is already high for these jobs (75%), compared to 44.4%
for jobs with flexible work hours.

Leveraging that my cooperation company has clients from many different industries
that try to fill different kinds of positions, I further exploratively investigate for which
kinds of jobs highlighting flexibility benefits is beneficial. Using a data-driven approach
(post-Lasso OLS, Belloni and Chernozhukov, 2013) to select a subset of the available
job characteristics for investigation, I find evidence that highlighting remote work has
a greater impact on customer support roles, while being less effective for positions in
public administration. I do not find evidence that the available job characteristics explain
variations in the effect size when highlighting flexible work hours. Additionally, I do
not find evidence that emphasizing time or location flexibility benefits is detrimental for
jobs with certain characteristics.

My study makes several contributions to the literature. First, using experiments
with job ads from over 40 companies in different industries, I can show that there is a
generalizable positive effect for highlighting flexibility options (at least across industries).
I thus contribute to the literature on employees’ valuation of flexibility benefits (e.g.,
Aksoy et al., 2022; Bloom et al., 2022; Mas and Pallais, 2017) and the effects of workplace
flexibility (e.g., Baek, 2023; Bloom et al., 2022, 2015; Brueggen et al., 2024; Kelliher
and Anderson, 2010; Leslie et al., 2012; Mas and Pallais, 2017) by providing clear field
experimental evidence that the impact of highlighting flexibility benefits in job ads is not
limited to specific industries like tech (Fuchs et al., 2024; He et al., 2021). Additionally,
I show that there is still a positive effect of highlighting flexibility benefits in job ads
even post-pandemic. The studies most similar to mine are He et al. (2021), who varied
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flexibility benefits and pay in job ads from a single tech company on a Chinese job board
pre-pandemic, and Fuchs et al. (2024), who varied information on flexibility and career
opportunities in job ads from a single tech firm in Europe. Both studies are set in very
specific contexts, whereas my research adds to the literature by providing evidence
across various firms and industries.

Second, running a field experiment with job ads of a broad range of companies allowed
me to investigate heterogeneity in the effects. This is an advantage in comparison to
other job ad studies (e.g., Del Carpio and Fujiwara, 2023; Flory et al., 2015; Hurst et al.,
2024), which often vary ads from only one company. It is especially distinct from studies
investigating flexibility benefits in job ads (Fuchs et al., 2024; He et al., 2021), which use
job ads from just one tech company each. An exception among job ad studies is Choi et al.
(2023), who collaborate with a career advice agency and randomize whether job seekers
receive additional diversity information in job recommendation emails. However, to the
best of my knowledge, no studies have investigated flexibility benefits in job ads in this
way.

Third, a notable difference from other job ad studies is that I vary only whether
and which job characteristic is highlighted, not whether it is offered to applicants. In
my study, neither the actual job characteristics nor the job ad texts differ. This allows
me to provide evidence on a less invasive form of intervention that companies can
easily adjust and tailor to different job profiles. Thus, I contribute to the literature on
attention in accounting and economics (e.g., Birnberg and Shields, 1984; Bordalo et al.,
2022; Hirshleifer and Teoh, 2003; Manthei et al., 2023b) by demonstrating that merely
highlighting a characteristic in an ad can make a difference.

The remainder of the paper is structured as follows: Section 3.2 reviews the related
literature and outlines the hypothesis development. Section 3.3 provides details on the
experimental design. In Section 3.4, I present the results on the average treatment effect,
heterogeneity analyses as well as the gender composition in the applicant pool. Section
3.5 concludes.
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3.2 Theoretical Background

Personnel controls, i.e. selecting employees and providing them with the skills and
resources needed to motivate and control themselves, is considered one of the key
management control mechanisms for companies (Merchant and Van der Stede, 2017). A
central aspect is hiring employees whose abilities and preferences are a good fit for the
company (Campbell, 2012; Feichter and Grabner, 2020). This can be achieved if i) the
company has an effective system for selecting applicants who are well-suited for the job
and ii) if there is a pool of suitable applicants for the company to choose from.45

While attracting candidates is therefore a crucial part of the process, it has been
understudied until now. In times when many companies struggle to find candidates for
their positions ("War for Talent," Binvel et al., 2018; Michaels et al., 2001), the question of
how to attract the right candidates becomes increasingly important. Since attracting
applicants means that they self-select into the applicant pool, it is essential to understand
how this self-selection process works. Some studies show that the existence and form of
variable pay can influence employee self-selection into companies (Hales et al., 2015;
Kachelmeier and Williamson, 2010; Lazear, 2000). Furthermore, Cardinaels et al. (2018)
show self-selection based on pay-level differences. Baruah et al. (2021) study how the
choice of recruiting channel is aligned with output contractibility in firms to facilitate
effective self-selection into the applicant pool. However, there are many other tools
companies could use to facilitate self-selection that deserve attention, such as job ads.

To attract candidates, they need to be informed about the company, the position, and
its offerings. Typically, information is disseminated through job ads on channels such as
the company website or job boards. However, social media is also being increasingly
utilized, particularly to reach ’passive’ candidates (e.g., Cappelli, 2001; Doherty, 2010),
who are potential candidates not actively seeking a new job and who do not actively
seek information through job portals or similar channels.

Potential candidates, whether active or passive, are exposed to a lot of information at
once. This information partly comes from the company’s job ads and partly from other
posts and ads they are viewing. Candidates actively searching for a job typically browse
through multiple job ads in a short period. Similarly, passive candidates on social media
encounter numerous posts from friends and acquaintances, alongside advertisements
for products, services, and job opportunities.

45A still relatively small but growing body of literature investigates how companies can select applicants
with a good fit. Studies show that employee referral programs are effective in hiring suitable employees
(Campbell, 2012; Friebel et al., 2023). Other research examines how the decentralization or centralization of
hiring decisions can affect employee fit (Deller and Sandino, 2020; Lill et al., 2024). Cai (2023) demonstrates
that a culture-fit measurement system can be beneficial. Additionally, Abernethy et al. (2015) explore how
companies combine employee selection with incentive contracting.
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While the amount of information available is vast, attention— including that of
potential applicants— is limited (see, for example, Kahneman, 1973). The focus of
attention is influenced by both controlled and uncontrolled processes. It is partly driven
by the goals a person wants to achieve but can also be automatically drawn towards
prominent (i.e., salient) stimuli (e.g., Bordalo et al., 2022; Hirshleifer and Teoh, 2003;
Treisman and Gelade, 1980). Therefore, by making specific job characteristics more
salient, a company might be able to direct candidates’ attention in that direction.

As salient stimuli receive more weight in decision-making (Bordalo et al., 2022),
which job characteristic is made salient can influence two decisions when screening
multiple posts and ads: i) whether to pay significant attention to this ad among all
others, and ii) whether to take action on the ad, i.e. whether to apply. Therefore, it may
be advantageous to highlight a job characteristic that is valued by candidates. One such
characteristic is flexibility. Studies have consistently shown that employees highly value
workplace flexibility and are even willing to accept lower compensation in exchange
for it (Aksoy et al., 2022; Bloom et al., 2022; He et al., 2021; Mas and Pallais, 2017). Two
common types of workplace flexibility are flexible work hours and working from home
options (see, for example, Mas and Pallais, 2020).

While flexible work hours offer employees the freedom to determine their work
schedule, work-from-home grants them the flexibility to choose their work location.
Therefore, these options differ in several respects: while work-from-home saves time
by eliminating commuting, flexible work hours do not reduce time spent but allow
employees to decide when to allocate their work hours. Additionally, both options
typically pose challenges for employers in monitoring employees, such as tracking their
work hours. As a result, flexibility benefits often necessitate a degree of trust from the
employer (Allen et al., 2015).

Thus, potential candidates who notice a highlighted flexibility option in a job ad
can perceive value from two different aspects: i) the value of being able to utilize the
flexibility option, and ii) the perceived signal about the company culture, including the
level of trust.46

Considering that highlighting flexibility benefits increases their salience and can thus
weigh more heavily in the decision-making process for job applicants, and given that
employees value flexibility benefits, I propose the following hypothesis:

H1: Highlighting a flexibility benefit (flextime or WFH) increases the number of
applications

46According to Spence (1978), information can serve as a signal when the costs for low-quality companies
(in this context, those perceived as low trusting) are too high to falsely send the signal. For companies
that highlight flexibility benefits, there is an expectation that new hires will want to utilize these benefits;
otherwise, they may become highly dissatisfied. This situation could be seen as imposing an unreasonably
high cost for companies perceived as lacking in trust.
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Whether highlighting a flexibility benefit in a job ad increases the number of applica-
tions and how strong this effect is, is potentially strongly dependent on the characteristics
of the job itself. It might for example be the case that highlighting the possibility of
working from home increases the number of applicants more strongly for jobs in rural
areas as it might be seen as more valuable not having to move there than to a large city.
It might also be that highlighting flexibility options have a stronger effect for fields of
activity or industries where it is not as common since it might be more salient then. As
there are many different job characteristics to consider, I do not form hypotheses but
explore these heterogeneities using a data-driven approach in Section 3.4.2.

3.3 Experimental Design

3.3.1 The Environment

I collaborate with a recruiting service provider that offers services to a wide range of
clients, spanning from small firms to multinational corporations with several thousand
employees across diverse industries such as construction, logistics, banking, and
consulting. Clients are mainly located in Germany.

The recruiting service provider offers services throughout the whole recruiting
process. This includes posting job ads across various channels, providing application
management tools, and offering a metric to assess candidate-position fit, thereby
supporting personnel selection. One of their primary services involves posting job ads
on social media platforms. These platforms then distribute the ads to their user base. To
utilize this service, clients submit a job description along with additional details such as
employee benefits. Using this information, the company creates a job ad.

This study specifically examines the job ads posted by the company on Meta’s social
media platforms (Facebook and Instagram). For these platforms the company creates an
ad that consists of the job title, the hiring firm logo and the hiring firm location as well
as an illustration. Figure 3.2 in the Appendix shows a fictitious sample job ad. In the
description text belonging to the ad, applicants find the job ad text. Thus, they already
see the full text together with the ad.

64



Potential applicants view the job ads on their Facebook or Instagram feeds. Job ads
are only shown to users that fit the profile of the advertised job opening. Whether a
user fits depends on their locations as well as their interests.47 The interests are linked
to specific business activities, e.g. IT/software or food/hospitality. When users click on
the job ad, they can apply directly using a pre-filled short form with their Meta data.
The form requests only their name and email address, with an optional field for phone
number.

Following this initial contact, the recruiting service provider manages the application
process. They email applicants a link to a comprehensive application form that includes
all necessary information requested by the client. This may include a current CV,
educational background details, or specific skills.

3.3.2 Treatments

During the experimental period, my partner company posted job ads on Meta’s social
media platforms (Facebook and Instagram) in three different versions. Each user could
only view one version of the ad. One version highlighted work-from-home opportunities
(Working from Home treatment), another highlighted flexible working hours (Flextime
treatment), and the third did not emphasize any specific job characteristic. For jobs
that offered only one of these benefits (such as work-from-home), the company posted
two versions: one without any highlighted characteristics and one emphasizing the
offered benefit (e.g., work-from-home). Jobs that did not offer either of these benefits
were excluded from the experiment.

The flexibility benefits were highlighted by including the respective benefit on the
job ad and making it more prominent with the addition of an icon (see Figure 3.2 in
the Appendix). Importantly, the text of the job ad remained unchanged, ensuring all
potential candidates received the same information about the company, the job tasks as
well as the list of benefits offered.

3.3.3 Experimental Procedure and Data

The experiment started on December 6, 2023, and ran for six months. The last new
short job ads were posted on June 6, 2024. During this period, 176 job ads met the
criteria of offering at least one of the flexibility benefits, i.e. flexible working hours or
work-from-home, and were posted on Facebook/Instagram as part of the experiment.

47Only users within a certain radius of the company’s location can see the ad if the job does not offer
work from home. The size of the radius around the company’s location depends on how easy it is to
commute there. If the job offers work from home, the ad can be seen anywhere in Germany.
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Of these, 84 job ads offered working from home, 126 offered flexible work hours, and 34
offered both working from home and flexible work hours. The job ads originated from
42 different clients. The number of job ads from individual clients varied greatly during
the experimental period, ranging from 1 to around 51 (median: 2).

Using the Meta developer API, the recruiting service provider could randomly split
the population of Facebook users into several groups, with each group able to see only
one of the job ad versions. The split was performed independently for each job ad.
Thus, whether an individual saw the work-from-home version of one of the job ads
was independent of the version the individual saw of another job ad. The advantage of
using this developer API was the ability to post different job ad versions simultaneously.
Thus, in contrast to other job ad studies (e.g., Flory et al., 2015; Fuchs et al., 2024; He
et al., 2021), I avoided the issue of time discrepancies in version posting, which could
potentially introduce confounding factors.48

The three versions of each ad are displayed for a maximum of two months. If an ad
remains online beyond two months, only the version that achieved the lowest cost per
application during this period is displayed, for budgetary reasons. However, due to
technical issues, I only utilize data from the first month for the primary analyses. This
limitation arises because the treatment assignment needed to be re-randomized for all
job ads after the first month. Since I lack information on individuals who did not apply,
I cannot track which ad version they might have seen in the first month if they applied
in the second month. Therefore, I exclude data from the second month. In the first
month, each job ad version was seen on average by 3,693 unique viewers. Of these on
average 9 applied.

In addition to receiving data on the number of individual views, costs, and applications
for each version of the job ads, I also obtained information from the recruiting service
provider on the job characteristics. For each job, I received data on working time
(full-time or part-time), employment type (e.g., permanent or freelance), career level
(entry, experienced, or other), field of activity (e.g., sales, administration, customer
support, engineering, etc.) and location49.

48Because I do not have information on viewers of the ads who did not apply, I cannot check for balance
between the treatment and control groups. However, since each job ad version was seen by an average of
3,693 unique viewers, an imbalance is unlikely due to the large sample size.

49Location information was missing in parts of the job ads. For these, I added the information either
by using details provided in the job ad title or by looking up the respective company.
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To investigate the heterogeneities later on, I added two potentially important job
characteristics. First, I categorized all jobs into industry sectors based on the Global
Industry Classification Standard (S&P Global Market Intelligence, 2018). Sectors included
in my sample are Materials (e.g chemical companies), Industrials (e.g. consultancies
or machinery manufacturers), Consumer Discretionary (e.g. producers of household
durables), Consumer Stables (e.g. food producers), Financials (e.g. banks or insurance
brokers), IT (e.g. IT service providers) and Health Care.

Second, I merged the data with additional data on the population size at the job
location. For population size, I used data from the German Statistical Office (Statistisches
Bundesamt, 2023) and manually added the data for locations not included. 50 See Table
3.5 in the Appendix for summary statistics.

In total, the job ads generated 3,348 applications. For a subset of applicants, I received
gender data (male or female).51 Of the applicants for whom gender was recorded, 60.6%
are female.

3.4 Results

3.4.1 Effect on Applications

To investigate the effect of highlighting a flexibility option in job ads on applications, I
use two different outcome measures. The first is the number of applications per 1,000
individuals who view the job ad, and the second is the cost per application. These
two measures complement each other, as they differ in two important ways. First, the
number of applications per 1,000 views is defined even when no one applies, whereas
the cost per application cannot be calculated in such cases. Second, cost per application
takes into account how much the company paid to show the ad to these applicants and
is thus an important performance indicator for my collaboration company. However,
since Meta uses auctions to determine which ads are shown to individual users, the cost
of displaying an ad varies between users based on factors beyond the company’s control.
As ads compete for limited ad spots, the cost for 1,000 viewers of one version may differ
from the cost for 1,000 viewers of another version, even when everything except the
highlighting of the flexibility benefits is the same. This creates more variance in cost
per application that cannot be explained by the job ad characteristics or treatments in
comparison to applications per 1,000 viewers.

50Locations not included were either outside of Germany or were municipalities rather than towns or
cities. I looked these up and added the respective number of inhabitants.

51Due to technical issues, I only received data on approximately 25% of the applicants, specifically those
who applied after mid-April. As a result, the analyses using applicant data differ from the pre-registered
version due to insufficient statistical power.
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Table 3.1: Effect on Applications
Application per

1000 Unique Viewers𝑖 Cost Per Application𝑖

(1) (2)
Flextime Treatment𝑖 0.460∗∗∗ -2.174∗

(0.139) (1.166)
WFH Treatment𝑖 0.820∗∗∗ -6.078∗∗∗

(0.189) (1.998)
p-value Flextime=WFH 0.085 0.058
Job Ad Fixed Effects Yes Yes
Clustered at Job Ad Job Ad
Number of Clusters 176 164
Observations 386 361
Adjusted R-squared 0.845 0.373

Note: This table reports results of regressions where I regress the number of applications per 1,000 unique
viewers (column (1)) and the cost per applications (columns(2)) on treatment indicators for the Flextime
treatment and the Working from Home treatment. The data is at the job ad-version level. The number of
observations varies, as the cost per application can only be computed if there is at least one application
for that job ad version. Job ad fixed effects are included as controls. Standard errors are clustered at the
job ad level, and reported in parentheses. * p < 0.1, ** p < 0.05, *** p < 0.01.

Column (1) in Table 3.1 presents the results of the regression of the number of
applications per 1,000 individuals viewing the job ad on highlighting flexible work hours
or working from home. I include job ad fixed effects to control for differences between
jobs. The results show that both highlighting flexible work hours and offering the option
to work from home significantly increase the number of applicants. Highlighting flexible
work hours increases the number of applications by on average 0.46 per 1,000 viewers,
which represents a 20.09% increase compared to the control group for the same ads
(mean: 2.29). The effect of highlighting working from home is even more pronounced,
with an increase of 0.82 applications per 1,000 unique viewers, corresponding to a 31.30%
increase compared to the control group (mean: 2.62). The difference between the effects
of highlighting flexible work hours and working from home is marginally statistically
significant (Wald test p-value: 0.085).

Column (2) presents the results for cost per application. Both highlighting flexible
work hours and offering a working from home option reduce the cost per application.
However, the effect of flexible work hours is only marginally statistically significant.
Despite this, both coefficients are sizable. Highlighting flexible work hours reduces the
cost per application by =C2.17, which corresponds to a 10.11% decrease compared to the
average cost per application in the control group for these ads (=C21.47). Highlighting
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working from home leads to an even larger reduction of =C6.08, representing a 25.08%
decrease compared to the average cost of =C24.24 per application in the control group for
these ads. The difference in effect sizes between flexible work hours and working from
home is also marginally statistically significant (Wald test p-value: 0.058).

Since most jobs in my sample offer either working from home or flexible work hours,
but not both, the difference in effect size may be driven by other characteristics rather
than the treatment itself. It might for example be the case that highlighting any job
characteristic would have a smaller effect for the kind of jobs that only offer flexible work
hours and not working from home. To overcome this problem, I can investigate the
jobs ads in my sample that offer both working from home and flexible work hours and
compare the treatments thus within the same ad. However, as there are only 34 job ads
that offer both options, this sub-sample is relatively small. Using this sub-sample, the
difference in effect sizes remains sizable (20% larger effect size for applications per 1,000
viewers and 71% larger effect size for cost per application), although not statistically
significant—likely due to the smaller sample size (see Table 3.4 in the Appendix).

Overall, my results demonstrate that the positive effect of flexibility options on the
number of applications, as found by He et al. (2021) and Fuchs et al. (2024) for individual
tech companies, can be generalized to other industries and to posting job ads on social
media platforms instead of job boards. Thus, I find support for Hypothesis 1. While I
show that highlighting flexibility options has sizable effects on both applications per
view and cost per application, an alternative explanation could be that any additional
information about job characteristics, or increased attention from the additional icon on
the job ad, drives these results. Although I cannot completely rule out this possibility
with my data, the large difference in effect sizes between working from home and flexible
work hours, even in the subsample of jobs offering both, suggests that this is not the full
explanation.

3.4.2 Assessing Heterogeneity Based on Job Characteristics

Since I conducted experiments with 176 different job ads from 42 companies, I can
investigate whether and how the effects of highlighting flexibility options vary based on
job characteristics. Because I randomized within each job ad, I can compute the treatment
effect for each one individually. Figure 3.1 presents a histogram of the treatment effects
for flexible work hours (Panel (a)) and for working from home (Panel (b)) on applications
per 1,000 viewers. I chose to use applications per 1,000 viewers as the outcome variable
for two reasons: (i) I have more observations for this variable, as it includes cases with
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zero applications, and (ii) the adjusted R-squared for the regression in Table 3.1 on the
treatment variables and job ad fixed effects is much higher for applications per 1,000
views (0.845) compared to cost per application (0.373), indicating that fewer external
factors influence this outcome.52

(a) Flextime

(b) Working from Home

Figure 3.1: Treatment Effect Distribution
Note: This figure shows the distribution of the treatment effects for highlighting flexible work hours or
working from home on the number of applications per 1,000 unique viewers across individual job ads.
Each observation represents the difference in the number of applications per 1,000 unique viewers for a
job ad when highlighting flexible work hours compared to not highlighting any job characteristic (Panel
(a)), and the difference when highlighting working from home compared to not highlighting any job
characteristic (Panel (b)), for the same job ad.

As Figure 3.1 shows, the treatment effects for the different job ads vary, ranging
from negative to positive. However, this may simply result from random variation
around the average treatment effect and not necessarily indicate actual differences in
treatment effects between job ads with different characteristics. To test this, I use a

52Figure 3.3 in the Appendix displays the histogram for cost per application.
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Kolmogorov-Smirnov test to compare the empirical distribution of the individual effects
(as shown in Figure 3.1) with the distribution we would expect if there were no systematic
differences in treatment effects—specifically, a normal distribution with the average
treatment effect as the mean53. I find that for both flexible work hours and working
from home, the empirical distribution is only marginally significantly different from
the normal distribution around the mean (p-value Flextime = 0.074; p-value Working
from Home = 0.099). Therefore, based on this test, I cannot conclusively say that the
effects for jobs with certain characteristics differ from the average treatment effect on the
number of applications per 1,000 viewers.54

To investigate this further, I examine whether the job characteristics in my sample
can explain variation in the effects for individual job ads. A naive approach would be
to regress the treatment effects of the job ads on their characteristics. However, given
the large number of job characteristics - using all job characteristics would create 44
regressors - compared to the number of observations, this approach could be problematic.
To address this, I use the post-Lasso procedure proposed by Belloni and Chernozhukov
(2013). This procedure involves two steps. First, I use a Lasso model to select the job
characteristics most relevant for predicting the conditional average treatment effect.55

Second, I perform an OLS regression using only those job characteristics that were
not shrunk to zero by the Lasso model, as suggested by Belloni and Chernozhukov,
2013. This second step is necessary because Lasso can introduce bias into the model by
shrinking coefficients.

As there are, however, also job characteristics that only exist for one or two jobs
overall, like some fields of activity or employment type models (e.g. working student), I
pre-processed the variables for the Lasso model to improve the interpretability of the
findings. I combined these rare characteristics to categories that appear more often.
Overall, I thus reduced the number of job characteristics looked at to 25 (see Table
3.6 in the Appendix for the characteristics kept in the model). Afterwards, I fitted
two lasso models, one for the Flextime treatment and one for the Working from Home
treatment using as outcome the observed treatment effects for each for the different
job ads. Interestingly, the Lasso model does not provide any coefficient that differs
from zero for the Flextime treatment. Thus, I do not find evidence that any of the

53Note that the formula for the standard deviation is SD = Standard Error ×
√
𝑛

54For the effect on cost per application, I find that the empirical distribution for flexible work hours
is not statistically significantly different from the normal distribution around the mean (Kolmogorov-
Smirnov test p-value = 0.436), while it is statistically significantly different for working from home
(Kolmogorov-Smirnov test p-value = 0.002).

55I use the R package hdm (Chernozhukov et al., 2016), which includes the data-driven penalty
theoretically derived by Belloni and Chernozhukov, 2013.
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characteristics I use here, i.e. field of activity, industry sector, working time (full-time or
part-time/negotiable), employment type (permanent, freelance or other), career level
(entry, experience or other) or population size of the town or city where the job is located,
can meaningfully predict the effect on the number of applications for the position.

For Working from Home the Lasso model shrinks all but two coefficients to zero.
Table 3.2 shows the result of the post-Lasso OLS regression including these two job
characteristics, i.e. the job being in customer service or not as well as being in an
uncategorized sector, i.e. public administration56. The results show that while the
positive effect on the number of applications is larger for customer service jobs, it is
smaller for jobs in the public administration. However, I do not find evidence that
highlighting working from home in a job ad is detrimental for a jobs with any specific
characteristics.

Table 3.2: Post-Lasso OLS Results for Working from Home
Job Ad

Treatment Effects𝑖
(1)

Customer Service𝑖 3.918∗∗∗
(0.793)

Public Administration𝑖 -0.542∗∗∗
(0.188)

Constant 0.691∗∗∗
(0.188)

Observations 84
Adjusted R-squared 0.191

Note: This table reports results of a regression where I regress the treatment effect for each job ad offering
working from home on the job characteristics for which the lasso model did not set the coefficients to
zero. The job ad treatment effect is defined as the difference between the number of applications per
1,000 viewers for the version highlighting working from home and the number of applications per 1,000
viewers for the version that does not highlight any job characteristic. ’Customer Service’ as well as ’Public
Administration’ are dummy variables. Robust standard errors are reported in parentheses. * p < 0.1, ** p <
0.05, *** p < 0.01.

Taken together, my results show first evidence that there is heterogeneity in how well
the highlighting of flexibility options in job ads work for different jobs. However, it is
important to note that due to the limited sample size, some heterogeneities might remain
undiscovered. Additionally, while my findings suggest that highlighting working from
home can influence the number of applications, varying depending on whether the job

56Public administration is not part of any sector in the Global Industry Classification Standard (S&P
Global Market Intelligence, 2018). As a result, these jobs were not assigned to any sector and remain
uncategorized. However, since all uncategorized jobs are in public administration, I can clearly make the
connection.
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is in customer service or public administration, these results should be interpreted with
caution. The small sample size means there are only a few jobs with these characteristics
in my sample. Therefore, other unmeasured characteristics common to these jobs might
also drive the observed relationship.

3.4.3 Additional Analyses: Composition of the Applicant Pool

Highlighting flexibility options in job ads might not only have different effects based
on job characteristics but might also differently affect applicants leading to a change in
the composition of the applicant pool. An often discussed aspect of flexibility benefits
in that regard is their impact on whether women apply for a particular job. Some
evidence suggests that women, especially those with more responsibilities at home,
value flexibility more than men (e.g., Aksoy et al., 2022; Mas and Pallais, 2017). However,
recent field experiments on job ads have not found that flexibility options increase
the number of applications more for women than for men in the tech sector (Fuchs
et al., 2024; He et al., 2021). However, given the strong male dominance in tech jobs
(Capgemini, 2021), the tech sector may be a unique context for diversity, and results
might differ across other industries.

To explore this question, I analyze the differences in gender composition in the
applicant pools for the various job ad versions, focusing on the subset of applicants for
whom gender data is available.57 The results are presented in Table 3.3.

Column (1) shows that it is, on average, 16.3 percentage points more likely for an
applicant to be female if flexible work hours are highlighted compared to when they
are not. However, highlighting working from home does not seem to influence the
gender of applicants. A logit model (column(2)) results in the same coefficient signs
and significance levels. One reason for the lack of impact of highlighting working from
home might be that the share of female applicants in job ads offering working from
home is already 75% for the control group in which no job characteristic is highlighted.
In contrast, the share of female applicants for job ads offering flexible work hours is only
44.4% for the control group. Therefore, female applicants who highly value working
from home might already be actively seeking out these options, resulting in a high share
of female applicants even without the explicit highlight of the working-from-home
option.

Thus, while the increase in the number of applicants for working from home does
not seem to lead to a larger share of female applicants—consistent with the findings of
Fuchs et al. (2024) and He et al. (2021)—there is a notable increase in the share of female
applicants for job ads highlighting flexible work hours.

57These are applicants for positions after mid-April, for whom I received individual data despite
technical issues, and who completed the comprehensive application form.
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Table 3.3: Highlighting of Flexibility Options and Share of Female Applicants
Female𝑖

OLS Logit
(1) (2)

Flextime Treatment𝑖 0.163∗∗ 1.037∗∗
(0.074) (0.504)

WFH Treatment𝑖 -0.046 -0.285
(0.132) (1.014)

p-value Flextime=WFH 0.159 0.198
Job Ad Fixed Effects Yes Yes
Clustered at Job Ad Job Ad
Number of Clusters 32 20
Observations 201 166
Adjusted R-squared 0.358 -
Pseudo R-squared - 0.036

Note: This table shows the results of regressions of an indicator whether the applicant is female on
treatment indicators. The sample includes the subset of applications for which gender is available.
Non-binary is not included. Thus, the reference group here are male applicants. Column (1) presents the
results using a linear probability, while column (2) presents the results using a logit model. Both models
include job ad fixed effects as controls. The sample sizes differ between the linear probability model and
the logit model because the logit model only includes observations with varying outcomes within job ads.
Thus, job ads with all male or all female applicants are excluded from the logit model.

3.5 Conclusion

In this study, I investigate how highlighting flexible work hours or working from home
in job ads affects both the number of applications and the composition of the applicant
pool, using a field experiment with job ads from 42 firms across various industries. I find
that both flexibility options substantially increase the number of applications per unique
viewer with working from home having a larger effect size, though this difference is not
statistically significant. Heterogeneity analyses reveal that highlighting working from
home in job ads can be more or less beneficial depending on specific job characteristics.
However, I do not find evidence that highlighting flexibility options is detrimental
for jobs with any specific characteristic, indicating that, based on the characteristics
present in my data, highlighting flexibility options does not have a negative impact.
Furthermore, highlighting flexible work hours is associated with a larger share of female
applicants in the applicant pool.

These findings have several implications for companies offering flexibility options to
their employees. First, companies across industries that already offer flexibility options
can attract more applications by highlighting these options in their job ads. Second,
highlighting working from home appears to have a larger effect, though not significantly
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larger, and might therefore be the preferred choice for companies offering both types
of flexibility if a choice has to be made. Third, emphasizing flexible work hours may
be especially beneficial for companies that want to attract a higher number of female
applicants.

While studying the effect of highlighting flexibility options in job ads using real job
ads and actual applicants has many advantages, the study has some limitations due
to these features. First, I cannot observe characteristics of non-applicants. Second, the
number of job ads and job ad versions is limited by the real need of the clients. Due
to these limitations, I cannot completely rule out all alternative explanations for my
results that may be unrelated to flexibility, such as the impact of highlighting any benefit.
However, I can clearly demonstrate that highlighting flexibility benefits has the described
effects within a sample of jobs with diverse characteristics. Future studies could explore
whether these effects are specific to flexibility benefits or can be generalized to the
highlighting of other employee benefits.

Future research should also investigate whether the increase in the number of
applications translates into an increase in suitable applications. While increasing the
pool of applicants may potentially increase the number of suitable candidates, this
is not clear a priori. Those who additionally apply are likely to be individuals who
highly value the highlighted job characteristic, such as flexibility benefits. For example,
these candidates may have responsibilities at home or long commutes. A survey
conducted across 27 countries indicates that women, parents, and individuals with
longer commutes place a high value on work-from-home options (Aksoy et al., 2022).
Since these candidates should be equally suitable for the positions, offering flexibility
benefits is expected to increase the overall pool of suitable applicants.

However, additional applications may come from candidates who highly value
flexibility benefits to the extent that they apply even if they are not a good fit. These
applications could originate from candidates who realize the mismatch after some
time and do not proceed further in the process, or from candidates who either do not
recognize the poor fit or prioritize flexibility so much that they neglect it. There is also
the possibility that some applicants view flexibility options as an opportunity to avoid
responsibilities, given the increased distance in monitoring (see Lill, 2020). Regarding
working from home, experiments conducted by Brueggen et al. (2024) suggest that
individuals prone to dishonesty are more likely to choose remote work. Consequently,
if the effort expended on a task is not easily observable, employees working from home
might engage in more shirking behavior.
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As an additional potential downside, emphasizing flexibility could deter some
suitable applicants from applying. While flexibility benefits are generally advantageous
for potential candidates, who also have the option not to utilize them, highlighting
these benefits might raise concerns about potential drawbacks when these options are
extensively utilized in the company, such as reduced interaction with colleagues or
limited feedback from supervisors (Allen et al., 2015; Bloom et al., 2022, 2015).

Taken together, while there is a larger pool of potential suitable applicants available,
highlighting flexibility benefits might also attract additional applicants who are not
suitable for the position or even deter suitable applicants in some cases. Therefore, more
research is needed to determine whether highlighting flexibility options is genuinely
beneficial for all companies.
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3.7 Appendix

Table 3.4: Effect on Applications (Jobs offering Flextime and WFH)
Application per

1000 Unique Viewers𝑖 Cost Per Application𝑖

(1) (2)
Flextime Treatment𝑖 0.606∗ -5.928∗

(0.301) (3.244)
WFH Treatment𝑖 0.732∗∗ -10.174∗∗

(0.332) (4.214)
p-value Flextime=WFH 0.667 0.188
Job Ad Fixed Effects Yes Yes
Clustered at Job Ad Job Ad
Number of Clusters 34 33
Observations 102 99
Adjusted R-squared 0.909 0.363

Note: This table reports results of regressions where I regress the number of applications per 1,000 unique
viewers (column (1)) and the cost per applications (columns(2)) on treatment indicators for the Flextime
treatment and the Working from Home treatment. The data is at the job ad-version level, and the dataset is
restricted to jobs that offer both flexible work hours and working from home. The number of observations
varies because the cost per application can only be computed if there is at least one application for the job
ad version. Job ad fixed effects are included as controls. Standard errors are clustered at the job ad level,
and reported in parentheses. * p < 0.1, ** p < 0.05, *** p < 0.01.
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Table 3.5: Summary Statistics
Flextime Working from Home

Mean S.D. Mean S.D.
Entry Level 0.579 0.496 0.357 0.482
Experienced 0.405 0.493 0.631 0.485
Full-time 0.579 0.496 0.714 0.454
Part-time/Negotiable 0.421 0.496 0.286 0.454
Permanent 0.548 0.500 0.798 0.404
Freelance 0.405 0.493 0.190 0.395
Sales 0.524 0.501 0.310 0.465
Administration 0.119 0.325 0.107 0.311
Finance/Accounting 0.087 0.283 0.071 0.259
HR 0.056 0.230 0.071 0.259
IT 0.056 0.230 0.131 0.339
Customer Service 0.032 0.176 0.048 0.214
Engineering 0.016 0.125 0.155 0.364
Other Fields of Activity 0.111 0.316 0.107 0.311
Industrials 0.639 0.482 0.627 0.487
Financials 0.148 0.356 0.108 0.313
Consumer Discretionary 0.066 0.249 0.036 0.188
Consumer Staples 0.049 0.217 0.036 0.188
IT 0.041 0.199 0.145 0.354
Materials 0.033 0.179 0.048 0.215
Health Care 0.025 0.156 0.000 0.000
< 50,000 Population Size 0.278 0.450 0.250 0.436
50,000 - 100,000 Population Size 0.143 0.351 0.095 0.295
>100,000 Population Size 0.579 0.496 0.655 0.478
Share Female Applicants 0.679 0.396 0.660 0.412
Observations 126 84

Note: This table presents summary statistics for the job ads, separated by those offering flexible work
hours and those offering working from home. The sector categorization is based on the Global Industry
Classification Standard by S&P Global and MSCI as described in S&P Global Market Intelligence, 2018.
’Materials’ includes for example chemical companies, ’Industrials’ includes for example consultancies
or machinery manufacturers, ’Consumer Discretionary’ includes for example producers of household
durables, ’Consumer Stables’ includes for example food producers, ’Financials’ includes for example
banks or insurance brokers.
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Table 3.6: List of Job Characteristic Used for the Lasso Model
Job Characteristic Type

Career Level
Entry Level Binary
Experienced Binary
Other Binary
Working Time
Full-time Binary
Part-time/Negotiable Binary
Employment Type
Permanent Binary
Freelance Binary
Other Binary
Field of Activity
Sales Binary
Administration Binary
Finance/Accounting Binary
HR Binary
IT Binary
Customer Service Binary
Engineering Binary
Other Binary
Section
Industrials Binary
Financials Binary
Consumer Discretionary Binary
Consumer Staples Binary
IT Binary
Materials Binary
Health Care Binary
Uncategorized (Public Administration) Binary
Location
Population Size Continuous (standardized)

Note: This table shows the job characteristics used as features for the lasso model. Except for ’Population
Size’ all variables are dummy variables. As continuous variable, I z-scored ’Population Size’. The
categories ’other’ include all manifestations of this characteristic that are only present once or twice in the
whole dataset.
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(a) Control (b) Flexible Work Hours

(c) Working From Home

Figure 3.2: Fictitious Sample Job Ad
Note: This figure shows the three versions of a fictitious sample job ad, designed in the same format as
the real job ads.
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(a) Flextime

(b) Working from Home

Figure 3.3: Treatment Effect Distribution (Cost)
Note: This figure illustrates the distribution of treatment effects for highlighting flexible work hours or
working from home on the cost per application across individual job ads. Each observation represents
the difference in cost per application for a job ad when highlighting flexible work hours compared to not
highlighting any job characteristic (Panel (a)), and the difference when highlighting working from home
compared to not highlighting any job characteristic (Panel (b)), for the same job ad.
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