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External enforcement policies aimed to reduce violations differ on
two key components: the probability of inspection and the sever-
ity of the punishment. Different lines of research offer different
insights regarding the relative importance of each component.
In four studies, students and Prolific crowdsourcing participants
(Ntotal = 816) repeatedly faced temptations to commit violations
under two enforcement policies. Controlling for expected value,
we found that a policy combining a high probability of inspection
with a low severity of fines (HILS) was more effective than an eco-
nomically equivalent policy that combined a low probability of
inspection with a high severity of fines (LIHS). The advantage of
prioritizing inspection frequency over punishment severity (HILS
over LIHS) was greater for participants who, in the absence of
enforcement, started out with a higher violation rate. Consistent
with studies of decisions from experience, frequent enforcement
with small fines was more effective than rare severe fines even
when we announced the severity of the fine in advance to boost
deterrence. In addition, in line with the phenomenon of under-
weighting of rare events, the effect was stronger when the proba-
bility of inspection was rarer (as in most real-life inspection
probabilities) and was eliminated under moderate inspection
probabilities. We thus recommend that policymakers looking to
effectively reduce recurring violations among noncriminal popula-
tions should consider increasing inspection rates rather than pun-
ishment severity.

behavioral ethics j enforcement j decisions from experience j policy
making j cheating

Texting while driving, jaywalking, littering, not wearing face
masks, and neglecting to keep social distancing during the

COVID-19 pandemic are but a few examples of seemingly neg-
ligible violations that accumulate fast, with potentially dire
social consequences. The prevalence of these violations high-
lights the shortcomings of reasoning with or appealing to peo-
ple’s civic duty and point to the need for regulation and
enforcement. External enforcement is composed of the proba-
bility of inspection and the severity of the punishment delivered
upon detection (1). Clearly, the combination of complete moni-
toring and severe punishments is the fastest way to shape
behavior. However, because of the limited resources devolved
to monitoring and the negative consequences of severe punish-
ment (e.g., reactance), policymakers usually resort to two main
compensatory strategies. One solution opts for less frequent
inspection but greater severity of punishment and counts on its
potential for deterrence. The other solution opts for close mon-
itoring and assumes that when the inspection rate is high, mini-
mal or even symbolic punishment will suffice. The current
paper examined the effectiveness of these two enforcement
strategies in reducing violations.

Several theoretical perspectives are relevant here. The eco-
nomic perspective views people as rational agents, whose actions
are governed by cost–benefit analyses. Accordingly, people will
commit violations if their expected utility (accounting for potential

gains and losses) is positive (1). Becker’s model predicts that,
given equivalent expected values (EVs), risk-averse people will be
more sensitive to the severity of punishment than to the probabil-
ity of detection. In several experimental economics studies,
researchers measured risk tendencies separately from the partici-
pants’ reactions to various inspection probabilities and fine sizes.
In these studies, participants were generally found to exhibit
risk–aversion tendencies, and, in line with Becker’s model for
risk-averse individuals, they were more deterred by increases in
punishment severity than by equivalent increases in the probabil-
ity of inspection (2–5). The economic perspective therefore
implies that delivering severe punishments, even rarely, is the
most effective enforcement strategy.*

Experimental findings from the economic perspective typically
rely on tasks in which participants are explicitly asked to choose
whether to comply or violate, and violation choices are described
as a morally neutral gamble, specified by a predescribed proba-
bility of inspection and fine. However, in natural settings,
violations tend to be implicit, allowing for moral gray zones.
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more ecologically valid, experience-based setting, we found
robust evidence for the greater effectiveness of frequent
small punishments over rare severe punishments in reducing
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*Notice that prospect theory (6) predicts an even stronger effect of rare severe punish-
ment than the standard Becker model. This is because violation decisions represent a
“mixed” gamble (i.e., they involve the possibility of both gains and losses), for which
the prediction of prospect theory is highly contingent on the probability weighting
function. Since the weighting function implies overweighting of rare events, it predicts
even stronger deterrence in the case of rare severe punishment.
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Accounting for moral malleability, a psychological perspective
pits the external gain associated with violations against the inter-
nal cost of damage to one’s self-perception (7, 8). Self-concept
maintenance theory (9) suggests that aiming to perceive oneself
as highly moral creates an internal barrier to acts of violation
(10, 11). Supporting this notion, findings in behavioral ethics
indicate that although participants commit violations, they do so
to an extent far lower than what profit maximization would pre-
dict (9, 12–14). Importantly, because of the theoretical and
experimental focus on internal factors that operate in the
absence of actual detection or punishment (15), the effect of
external enforcement has not been rigorously addressed. Thus,
the psychological perspective does not make a clear predic-
tion as to the relative importance of frequency versus the
severity of punishments (we return to this point in Discus-
sion). The psychological perspective does, however, predict
that internal enforcement mechanisms (16, 17) will limit vio-
lation behaviors even in the absence of external enforcement
(18, 19).

The economic and psychological perspectives both rely on
studies that typically involve very few choices (15) and thus do
not address the long-term effects of external enforcement.
Extending experimental tasks to repeated settings introduces
learning as a third perspective to consider. Research on repeated
decisions from experience indicates that choice behavior is more
sensitive to the frequency of experienced outcomes than to their
magnitude (20, 21). Importantly, this line of research shows that
when people learn from experience, they tend to behave as
though they underweight rare outcomes (22–26). Altogether,
these findings hint that rare, large fines may not have the
intended outcome and suggest instead that frequent small fines
should be more effective at decreasing violations.

In four studies, we aimed to determine which enforcement
strategy would be more effective in a setting that incorporates
the unique characteristics of all three perspectives. We utilized
the dots task (27, 28), a perceptual task that poses repeated con-
flicts between accuracy and profit maximization (whenever incor-
rect responses yield higher payoffs than correct responses). This
task enables the investigation of small, morally vague violation
decisions. It consists of many trials, thus permitting the examina-
tion of violation behavior over time. More importantly, it can eas-
ily be modified for the incorporation and systematic manipulation
of the probability of inspection and the severity of fines while
also controlling for the EV of violations. This experimental set-
ting therefore presents a simplistic simulation of real-life settings
in which people know enforcement is possible and can implicitly
learn the likelihood of being caught from experience (29).

Pilot Study
The pilot study compared violation rates under two partial-
enforcement conditions: rare large fines versus frequent low
fines. In both conditions, the EV of violations was identical.
Two control conditions administered either no external enforce-
ment or full external enforcement.

Methods.
Participants. Forty-two undergraduate students from the Techn-
ion participated in a 1-h laboratory study. Payment was contin-
gent on performance (M = 46.0 Israeli New Shekel [ILS] and
SD = 4.0). Each participant played 768 repeated trials, half of
which contained a monetary temptation to commit a violation
(i.e., overall, we analyzed 32,256 observations).†

Basic task. We utilized the dots task (27, 28) and presented 20
dots distributed unevenly between two adjacent rectangles. On
each trial, participants were asked to decide whether there
were more dots on the right or left rectangle. One side always
yielded 1 point (0.01 ILS), whereas selecting the other side
always yielded 10 points (0.1 ILS) irrespective of the correct
answer. Thus, the payoff rule motivated “accuracy violations”
such that participants could increase their profit by selecting
the more rewarding side on tempting trials in which the correct
answer was the less rewarding side. The more rewarding side
was counterbalanced across participants and remained the
same for each participant throughout the experiment. The
experiment consisted of four “games” of 192 trials each. In
each game, half of the trials presented more dots on the more
rewarding side (nontempting trials), and half presented more
dots on the less rewarding side (tempting trials). The order of
trials in each game was random. Each trial started with a 0.5-s
presentation of a fixation point, followed by a 1-s dots screen.
Next, the participants were asked to indicate which side had
more dots by clicking on one of two boxes on the screen. Last,
a 1-s feedback screen presented the trial’s payoff.

On top of this basic incentive structure, we modified the
dots task to include conditions with and without inspection of
the correctness of the answer. Without inspection, the feed-
back screen only presented the trial payoff. To signal inspec-
tion, the feedback screen turned red, and if an incorrect
answer was detected, a fine appeared on the screen and was
subtracted from the trial’s payoff. Fig. 1 depicts two trials on
the modified dots task: one without inspection and one with
inspection.
Experimental design. The games tested the four enforcement
conditions, which differed in the rate of inspection and the
severity of the punishment. The no-enforcement (NE) condi-
tion corresponded to the original cheating condition on the
dots task without inspection or fines. In the full-enforcement
(FE) condition, each trial was inspected and each incorrect
answer was fined �18 points. In the two partial-enforcement
conditions, the inspection rate and punishment severity var-
ied. In the HILS condition, 90% of the trials were inspected
and each detected violation was fined �10 points. In the LIHS
condition, only 10% of the trials were inspected, but each
detected violation was fined �90 points. Therefore, the EV
for an accuracy violation was identical in the two partial-
enforcement conditions. In addition, within each of the two
partial-enforcement conditions, the EV of an accuracy viola-
tion was identical to the fixed payoff that resulted from
reporting the correct answer. Table 1 summarizes the experi-
mental conditions. Utilizing a complete within-subject design,
participants engaged in all the conditions (i.e., four “games”
presented in random order).
Procedure. Participants signed a consent form and read the
instructions explaining the perceptual task, the way points are
awarded, and the exact exchange rate of points to monetary
payment. Before engaging in the dots task, participants were
further informed that inspection could occur and that in case
of inspection, the feedback screen would turn red and that
detection of an incorrect answer would be fined. However, we
did not specify the enforcement policy; thus, participants had
to infer the probability of inspection and the severity of pun-
ishment (i.e., the fine) based on their experience in each
game. Participants were informed when one game was over
and a new one began and that, in each game, the possibility of
inspection, as well as the severity of the punishment, could
be different.

Results. The rate of accuracy violations was calculated as the
difference between the proportions of “beneficial errors” (i.e.,
selection of the incorrect but more rewarding side) and

†The laboratory pilot study (n = 42) was run in 2013 under a general Technion IRB
approval for decision-making experiments in Ido Erev’s laboratory. All participants pro-
vided informed consent.
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“detrimental errors” (i.e., selection of the incorrect and less
rewarding side) (28). The mean rate of accuracy violations was
the highest without enforcement (47.5% in the NE condition)
and the lowest with full enforcement (3.0% in the FE condi-
tion). This suggests that accuracy violations were mostly
intended (not random) and favored profit over accuracy. Note,
however, that the rate of accuracy violations without enforce-
ment indicates that participants took advantage of just below
half of the tempting trials, lending support to the internal bar-
rier suggested by self-maintenance theory. Not surprisingly, the
two partial-enforcement conditions were less effective in reduc-
ing violations than full enforcement. Importantly, however, a
clear advantage emerged for frequency of inspection over
severity of punishment (despite the control for EVs). Consis-
tent with the decisions-from-experience hypothesis, the rate of
accuracy violations was significantly lower when the enforce-
ment rule prioritized probability than when the enforcement
rule prioritized severe punishment [8.53% versus 27.69% in the
HILS and LIHS conditions, respectively, t(41) = 5.9, P
< 0.001].

Main Studies
The main studies compared the two partial-enforcement poli-
cies directly in a between-subject design. Because of COVID-
19 restrictions, these studies were conducted online.‡ To

increase power and reduce noise, we increased the number of
tempting trials. In each study, participants engaged in two
games. They first completed the original dots task without
enforcement and then repeated the task under either the HILS
or LIHS enforcement conditions. This design served to 1) mea-
sure the effectiveness of each enforcement policy in reducing
accuracy violations and 2) categorize participants according to
their baseline tendencies without enforcement. Several studies
that have examined individual differences suggest that certain
people react to incentives to lie, whereas others do not (14, 30,
31). Establishing individuals’ baselines thus made it possible to
identify participants who rarely misreport, even without
enforcement, and therefore examine the effectiveness of partial
enforcement on those participants for whom enforcement mat-
tered. The preregistered hypotheses were 1) HILS enforcement
will reduce violations more than LIHS (in line with the deci-
sions-from-experience prediction and the pilot results) and 2)
this effect will be most pronounced in participants with high
baseline violation rates.

Study 1
Methods. All main studies were run during 2020 and 2021 and
were approved by the Technion Institutional Review Board
(IRB), approval number 2020-030. All participants provided
informed consent.
Participants. A total of 202 participants were recruited via the
crowdsourcing platform Prolific to the study, which lasted about
17 min. Participants received a show-up payment of £1.45 and a
bonus based on the number of points they earned during the

Fig. 1. Timeline example of two trials: the first trial without inspection and the second with inspection under an enforcement policy with severe punish-
ment (fine: �90 points).

‡The transition to online participants was not straightforward. We ran three online stud-
ies to calibrate the online paradigm. The results of these studies are detailed in SI
Appendix.
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task (M = £1, SD = 0.29). The number of participants was
determined a priori and preregistered (at least 94 participants
in each group) according to a power analysis based on a prelim-
inary study (available in SI Appendix). The preregistration
(available at https://aspredicted.org/blind.php?x=4ux6ja) also
describes a predetermined exclusion criterion omitting partici-
pants who made more than 35% detrimental errors in the base-
line NE game from the analysis.§ Six participants were excluded
based on this criterion. The final sample was composed of 196
participants (104 in HILS and 94 in LIHS).

Experimental task. We employed the dots task from the pilot
study, with several changes aimed to increase power and make
accuracy violations at baseline more tempting to avoid a floor
effect. First, we replaced the vertical line with a diagonal and
always presented 17 versus 13 dots on each side on each trial
(the location of the dots within each triangle was random, thus
naturally creating varied difficulty levels but with reduced vari-
ance). Second, the payoff for the less rewarding side was
reduced to zero points. Third, each game was composed of 120
trials, 80 of which were tempting (the incorrect answer was
rewarding) and 40 nontempting (the correct answer was
rewarding). Last, we adjusted the inspection feedback such that
under inspection, if the answer was incorrect, the feedback
screen turned red (and a fine was subtracted from the trial pay-
off), but if the answer was correct, the inspection screen
turned green.

Experimental design. All participants started with an NE game
and were then randomly assigned to either the HILS or the
LIHS condition. The HILS condition had a 0.90 probability of
inspection and a fine of �11 points. The LIHS condition had a
0.10 probability of inspection and a fine of �99 points. We
adjusted the fines to keep the EV of accuracy violation on the
tempting trials identical in the two conditions (i.e., EV = 0.1,
which is slightly larger than the zero points obtained from
reporting the correct answer).

Procedure. The procedure was identical to the pilot study with
the following minor changes to adapt to the online platform.
Participants were explicitly instructed to answer as accurately as
possible but were also told that “because this task is not easy,
your submission will not be rejected even if you make many
mistakes.” All the participants started with an NE game. Next,
the possibility of enforcement was explicitly introduced, and
participants played a second game according to the experimen-
tal condition. Upon completion, we asked participants to guess
the goal of the study and whether they would have acted differ-
ently if they had to do the task again. Participants were then
notified about their bonus payment and received their
task–completion code.

Data analysis. As in the pilot study, accuracy–violation rates
were calculated as the difference between “beneficial errors”
(percentage of incorrect answers in tempting trials out of all
tempting trials) and “detrimental errors” (percentage of incor-
rect answers in nontempting trials out of all nontempting tri-
als). Given the within-subject nature of the experimental
design, the dependent variable for the main analysis was the
difference between accuracy–violation rates in the enforcement
and baseline games. A larger difference indicated greater effec-
tiveness of enforcement, since we expected both enforcement
conditions to reduce accuracy violations as compared to their
respective baselines. Based on the results of the pilot and con-
sistent with the decisions-from-experience hypothesis, in our
main analysis, we expected a larger difference in the HILS
enforcement condition and a smaller difference in the LIHS
enforcement. A secondary analysis further investigated the
expected effect of enforcement on participants with different
accuracy–violation baseline rates in the first game without
enforcement.

Results.
Testing the main hypothesis. Fig. 2A presents the main finding.
On average, accuracy–violation rates decreased by 21.3% under
the HILS enforcement that prioritized probability (SD = 25.7;
from 33.6% in the NE game to 12.3% in the with-enforcement
game). In contrast, accuracy–violation rates decreased by only
10.3% under the LIHS enforcement that prioritized punish-
ment severity (SD = 21.1; from 32.7% in the NE game to
22.4%). Because a Shapiro–Wilk test rejected the assumption
of normality for the accuracy–violation rates (P < 0.001), and
consistent with our preregistration plan, we used a
Mann–Whitney U test to test our hypothesis. Supporting our
hypothesis, the test indicated that, compared to baseline, the
reduction in accuracy–violation rates in the HILS condition
(median = 15% and range [�18, 133]) was greater than in the
LIHS condition (median = 7.5% and range [�25, 90]), U =
6,304, P < 0.001, one-tailed test, and effect size r = 0.25.

One possible concern was that the inspection screens could
have confounded the experience of enforcement with simple
accuracy feedback. That is, frequent inspection (HILS) could
have improved participants’ perceptual ability, which in turn
could have led to fewer accuracy violations in both the tempting
and nontempting trials. To test for this possibility, we examined
participants’ accuracy in the nontempting trials. If the feedback
improvement explanation holds, there should be a greater
improvement in accuracy between the first and the second
block in the HILS condition compared to the LIHS condition.
There was no evidence for this. Surprisingly, a Welch’s two-
sample t test for the nontempting trials revealed a significant
difference between the two groups but in the opposite direction
(M = 0.9%, SD = 6.0 versus M = �2.4%, SD = 9.9 in the LIHS
and HILS conditions, respectively), t(173.5) = �2.87, and P =
0.005. These results rule out the alternative explanation of sim-
ple feedback improvement.

Table 1. Experimental conditions in the pilot study

Condition P(inspection) Fine

EV (incorrect)
when reporting the

incorrect answer is tempting*

No enforcement (NE) 0 — 10
Low inspection high severity (LIHS) 0.1 90 1
High inspection low severity (HILS) 0.9 10 1
Full enforcement (FE) 1 18 �8

*Compared with EV (correct) = 1 for tempting trials in all conditions.

§This exclusion criterion was based on the online pilot studies (SI Appendix, Part 1) and
was aimed to exclude extremely inattentive participants and/or participants with
extremely low perceptual ability, for whom the hypothesis would not apply because
their responses would mostly be random. Importantly, based on this criterion, we
excluded fewer than 3% of participants in all main studies.
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Testing the secondary hypothesis. A modification to the prereg-
istered regression analysis was made.¶ The final regression
analysis predicted the accuracy–violation rates in the second
game by the enforcement condition (HILS/LIHS), the continu-
ous accuracy–violation rates in the NE game, and their inter-
action. The interaction was significant: F(1,194) = 5.79, P =
0.017, b = 0.19, 95% CI (0.03, 0.35), and partial f2 = 0.03. The
fitted regression lines for the two conditions (Fig. 2B) showed
that the difference between the two enforcement conditions
was more pronounced when the accuracy–violation rates in
the NE game were higher. Specifically, the simple slopes for
the accuracy–violation rates with enforcement on the
accuracy–violation rates without enforcement were 0.41, 95%
CI (0.31, 0.51) for HILS, and 0.60, 95% CI (0.48, 0.72)
for LIHS.

Study 2
In many real-life situations, the severity of sanctions is known
ahead of time. That is, although the probability of inspection is
unknown (29), the magnitude of the fine is sometimes public
knowledge (e.g., via traditional or social media platforms).
Accordingly, arguments in favor of severe sanctions are rather
common and usually emphasize the deterrence effect. More-
over, studies in behavioral economics suggest that the presenta-
tion of small sanctions might constitute too low a price, which
could legitimize violations (32). Thus, knowing the severity of
the punishment in advance might undermine the effectiveness
of enforcement that prioritizes probability. Nevertheless,

findings from the literature on decisions from experience con-
sistently indicate that repeated ongoing experience with feed-
back eliminates the initial effects of descriptive information
(25, 33–35). We therefore hypothesized that the observed
advantage of prioritizing probability (HILS) over severity of
punishment (LIHS) would hold in the long run even with a pri-
ori information about the magnitude of the fine.

Methods.
Participants. A total of 196 participants who did not participate
in the previous study were recruited via Prolific to complete
this follow-up study. They were paid £1.45 for participating and
were given a bonus contingent on their cumulative points
earned during the experiment (M = £1.02 and SD = 0.29). Four
participants were excluded based on the exclusion criterion of
35% “detrimental errors” or more, resulting in 94 versus 98
participants in the HILS and LIHS conditions, respectively.
Task and procedure. We used the same task, design, and proce-
dure as in Study 1 with one exception: the addition of informa-
tion about the size of the fine (the probability of inspection
remained unspecified). Participants now expected fines of �11
or �99 points in the HILS and LIHS conditions, respectively.

Results.
Testing the main hypothesis. The findings replicated the results
of Study 1, although the effects were smaller. Fig. 3A presents
the main result. In the HILS condition, the mean
accuracy–violation rate decreased by 21.8% (SD = 28.6; from
35.4% in the NE game to 13.6% in the with-enforcement
game). In the LIHS condition, the accuracy–violation rates
decreased by 14.6% (SD = 24.0; from 36.9% in the NE game to
22.3% in the with-enforcement game). Again, the
Shapiro–Wilk test rejected the assumption of normality for the
accuracy–violation rates (P < 0.001). A Mann–Whitney U test
indicated that the reduction of accuracy–violation rates in the

Fig. 2. Results of Study 1. Small dots depict individual participants. (A) Decrease in accuracy–violation rates from baseline to the enforcement block by
condition. Error bars represent the 95% bootstrapped CI for the mean. (B) Regression lines of the accuracy–violation rates in the enforcement blocks on
the accuracy–violation rates in the NE block by condition. Shading around the lines shows the 95% CIs.

¶The preregistered regression analysis included a categorial division of participants into
three “types” depending on their baseline accuracy–violation rates. The interaction was
not significant, probably due to the arbitrariness of the types and the loss of power
associated with that categorization. This analysis can be found in SI Appendix, Part 2.
The modified and more appropriate analysis replaced the intended three-level type cat-
egorization with a continuous variable consisting of the individual accuracy–violation
rate scores.
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HILS condition (median = 18.1% and range [�34, 109]) was
greater than in the LIHS condition (median = 10% and range
[�29, 86]), U = 5,291, P = 0.038, one-tailed test, and effect size
r = 0.128. This finding thus further supports our hypothesis that
even when the severity of the fine is provided explicitly as a
means of deterrence, enforcement with a high probability of
inspection and low fines is still more effective in reducing viola-
tion behavior than enforcement with severe fines but a low
probability of inspection.

Again, we found no evidence that the frequent inspections
caused participants in the HILS condition to make fewer detri-
mental errors than in the LIHS condition. A Welch’s two-
sample t test revealed no difference between the two groups
(M = �1.8% and SD = 7.2 versus M = �1.3%, SD = 9.3 in the
HILS and LIHS conditions, respectively), t(182.5) = �0.36, and
P = 0.72. Thus, the increased effectiveness of the HILS over
the LIHS enforcement cannot be attributed to feedback
improving perceptual accuracy.
Testing the secondary hypothesis. A regression analysis indi-
cated that the difference between the two enforcement condi-
tions was more pronounced when the accuracy–violation rates
in the NE game were higher (Fig. 3B). The interaction with
condition was significant: F(1,188) = 6.49, P = 0.012, b = 0.22,
95% CI (0.05, 0.40), and partial f2 = 0.03. Specifically, the sim-
ple slopes of the accuracy–violation rate with enforcement on
the accuracy–violation without enforcement were 0.33, 95% CI
(0.21, 0.45) for HILS and 0.55, 95% CI (0.43, 0.68) for LIHS.

Study 3
The results of the lab pilot study, Study 1 and Study 2 suggest
that the combination of frequent inspections with small fines is
more effective in reducing violation behaviors than rare but
severe fines. This is in line with the decisions-from-experience
hypothesis, which predicts that rare events (such as rare, severe
punishments) are underweighted, whereas frequent events

(such as frequent mild punishments) are not. Theoretically, one
factor that can impose boundary conditions on the effect is the
probability of the rare event, since the degree of underweight-
ing is predicted to be negatively related to the probability of the
event (20). Accordingly, making inspection even more rare (by
further decreasing the probability of inspection in LIHS)
should lead to a greater effect and vice versa. Importantly, in
previous studies, underweighting has often been observed for
events with probabilities below 0.2, whereas more frequent
events (P > 0.2) were not typically underweighted (20, 36, 37).
Hence, increasing the probability of inspection above 0.2 could
be enough to serve as a boundary condition and eliminate the
difference between the two enforcement policies.

To examine these predictions, we conducted two additional
studies. In Study 3a, we used more extreme probabilities of
inspection (0.06 versus 0.94) and expected to replicate the
observed effect from our previous studies but with an even
stronger advantage of prioritizing frequency (HILS) over sever-
ity (LIHS) in reducing accuracy violations. In Study 3b, we
aimed to examine the predicted boundary condition of the
effect. We therefore used moderate probabilities of inspection
(0.33 versus 0.66) and tested the prediction that in the absence
of rare events, the advantage of prioritizing frequency (HILS)
overprioritizing severity (LIHS) would be reduced. In both
studies, we followed the methods of Study 2 and also kept the
same EV for committing accuracy violations.

Study 3a
Methods.
Participants.A total of 199 Prolific users who did not participate
in the previous studies were paid £1.45 for participating and
were given a bonus contingent on their cumulative points
earned (M = £1 and SD = 0.31). Three participants were
excluded based on the exclusion criterion of 35% “detrimental

Fig. 3. Results of Study 2. Small dots depict individual participants. (A) Decrease in accuracy–violation rates from baseline to the enforcement block by
condition. Error bars represent the 95% bootstrapped CI for the mean. (B) Regression lines of the accuracy–violation rates in the enforcement blocks on
the accuracy–violation rates in the NE block by condition. Shading around the lines shows the 95% CIs.
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errors” or more, resulting in 102 versus 94 participants in the
HILS and LIHS conditions, respectively.
Task and procedure. We used the same task, design, and proce-
dure as in Study 2 (including the a priori description of the
magnitude of the fine) but with more extreme probabilities and
fines. The HILS enforcement game employed a 0.94 probability
of inspection and a fine of 10.5 points, and the LIHS enforce-
ment game employed a 0.06 probability of inspection and a fine
of 165 points.# In addition, we added a block of three true/false
questions before the onset of each game to verify that partici-
pants understand the instructions (SI Appendix, Part 3). After
each true/false response, feedback was provided, and the rele-
vant part of the instructions was further highlighted.

Results. The findings replicated the results of Study 1 and 2
with larger effects. Fig. 4A presents the main result. In the
HILS condition, the mean accuracy–violation rate decreased by
22.7% (SD = 27.4; from 33.4% in the NE game to 10.6% in the
with-enforcement game). In the LIHS condition, the
accuracy–violation rates decreased by 4.2% (SD = 20.4; from
32.2% in the NE game to 28.0% in the with-enforcement
game). The Shapiro–Wilk test rejected the assumption of nor-
mality for the accuracy–violation rates (P < 0.001). A
Mann–Whitney U test indicated that the reduction of
accuracy–violation rates in the HILS condition (median =
17.5% and range [�31, 118]) was greater than in the LIHS con-
dition (median = 0.6% and range [�51, 63]), U = 6,774, P >
0.001, one-tailed test, and effect size r = 0.356.

Again, we found no evidence that the frequent inspections
caused participants in the HILS condition to make fewer

detrimental errors than in the LIHS condition. In fact, partici-
pants in the HILS condition made more such mistakes than
participants in the LIHS condition (M = 1.8% and SD = 6.3
versus M = �3.1% and SD = 8.9 in the LIHS and HILS condi-
tions, respectively), t(183.1) = �4.42, and P < 0.001, indicating
once again that the increased effectiveness of the HILS over
the LIHS enforcement cannot be attributed to feedback
improving perceptual accuracy.

As in the previous studies, here again, a regression analysis
indicated that the difference between the two enforcement
conditions was more pronounced when the accuracy–violation
rates in the NE game were higher (Fig. 4B). The interaction
with condition was significant: F(1,192) = 22.85, P < 0.001, b
= 0.42, 95% CI (0.25, 0.60), and partial f2 = 0.12. Specifically,
the simple slopes of the accuracy–violation rate with enforce-
ment on the accuracy–violation without enforcement were
0.33, 95% CI (0.21, 0.45) for HILS and 0.75, 95% CI (0.63,
0.88) for LIHS.

Study 3b
Methods.
Participants.A total of 193 Prolific users who did not participate
in the previous studies were paid £1.45 for participating and
were given a bonus contingent on their cumulative points
earned (M = £1.03 and SD = 0.30). Three participants were
excluded based on the exclusion criterion of 35% “detrimental
errors” or more, resulting in 94 versus 96 participants in the
HILS and LIHS conditions, respectively.

Task and procedure. The task, design, and procedure were iden-
tical to Study 3a but with moderate instead of extreme proba-
bilities and fines. The HILS enforcement game included a 0.66
probability of inspection and a fine of 15 points and the LIHS
enforcement game included a 0.33 probability of inspection and
a fine of 30 points (EV = 0.1 in both).

Fig. 4. Results of Study 3a. Small dots depict individual participants. (A) Decrease in accuracy–violation rates from baseline to the enforcement block by
condition. Error bars represent the 95% bootstrapped CI for the mean. (B) Regression lines of the accuracy–violation rates in the enforcement blocks on
the accuracy–violation rates in the NE block by condition. Shading around the lines shows the 95% CIs.

#The probabilities were chosen under the constraints of p∼0.05/0.95, relatively round
fine sizes, and EV∼0.1. Note that the final parameters suggest that the EV from commit-
ting accuracy violations was slightly higher in the HILS condition (0.13 versus 0.1), which
runs counter to the predicted effect (our prediction was that HILS would reduce
accuracy–violation rates more, despite of the slight increase in EV to violate).
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Results. As expected, and in contrast to the previous studies, the
results of this boundary condition study revealed that the HILS
and the LIHS enforcement policies exhibited similar effective-
ness in reducing accuracy violations. Fig. 5A presents the main
result. In the HILS condition, the mean accuracy–violation rate
decreased by 21.2% (SD = 27.1; from 36.1% in the NE game to
14.9% in the with-enforcement game). In the LIHS condition,
the accuracy–violation rates decreased by 19.7% (SD = 25.5;
from 34.0% in the NE game to 14.3% in the with-enforcement
game). The Shapiro–Wilk test rejected the assumption of nor-
mality for the accuracy–violation rates (P < 0.001). A
Mann–Whitney U test found no difference between the
accuracy–violation rates in the HILS condition (median =
17.5% and range [�20, 145]) and in the LIHS condition
(median = 15.6% and range [�21, 121]), U = 4620, P = 0.77,
two-tailed test (since, unlike in the previous studies, we did not
a priori expect a difference between the conditions), and with
an effect size of r = 0.021. We also did not find any difference
between the two enforcement conditions, as they pertained to
different types of individuals (Fig. 5B).

Discussion
What is the best way to reduce violations? The high cost of
close monitoring and negative consequences of severe sanctions
(e.g., more officers and negative mass reactance) render full
severe enforcement impractical. Instead, two common enforce-
ment policies trade off the probability of inspection with the
severity of punishment. Our findings suggest that in repeated
settings, frequent inspection with mild punishment is more
effective in reducing violation behaviors than rare severe pun-
ishment. In all four studies, which included frequent versus
rare inspections, the HILS policy was more effective at reduc-
ing violation rates than the LIHS policy, although these two
polices had an equal EV. This finding was independent of
potential improvement in perceptual skill and held even when

we increased deterrence by providing information about the
magnitude of the fine in advance. Furthermore, the advantage
of the HILS policy was more pronounced among participants
who tended to commit more violations at baseline. The results
of the last study demonstrate the effects of changing the proba-
bility of inspection on enforcement effectiveness. Study 3a
showed that the advantage of HILS over LIHS increased for
more extreme probabilities of inspection (0.06 versus 0.94).
Study 3b showed a boundary condition for the greater effective-
ness of the probability of inspection over the severity of punish-
ment in reducing violations. When the enforcement policy
presented moderate probabilities (0.33 versus 0.66) and penal-
ties, there was no significant difference between a policy with
higher probability of inspection and smaller fines and a policy
with lower probability of inspection and larger fines. Impor-
tantly, LIHS was not found to be more effective than HILS in
any of the studies.

These findings are consistent with the decisions-from-experi-
ence hypothesis and specifically with the phenomenon of
underweighting of rare events (23, 38, 39). Consistent with this
phenomenon, in repeated settings, rare severe punishments are
underweighted, causing deterrence to lose its initial effect over
time. Underweighting of rare events is often argued to be the
outcome of a decision mechanism that implies reliance on small
samples of past experiences (39, 40). According to this mecha-
nism, on each trial, decision makers only recall a small sample
of previous experiences with each of the options and choose
the option with the higher sample mean. The rarer an experi-
ence is, the less likely it is to be included in the recalled sample,
and therefore the more likely it is to be given less weight than it
deserves. This explains why, in the current context, rare severe
punishments were less deterring than frequent but smaller pun-
ishments. The reliance on a small samples mechanism also
helps to explain the boundary conditions found in Study 3b, in
which the probabilities of inspection were moderate (0.33

Fig. 5. Results of Study 3b. Small dots depict individual participants. (A) Decrease in accuracy–violation rates from baseline to the enforcement block by
condition. Error bars represent the 95% bootstrapped CI for the mean. (B) Regression lines of the accuracy–violation rates in the enforcement blocks on
the accuracy–violation rates in the NE block by condition. Shading around the lines shows the 95% CIs.
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versus 0.66). Here, the recalled sample is less likely to underre-
present inspection experiences, thus substantially reducing the
advantage of HILS over LIHS.

Interestingly, our findings are also consistent with empirical
studies showing that the severity of criminal sanctions is not
correlated with the level of crime in society (41), whereas
enforcement prevalence has consistently been found to be
related to crime rates (42). Our controlled experimental setting
demonstrates a causal link between enforcement prevalence
and violation rates for a general (noncriminal) population and
for small-scale violations and punishments, therefore support-
ing and extending the recommendation often made in the crime
literature to increase punishment prevalence rather than sever-
ity (43–45).

Our results run counter to the economic hypothesis, which
posits that severe punishments are more effective than high
monitoring in reducing violations in the general population
(1–3, 5). One plausible reason for this discrepancy is that exper-
imental studies supporting the economic prediction tend to
employ an explicit descriptive setting with very few opportuni-
ties for violation. The current studies employed an arguably
more ecologically valid setting, in which implicit opportunities
to violate were repeated many times and the probability of
inspection was not described a priori. Hence, the difference
could be the result of a description-experience gap in violation
decisions, similar to the gap found in risky choice (46).

In line with self-concept maintenance theory, under no exter-
nal enforcement, most of our participants did not maximize
profits through violations, supporting the suggested role of
internal cost as a gatekeeper of morality. Note that self-concept
maintenance theory does not offer a clear prediction regarding
external enforcement. Our findings demonstrate the sensitivity
to external enforcement and pave the way for further research
in this direction. In real life, small violations tend to be recur-
ring. Incorporating the effect of feedback, inspection, and fine
severity in the research of behavioral ethics may provide
insights and shed light on how enforcement can shape the
moral self and the internal barrier over time. To give but one
example, applying external enforcement for a certain violation
may either trigger an internal signal and direct the moral self to
realize that this violation is “morally wrong” (47), or it may

signal that this is something “you can buy your way out of,” as
in “a fine is a price” (32). Future research is thus needed to
explore this and other long-term dynamics of moral considera-
tions in the presence of enforcement.

From a practical standpoint, our findings suggest that when
the inspection rate is low, policymakers should prioritize increas-
ing the frequency of inspections over the severity of punish-
ments. Since, in the real world, inspection rates are commonly
very low,jj our findings suggest that increasing inspection rates
even by as little as a few percentage points could be highly effec-
tive in reducing violations. For example, in our studies, an
inspection rate of 6% reduced violation rates by 12% (from 32
to 28% in Study 3a), while an inspection rate of 10% with
smaller fines reduced violation rates by more than 38% (from 36
to 22% in Study 2). Although increasing the magnitude of fines
was often considered as less costly (1), recent advances in tech-
nology and the increasing usage of artificial intelligence algo-
rithms enable more effective monitoring at significantly lower
costs (49–51). Moreover, large fines could result in a perception
of unfairness and consequently reduce the probability of detec-
tion (52, 53), which, according to our results, is the key factor. In
a similar vein, empirical crime researchers have argued that pro-
grams focusing on increasing punishment severity entail greater
costs in their implementation (43–45). Thus, while many regula-
tors in the current COVID-19 pandemic have publicly called to
increase the magnitude of fines, our findings strongly suggest
that “gentle rule enforcement,” which includes smaller punish-
ments with a higher probability (54–57), would be more effective
in reducing violation rates, especially for high offenders, the tar-
get population of any enforcement policy.

Data Availability. Raw data have been deposited in the Open Science Frame-
work (https://osf.io/7f26g/). All other study data are included in the article
and/or SI Appendix.
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jjFor example, according to the 2020 Internal Revenue Service (IRS) Data Book
(Table 17) “for Tax Years 2010 through 2018, the IRS has examined 0.63 per-
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