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Abstract

Does higher punishment induce more intensive enforcement, do potential offenders notice,

and does this depend on how law enforcement is set up? We address these questions in an

experiment that varies how law enforcement is institutionally organized. We find a sharp

wedge between enforcement behavior and offender inference. When sanctions are deliber-

ately chosen, enforcers select higher detection probabilities at higher sanctions, indicating

complementarity on the enforcement side. Yet offenders do not treat higher sanctions as in-

formative about detection: average beliefs are essentially flat in sanction severity and do not

differ across institutional regimes. Consistent with this missing inference channel, institu-

tional design has little direct effect on taking behavior once the realized sanction is held fixed.
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1 Introduction

1.1 Motivation and Main Results

Public enforcement relies on two canonical instruments: the severity of sanctions and the prob-

ability of detection (e.g., Becker, 1968, Polinsky and Shavell, 2007). While both enter expected

punishment, they differ sharply in observability. Sanction schedules are typically salient and pub-

licly announced; monitoring intensity (police presence, audit rates, inspection effort) is often less

transparent and harder to infer in real time. This asymmetry raises a basic but under-studied

question for deterrence policy: when offenders observe only the sanction, what do they infer

about detection? We open this black box by directly measuring offenders’ belief functions about

detection p̂(s) and comparing them to enforcers’ actual detection choices p(s) under alternative

institutional allocations. A higher observed sanction may express enforcement concern, leading

offenders to infer higher detection (so ∂p̂/∂s > 0; e.g., Cooter, 1998). Alternatively, offenders may

view higher sanctions as a substitute for costly monitoring, leading them to infer lower detection

(so ∂p̂/∂s < 0; e.g., Becker, 1968). Which inference rule applies – and whether it depends on

institutions – is an empirical question.

Enforcement behavior is institutionally contingent. In many real-world regimes, the actor who

selects sanctions is not the actor who allocates monitoring effort, and the mapping from statutory

severity into actual enforcement intensity may depend on organizational design, incentives, and

accountability. For example, hierarchical systems separate a politically salient sanction setter

from a downstream agency choosing inspections, whereas centralized systems bundle the two

instruments within a single decision maker; in still other environments, the applicable sanction is

effectively exogenous to the current enforcer (legacy rules, judicial randomness, externally imposed

schedules; e.g., Baker and Raskolnikov, 2017). These institutional features matter not only for

offender inference, but also for how sanction severity is actually linked to certainty: the same

sanction increase can induce more monitoring, less monitoring, or no change depending on who

chooses what and who bears costs. Studying enforcer behavior across institutions is therefore
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essential for deterrence policy because it clarifies whether (and when) changes in sanction severity

are actually accompanied by changes in detection risk – and it provides the benchmark against

which offender beliefs and their accuracy should be evaluated.

We provide experimental evidence on how enforcement institutions shape (i) the actual joint

use of severity and certainty by enforcement agents and (ii) offenders’ beliefs about detection con-

ditional on the observed sanction. Our design is a one-shot three-player deterrence game with an

enforcement side (sanction choice and monitoring choice) and an offender who can appropriate re-

sources intended for charity. We vary who chooses the sanction while keeping constant the feasible

menus for sanctions and detection probabilities and holding fixed the information structure. We

compare a hierarchical regime (separate sanction setter and monitor), a centralized regime (one

actor chooses both), and a random-sanction regime (sanctions exogenous to the monitor). The

offender observes the sanction but not the detection probability. We elicit offenders’ incentivized

beliefs about detection using the strategy method: each offender reports a belief for each possible

sanction level before learning which sanction will actually apply. This yields a complete belief

function p̂(s) per offender and allows us to test not only whether beliefs differ in levels across

institutions, but whether the slope of beliefs with respect to sanction severity changes when the

sanction is deliberately chosen or random.

Assessing the causal impact of enforcement design in the field is difficult because institutional

reforms are endogenous to political and fiscal conditions, enforcement intensity is often imperfectly

observed, and beliefs about detection are rarely measurable. In our experiment, we can randomize

institutional architecture while holding constant the choice sets for sanctions and detection, the

monetary incentives, and the information structure. This allows clean identification of whether

law enforcement design changes (i) enforcement instrument choices, (ii) belief formation, and (iii)

compliance.

Our results reveal a robust disconnect between enforcement behavior and offender inference.

When sanctions are the outcome of a deliberate choice, enforcers choose higher detection probabil-

ities at higher sanctions, indicating complementarity on the enforcement side. However, offenders

2



do not infer higher detection from higher sanctions: average incentivized beliefs are essentially

flat in sanction severity and do not meaningfully differ across institutional regimes. This missing

inference channel helps explain why institutional design has limited direct effects on taking be-

havior once the sanction is held fixed. This speaks directly to reforms that raise statutory fines or

penalty maxima while leaving inspection rates or police presence largely unchanged – and often

unobserved by the public. In contrast, in an institutional design where sanctions are randomly

determined, we find that the actual detection probability and the potential offenders’ belief are

both flat in sanction severity. Thus, when institutional design influences the extent to which in-

dividuals consider that sanctions are a conscious choice, it also influences how well beliefs about

the detection probability match reality.

Our paper identifies, under controlled incentives and information, whether actual detection

probabilities co-move with sanction severity, whether sanctions serve as an informative signal

about detection risk, and whether these aspects depend on the institutional process generating

the sanction. Existing deterrence frameworks emphasize expected punishment, but typically treat

perceptions as exogenous or leave belief formation implicit. By directly measuring belief func-

tions and comparing them to actual enforcement choices within the same environment, we can

distinguish (i) complementarity/substitution on the enforcement side from (ii) the inference rule

on the offender side. The main lesson is policy-relevant: penalty increases need not raise perceived

apprehension risk when monitoring remains hidden and offenders do not map severity into cer-

tainty. Regarding the different enforcement designs, we find some weak evidence that sanctions

in a hierarchical regime are smaller than those in a centralized regime.

Section 2 describes the experimental design and belief elicitation. Section 3 derives hypotheses.

Section 4 presents results on (i) enforcement choices, (ii) beliefs, and (iii) taking decisions, followed

by discussion and conclusions.
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1.2 Related Literature

Our paper contributes to different strands of the literature.

We elicit potential offenders’ expected detection probability as a function of the sanction sever-

ity and the institutional design. Sanction risk perceptions are an important topic in criminology,

as they are central to understanding crime (e.g., Apel, 2022, Nagin, 2013). In dynamic settings,

the observation or own experience of enforcement induce updates of potential offenders’ belief

about enforcement (e.g., Friehe et al., 2023, Lochner, 2007).

We study how sanction severity influences enforcers’ actual and offenders’ expected detection

probabilities. Whether sanction severity and detection probability operate as substitutes or com-

plements is a key theoretical and policy question (e.g., D’Antoni et al., 2022, Garoupa, 2001,

Sunstein et al., 2000). Much of the economic theory of public enforcement emphasizes substi-

tution: if monetary sanctions are (approximately) transfers while detection is resource-intensive,

higher sanctions can economize on costly enforcement effort (e.g., Polinsky and Shavell, 2007).

Yet real-world regimes frequently appear to “scale up” both – harsh statutory penalties alongside

intensive enforcement – raising the possibility that institutional constraints, behavioral responses,

or informational frictions generate complementarity.1 At the same time, a prominent empirical

literature argues that certainty of apprehension is often a more reliable deterrent than increases

in severity (Nagin, 2013). These observations suggest that understanding the severity–certainty

relationship requires attention not only to enforcement technology, but also to the institutional

process by which enforcement parameters are selected and perceived.

By the use of our three treatments, we contrast different law enforcement designs which may

also vary regarding their perceived legitimacy. Tyler (1990) has started a literature regarding

how legitimacy of law enforcement specifics can impact compliance. In a recent contribution in

this line of inquiry, Baumann et al. (2023) consider how rewarding enforcers with the fine revenue

1In some prominent policy episodes and enforcement strategies, authorities have increased both statutory sever-
ity and enforcement intensity rather than trading them off. Examples include the U.S. drug policy escalation in
the late 1980s/early 1990s and focused-deterrence policing strategies (Braga et al., 2019).
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influences compliance.

Next, we contribute methodologically to the experimental compliance and deterrence literature

(e.g., Engel and Nagin, 2015, Rizzolli and Stanca, 2012, Schildberg-Hörisch and Strassmair, 2012)

by endogenizing enforcement choices and by measuring beliefs under a controlled information

structure using incentivized elicitation and the strategy method. Our belief results highlight a

practical implication for enforcement design: if policymakers wish to influence compliance by

changing statutory penalties, their impact may depend critically on whether changes in severity

are accompanied by credible, salient information about detection intensity.

Our hierarchical regime treatment relates to a large literature on how the allocation of decision

rights and accountability within organizations shapes policy choices (e.g., Aghion and Tirole, 1997;

Holmstrom and Milgrom, 1991; Dixit, 2002; Prendergast, 2007). In addition, this treatment nat-

urally connects to “tone at the top” and leadership-by-example mechanisms: an upstream policy

choice can serve as a signal of enforcement priorities and thereby influence downstream behavior

(e.g., Rotemberg and Saloner, 1993). A complementary (and particularly relevant) behavioral

channel is diffusion of responsibility and blame shifting (e.g., Hamman et al., 2010; Bartling and

Fischbacher, 2012; see also related “moral wiggle room” evidence in Dana et al., 2007 and the

political-economy perspective on blame avoidance in Weaver, 1986). These insights suggest a

concrete interpretation of the hierarchical regime treatment: an upstream sanction setter may

choose relatively low sanctions when anticipating that downstream monitoring can “do the work,”

while downstream enforcers may rationalize lower monitoring by pointing to the statutory (or

upstream-chosen) sanction – making it empirically relevant to study the institution-dependent

mapping from severity into certainty.

In contrast, our centralized regime treatment can be interpreted through the lens of office moti-

vation: when a single actor determines both the sanction and the detection probability, that actor

may experience heightened responsibility for overall enforcement outcomes, beyond what is implied

by material incentives alone. A key reference is Engel and Zhurakhovska (2017), who experimen-

tally show that simply being placed “in charge” in a judicial role can increase enforcement-relevant
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behavior, consistent with role-identity and responsibility mechanisms. More broadly, this connects

to theories of motivated agents and mission-oriented behavior in organizations (e.g., Besley and

Ghatak, 2005). Relatedly, the public-administration and public-economics literatures argue that

public service motivation is a systematic driver of behavior in public office (Perry and Wise, 1990;

Francois, 2000). This provides a behavioral rationale for why centralization can affect enforcement

even holding fixed the feasible menus of sanctions and monitoring.

2 Experimental Design and Procedures

This section describes the experimental game, the treatment variation in the institutional orga-

nization of law enforcement, the elicitation of beliefs, and the payoff structure. The complete

experimental instructions (translated from the original on-screen German version) are provided in

the Appendix.

2.1 Roles, Timing, and Tasks

The experiment is a one-shot three-player game with roles A, B, and C. Participants are randomly

assigned to one of these roles and are anonymously matched into groups of three (one subject per

role). The timing is such that a sanction level is implemented first and a detection probability

next. Afterwards, we elicit beliefs regarding the detection probability before a taking choice is

due. Subjects learn all outcomes and payoffs for the main part only at the end of the experiment.

To summarize:

• Stage 1: Sanction set/drawn

• Stage 2: Player B chooses p after observing s

• Stage 3: Beliefs elicited

• Stage 4: C chooses take/not take; then detection realized
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Players A and B are associated with the two law-enforcement instruments, but their specific

tasks are treatment-specific and explained in detail below. In all treatments, Player B chooses

one out of five costly detection probabilities conditional on the relevant sanction level, where:

p ∈ {0.25, 0.4, 0.55, 0.7, 0.85}.

Choosing p entails a cost incurred regardless of whether detection occurs. The monitoring-cost

schedule is:

(0.25, 0.4, 0.55, 0.7, 0.85) 7→ (75, 210, 368, 548, 750) points.

The cost bearer depends on the treatment as explained below.

Player C chooses whether to appropriate resources that would otherwise be donated to a charity

(German Red Cross). Each group is endowed with a donation amount of 1,500 points. Player C

decides whether to take these points. If C does not take, the donation is made. If C takes, the

donation is initially withheld and C gains 1,500 points unless the act is detected. If C takes and

this taking is detected, the 1,500 points are removed from C, the donation is made, and C pays

sanction s. When choosing whether to take, Player C knows the applicable sanction but not the

detection probability. The sanction s can take one of four values:

s ∈ {100, 700, 1300, 1900}.

The sanction level is associated with a cost that is incurred regardless of whether C takes and

regardless of whether detection occurs. The sanction-cost schedule is:

(100, 700, 1300, 1900) 7→ (75, 225, 450, 750) points.

Who chooses the sanction and who bears these costs depends on the treatment (see below).
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2.2 Treatments: Institutional Allocation of Enforcement Authority

We study three treatments, each capturing a common institutional arrangement (see Table 1):

In HIERARCHY, Player A chooses the sanction level and bears its cost. Player B observes the

realized sanction and selects one out of five detection probabilities. Player C observes the sanction,

forms beliefs about the detection probability, and chooses whether to take from the charity. This

treatment maps naturally to the separation common in public law: upstream political actors set

penalty schedules, while downstream agencies choose enforcement intensity.2

In RANDOM, the sanction is randomly drawn. Player A is passive but bears the sanction’s

cost, and Players B and C have the same tasks as in HIERARCHY. RANDOM captures set-

tings where the penalty regime is effectively exogenous to the current enforcement agent – e.g.,

legacy statutory penalties or externally imposed penalty changes – so that the enforcement mar-

gin is primarily the monitoring choice. The law typically leaves significant discretion to legal

decision-makers when it comes to sanctions or fine (e.g., Baker and Raskolnikov, 2017), making

the realization in a specific case seem random.

In CENTRALIZED, Player B chooses both the sanction level and the detection probability;

the costs of these instruments are shared between Players A and B for greater comparability with

the other treatments. This treatment captures environments in which a single enforcement office

has broad discretion over both the sanction instrument and monitoring. This can be likened to

the authorities of the Securities and Exchange Commission (SEC), the Environmental Protection

Agency (EPA), and the Federal Trade Commission (FTC). Moreover, this treatment mirrors the

assumptions usually made in theoretical contributions on optimal law enforcement (e.g., Polinsky

and Shavell, 2007).

2For example, Friehe and Miceli (2016) consider the implications from this separation of powers when the
sanction setter is at the federal level and the enforcement authorities are at the state level.
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Table 1: Treatment Variation in Enforcement Design

RANDOM HIERARCHY CENTRALIZED

Sanction s chosen by Computer draw Player A Player B

Detection p chosen by Player B Player B Player B

Sanction cost paid by A A A and B (50/50)

Detection cost paid by B B A and B (50/50)

To avoid confusion, we describe the essence of the different treatments regarding the institu-

tional set-up of law enforcement.

HIERARCHY. Player A chooses the sanction and pays its cost. Player B observes s and then

chooses p, paying the monitoring cost.

RANDOM. The sanction is randomly drawn from the four-level menu with symmetric proba-

bilities. Player A is passive but pays the sanction cost associated with the realized draw. Player

B observes s and then chooses p.

CENTRALIZED. Player B chooses both the sanction and the detection probability. The costs

of the chosen instruments are shared equally between Players A and B (each pays one half).

Treatment variation changes (i) who chooses s, and (ii) who internalizes instrument costs. The

feasible menus and information structure are constant.

2.3 Beliefs

Our design separates observability of the two instruments: Player C observes s before deciding

whether to take, but does not observe p. To measure the inference channel, we elicit beliefs about

p in an incentivized manner. A correct prediction yields 2,000 points, otherwise 0 points.
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Before the taking decision, Player C reports a belief about which of the five detection proba-

bility levels Player B implemented. We use the strategy method: C reports beliefs for each of the

four sanction levels, stating the expected detection probability conditional on each sanction level.

Thus, each C subject provides a belief function p̂(s) over Player B’s sanction menu. For C, one

of the four entries in the strategy-method table is randomly selected for payment.

Players A and B – who are in charge of law enforcement – provide one incentivized (second-

order) belief: they predict which detection probability Player C expects given the sanction that

C will actually observe before the taking decision.

2.4 Questionnaire

After the main part, participants complete two post-experimental components and a questionnaire

that are independent of the main task: (i) a short set of seven cognitive reflection problems which

paid 25 points per correct answer (Frederick, 2005), and (ii) a (non-incentivized) 15-decision SVO

allocation task (Murphy et al., 2011) with random payoff selection and random assignment of

whose decision is implemented.3 Finally, we rely on Falk et al. (2018) when eliciting standard

survey measures (risk attitude, trust, positive and negative reciprocity) and end with questions

regarding demographics (age, gender).

2.5 Procedures

We conducted the experiment online with subjects recruited from the joint subject pool of the

BonnEconLab and the MPI Decision Lab. Data were collected between July 16, 2025 and August

15, 2025 in 18 sessions (six per treatment), with an average session duration of approximately

45 minutes. In total, 675 subjects participated (HIERARCHY: n = 231; RANDOM: n = 222;

CENTRALIZED: n = 222). Participants’ ages ranged from 17 to 77 years (mean 28.91). The

sample comprised 33.33% male, 65.04% female, and 1.63% diverse participants. With respect to

3Most existing SVO studies do not use monetary incentives (e.g., Matos et al., 2022).
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student status, 30.67% of the participants reported not currently studying; among those studying,

reported semesters ranged from 1 to 30 (mean 9.76, median 9.5). Faculty affiliation among student

participants was broadly distributed across disciplines (with 12.15% law school students, and

10.81% economics students). Table A.1 in the appendix reports descriptive statistics for the

subject-level control variables across the three treatments, which are broadly balanced.

Participants’ earnings were converted to Euro at a fixed exchange rate of 170 points = 1 Euro.

Each participant makes both (i) action decisions (enforcement instrument or taking choices) and

(ii) belief reports, and the computer randomly selected at the end of the experiment whether ac-

tions or beliefs were payoff-relevant. If actions were selected, each subject received an endowment

of 3,000 points for that part. If beliefs were selected, subjects received an endowment of 1,000

points for that part and could earn 2,000 points via the belief bonus. Payments ranged from e5.90

to e27.60, with a mean of e14.77. Across sessions, 79 groups implemented the donation option,

resulting in donations of e8.90 per group and total charitable giving of e703.10.

Before the main part, subjects answer comprehension questions covering the donation mech-

anism, the enforcement instruments, and the cost schedules. Participants’ comprehension-check

performance was strong: no exclusions were required, and repeat attempts were rare (nine second

attempts and one third attempt across all subjects and questions).

3 Hypotheses

This section develops some predictions for (i) the relationship between sanctions and detection, (ii)

offenders’ beliefs about detection, and (iii) taking choices under alternative institutional designs.

Taking. Let g > 0 be the gain from taking if not detected and let m ≥ 0 denote an idiosyncratic

moral cost with distribution function F and density f (e.g., Feess et al., 2018). The outside option
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is zero. Thus, taking is optimal if

m ≤ m̄(s, p̂t(s)) ≡ g − p̂t(s)(g + s), (1)

where p̂t(s) is the belief about the detection probability in treatment t for sanction s. This

threshold implies an offense rate at F (m̄(s, p̂t(s))). Holding beliefs fixed, higher sanctions reduce

taking. Similarly, holding the sanction fixed, a higher belief reduces taking.

Detection Probability. We model Player B’s preferences with a type parameter θ ≥ 0 cap-

turing how much weight B places on reducing offense-related harm and on sanctioning detected

offenders relative to the cost of detection. The punishment utility v(s) ≥ 0 captures the value to B

from detecting and sanctioning offenders when the sanction level is s (e.g., Polinsky and Shavell,

2000). We assume that v′ ≥ 0 on the relevant range of sanction levels. Let h1 denote the baseline

harm from an offense (which could stem from the moral infraction) and h2 the incremental harm

from an undetected offense. Regarding h2, remember that the points were donated after all when

the taking was detected. B takes offenders’ belief function as fixed and focuses on harm reduction

conditional on expected offense rates. B’s expected loss from choosing p after observing s is

LB(p; s, θ, t) = θ F (m̄(s, p̂t(s)))
(
h1 + (1− p)h2 − p v(s)

)
+ κt k(p), (2)

where k(·) is an increasing cost of detection and κt > 0 captures treatment-dependent cost in-

cidence (as the cost for the detection probability was shared equally in CENTRALIZED). The

experiment allows for a choice of one probability level out of five. For any two detection levels

p′ > p, B’s loss difference is

LB(p
′; s, θ, t)− LB(p; s, θ, t) = −θ F (m̄(s, p̂t(s))) (p

′ − p) (h2 + v(s)) + κt

(
k(p′)− k(p)

)
. (3)
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Thus, the marginal benefit of increasing detection is proportional to

MB(s; θ, t) = θ F (m̄(s, p̂t(s))) (h2 + v(s)). (4)

An increase in s affects MB through two opposing channels: (i) a volume channel—higher s

reduces F (m̄) when holding beliefs fixed, lowering the value of detection; (ii) a case-value chan-

nel—higher s raises v(s), increasing the value of detection.

Complementarity between instruments (i.e., p increasing in s) is predicted when the case-value

channel dominates over the relevant range of sanction levels. However, in treatment RANDOM,

the sanction s is drawn exogenously. Since s does not reflect an intentional enforcement stance,

it is intuitive that v′(s) is smaller in this regime. In that case, the volume channel is likely to

dominate, implying that there will be no positive relationship between p and s.

Sanction Level. We assume that Player A has an objective similar to LB where k̃(s) replaces

k(p), and differentiate between treatments. In HIERARCHY, Player A chooses s and then B

chooses p after observing s. This means that A faces uncertainty about B’s type θ. Let A’s prior

over θ be distributed according to G(θ). The expected detection probability induced by a sanction

choice is

EHIERARCHY[p | s] =
∫

pB(s, θ) dG(θ),

where pB(s, θ) denotes B’s best response to Player A’s sanction choice. Considering the expected

sanction as perceived by A, EHIERARCHY[p | s]× s, a higher sanction has the direct impact trans-

mitted via EHIERARCHY[p | s] and an indirect effect via the induced change in the level of pB(s, θ)

at the different levels of θ. This uncertainty has two conceptually distinct effects on A’s sanction

choice. First, a leverage effect: if A expects pB(s, θ) to be increasing in s on average, then raising

s influences deterrence for given beliefs but also indirectly by inducing higher detection. Second,

a caution effect: if A expects low detection (because A thinks that low types are likely for B),

A may choose a higher sanction to compensate for weak enforcement intensity. Both channels
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can rationalize higher sanctions under hierarchy relative to a benchmark with known downstream

preferences. A different implication of the separation of powers is that the upstream actor may

expect the downstream actor to “take care of deterrence” through monitoring. In HIERARCHY,

Player A may choose lower sanctions while believing that Player B will implement relatively high

detection (or that offenders expect such detection), consistent with a handoff of responsibility to

the monitoring agent.

In contrast, in treatment CENTRALIZED, Player B chooses both s and p, so there is no

strategic uncertainty about downstream enforcement. In addition, we anticipate that the office

motivation may be particularly strong in CENTRALIZED when B is the sole law-enforcement

agent (Engel and Zhurakhovska, 2017). These aspects are likely to induce a higher sanction in

treatment CENTRALIZED unless the caution effect in HIERARCHY is pronounced.

Beliefs. Player C must infer the detection probability from the observed sanction without ob-

serving Player B’s type θ. This incomplete knowledge and the cognitive complexity of reverse

engineering B’s optimization naturally lead to a coarse or misspecified mental model of the link-

age between s and p, so that posterior beliefs about detection regress toward a treatment-specific

average and react less strongly to changes in s than actual enforcement choices do. Formally, one

may capture this by a behavioral attenuation formulation in which

p̂t(s) = λt pt(s) + (1− λt) p̄t, λt ∈ (0, 1),

where pt(s) is the actual detection choice in treatment t and p̄t is a baseline or default detection

level in that treatment. The parameter λt summarizes cognitive noise, ambiguity about enforce-

ment preferences, and potential motivated reasoning on the part of offenders who may find it

attractive to downplay detection risks when considering taking. Under this specification, belief

complementarity is attenuated relative to actual complementarity, as the local responsiveness of
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beliefs to sanctions satisfies

∂p̂t(s)

∂s
= λt

∂pt(s)

∂s
<

∂pt(s)

∂s
,

whenever λt ∈ (0, 1).

The difficulty of predicting the detection probability is the lowest in CENTRALIZED as the

sanction signal is coming from the agent also in charge of the detection probability. In contrast,

the interaction between Players A and B in HIERARCHY is more difficult to understand. This

suggests that beliefs should be more precise in CENTRALIZED.

Behavioral Predictions. We focus on the core testable implications for complements vs. sub-

stitutes and for offender beliefs. Let t denote treatment and let pit denote the detection choice in

a group.

H1 (Complementarity under endogenous sanctions). E[p|s] increases in s in treatments

HIERARCHY and CENTRALIZED (as the case-value channel dominates the volume chan-

nel in (4) over the relevant range of sanction levels), ∂pt/∂s > 0.

H2 (No complementarity under exogenous sanctions). E[p|s] shows no positive relation-

ship with s in treatment RANDOM. The detection probability is not positively related to

the sanction level (as a randomly assigned sanction cannot encode an intentional stance and,

therefore, implies a weaker case-value channel).

H3 (Belief complementarity is weaker than actual complementarity). E[p̂|s] is weakly in-

creasing less (or not at all) in s, even where E[p|s] rises.

H4 (Belief Accuracy). |p̂− p| is smaller in CENTRALIZED than in RANDOM.

H5 (Taking behavior). Conditional on s and p̂t, treatment (i.e., institutional design) has no

incremental effect on taking.
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4 Results

We arrange our results section following the timing of the experiment, where enforcement param-

eters were chosen before we elicited beliefs. Player C’s taking choice was the last element of the

experiment’s main part.

4.1 Level of the Sanction

Figure 1 gives a first impression of the endogenous sanction levels in CENTRALIZED and HIER-

ARCHY, and the randomly selected ones in RANDOM. In the former treatments, we find that

the lowest sanction level is the modal choice and that the highest sanction is rarely implemented.

Figure 1: Sanction Levels by Treatment

Figure 2 presents more information about the distribution of sanctions in the different treat-

ments. In treatment RANDOM, we have the following quartiles: p25 = 700, p50 = 1300, and

p75 = 1900. In our treatments where sanctions are chosen by a participant at a positive marginal
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cost, we find much lower levels. In HIERARCHY, we have p50 = 100, and p75 = 700. Treat-

ment CENTRALIZED displays a distribution with a higher median than in HIERARCHY as:

p25 = 100, p50 = 700, p75 = 700. The mean in CENTRALIZED amounts to 578.38, which

compares to 435.06 in HIERARCHY. When we run a Wilcoxon rank-sum test, we find evidence

that CENTRALIZED induces higher sanction levels (p = 0.078).

Figure 2: Box Plot Sanction Levels by Treatment

Table 2 analyzes the endogenous sanctions, using HIERARCHY as default.4 Column (1)

employs a treatment dummy and shows a (marginally) significant coefficient. This effect is in line

with the impression from Figures 1 and 2 and the result of the non-parametric test.

The lower sanctions in treatment HIERARCHY may indicate a desire to shift some of the

responsibility to Player B who can amend Player A’s low sanction by a higher detection proba-

bility. To check this possibility, we employ Player A’s second-order beliefs as indications of their

4Note that we can use only the observations from CENTRALIZED and HIERARCHY. This explains that we
have only 151 observations. Regarding the detection probability and the taking, we have 225 observations.
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expectations regarding B’s detection probability and compare it to the detection probability that

Players B in CENTRALIZED actually selected for these sanction levels. The t-test indeed gen-

erates a significant difference for s = 700 (p = 0.0248), meaning that Players A in HIERARCHY

anticipated higher detection probabilities from their Players B than Players B in CENTRALIZED

implemented at the respective sanction levels. This indicates that Players A in treatment HIER-

ARCHY were too optimistic about Bs’ making up for A’s small sanction via higher detection

probabilities.

When we control for information about participants in Columns (2) and (3), the coefficient for

CENTRALIZED becomes insignificant. Regarding these additional covariates, we find that social

value orientation and negative reciprocity have significant coefficients (the full results are reported

in Table A.2). Trying to leverage the relevance of the SVO, in Column (3), we test whether social

value orientation has a treatment-specific effect, but find no support for this idea.

Table 2: Ordered Probit Regressions: Sanction Levels in CENTRALIZED and HIERARCHY

(1) (2) (3)

CENTRALIZED 0.339∗ 0.299 0.755

(0.187) (0.194) (0.482)

Participant Controls No Yes Yes

Observations 151 151 151

Notes: The dependent variable is the level of the sanction (one out of

four possible ones). Participant Controls include CRT (0 − 7), SVO,

Risk (0− 10), Trust, Positive and Negative Reciprocity (0− 10), Gender,

and Age. Column (3) also includes an interaction of CENTRALIZED

and SVO. Standard errors in parentheses. ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗

p < 0.01
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4.2 Level of the Detection Probability

Figure 3 shows which combinations of detection probability and sanction level can be observed

across treatments. In RANDOM, the lowest detection probability is regularly chosen at all levels

of the sanction. In treatments where the sanction level was consciously implemented, higher

sanction levels seem to induce higher levels of the detection probability.
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Figure 3: Detection Probability Sanction Pairs by Treatment.

When we run Wilcoxon rank-sum tests on the detection probabilities in our treatments by the

level of the sanction, we find that the detection probabilities in CENTRALIZED and HIERAR-

CHY are significantly higher than those in RANDOM at s = 1300 (p = .0862 for HIERARCHY

with 10 observations v. RANDOM with 22 observations; p = .0034 for CENTRALIZED with
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13 observations v. RANDOM; p = .2871 for CENTRALIZED v. HIERARCHY). Differences at

lower sanction levels are not significant and not informative at s = 1900 due to the low number

of observations in the endogenous-sanction treatments.5

Table 3 explores whether the level of the detection probability was influenced by the design

of the law-enforcement regime when controlling for the level of the sanction. It turns out that

there is no treatment effect. Regarding Hypotheses H1 and H2 about a possible complementarity

between law-enforcement instruments, the table shows that a higher detection probability is a

complement to a higher sanction level in treatments HIERARCHY and CENTRALIZED.

Table 3: Ordered Probit Regressions: Detection Probability

(1) (2) (3)

s = 700 0.623∗∗∗ 0.559∗∗∗ 0.309

(0.202) (0.212) (0.337)

s = 1300 0.774∗∗∗ 0.773∗∗∗ 1.009∗∗

(0.240) (0.248) (0.449)

s = 1900 0.574∗ 0.579∗ 2.198∗∗∗

(0.338) (0.344) (0.323)

RANDOM -0.293 -0.259 0.303

(0.233) (0.243) (0.400)

CENTRALIZED 0.155 0.312 0.001

(0.200) (0.209) (0.355)

s = 700 × RANDOM -0.138

5At s = 100, we obtain p = .6704 for HIERARCHY with 46 observations v. RANDOM with 17 observa-
tions, p = .4035 for CENTRALIZED with 13 observations v. RANDOM, and p = .6309 for CENTRALIZED v.
HIERARCHY. At s = 700, we obtain p = .5139 for HIERARCHY with 20 observations v. RANDOM with 14 ob-
servations, p = .4151 for CENTRALIZED with 24 observations v. RANDOM, and p = .1647 for CENTRALIZED
v. HIERARCHY. At s = 1900, we obtain p = .0653 for HIERARCHY with 1 observations v. RANDOM with 21
observations, p = .7142 for CENTRALIZED with 3 observations v. RANDOM, and p = .6374 for CENTRALIZED
v. HIERARCHY.
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(0.531)

s = 700 × CENTRALIZED 0.659

(0.475)

s = 1300 × RANDOM -1.214∗∗

(0.616)

s = 1300 × CENTRALIZED 0.421

(0.578)

s = 1900 × RANDOM -2.343∗∗∗

(0.515)

s = 1900 × CENTRALIZED -0.856

(0.947)

Participant Controls No Yes Yes

Observations 225 225 225

Standard errors in parentheses

∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

When we run the analysis by treatment, we find additional evidence suggesting that the com-

plementary relationship between the sanction and the detection probability level exists only in

treatments CENTRALIZED and HIERARCHY. These analyses also indicate some heterogeneity

between HIERARCHY and CENTRALIZED. In the latter, sanction level s = 700 is associated

with significantly higher probabilities whereas Player B reacts to Player A’s sanction in HIERAR-

CHY particularly when it is a stronger signal for A’s deterrence concern.

Table 4: Ordered Probit Regressions: Detection Probability by Treatment

(1) (2)
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RANDOM

s = 700 0.516 0.268

(0.408) (0.471)

s = 1300 0.019 -0.244

(0.437) (0.421)

s = 1900 0.054 -0.122

(0.415) (0.440)

Participant Controls No Yes

Observations 74 74

HIERARCHY

s = 700 0.334 0.139

(0.319) (0.329)

s = 1300 0.807∗∗ 1.185∗∗∗

(0.393) (0.452)

s = 1900 1.878∗∗∗ 1.902∗∗∗

(0.305) (0.455)

Participant Controls No Yes

Observations 77 77

CENTRALIZED

s = 700 0.955∗∗∗ 1.067∗∗∗

(0.346) (0.347)

s = 1300 1.471∗∗∗ 1.419∗∗∗

(0.423) (0.436)

s = 1900 0.980 1.393
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(1.062) (0.973)

Participant Controls No Yes

Observations 74 74

Standard errors in parentheses

∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

4.3 Beliefs About the Detection Probability

We elicited beliefs using the strategy method, implying that we have the detection probabilities

that Players C expect for all sanction levels. The information about the anticipated detection

probability and sanction pairs is shown in Figure 4.
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Figure 4: Beliefs About Detection Probability Sanction Pairs by Treatment.

Figure 5 shows how average beliefs for a given sanction level compare by treatment. By

noting the range plotted on the y-axis, it becomes clear that there is little variation over sanction
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levels and institutional designs. Trying to understand whether the slopes of the belief functions

differ significantly, we form the difference of the belief p̂(1900) and p̂(100) for each Player C. On

average, these amount to .0253247 in HIERARCHY, −.0527027 in RANDOM, and .0304054 in

CENTRALIZED. When we compare these differences between treatments, we do not find that

they are significantly different.6

Figure 5: (Average) Beliefs by Treatment and Sanction Level

Column (1) of Table 5 indicates significantly higher beliefs in CENTRALIZED. This is rem-

iniscent of the higher sanction levels in that treatment. However, beliefs do not depend on the

treatment when we include information about participants. Table 5 reports results from a mixed-

effects ordered probit regression, which can better incorporate that we have several observations

per participant.

6Comparing HIERARCHY and RANDOM, p = 0.3256. Comparing HIERARCHY and CENTRALIZED, p =
0.9175. Last, comparing RANDOM and CENTRALIZED, p = 0.3082.
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Table 5: Mixed Effects Ordered Probit Regressions: Beliefs About Detection Probability

(1) (2) (3)

s = 700 0.119 0.119 0.074

(0.105) (0.105) (0.183)

s = 1300 0.055 0.054 0.109

(0.106) (0.106) (0.183)

s = 1900 -0.004 -0.004 0.148

(0.109) (0.109) (0.187)

RANDOM 0.112 0.090 0.252

(0.125) (0.124) (0.205)

CENTRALIZED 0.260∗∗ 0.205 0.155

(0.125) (0.126) (0.208)

s = 700 × RANDOM -0.015

(0.257)

s = 700 × CENTRALIZED 0.153

(0.258)

s = 1300 × RANDOM -0.191

(0.258)

s = 1300 × CENTRALIZED 0.031

(0.259)

s = 1900 × RANDOM -0.470∗

(0.267)

s = 1900 × CENTRALIZED 0.005

27



(0.265)

Participant Controls No Yes Yes

Observations 900 900 900

Standard errors in parentheses

∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Table 5 shows evidence that beliefs do not reveal the complementary relationship between

sanctions and detection probabilities. This speaks to H3: the relationship between sanction levels

and detection probability is very much attenuated in beliefs relative to implemented detection

probabilities.

The missing association may be related to Players C having no adequate model of enforcer

behavior or stem from the application of competing heuristics (substitutes vs complements). Using

the function p̂t(s) we elicited from Players C, we can group participants types according to the

shape of their p̂t(s) over different sanction levels.

Table 6 shows that the highest share of participants in treatments CENTRALIZED and HI-

ERARCHY expected a positive relationship. This matches the pattern of actual decision-making.

However, the majority of participants in these treatments expected other relationships between

these variables. In RANDOM, the highest share of participants expected a negative relationship,

but 28.38 percent expected a positive one. This heterogeneity explains that we do not see a pattern

on average.

Table 6: Typology of Relation between Detection Probability and Sanction

HIERARCHY RANDOM CENTRALIZED

Positive 28 (36.36) 21 (28.38) 28 (37.84) 77 (34.22)
Negative 24 (31.17) 26 (35.14) 24 (32.43) 74 (32.89)
Flat 19 (24.68) 15 (20.27) 10 (13.51) 44 (19.56)

No pattern 6 (7.79) 12 (16.22) 12 (16.22) 30 (13.33)

Total 77 74 74 225
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In Hypothesis 4, we wonder whether beliefs are more accurate in CENTRALIZED than in

HIERARCHY. However, the absolute deviation of the belief from the actually implemented de-

tection probability does not differ across treatments. The mean difference amounts to .3331169

in treatment HIERARCHY, .3608108 in treatment RANDOM, and .3790541 in treatment CEN-

TRALIZED. Comparing HIERARCHY and RANDOM in a Wilcoxon ranksum test, we obtain

p = 0.4796. Comparing HIERARCHY and CENTRALIZED, we get p = 0.2564. Last, comparing

RANDOM and CENTRALIZED, the result is p = 0.6858.

When we check how often the belief was identical to the implemented detection probability,

we find that this was the case in 41.56 percent of the cases in treatment HIERARCHY, 28.38

percent in RANDOM, and 32.43 percent in CENTRALIZED, yielding p = .218 in a Fisher exact

test. This indicates that Players C do not understand Player B’s incentives in one treatment much

better than in others.

From a policy point of view, this implies that – even if enforcement institutions generate real

complementarity – the deterrence benefit of a higher sanction may be diluted by heterogeneous

(and offsetting) inference rules in the population.

4.4 Taking Choice

Figure 6 illustrates the frequency of taking in our three treatments at different sanction levels. It

shows that the sanction level is a decisive driver of taking decisions, whereas differences across

treatments are small.
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Figure 6: Taking Share by Sanction Level and Treatment.

Table 7 supports this insight, providing results with HIERACHY as the default. RANDOM

produces a significant coefficient in Column (1), that is, when we do not control for the sanction

level. Once we do, treatment dummies are no longer significant but sanction levels are. This

implies that the significant coefficient of RANDOM in Column (1) goes back to sanction levels

being higher in RANDOM. Our covariates also include a dummy indicating whether Player C was

expecting a high detection probability (p̂ ≥ 0.55) at the relevant sanction level. In Column (3),

when we incorporate participant controls, we find that the effect is significant.

Table 7: Probit Regressions: Taking Decision

(1) (2) (3)

RANDOM -0.632∗∗∗ -0.275 -0.005

(0.209) (0.239) (0.276)

CENTRALIZED -0.111 0.033 0.140
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(0.206) (0.216) (0.234)

s = 700 -0.687∗∗∗ -0.799∗∗∗

(0.222) (0.249)

s = 1300 -1.107∗∗∗ -1.329∗∗∗

(0.256) (0.269)

s = 1900 -0.920∗∗∗ -1.480∗∗∗

(0.329) (0.404)

High p̂ -0.151 -0.403∗

(0.184) (0.214)

Constant 0.213 0.635∗∗∗ 1.323

(0.144) (0.186) (1.064)

Participant Controls No No Yes

Observations 225 225 225

Standard errors in parentheses

∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

5 Conclusion

This study identifies a belief–behavior wedge at the center of deterrence policy. In a controlled

environment in which the feasible menus for sanctions and detection are fixed and offenders observe

the sanction but not the detection probability, we vary only the institutional process generating

sanctions (chosen by an upstream actor, chosen by the enforcer, or randomly assigned). Three

findings emerge. First, conditional on a given sanction level, reallocating decision rights between

a hierarchical sanction setter and a centralized designer has little effect on monitoring choices or
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violations. Second, when sanctions are the outcome of deliberate choice, enforcers select higher

detection probabilities at higher sanctions, indicating complementarity on the enforcement side.

Third, offenders do not treat sanctions as informative about detection: incentivized belief functions

p̂(s) are approximately flat in sanction severity and display little systematic variation across

institutions, even when actual monitoring choices p(s) increase with s.

Taken together, these results clarify why penalty reforms can produce muted behavioral re-

sponses when monitoring is opaque. Institutional design can shape how enforcement agents com-

bine severity and certainty, but deterrence operates through perceived apprehension risk. In our

setting, the sanction level carries little signal value for detection risk; hence, increases in sever-

ity need not translate into higher perceived expected punishment unless they are accompanied

by credible and salient information about enforcement intensity. A practical implication is that

reforms that adjust statutory penalties in isolation may have limited marginal deterrence when

detection remains hard to observe, whereas transparency or communication about monitoring may

be a necessary complement to severity-based policy changes. More broadly, our evidence suggests

that complementarity in enforcement choices does not automatically imply complementarity in

perceived risk.
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A.1 Full Tables

Table A.1: Table of Controls by Treatment

HIERARCHY RANDOM CENTRALIZED
mean sd mean sd mean sd

SVO 25.15 12.95 28.13 12.14 25.91 16.88
CRT 5.51 1.55 5.50 1.51 5.64 1.48
Risk 5.41 2.07 5.19 2.24 5.25 2.08
Trust 2.35 0.58 2.49 0.59 2.46 0.57
Positive Reciprocity 8.90 1.32 8.95 1.32 8.82 1.33
Negative Reciprocity 3.00 2.45 2.68 2.34 2.76 2.28
Age 28.66 8.39 29.57 9.98 28.52 9.45
N 231 222 222

SVO ranges from -16.26 (competitiveness) to 61.39 (altriusm); CRT ranges from 0 to 7; Risk,

Positive Reciprocity, and Negative Reciprocity range from 0 to 10; Trust ranges from 1 to 4.

Table A.2: Ordered Probit Regressions: Sanction Levels in CENTRALIZED and HIERARCHY

(1) (2) (3)

CENTRALIZED 0.339∗ 0.299 0.755

(0.187) (0.194) (0.482)

CRT 0.015 0.003

(0.071) (0.071)

SVO Angle 0.024∗∗∗ 0.032∗∗∗

(0.008) (0.012)

Risk 0.025 0.024

(0.053) (0.054)

Trust -0.316 -0.319

(0.198) (0.197)

Positive Reciprocity 0.006 -0.013

(0.072) (0.075)
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Negative Reciprocity -0.109∗∗ -0.111∗∗

(0.055) (0.055)

Age 0.007 0.008

(0.013) (0.013)

Female -0.176 -0.167

(0.210) (0.211)

Diverse -0.254 -0.207

(0.532) (0.540)

CENTRALIZED × SVO Angle -0.017

(0.017)

Observations 151 151 151

Standard errors in parentheses

∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Table A.3: Ordered Probit Regressions: Detection Probability

(1) (2) (3)

s = 700 0.623∗∗∗ 0.559∗∗∗ 0.309

(0.202) (0.212) (0.337)

s = 1300 0.774∗∗∗ 0.773∗∗∗ 1.009∗∗

(0.240) (0.248) (0.449)

s = 1900 0.574∗ 0.579∗ 2.198∗∗∗

(0.338) (0.344) (0.323)

RANDOM -0.293 -0.259 0.303

(0.233) (0.243) (0.400)

CENTRALIZED 0.155 0.312 0.001
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(0.200) (0.209) (0.355)

s = 700 × RANDOM -0.138

(0.531)

s = 700 × CENTRALIZED 0.659

(0.475)

s = 1300 × RANDOM -1.214∗∗

(0.616)

s = 1300 × CENTRALIZED 0.421

(0.578)

s = 1900 × RANDOM -2.343∗∗∗

(0.515)

s = 1900 × CENTRALIZED -0.856

(0.947)

SVO Angle 0.023∗∗∗ 0.022∗∗∗

(0.008) (0.008)

CRT -0.021 -0.018

(0.058) (0.063)

Risk -0.003 -0.001

(0.042) (0.043)

Trust -0.174 -0.168

(0.147) (0.155)

Positive Reciprocity 0.003 -0.013

(0.071) (0.071)

Negative Reciprocity 0.040 0.059

(0.036) (0.037)

Age -0.003 -0.005
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(0.008) (0.009)

Female 0.332∗ 0.455∗∗

(0.180) (0.186)

Diverse -0.445 -0.280

(0.647) (0.635)

Observations 225 225 225

Standard errors in parentheses

∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Table A.4: Beliefs - Mixed Effects Ordered Probit Regressions

(1) (2) (3)

s = 700 0.119 0.119 0.074

(0.105) (0.105) (0.183)

s = 1300 0.055 0.054 0.109

(0.106) (0.106) (0.183)

s = 1900 -0.004 -0.004 0.148

(0.109) (0.109) (0.187)

RANDOM 0.112 0.090 0.252

(0.125) (0.124) (0.205)

CENTRALIZED 0.260∗∗ 0.205 0.155

(0.125) (0.126) (0.208)

CRT -0.033 -0.033

(0.034) (0.035)
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Risk 0.039∗ 0.040∗

(0.024) (0.024)

Trust 0.074 0.075

(0.090) (0.090)

Positive Reciprocity -0.083∗∗ -0.083∗∗

(0.039) (0.039)

Negative Reciprocity 0.009 0.009

(0.023) (0.023)

Age -0.001 -0.001

(0.007) (0.007)

Female 0.138 0.140

(0.122) (0.123)

Diverse -0.125 -0.126

(0.336) (0.337)

s = 700 × RANDOM -0.015

(0.257)

s = 700 × CENTRALIZED 0.153

(0.258)

s = 1300 × RANDOM -0.191

(0.258)

s = 1300 × CENTRALIZED 0.031

(0.259)

s = 1900 × RANDOM -0.470∗
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(0.267)

s = 1900 × CENTRALIZED 0.005

(0.265)

Observations 900 900 900

Standard errors in parentheses

∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Table A.5: Probit Regressions: Taking Decision

(1) (2) (3) (4)

RANDOM -0.632∗∗∗ -0.275 -0.005 -0.040

(0.209) (0.239) (0.276) (0.283)

CENTRALIZED -0.111 0.033 0.140 0.126

(0.206) (0.216) (0.234) (0.236)

s = 700 -0.687∗∗∗ -0.799∗∗∗ -0.519

(0.222) (0.249) (0.434)

s = 1300 -1.107∗∗∗ -1.329∗∗∗ -1.762∗∗∗

(0.256) (0.269) (0.495)

s = 1900 -0.920∗∗∗ -1.480∗∗∗ -1.461∗∗

(0.329) (0.404) (0.577)

High p̂ -0.151 -0.403∗ -0.429

(0.184) (0.214) (0.306)

SVO Angle -0.023∗∗∗ -0.024∗∗∗

(0.008) (0.008)
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CRT 0.051 0.033

(0.064) (0.066)

Risk 0.273∗∗∗ 0.263∗∗∗

(0.053) (0.052)

Trust -0.131 -0.121

(0.171) (0.173)

Positive Reciprocity -0.083 -0.085

(0.082) (0.080)

Negative Reciprocity 0.034 0.038

(0.044) (0.043)

Age -0.022 -0.023

(0.015) (0.015)

Female 0.025 0.000

(0.237) (0.240)

Diverse 0.048 -0.158

(0.595) (0.627)

s = 700 × High p̂ -0.358

(0.538)

s = 1300 × High p̂ 0.674

(0.613)

s = 1900 × High p̂ -0.002

(0.697)

Constant 0.213 0.635∗∗∗ 1.323 1.566
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(0.144) (0.186) (1.064) (1.064)

Observations 225 225 225 225

Standard errors in parentheses

∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

A.2 Participant Instructions (English translation)

[Screen 1]

Welcome to this experiment!

In this experiment you can earn money depending on your decisions and the decisions of other

persons. Please read the following information carefully.

The experiment is divided as follows:

• Preparation

• Main part

• Post-experimental part

During the preparation, the main part of the experiment is explained in detail. You cannot earn

money during the preparation. Please pay close attention. At the end of the preparation you will

be asked some control questions to make sure that you understood everything.

In the main part of the experiment you make two kinds of decisions. The decision can either

concern an action or the stating of an expectation. Please note that, at the end, either your

actions or your expectations will become payoff-relevant. The computer randomly determines

which of the two decision types is payoff-relevant at the end of the entire experiment.

You will make further decisions during the post-experimental part. You will receive informa-

tion about this immediately before you make your decisions. Some of the decisions in the post-

experimental part are payoff-relevant. At the end, please answer a short questionnaire.
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During the experiment we do not speak of euros but of points. Your payment is therefore first

calculated in points. The point amount is converted at the end at the rate of 170 points = 1 euro.

All decisions are made anonymously, meaning that nobody learns the identity of the interaction

partners. The analysis of all decisions is anonymous as well.

[Screen 2]

Preparation: Overview of the main part of the experiment

Each person has an account. If at the end of the experiment the actions become payoff-relevant,

then there are 3,000 points on the account, from which the actions can be paid. If the expectations

become payoff-relevant, then there are 1,000 points on the account.

In the main part of the experiment there are three roles: Person A, Person B, and Person C.

Participants are randomly assigned a role. At the start of the main part you will see on your

screen whether you have role A, B, or C. One Person A, one Person B, and one Person C together

form a group.

Donation:

For each group, a donation of 1,500 points to the German Red Cross is planned. The points

intended for the donation are provided in addition; the accounts of Persons A, B, and C remain

unchanged.

Person C can, however, take the donation for themselves:

• If Person C does not take the donation, the 1,500 points are donated to the German Red

Cross.

• If Person C takes the donation, then Person C initially has 1,500 additional points on their

account and the German Red Cross initially receives no donation from the group.

Inspection:

Person C may be inspected. An inspection does not take place in every case, but only with a

certain probability. How this inspection probability is determined is explained below.
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• If Person C has taken the donation and an inspection takes place, the following happens:

1. The points intended as a donation are deducted again from Person C’s account and are

donated to the German Red Cross after all.

2. In addition, Person C is deducted a punishment. How the punishment level is deter-

mined is also explained below.

• If Person C has taken the donation and no inspection takes place, then the 1,500 points

remain with Person C, no punishment is deducted, and no donation to the German Red

Cross is made.

• If Person C has not taken the donation, then any possible inspection has no consequences.

Inspection probability and punishment level:

Before Person C decides whether they take the donation, it is determined with which probability

Person C will be inspected, and how many punishment points will be deducted if Person C takes

the donation and is inspected.

HIERARCHY

First, Person A sets the punishment level (in points).

Then Person B learns how high the punishment set by Person A is. Person B subsequently

determines with which probability Person C will be inspected.

RANDOM

First, the punishment level (in points) is determined randomly.

Then Person B learns how high the relevant punishment is. Person B subsequently determines

with which probability Person C will be inspected.

CENTRALIZED

Person B sets the punishment level (in points) and additionally determines with which prob-

ability Person C will be inspected.
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Before Person C decides whether they take the donation, Person C learns how high the punishment

is. Person C does not learn with which probability an inspection takes place.

Control Question 1

What happens if Person C has taken the donation intended as a donation (1,500 points) and an

inspection takes place?

a) The 1,500 points are deducted again from Person C’s account and are donated to the German

Red Cross after all.

b) The 1,500 points remain in Person C’s account and no donation is made.

[Correct answer: a)]

Control Question 2

Assume Person C has taken the donation and an inspection takes place. Is Person C punished (is

a fine deducted)?

a) Yes

b) No

[Correct answer: a)]

Control Question 3

Assume Person C has taken the donation and no inspection takes place. What is correct?

a) The 1,500 points are deducted again from Person C’s account and are donated to the German

Red Cross after all.

b) The 1,500 points remain in Person C’s account and no donation is made.

[Correct answer: b)]

[Screen 3]

Preparation: The main part of the experiment in detail
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HIERARCHY

The main part is divided into four consecutive steps:

• Step 1: Set punishment level (Action Person A)

• Step 2: Set inspection probability (Action Person B)

• Step 3: Expectations

• Step 4: Decision about taking the donation (Action Person C)

RANDOM

The main part is divided into four consecutive steps:

• Step 1: Set punishment level (Random Draw)

• Step 2: Set inspection probability (Action Person B)

• Step 3: Expectations

• Step 4: Decision about taking the donation (Action Person C)

CENTRALIZED

The main part is divided into four consecutive steps:

• Step 1: Set punishment level (Action Person B)

• Step 2: Set inspection probability (Action Person B)

• Step 3: Expectations

• Step 4: Decision about taking the donation (Action Person C)

Below, Steps 1, 2, and 4 are described in detail; these are actions.

Step 3 concerns stating expectations about the decisions of other persons. The description for

Step 3 is shown directly on the decision screen in the main part.

Reminder: Either the actions from Steps 1, 2, and 4 are payoff-relevant at the end of the experi-

ment, or the expectations from Step 3 are payoff-relevant.
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[Screen 4] Step 1: Set punishment level

HIERARCHY (Step 1)

First, Person A decides how many points Person C will be deducted as punishment if Person

C takes the donation and is then inspected.

Person A chooses among four punishment levels:

Punishment (in points) 100 700 1,300 1,900

Punishment points are deducted from Person C only under two conditions:

1. Person C has taken the donation and

2. Person C is inspected.

The points deducted from Person C as punishment are lost. They are credited neither to

Person A or Person B nor to the German Red Cross.

Before Person C decides whether to take the donation, Person C is informed about how high

the punishment is.

The punishment level is associated with costs for Person A. The costs are incurred in any case,

i.e., regardless of whether Person C takes the donation or whether an inspection takes place.

The possible punishment levels and their costs are:

Punishment (in points) 100 700 1,300 1,900

Costs for Person A (in points) 75 225 450 750
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RANDOM (Step 1)

First, it is determined how many points Person C will be deducted as punishment if Person C

takes the donation and is then inspected.

The punishment level is determined randomly from four punishment levels:

Punishment (in points) 100 700 1,300 1,900

Punishment points are deducted from Person C only under two conditions:

1. Person C has taken the donation and

2. Person C is inspected.

The points deducted from Person C as punishment are lost. They are credited neither to

Person A or Person B nor to the German Red Cross.

Before Person C decides whether to take the donation, Person C is informed about how high

the punishment is.

The randomly drawn punishment level is associated with costs for Person A. The costs are

incurred in any case, i.e., regardless of whether Person C takes the donation or whether an

inspection takes place.

The possible punishment levels and their costs are:

Punishment (in points) 100 700 1,300 1,900

Costs for Person A (in points) 75 225 450 750
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CENTRALIZED (Step 1)

Person B decides how many points Person C will be deducted as punishment if Person C takes

the donation and is then inspected.

Person B decides among four punishment levels:

Punishment (in points) 100 700 1,300 1,900

Punishment points are deducted from Person C only under two conditions:

1. Person C has taken the donation and

2. Person C is inspected.

The points deducted from Person C as punishment are lost. They are credited neither to

Person A or Person B nor to the German Red Cross.

Before Person C decides whether to take the donation, Person C is informed about how high

the punishment is.

The punishment level is associated with costs for Persons A and B. The costs are incurred

in any case, i.e., regardless of whether Person C takes the donation or whether an inspection

takes place.

The possible punishment levels and their costs are:

Punishment (in points) 100 700 1,300 1,900

Costs for Person A and B (in points) 75 225 450 750

Control Question 4

Before deciding whether to take the donation, is Person C informed about the level of punishment?

a) Yes

b) No

[Correct answer: Yes]
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Control Question 5

What are the costs (in points) of a punishment level of 1,300 points?

a) 75

b) 25

c) 450

d) 750

[Correct answer: 450]

[Screen 5] Step 2: Set inspection probability

Person B gets to know, which sanction level was chosen. Subsequently, Person B decides with

which probability Person C will be inspected.

If the inspection determines that Person C took the donation, the following will happen:

1. The points intended as a donation will be deducted from Person C’s account and donated

to the German Red Cross after all.

2. In addition, Person C will be deducted a punishment

Person B decides between five probability levels:

Inspection probability (in percent) 25% 40% 55% 70% 85%

Before Person C decides whether to take the donation, Person C does not learn which proba-

bility was chosen.

The inspection probability is associated with costs for Person B. The costs are incurred in any

case, i.e., regardless of whether Person C takes the donation or whether an inspection takes place.

The possible inspection probabilities and their costs are:

Inspection probability (in percent) 25% 40% 55% 70% 85%

Costs for Person B (in points) 75 210 368 548 750
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You can think of the probabilities as follows: for an inspection probability of 55%, out of 100 cases

in which Person C takes the donation, in about 55 cases the donation would be taken away again

and Person C would be punished.

HIERARCHY (Step 2)

After Person A has determined the punishment level, Person B decides the inspection proba-

bility. Person B knows which punishment level Person A selected.

The inspection probability is associated with costs for Person B. The costs are incurred in any

case.

RANDOM (Step 2)

After the punishment level has been determined randomly, Person B decides the inspection

probability. Person B knows which punishment level was determined.

The inspection probability is associated with costs for Person B. The costs are incurred in any

case.

CENTRALIZED (Step 2)

Person B also decides the inspection probability.

The costs of the instruments are shared by Persons A and B.

Control Question 6

Before deciding whether to take the donation, is Person C informed about the probability that an

inspection will take place?

a) Yes

b) No

[Correct answer: No]

Control Question 7

What are the costs (in points) of an inspection probability of 70%?

a) 75
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b) 210

c) 368

d) 548

e) 750

[Correct answer: 548]

[Screen 6]

Step 4: Decision about taking the donation

Person C decides whether to take the donation (1,500 points) intended for the German Red Cross.

After Person C has made the decision, it is determined whether an inspection takes place. The

computer draws a random number between 1 and 100:

• If the random number is less than or equal to the inspection probability, then an inspection

takes place.

• If the random number is greater than the inspection probability, then no inspection takes

place.

Example: If Person B has chosen 55%, then an inspection takes place only if the random number

drawn by the computer is 55 or smaller.

Possible cases:

• Case 1: Person C does not take the donation. Any possible inspection has no consequences.

Person C earns 2,000 points. The German Red Cross receives a donation of 1,500 points.

• Case 2a: Person C takes the donation and is inspected. The 1,500 points are taken away

again and donated after all; in addition the punishment is deducted. Person C earns 2,000

points minus the punishment. The German Red Cross receives the donation of 1,500 points.

• Case 2b: Person C takes the donation and is not inspected. The 1,500 points remain with

Person C. No punishment is deducted. Person C earns 2,000 points plus 1,500 points. No

donation is made.
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[Screen 7]

Main part: Role allocation

The main part of the experiment starts now.

You have the role of Person [A/B/C].

[Screen 8 only for A, Waiting Screen for B and C]

HIERARCHY: Main part — Set punishment level (Step 1), Role A

Main part: Set punishment level (Step 1)

You decide how many points Person C will be deducted as punishment if Person C takes the

donation and is then inspected.

Person C will be told the punishment level before deciding whether to take the donation.

In the next step, Person B determines the inspection probability. Person B learns which

punishment level you selected beforehand.

The punishment level is associated with costs for you. The costs are incurred regardless of

whether Person C takes the donation or whether an inspection takes place.

[Button “Set punishment level now”: upon click, display the following]

Please use the table to set the punishment level. The table lists the punishment levels and

the corresponding costs for you.
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RANDOM: Main part — Set punishment level (Step 1), Role A

Main part: Set punishment level (Step 1)

A random draw determines how many points Person C will be deducted as punishment if

Person C takes the donation and is then inspected.

Person C will be told the punishment level before deciding whether to take the donation.

The inspection probability is determined by Person B after the punishment level has been

determined. Person B learns which punishment level was selected beforehand.

The punishment level is associated with costs. The costs are incurred regardless of whether

Person C takes the donation or whether an inspection takes place.

The table lists the possible punishment levels and the corresponding costs for you.

[Button “Randomly determine punishment level now”: upon click, display the following]

The computer’s random draw determined the following punishment level: [XX] points.

[Waiting Screen for B and C]

Please wait briefly. The punishment level (Step 1) is currently being determined.
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[Screen 9 only for B, Waiting Screen for A and C]

HIERARCHY: Main part — Set inspection probability (Step 2), Role B

Main part: Set inspection probability (Step 2)

Person A has just set the punishment level.

Person C must pay this punishment if Person C takes the donation and is then inspected.

Person A selected the following punishment level: [XX] points.

You now decide with which probability Person C will be inspected.

Person C learns the punishment level before deciding whether to take the donation.

The inspection probability is not communicated to Person C beforehand.

The inspection probability is associated with costs for you. The costs are incurred regardless

of whether Person C takes the donation or whether an inspection takes place.

[Button “Set inspection probability now”: upon click, display the following]

Please use the table to set the probability. The table lists the probabilities and the corre-

sponding costs for you.
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RANDOM: Main part — Set inspection probability (Step 2), Role B

Main part: Set inspection probability (Step 2)

The punishment level has just been determined randomly.

Person C must pay this punishment if Person C takes the donation and is then inspected.

The randomly determined punishment level is: [XX] points.

You now decide with which probability Person C will be inspected.

Person C learns the punishment level before deciding whether to take the donation.

The inspection probability is not communicated to Person C beforehand.

The inspection probability is associated with costs for you. The costs are incurred regardless

of whether Person C takes the donation or whether an inspection takes place.

[Button “Set inspection probability now”: upon click, display the following]

Please use the table to set the probability. The table lists the probabilities and the corre-

sponding costs for you.
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CENTRALIZED: Main part — Set punishment & inspection probability (Steps 1

and 2), Role B

Main part: Set punishment level and inspection probability (Step 1 and 2)

You decide how many points Person C will be deducted as punishment if Person C takes the

donation and is then inspected. You also set the inspection probability.

Person C learns the punishment level before deciding whether to take the donation.

The inspection probability is not communicated to Person C beforehand.

The punishment level and the inspection probability are associated with costs. The costs are

incurred regardless of whether Person C takes the donation or whether an inspection takes

place.

[Button “Set punishment level and inspection probability now”: upon click, display the fol-

lowing]

Please use the table to set the punishment level. The table lists the punishment levels and

the corresponding total costs.

Please use the table to set the probability. The table lists the probabilities and the corre-

sponding total costs.

[Waiting Screen for A and C]

Please wait briefly. The inspection probability (Step 2) is currently being determined.

[Screen 10 for A and B]

Expectations (for A and B)

If expectations become payoff-relevant, your account contains 1,000 points. In this step you can

earn 2,000 points if you correctly predict the relevant expectation; otherwise you earn 0 points.

You will now state which inspection probability you think Person C expects.
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[Screen 10 for C]

Expectations (for C; strategy method)

If expectations become payoff-relevant, your account contains 0 points. In this step you can earn

4,000 points if you correctly predict the relevant choice; otherwise you earn 0 points.

Please state which inspection probability you believe Person B chose for each possible punishment

level. (Strategy method.)

[Screen 11 only for C, Waiting Screen for A and B]

Main part: Decision to take the donation (Step 4), Role C

You now decide whether you take the 1,500 points intended as a donation.

You are informed about the punishment level: [XX] points.

The inspection probability was set by Person B; you are not informed about it.

[Waiting Screen for A and B]

Please wait briefly. Person C is currently making the decision (Step 4).

[Screen 12]

Post-experimental part: Answer questions (Part 1)

The main part is now finished and the post-experimental part begins.

Please answer the following 7 questions. For each correctly answered question you receive an

additional 25 points.

Question 1:

A bat and a ball cost 1.10 euros in total. The bat costs . . . euros more than the ball. How much

does the ball cost? cents.

Question 2:

If you overtake the person who is currently in second place in a race, what place are you in then?

In place.
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Question 3:

A farmer had 15 sheep and all except 8 died. How many are left? sheep.

Question 4:

If five machines need five minutes to produce five devices, how long do 100 machines need to

produce 100 devices? minutes.

Question 5:

A lake is covered with lily pads. The amount of lily pads doubles every day. If it takes . . . days

to cover the entire lake, how long does it take to cover half the lake? days.

Question 6:

Emily’s father from the USA has three daughters. The first two are called April and May. What

is the name of the third daughter? Her name is .

Question 7:

How many cubic meters of soil are in a hole that is 3m deep, 3m wide, and 3m long? There are

m3 of soil.7

[Screen 13]

Post-experimental part: Allocation game (Part 2)

On the following pages you will determine how you want to split points between yourself and

someone else a total of 15 times. For each of the following decisions, please indicate your preferred

distribution of points. For each decision you can mark your choice precisely using a slider.

Your decisions are hypothetical and have no effect on the payoffs in this experiment. However,

your decisions are very important for our research. We therefore ask you to weigh your decisions

carefully and provide all information truthfully.

7The German text displays “qm” at this point; we keep the intended unit (cubic meters) in English.
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[Screen 14–28]

15 screens, one for each allocation decision.

[Screen 29]

Post-experimental part: Questionnaire (Part 1)

We are almost at the end of the experiment. Please answer the following questions carefully. Your

answers are very important for our research. Please take the time to weigh your answers carefully

and to provide all information truthfully.

Risk attitude (0–10):

Please tell us, in general, how willing you are to take risks. Scale from 0 to 10, where 0 means

“not at all willing to take risks” and 10 means “very willing to take risks.”

Trust items (4 item scale; Strongly disagree, Rather disagree, Rather agree, Strongly

agree):

What is your opinion on the following three statements?

• In general, you can trust people.

• Nowadays, you can no longer rely on anyone.

• When dealing with strangers, it is better to be cautious before trusting them.

Reciprocity / revenge (0–10):

How well does each of the following statements describe you as a person? Please use a scale from

0 to 10, where 0 means “Does not describe me at all” and 10 means “Describes me perfectly.”

• If someone does me a favor, I am willing to return it.

• If I am treated very unfairly, I take revenge at the first opportunity, even if it creates costs

to do so.
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[Screen 30]

Post-experimental part: Questionnaire (Part 2)

• How old are you?

• Which gender do you identify with the most?

– Male

– Female

– Diverse

• How many semesters have you studied in total (e.g., Bachelor’s and Master’s combined)? [If

you are not a student, please enter “0”.]

• In which faculty do you attend most of your lectures? Drop-down menu

[Screen 31]

Overview of Results
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