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Abstract

Taxpayers rarely observe audit probabilities and must infer changes in enforcement
from personal and social experience. We study this process in a laboratory tax-
reporting experiment with 568 participants. Each participant faces hidden audit
probabilities of 5 percent and 25 percent in randomized order, and we vary peer
information across sessions from none to one or two preceding audit outcomes in
a sparse network and three in a dense network. Before any peer outcome is trans-
mitted, assignment to either network raises compliance by about 20% relative to
no peer information. Once outcomes circulate, compliance in the dense network
is approximately twice as responsive to enforcement as without peer information
and about 60% more responsive than in the sparse network. This amplification is
directional: relative to no peer information, the dense network raises compliance by
about 12% after enforcement strengthens but lowers it by about 25% after enforce-
ment weakens. Elicited belief distributions show that broader information reach
improves learning about the changed enforcement environment. Higher perceived
audit probabilities predict greater subsequent compliance, and the dense network’s
advantage comes from accumulating more peer signals rather than weighting each
signal more heavily. Counterfactual policy exercises show that broader diffusion
can reinforce deterrence under strong enforcement but erode it under weak enforce-
ment; a model-based exercise suggests that full disclosure of the audit probability
can reduce compliance under both weak and strong enforcement.
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1 Introduction

Tax enforcement deters evasion only to the extent that taxpayers perceive a meaning-

ful risk of detection. Yet the canonical model of tax evasion treats the audit probability

as known (Allingham and Sandmo, 1972), while taxpayers in practice rarely observe the

strength of the audit environment directly. Tax administrations may publish aggregate

examination statistics and general descriptions of selection procedures, but these do not

translate into a precise audit probability for current reporting decisions. In the United

Kingdom, HM Revenue & Customs (HMRC) describes a risk-assessment process that re-

views tax returns and other information to identify specific compliance risks, but it does

not quantify the audit probability implied by that process (HM Revenue & Customs,

2026). The US Internal Revenue Service (IRS) similarly describes computer screening,

random selection, and links to related examinations without quantifying the resulting

audit probability (Internal Revenue Service, 2026). Taxpayers must consequently infer

enforcement risk from incomplete evidence. Such opacity can produce substantial mis-

perceptions of audit risk.1

This informational problem becomes especially consequential when enforcement

changes. Audit activity varies as budgets and staffing expand or contract, tax administra-

tions redirect resources toward emerging risks, and new data and technology alter audit

targeting. Between 2010 and 2018, real appropriations for the IRS fell by about 20%, en-

forcement staffing by about 30%, and examinations by about 40% (Congressional Budget

Office, 2020). In the opposite direction, the United Kingdom’s 2025 Spending Review

funded data modernization and 5,500 additional compliance staff to expand enforcement

capacity (HM Treasury, 2025). Fiscal pressure can also strengthen enforcement incen-

tives: after China’s 2005 abolition of agricultural taxes reduced county revenues, county

governments largely offset the loss through tougher tax enforcement (Chen, 2017). Such

changes can alter effective enforcement even when statutory tax rules remain unchanged.

Their behavioral consequences depend on whether taxpayers recognize that the enforce-

ment environment has changed and how quickly their beliefs adjust. The fiscal con-

sequences therefore depend not only on revenue recovered through audits but also on

how voluntary reporting responds. Social learning can magnify the revenue gains from

stronger enforcement or accelerate the losses when enforcement capacity falls.

Direct experience is sparse for any one taxpayer, making the audits of neighbours,

clients, colleagues, or other social contacts a potentially important source of evidence.

Field studies document precisely such spillovers. Enforcement communication to one

household affects nearby households (Drago et al., 2020), while an audit of one client

can alter the reporting of other clients who share the same tax preparer (Boning et al.,

1Bérgolo et al. (2018) find that surveyed Uruguayan firms reported an average three-year audit
probability of about 40%, compared with an administrative rate of approximately 8%.
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2020). These studies establish that enforcement can propagate beyond the directly treated

taxpayer. They cannot, however, isolate how information reach changes learning because

the relevant networks and beliefs are inferred.

We provide the first causal evidence that the reach of peer audit information shapes

perceived audit probabilities and tax compliance. Our belief elicitations offer direct evi-

dence that learning about enforcement underlies the compliance response. In a laboratory

tax-reporting experiment, 568 participants make repeated declaration decisions in two

audit probability blocks with undisclosed rates: 5 percent and 25 percent. Within each

block, the same hidden audit probability applies to all participants, allowing us to isolate

learning about a common enforcement environment. Every participant experiences both

environments, with their order randomized at the beginning of the session. We assign

sessions to one of three information environments and randomly match participants into

groups of four. Participants in the condition without peer information receive no peer

audit outcomes. The sparse network is a chain, and participants observe whether one

or two directly connected neighbours were audited in the previous round. The dense

network is complete, and participants receive the same information for all three other

group members. We reassign groups and network positions every round, so the treat-

ments vary the reach of audit information without creating persistent social relationships

or repeated-group incentives. In every round, we also elicit an incentivized subjective

distribution over the audit probability.

Our design separates two effects. First, the initial round of each block contains no

peer signal. Treatment comparisons in these rounds identify a network presence effect :

the effect of knowing that one is embedded in an information network before it trans-

mits audit experience. Second, from round 2 onward, the treatments vary the amount

of social evidence available for learning. Our primary measure of information transmis-

sion is enforcement responsiveness : the difference in compliance between the 25 percent

and 5 percent audit environments. Comparing this compliance difference across infor-

mation conditions shows whether broader social information makes declarations track

the enforcement environment more closely. We then examine enforcement increases and

decreases separately to show whether greater responsiveness reflects higher compliance

under strong enforcement, lower compliance under weak enforcement, or both.

We report four main findings. First, before any peer outcome is transmitted, assign-

ment to either network raises compliance by about 11 percentage points, approximately

20% relative to the no peer information benchmark, and raises the perceived audit prob-

ability by about 3 points. The similar effects in the sparse and dense networks show that

this initial response reflects network embeddedness rather than the amount of information

subsequently transmitted.

Second, once audit experiences circulate, enforcement responsiveness increases with

network density. The dense network raises responsiveness by 8.1 percentage points rel-
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ative to no peer information—approximately doubling the response—and by 6.0 points

relative to the sparse network. The sparse-network estimate lies between the two informa-

tion conditions, and an ordered specification yields a statistically significant increase of

2.7 percentage points in responsiveness per expected peer signal. The behavioral response

therefore strengthens with information reach and is strongest in the dense network.

Third, examining enforcement decreases and increases separately shows what greater

responsiveness means for compliance. After enforcement decreases from 25 percent to 5

percent, the dense network reduces compliance by 10.7 percentage points relative to no

peer information and by 13.2 points relative to the sparse network. The latter difference

represents a 29% reduction and appears in the early rounds and persists through the post-

change block. After enforcement increases from 5 percent to 25 percent, the dense network

raises compliance by 5.2 points relative to no peer information. Social diffusion therefore

does not mechanically raise compliance: it can reinforce deterrence when enforcement

strengthens and accelerate its erosion when enforcement weakens.

Fourth, the elicited belief distributions reveal the learning mechanism. After enforce-

ment changes, peer information shifts probability mass toward the true audit rate and

produces more concentrated beliefs, with the strongest accuracy gains in the dense net-

work after enforcement weakens. A 10-percentage-point increase in the prior perceived

audit probability predicts 4.3 percentage points higher compliance in the next declara-

tion, about 9% of mean compliance. Participants respond only about half as strongly

to any single peer outcome as to their own audit experience, while the response to each

peer outcome is similar in the sparse and dense networks. The dense network’s advan-

tage therefore comes from accumulating more individually discounted signals rather than

making each signal more influential. The overall pattern supports graded information

accumulation, with the strongest behavioral effects in the dense network.

These findings make three contributions. First, we connect the public finance litera-

ture on uncertain enforcement and post-audit behavior (see, e.g., Alm et al., 1992, 2009;

Snow and Warren, 2005; Choo et al., 2016; Mittone et al., 2017; Kasper and Rablen, 2023)

to field evidence on tax-compliance spillovers. The experiment reveals the learning pro-

cess that field evidence cannot directly observe: audit experiences change perceived audit

risk, and the reach of those experiences governs how compliance adjusts when enforcement

changes. We contribute to experimental tax compliance by keeping the audit probability

hidden and repeatedly measuring each participant’s subjective distribution over possible

audit probabilities. Second, we contribute to the network and belief-updating litera-

tures. Existing tax experiments show that peers’ reporting choices and social context can

change compliance (see, e.g., Fortin et al., 2007; Alm et al., 2017; Lefebvre et al., 2015);

we transmit only audit outcomes and randomize how many of those outcomes reach a

participant. This isolates social learning about a common hidden state and shows how

several individually discounted signals can accumulate into a substantial behavioral re-
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sponse. Third, we show that the policy value of information diffusion depends on the

enforcement environment. Networks do not simply raise compliance. They make behav-

ior more responsive to enforcement, reinforcing deterrence when enforcement is strong

but potentially weakening it when enforcement is low.

We further examine these policy implications through two counterfactual exercises.

The first combines experimentally observed information and enforcement cells while keep-

ing the audit probability hidden. It shows that broader diffusion is most useful under

strong enforcement and can reduce compliance under weak enforcement. The ranking

favors adapting information reach to the enforcement environment, but does not show

that maximum reach is always required. The second models the effect of exact disclosure,

which was not experimentally varied, using the estimated relationship between perceived

audit probabilities and declarations. Participants substantially overestimate both audit

probabilities. Replacing those beliefs with the true rate is predicted to reduce compliance

by 11.1 percentage points (or 27% of observed compliance) in the 5 percent environment

and by 5.5 points in the 25 percent environment. Together, the counterfactuals distin-

guish publicizing genuine enforcement activity from revealing its exact probability.

The remainder of the paper proceeds as follows. Section 2 relates the paper to the

existing literature. Section 3 describes the experiment. Section 4 presents the conceptual

framework and predictions. Section 5 reports the results. Section 6 presents the policy

counterfactuals, and Section 7 concludes.

2 Related Literature

Our study connects three literatures that have largely developed separately: lab-

oratory research on tax enforcement, evidence on social interactions and enforcement

spillovers, and research on belief updating from private and social signals. We use the

experiment to connect these literatures around a specific public-finance question: how

taxpayers learn about a change in enforcement when the audit probability is hidden.

2.1 Experimental tax compliance and uncertain enforcement

Following the deterrence framework of Allingham and Sandmo (1972), a large exper-

imental literature examines how declarations respond to the audit probability, fine rate,

tax rate, public-good return, and institutional environment. Reviews and quantitative

syntheses show that audit risk and penalties generally increase compliance, but that effect

sizes vary across behavioral margins and experimental designs and that expected mon-

etary payoffs alone do not explain observed reporting (see, e.g., Andreoni et al., 1998;

Blackwell, 2010; Alm, 2019; Slemrod, 2019). This literature establishes enforcement as

a central policy variable and experiments as a useful method for identifying behavioral
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responses to it.

The standard tax evasion game nevertheless makes enforcement more transparent

than it is for many taxpayers: participants are typically told the audit probability and

choose declarations under a known lottery (for a meta-analysis, see Alm and Malézieux,

2021; for a broader review, see Alm and Kasper, 2021). A smaller literature relaxes this

assumption. Alm et al. (1992) experimentally vary institutional uncertainty, while Snow

and Warren (2005) show theoretically that ambiguity about the audit probability can

increase or reduce compliance depending on taxpayers’ ambiguity preferences. Choo et al.

(2016) directly compare compliance under disclosed and undisclosed audit probabilities

within a tax evasion experiment. They find little average response to whether the audit

probability is disclosed and do not elicit participants’ beliefs. This evidence leaves open

how taxpayers learn about a hidden audit probability and how such learning affects

declarations.

A related dynamic literature shows that audit sequences and recent audit experience

affect later declarations through misperceptions of audit risk (Kastlunger et al., 2009;

Mittone et al., 2017) and through learning when audit selection responds to reported

income (Kasper and Rablen, 2023). Most closely related to our information treatment,

Alm et al. (2009) experimentally compare official reports of realized audit activity with

informal communication among taxpayers. They show that audit information changes

compliance and that its effect depends on whether taxpayers already know the audit

probability. An audit is therefore not only a sanction; it is also information from which

taxpayers may learn about future enforcement.

We build directly on this work by asking how the social diffusion of audit experiences

changes learning about enforcement. Earlier experiments show that communicated au-

dit information affects compliance, but leave both the learning process and the role of

information reach within it unresolved. We keep the audit probability hidden, vary the

number of observable peer audit outcomes, and elicit a complete subjective distribution

in every round. We thereby identify how social information determines the speed and

extent of compliance adjustment when an opaque enforcement environment changes.

2.2 Social interactions, networks, and enforcement spillovers

Tax compliance is socially embedded. Laboratory evidence shows that group tax con-

ditions can generate fairness responses (Fortin et al., 2007), examples of low compliance

can encourage further evasion (Lefebvre et al., 2015), and information about neighbours’

filing, reporting, and audit outcomes can change compliance (Alm et al., 2017). Field evi-

dence on public tax-return disclosure further shows that searches cluster within household

and workplace networks, although being searched does not measurably increase reported

income (Reck et al., 2022). In these settings, taxpayers typically observe what others re-
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port or pay. The resulting responses may therefore combine information, imitation, social

comparison, and norms rather than isolate learning about the enforcement environment.

Our information treatment isolates enforcement learning in two ways. First, partici-

pants never observe peer declarations, income, earnings, or identities; they observe only

whether peers were audited. Second, we randomize the reach of that information. Models

show that network topology can shape tax beliefs and compliance dynamics (see, e.g.,

Hashimzade et al., 2014; Korobow et al., 2007; Di Gioacchino and Fichera, 2020), but

their simulated outcomes jointly reflect assumptions about both network structure and

behavior. Our design holds the tax decision fixed and changes only how many peer audit

outcomes reach each participant.

The closest policy motivation comes from field spillovers. Drago et al. (2020) shows

that an enforcement intervention can affect untreated households connected through

neighbourhood exposure. Boning et al. (2020) finds that audits propagate across firms

that share a tax preparer. These studies provide credible evidence that enforcement ef-

fects travel beyond directly treated taxpayers. The network is necessarily inferred from

geography or a common intermediary, however, and perceived audit probabilities are not

observed repeatedly. Consequently, the field evidence cannot determine whether spillovers

reflect learning about enforcement, direct communication, preparer behavior, norms, or

another channel. By randomizing information reach and observing both subjective dis-

tributions and declarations, we isolate the learning mechanism behind these spillovers.

2.3 Belief updating and social learning

Our mechanism relates to research on how individuals process noisy information.

Bayes’ rule provides the natural benchmark: a person with an unknown audit probability

should combine a prior with the likelihood of observed audit outcomes (Snow and Warren,

2007). Grether (1980) documents base-rate neglect, with subjects placing too little weight

on prior probabilities. Reviewing a broader experimental literature, Benjamin (2019)

concludes that people often underweight both prior information and new signals. Bordalo

et al. (2026) show that selective attention to salient features can generate both under-

and overreaction and make judgments unstable across equivalent problem descriptions.

These departures matter here because audits and non-audits are noisy signals: a taxpayer

can easily experience no audit under either enforcement state, and informative outcomes

need not receive their full Bayesian weight. When information travels socially, individual

updating rules interact with network structure and can slow or distort aggregate learning

(Möbius and Rosenblat, 2014; Chandrasekhar et al., 2020; Khandelwal, 2024).

The social learning literature typically studies how people infer a common state from

others’ actions or beliefs. Observational learning experiments find that participants often

place too much weight on private information relative to social evidence (see, for example,
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Anderson and Holt, 1997; Weizsäcker, 2010; De Filippis et al., 2022). Because another

person’s choice reflects both the information they received and how they interpreted

it, these designs cannot always distinguish imperfect inference about what others know

from differential weighting of the information itself. Our experiment transmits peers’

underlying audit outcomes directly and therefore separates these two channels.

The most closely related evidence comes from Conlon et al. (2022), who compare

sensitivity to equally relevant information discovered by oneself and by others. They

find weaker responses to others’ information even when it is perfectly communicated or

directly observed. Conlon et al. (2021) show that the size of this asymmetry depends on

the relationship between the information sources. Together, these studies demonstrate

that weaker responses to others’ information cannot generally be reduced to communi-

cation failure or objective signal quality. This comparison motivates our analysis of how

participants respond to their own and their peers’ audit outcomes.

Our design adds an objectively defined but hidden enforcement state, exogenous vari-

ation in the number of social signals, and repeated elicitation of full belief distributions.

These features allow us to distinguish greater responsiveness to each peer outcome from

the cumulative effect of receiving more outcomes. We thereby connect the social learning

literature to tax enforcement and test how information reach shapes belief and compliance

adjustment when an opaque enforcement environment changes.

3 Experimental Design and Procedure

3.1 Information environments

We implement the no peer information, sparse network, and dense network conditions

at the session level. In every round, the software randomly rematches participants into

groups of four and assigns new network positions. We remind participants that both

their group members and positions change. A participant’s position determines only the

number of preceding peer audit outcomes that can be observed.

In the no peer information condition, participants receive no information about other

group members’ audit outcomes. The sparse network is a chain: four positions lie on a

line, so endpoint positions observe one neighbour and interior positions observe two. The

dense network is complete: each participant observes all three other group members.

Beginning in round 2 of each block, the interface presents the participant’s own

preceding-round audit outcome and the preceding-round audit outcomes of their newly

assigned neighbours simultaneously. A linked neighbour’s node appears red if audited

and green if not audited. A grey node indicates that no audit information is available

because the position is not linked or no preceding-round outcome exists. Thus, all peer

nodes are grey in round 1. From round 2 onward, the sparse network displays one or
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two red or green peer nodes, while the dense network displays three. The own and peer

signals concern the same hidden audit probability, have the same audited-or-not-audited

form, and neither source is observed before the other. Figure 1 illustrates the three en-

vironments from the perspective of a focal participant. Participants never observe peer

declarations, income, payoffs, or identities. We therefore vary the density of the infor-

mation network and the number of signals about the common enforcement environment

while holding the declaration task fixed.

1 You

3 4

No peer information

1 You 3 4

Sparse network

1 You

3 4

Dense network

Audited Not audited No information

Figure 1: Experimental information environments
Notes: The diagrams show one possible position of the focal participant and an illustrative
realization of preceding-round audit outcomes. Red indicates that an observed neighbour was
audited, green that an observed neighbour was not audited, and grey that no audit information is
available. Groups and positions are randomly reassigned every round. The no-peer-information
condition provides no peer audit outcomes; the sparse network provides one or two; the dense
network provides three. The sparse network is a minimally connected chain, whereas the dense
network is complete.

3.2 Tax-reporting task and enforcement change

The experiment contains two consecutive ten-round blocks: an initial block (Part

A) and a post-change block (Part B), which begins when the hidden audit probability

changes. In each round, a participant receives an income drawn between 2,000 and 3,500

experimental currency units (ECU) and chooses declared income D ∈ [0, Y ]. Declared

income is taxed at rate t = 0.25. If the participant is not audited, earnings are

πN = Y − tD. (1)

If audited, undeclared income is detected and the participant pays the evaded tax plus a

penalty equal to the evaded tax:

πA = Y − tD − 2t(Y −D). (2)

Our principal outcome is the compliance rate C = D/Y .

Every participant makes ten decisions under a 5 percent audit probability and ten

under a 25 percent audit probability. The audit probability is constant throughout the
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initial block and then changes to the other probability at the start of the post-change

block. At the beginning of each session, the software randomly determines the order, so

some sessions move from 5 percent to 25 percent and others from 25 percent to 5 percent.

Participants are told at the start of each block that its audit probability will remain fixed

for ten rounds, but they are never told the probability itself. Before the post-change

block begins, they are explicitly informed that the audit probability has changed and will

again remain fixed for the next ten rounds.

The transition also resets the information history. Audit outcomes from the initial

block are not displayed in the post-change block, so the first post-change round occurs

after the enforcement change but before any outcome generated under the new environ-

ment can be transmitted. The first round of the initial block is likewise played before

any peer outcome exists. We therefore refer to round 1 of each block as a signal-free first

round. From round 2 onward, participants can observe the preceding-round outcomes

generated within that block according to their assigned information environment.

3.3 Perceived audit probabilities and norm elicitation

In every round, we elicit participants’ subjective distribution of the audit proba-

bility using the method proposed by Harrison et al. (2017). Participants allocate 100

tokens across ten mutually exclusive intervals: [0, 10), [10, 20), . . . , [90, 100]. Their belief-

elicitation payoff depends on the tokens assigned to the interval containing the true audit

probability and on the allocation across all ten intervals.2 Appendix Figure A1 repro-

duces the participant-facing elicitation interface in English translation. The interface

makes the task intuitive: as participants move tokens across intervals, the number above

each interval updates to show the payoff they would receive if the true audit probabil-

ity fell in that interval. Participants can therefore see the payoff consequences of any

allocation without calculating the scoring rule themselves.

The distributional elicitation is particularly useful for our design. Let πitk denote

the share of tokens that participant i assigns to interval k in round t, and let mk de-

note that interval’s midpoint. We define the participant’s perceived audit probability as

p̂it ≡
∑10

k=1 πitkmk. Two participants can report the same p̂it while differing substan-

tially in confidence, and social information may change the location of the subjective

distribution, its concentration around the true rate, or both. A point report cannot dis-

tinguish these responses. The full distribution allows us to measure each margin and also

mitigates a familiar incentive problem in point-probability elicitation: under subjective

expected utility, Harrison et al. (2017) show that empirically plausible risk aversion pro-

duces only small distortions in important features of the reported distribution, without

requiring separate calibration for risk attitudes. We therefore summarize the elicited dis-

2We implement the quadratic scoring rule with payoff parameters α = β = 500 ECU.
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tributions using p̂it, probability mass on the interval containing the true rate, and belief

concentration measured by normalized entropy.

At the end of the initial block and again at the end of the post-change block, we

conduct an incentivized elicitation of perceived social norms following Krupka and We-

ber (2013). Participants assess the social appropriateness of four alternative declaration

choices in the enforcement environment they have just experienced. For each block, one

declaration choice is randomly selected for payment, and a participant earns 500 ECU if

their rating matches the modal rating among participants in the session. These data allow

us to examine whether the information conditions change perceived norms, as distinct

from beliefs about enforcement.

3.4 Experimental procedure

We conducted the experiment in the Behavioral and Experimental Economics Labo-

ratory at Renmin University of China using oTree (Chen et al., 2016). We recruited 568

undergraduate and graduate students from a range of academic disciplines and ran 26

sessions.3 Participants were 20.1 years old on average, and 66.9% were female.

Before data collection, we used balanced randomization to assign sessions to the three

information conditions. Table 1 reports the realized allocation of sessions and partici-

pants. At the beginning of each session, oTree randomly determined whether participants

encountered the high- or low-audit environment first. The sample is broadly balanced

across the three information environments (see Appendix Table A1).

Table 1: Treatment assignment and sample composition

Information condition Sessions Participants Peer audit outcomes

No peer information 9 196 0
Sparse network 8 184 1 or 2
Dense network 9 188 3

Total 26 568

Notes: Information conditions were assigned at the session level. Peer audit outcomes
refer to outcomes from the previous round that are observable from round 2 of each
block. Participants at the endpoints of the sparse network observed one peer outcome,
while those at interior positions observed two; participants in the dense network
observed all three peer outcomes. Groups and network positions were randomly
reassigned in every round.

Upon arrival, participants received a CNY 10 show-up fee and were randomly seated

at individual computer terminals. They first read the instructions for the initial block,

which explained the tax-reporting task, their assigned information environment, and the

3Data collection took place in two waves: 20 sessions with 420 participants in December 2025 and
six sessions with 148 participants in March 2026.
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belief-elicitation procedure. Participants then completed comprehension questions and an

explicitly identified practice round using artificial data. The practice round familiarized

them with the interface and payoff calculations and did not enter the analysis.

Figure 2 summarizes the session timeline and the sequence within each experimental

round. Participants completed ten rounds and the norm elicitation in each block. Before

the post-change block, they read new instructions explaining that the audit probability

had changed but would remain fixed throughout the block. The task and interface other-

wise remained unchanged, and no audit outcome carried over from the initial block. After

both blocks, participants completed a questionnaire covering risk and social preferences,

tax morale, a three-item cognitive reflection task, two probability-reasoning questions,

and demographic characteristics.

Session timeline

Arrival and
instructions

Comprehension
check

and practice

Initial block
Part A; 10 rounds

Norm elicitation
Initial block

Change briefing
and reset

Post-change
block

Part B; 10 rounds

Norm elicitation
Post-change

block

Questionnaire
and

private payment

Sequence within each round

New
group and
position

Peer
outcomes

from round 2

Income and
declaration

Audit-
probability
elicitation

Audit and
earnings
feedback

Figure 2: Experimental session and within-round sequence
Notes: Each block contains ten experimental rounds. Round 1 of each block is signal-free;
peer audit outcomes are displayed from round 2 onward according to the assigned information
condition. The post-change block begins with a refreshed information history.

In addition to the show-up fee, two rounds from each block were randomly selected for

payment. Final earnings combined after-tax income and belief-elicitation payments from

these four rounds, any norm-elicitation bonuses earned in the initial and post-change

blocks, and 200 ECU for each correct answer in the three-item cognitive reflection task.

We converted experimental currency units at a rate of 200 ECU to CNY 1 and paid partic-

ipants privately in cash. Average earnings, including the show-up fee, were CNY 74.02. A

session lasted approximately 70 minutes, including instructions, the experimental tasks,

the questionnaire, and payment.
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4 Conceptual Framework

We use a simple conceptual framework to guide the empirical analysis and clarify how

the reach of audit experience shapes perceived audit probabilities and declarations. The

framework distinguishes an initial response to visible network presence from the state-

dependent response that emerges once audit outcomes circulate. These two channels yield

testable implications for the signal-free network-presence effect, enforcement responsive-

ness as information reach expands, and the link from perceived audit probabilities to

subsequent compliance.

4.1 Compliance and learning under hidden enforcement

Let the true audit probability be p ∈ {pL, pH}, where pL = .05 and pH = .25.

Participant i begins round t with prior belief µit = Pri(p = pH). In this two-state

representation, the corresponding perceived audit probability is p̂it = µitpH +(1−µit)pL.

Given the tax rate, fine, income, and preferences, optimal compliance is increasing in p̂it:

C∗
it = c(p̂it) , c′(·) > 0, (3)

The monotonicity is the standard deterrence implication of the tax-evasion model (Alling-

ham and Sandmo, 1972). It yields a direct empirical link: the perceived audit probability

formed from signals in round t should predict compliance in round t+ 1.

Each audit outcome is a Bernoulli signal generated by the common state. Let ait−1

denote the participant’s own preceding audit outcome, let Nit denote the set of observed

peer outcomes, and define posterior log odds as ℓit = log[µit/(1−µit)]. Allowing own and

peer outcomes to receive different weights, beliefs evolve according to

ℓit = ℓi,t−1 + ωo logLR(ait−1) + ωs

∑
j∈Nit

logLR(ajt−1), (4)

where LR(a) is the likelihood ratio of outcome a under high rather than low enforcement,

ωo ≥ 0 is the weight on own experience, and ωs ≥ 0 the weight on each peer outcome.

Standard Bayesian updating is the nested benchmark ωo = ωs = 1. Experimental evi-

dence commonly finds conservative and heterogeneous updating (Benjamin, 2019), while

social-learning experiments show that individuals often place different weights on their

own and others’ information (Weizsäcker, 2010; De Filippis et al., 2022; Conlon et al.,

2022). We therefore do not impose equality of the two weights. The information-reach

prediction in Section 4.3 requires only that peer outcomes receive positive weight.
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4.2 Network presence before signals

Equation (4) also clarifies the signal-free first round. Participants have not yet ob-

served an audit outcome generated under the current enforcement environment, so up-

dating cannot produce a density difference. Assignment to an audit-information network

is nevertheless visible. Network embeddedness may make audits and the future trans-

mission of audit outcomes more salient, raising perceived enforcement risk before any

outcome is observed. Audit-related cues and experiences can increase subjective audit

risk and compliance (Spicer and Hero, 1985; Bérgolo et al., 2018, 2023). If embedded-

ness, rather than the number of outcomes later transmitted, drives this salience response,

the sparse and dense networks should have similar first-round effects. Equation (3) then

maps higher perceived risk into higher initial compliance.

Prediction 1 (Network presence) Before any peer audit outcome is transmitted, as-

signment to either audit-information network should raise perceived audit risk and compli-

ance relative to no peer information. Because no peer outcome has yet been transmitted,

this initial response should not increase with network density.

4.3 Information reach and enforcement responsiveness

We designed the experiment to study this learning problem around a change in en-

forcement. As described in Section 3.2, each session experiences both hidden audit proba-

bilities in randomized order. The post-change block begins when the probability switches

to the other level and the displayed audit history is reset, so participants initially have no

outcomes generated under the new environment. From round 2 onward, they can learn

whether enforcement has strengthened or weakened from their own and their peers’ audit

outcomes. The dense network supplies three peer likelihood terms in equation (4), the

sparse network one or two, and the no-peer-information condition none.

For a conditionally independent audit outcome, the expected log-likelihood ratio sat-

isfies

E[logLR(a) | pH ] > 0, E[logLR(a) | pL] < 0. (5)

Thus, when ωs > 0, each additional peer outcome raises expected posterior log odds

under high enforcement and lowers them under low enforcement. More peer signals

therefore increase the expected separation of perceived audit probabilities across the

two environments. Because compliance is increasing in p̂it, this separation translates

into greater enforcement responsiveness—a larger compliance difference across the two

environments. Underweighting reduces the contribution of each peer outcome but does

not change its expected direction, so several weakly weighted signals can still have a

meaningful combined effect.
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We measure enforcement responsiveness as compliance in the 25 percent audit envi-

ronment minus compliance in the 5 percent audit environment. This comparison cap-

tures whether information reach sharpens behavioral differentiation between stronger

and weaker enforcement without treating the experiment’s 25 percent rate as a universal

threshold for “high” enforcement. We also report the state-specific treatment effects to

establish the direction of adjustment.

Prediction 2 (Network density and enforcement responsiveness) As the num-

ber of observable peer audit outcomes increases, perceived audit probabilities and compli-

ance should become more responsive to the true enforcement environment. Enforcement

responsiveness should therefore increase from no peer information to the sparse network

and then the dense network.

To unpack this responsiveness prediction, we consider separately how peer information

shapes adjustment after enforcement increases and after it decreases. When enforcement

increases from 5 percent to 25 percent, subsequent audit outcomes are drawn from the

stronger enforcement environment. Participants connected to peers observe additional

draws from that environment and, on average, receive more evidence that audit risk has

risen (equations (4) and (5)). Peer information therefore raises perceived audit risk and

compliance (equation (3)), with a larger upward informational response as the number

of observable peer outcomes increases. When enforcement decreases from 25 percent to

5 percent, the logic reverses. Peer outcomes are drawn from the weaker environment and

provide evidence that audit risk has fallen, producing a downward informational response

that also becomes larger with information reach.

The total network effect additionally includes the compliance response to network

presence established in Prediction 1. Let Pn ≥ 0 denote any part of this response that

persists once signals begin, and let LL→H
n > 0 and LH→L

n > 0 denote the magnitudes of

learning following a change from the low (L) to the high (H) enforcement environment

and vice versa in network n. The total effects relative to no peer information are

τL→H
n = Pn + LL→H

n , τH→L
n = Pn − LH→L

n . (6)

For these comparative predictions, we treat any persistent presence response as common

across the sparse and dense networks, following the signal-free logic in Prediction 1. If

the initial response fully dissipates, then Pn = 0 and equation (6) reduces to the pure

learning case. Equation (4) implies that both learning responses increase with the number

of peer outcomes. Network presence and learning therefore reinforce each other following

an enforcement increase but oppose each other following a decrease.
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Corollary 1a (Enforcement increase) Following an increase from 5 percent to 25

percent, the total network effect on compliance should be positive and become more positive

as information reach expands.

Corollary 1b (Enforcement decrease) Following a decrease from 25 percent to 5 per-

cent, the total network effect should become less positive, or more negative, as informa-

tion reach expands. Its sign depends on the relative magnitudes of the positive network-

presence response and the negative learning response: the total effect remains positive

when presence dominates, is close to zero when the two forces offset, and becomes nega-

tive when learning dominates.

4.4 Perceived audit probability and subsequent compliance

The updating process in equation (4) yields a testable behavioral implication: the

perceived audit probability formed from recent audit outcomes should carry forward into

subsequent reporting decisions. A participant with a higher p̂it faces stronger expected

deterrence and should therefore declare a larger share of income in the next round, as

summarized by equation (3). This relationship should remain visible among participants

facing the same enforcement environment and comparable recent audit information.

Prediction 3 (Perceived audit probability and subsequent compliance)

Holding the realized enforcement environment and recent audit signals fixed, a higher

prior p̂it should predict greater compliance in the next round.

5 Results

We organize the results around the predictions in Section 4. We first isolate the effect

of network presence before any peer audit outcome is transmitted (Section 5.1). We

then test whether broader information reach increases compliance responsiveness to the

enforcement environment (Section 5.2) and use the post-change block to show how this

response differs when enforcement strengthens and when it weakens (Section 5.3). Finally,

we examine the mechanism by asking whether peer information improves perceptions

of the audit probability and whether those perceptions predict subsequent compliance

(Section 5.4). We also use the norm elicitation as a brief check on an alternative channel.

Where tables report specifications with and without controls, we discuss the estimates

with controls and report the treatment-only estimates as benchmarks.
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5.1 Network presence before information transmission

To test Prediction 1, we pool the signal-free first round of the initial and post-change

blocks. For compliance and the perceived audit probability, we estimate

Yist = α + βSSparses + βDDenses +X′
istγ + εist, (7)

where Yist is either compliance, defined as declared income divided by income, or p̂ist,

the midpoint-weighted mean of the elicited subjective distribution. The indices i, s, and

t denote participants, sessions, and experimental blocks. The coefficients βS and βD

measure the sparse- and dense-network presence effects relative to no peer information;

their difference tests whether the signal-free response increases with network density.

The vector Xist contains experiment-specific controls4 and predetermined participant

characteristics.5 The subjective distribution is elicited after the declaration but before

that round’s audit outcome, so the two outcomes are measured under the same signal-free

information set.

Table 2 shows that the sparse and dense networks raise compliance by 10.4 and 11.0

percentage points, respectively, relative to no peer information (both p < .001). At this

signal-free stage, the effects are economically substantial: relative to mean compliance

of 56.5% under no peer information, they represent an 18–19% increase in the share of

income declared. The two network effects are statistically indistinguishable (p = .785).

The perceived audit probability shows a parallel pattern. The first-round p̂ist is 2.8

percentage points higher in both network conditions (both p < .05), and the two network

effects are again statistically indistinguishable (p = .978). We find the same compliance

pattern when we examine the blocks separately. Both networks raise compliance in each

block (all p < .01), while the increase in perceived audit probability is concentrated in

the initial block and weaker after participants have gained experience with the task (see

Appendix Table A2).

The similarity of the two network effects matters for interpretation. Participants

know their information environment in these rounds but have not received a peer signal

through it, so the dense network has no informational advantage over the sparse network.

The parallel increases in perceived audit probability and compliance are consistent with

the salience channel in Prediction 1: an environment in which audit experiences will

become socially connected makes enforcement more prominent before the network conveys

evidence about its strength.

Result 1 Before any peer outcome is transmitted, visible network presence raises com-

4These are indicators for the audit environment, the post-change block, enforcement order, and
experimental wave.

5We include only characteristics determined before treatment, as shown in Panel A of Appendix
Table A1: age, gender, bachelor’s-student status, Communist Party membership, monthly expenditure
category, and time spent with friends.
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Table 2: Network presence before peer information is transmitted

Compliance Perceived audit probability

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

Sparse network 0.106∗∗∗ 0.104∗∗∗ 0.027∗∗ 0.028∗∗

(0.026) (0.021) (0.013) (0.010)
Dense network 0.118∗∗∗ 0.110∗∗∗ 0.029∗∗ 0.028∗∗∗

(0.021) (0.016) (0.012) (0.009)
Constant 0.565∗∗∗ 0.722∗∗ 0.342∗∗∗ 0.302∗∗∗

(0.015) (0.261) (0.010) (0.093)

Controls No Yes No Yes
Observations 1,136 1,136 1,136 1,136
Sessions (clusters) 26 26 26 26
R-squared 0.023 0.043 0.010 0.053

p-value: dense network = sparse network 0.651 0.785 0.846 0.978

Notes: Participant-round OLS using the signal-free first round of each experimental block. No peer
information is omitted. Controls include indicators for the audit environment, experimental block,
enforcement order, and wave, together with age, gender, education level, Communist Party membership,
expenditure category, and time spent with friends. The final row reports p-values from tests of equality
between the dense- and sparse-network coefficients. Perceived audit probability, p̂it, is the midpoint-
weighted mean of the elicited subjective distribution. Session-clustered standard errors are in parentheses.
∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01.

pliance by 11 percentage points—approximately 20% relative to no peer information—and

the perceived audit probability by 3 points. Neither response varies with network density.

The first-round results establish a level effect of visible network presence before any

peer information arrives. We next ask whether broader information reach makes com-

pliance more responsive to the enforcement environment after audit outcomes begin to

circulate. Because every session moves from one hidden audit probability to the other,

we can compare this response across information conditions.

5.2 Information-network density and enforcement responsive-

ness

To test Prediction 2, we match each participant’s decisions at the same round num-

ber across the initial and post-change blocks. For signal rounds r = 2, . . . , 10, define

enforcement responsiveness as

∆Cirs = Cirs(25%)− Cirs(5%), (8)

where i indexes participants and s sessions. A larger value of ∆Cirs indicates a wider

compliance gap between the high- and low-enforcement environments.

Figure 3 presents the raw evidence on how information reach shapes enforcement
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responsiveness. Without peer information, mean compliance is 7.1 percentage points

higher in the 25 percent than in the 5 percent audit environment. This gap increases

to 9.9 points in the sparse network and 16.9 points in the dense network. Thus, when

audit experiences can diffuse throughout the group, compliance responds more than twice

as strongly to the enforcement environment as it does without peer information. The

observations for individual sessions show the underlying variation, while the regression

estimates below provide our preferred tests of these differences.

Figure 3: Enforcement responsiveness by information condition
Notes: Open circles show raw mean enforcement responsiveness for each session over signal
rounds 2–10. Solid dots are raw means across the matched observations for each participant and
round; vertical bars are 95% confidence intervals based on standard errors clustered by session.
The dashed line shows fitted values from the ordered specification without controls in column
(3) of Table 3, using expected peer signals of 0, 1.5, and 3.

To test these differences formally, we regress responsiveness on indicators for the two

network conditions:

∆Cirs = α + δSSparses + δDDenses +X′
irsγ + uirs. (9)

The coefficients δS and δD measure how the sparse and dense networks change respon-

siveness relative to no peer information; δD − δS compares the two networks directly.

Columns (1) and (2) of Table 3 report estimates of equation (9), while columns (3) and

(4) replace the treatment indicators with expected peer signals (0, 1.5, and 3). The treat-

ment factor model is our preferred specification because it allows the two network effects
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to differ freely. The ordered model provides a complementary test of whether respon-

siveness increases systematically with information reach. The main results are robust to

alternative clustering choices (see Appendix Table A3).

Table 3: Information-network density and enforcement responsiveness

Dependent variable: enforcement responsiveness

Treatment factor model Ordered model

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

Sparse network 0.028 0.021
(0.027) (0.018)

Dense network 0.098∗∗∗ 0.081∗∗∗

(0.032) (0.023)
Expected peer signals 0.032∗∗∗ 0.027∗∗∗

(0.011) (0.008)
Constant 0.071∗∗∗ 0.070 0.065∗∗∗ 0.066

(0.015) (0.140) (0.016) (0.140)

Controls No Yes No Yes
Observations 5,112 5,112 5,112 5,112
Sessions (clusters) 26 26 26 26
R-squared 0.010 0.039 0.009 0.039

p-value: dense network = sparse network 0.066 0.025

Notes: Each observation pairs the same participant and round number across the two experimental
blocks. Enforcement responsiveness is compliance in the 25 percent audit environment minus compliance
in the 5 percent audit environment. No peer information is omitted in columns (1) and (2). Controls
include indicators for enforcement order, experimental wave, and matched round, together with age,
gender, education level, Communist Party membership, expenditure category, and time spent with
friends. Expected peer signals equal 0, 1.5, and 3 in the no-peer-information, sparse-network, and
dense-network conditions. The final row reports p-values from tests of equality between the dense- and
sparse-network coefficients. Session-clustered standard errors are in parentheses. ∗p < 0.10, ∗∗p < 0.05,
∗∗∗p < 0.01.

Table 3 confirms the graphical pattern. The sparse network increases responsiveness

by 2.1 percentage points relative to no peer information, but the difference is not statis-

tically significant (p = .260). The dense network increases responsiveness by 8.1 points

relative to no peer information (p = .002) and by 6.0 points relative to the sparse net-

work (p = .025). The ordered model provides a complementary summary: responsiveness

increases by 2.7 percentage points per additional expected peer signal (p = .002). The

treatment-only estimates are similar but less precise. Together, the ordered estimate and

the two dense-network comparisons show that responsiveness increases with information

reach and is strongest in the dense network. These results support Prediction 2.

Result 2 Enforcement responsiveness increases with the reach of peer-audit information.

The dense network produces significantly greater responsiveness than either no peer in-

formation or the sparse network. The sparse-network estimate lies between the two but is

not statistically different from no peer information.
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5.3 Adjustment after an enforcement change

To unpack the responsiveness result, we examine the two directions separately and

test Corollaries 1a and 1b: how networks affect compliance after enforcement increases

from 5 percent to 25 percent and after it decreases from 25 percent to 5 percent. We use

post-change rounds 2–10. Let Hs equal one when enforcement increases to 25 percent

and zero when it decreases to 5 percent. We estimate

Cirs = α + βSSparses + βDDenses + λHs

+ θS(Sparses ×Hs) + θD(Denses ×Hs) +X′
irsγ + εirs,

(10)

where Cirs is compliance for participant i in post-change round r and session s. Table 4

reports the estimated network effects separately for the two directions of change. Fol-

lowing an enforcement decrease, the sparse and dense network effects are βS and βD.

Following an increase, they are βS + θS and βD + θD.

We begin with the total effect of each information network relative to no peer infor-

mation. These contrasts capture the combined behavioral response to being embedded

in a network and to receiving audit outcomes through that network. Figure 4 presents

the estimates, which are reported in column (2) of Table 4.

+2.5

−10.7

+2.3

+5.2

Enforcement decreased
25% to 5%

Enforcement increased
5% to 25%

−20 −15 −10 −5 0 +5 +10

Effect on compliance (percentage points)

Network comparison Dense vs no peer Sparse vs no peer

Figure 4: Total information-network effects following a change in enforcement
Notes: Points compare the sparse and dense networks with no peer information using the
controlled participant-round specification in column (2) of Table 4; horizontal lines are 95%
confidence intervals based on standard errors clustered by session. Negative values indicate
lower compliance, and positive values indicate higher compliance. The sample contains post-
change rounds 2–10.

Consider first the decrease from 25 percent to 5 percent. Corollary 1b predicts that

the total network effect becomes less positive, or more negative, as information reach

expands. Relative to no peer information, compliance is 2.5 points higher in the sparse

network (p = .561) and 10.7 points lower in the dense network (p = .024; about a 25%
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reduction relative to no peer information). This pattern supports Corollary 1b. The

negative dense-network effect is especially notable because network presence initially

raises compliance, implying that the downward response to information is large enough

to dominate any remaining positive presence response.

Following the increase from 5 percent to 25 percent, Corollary 1a predicts positive

total network effects that become larger as information reach expands. Consistent with

this prediction, the estimate rises from a statistically insignificant 2.3 points in the sparse

network to a statistically significant 5.2 points in the dense network (p = .013; approx-

imately a 12% increase relative to the observed no-peer-information compliance rate).

These total contrasts do not, however, isolate learning: relative to no peer information,

they can combine responses to transmitted audit outcomes with any network-presence

response that remains after the signal-free first round.

We next compare the dense network directly with the sparse network. Both condi-

tions make the network visible and transmit peer audit outcomes, but the dense network

supplies more signals. Their signal-free presence effects are also nearly identical and

statistically indistinguishable (Section 5.1). If any lingering presence response is com-

mon across the two networks, the difference between them nets out that component and

isolates the effect of broader information reach. Figure 5 presents this comparison.

−13.2

+2.9

Enforcement decreased
25% to 5%

Enforcement increased
5% to 25%

−20 −15 −10 −5 0 +5 +10

Effect on compliance (percentage points)

Figure 5: Additional effect of dense rather than sparse information reach
Notes: Points compare the dense with the sparse network using the controlled participant-
round specification in column (2) of Table 4; horizontal lines are 95% confidence intervals based
on standard errors clustered by session. Negative values indicate lower compliance, and positive
values indicate higher compliance. The sample contains post-change rounds 2–10.

Following the enforcement decrease, the dense network lowers compliance by 13.2

percentage points relative to the sparse network (p < .001; a 29% reduction relative to

the observed sparse-network compliance rate). The estimate is nearly unchanged without

controls. This 13.2-point difference strongly supports Corollary 1b: broader information

reach produces greater downward adjustment when enforcement weakens. Following the
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increase, compliance is 2.9 points higher in the dense network than in the sparse network

under the controlled specification, but the difference is not statistically significant (p =

.206). Without controls, the difference is 4.7 points (p = .041). The positive sign supports

Corollary 1a, although the attenuation after covariate adjustment makes the evidence that

broader reach amplifies the upward response sensitive to specification.

To examine whether these responses are short-lived or persist, we split the post-

change block into early rounds 2–5 and later rounds 6–10. Appendix Table A4 reports

the network effects for each direction and window from a pooled model that extends

equation (10) with interactions for the early rounds. After the enforcement decrease, the

sparse network remains statistically indistinguishable from no peer information in both

windows (p = .928 and p = .428, respectively). The dense network, by contrast, lowers

compliance relative to the sparse network by 13.6 points in the early rounds (p < .001)

and by 12.8 points in the later rounds (p = .007), reductions of approximately 27% and

31%, respectively, relative to observed sparse-network compliance in those windows. The

two differences are statistically indistinguishable (p = .865). Broader information reach

therefore produces an immediate, economically substantial downward adjustment that

continues beyond the initial response to weaker enforcement. Following the enforcement

increase, the dense network’s total effect relative to no peer information attenuates from

8.4 points in the early rounds (p = .003) to 2.7 points in the later rounds (p = .308),

although the early–later difference is only marginal (p = .100).
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Table 4: Estimated information-network effects by direction of enforcement change

(1) (2)

Panel A: After enforcement decreases (25% to 5%)

Effects relative to no peer information

Sparse network 0.027 0.025
(0.044) (0.042)

Dense network −0.111∗∗ −0.107∗∗

(0.045) (0.045)

Pairwise comparison

Difference: dense − sparse −0.137∗∗∗ −0.132∗∗∗

(0.031) (0.033)

Panel B: After enforcement increases (5% to 25%)

Effects relative to no peer information

Sparse network 0.015 0.023
(0.024) (0.026)

Dense network 0.063∗∗∗ 0.052∗∗

(0.020) (0.020)

Pairwise comparison

Difference: dense − sparse 0.047∗∗ 0.029
(0.022) (0.022)

Controls No Yes
Observations 5,112 5,112
Sessions (clusters) 26 26
R-squared 0.024 0.058

Notes: The sample contains post-change rounds 2–10. Each column reports one
pooled regression based on equation (10). The panels report network effects calcu-
lated separately for each direction of change rather than the underlying regression
coefficients. Effects following an enforcement increase add the relevant network and
interaction coefficients. Within each panel, the first two rows compare the sparse
and dense networks with no peer information. The pairwise comparison reports the
estimated difference between the two network effects. Controls include round and
experimental-wave indicators, age, gender, education, Communist Party membership,
expenditure category, and time spent with friends. Session-clustered standard errors
are in parentheses. ∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01.
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The directional evidence strongly supports Corollary 1b and provides weaker sup-

port for Corollary 1a. Greater enforcement responsiveness reflects adjustment in both

directions rather than a uniform increase in compliance. The strongest evidence comes

after enforcement decreases: the gap between the dense and sparse networks appears

immediately and remains virtually unchanged in the later rounds.

Result 3 Social diffusion does not mechanically increase compliance. Relative to no

peer information, the dense network raises compliance by about 12% after enforcement

strengthens and lowers it by about 25% after it weakens. The sparse-network estimates

provide only partial evidence that this amplification grows with information reach.

5.4 Learning about the audit probability as the mechanism

5.4.1 Information reach, belief learning, and compliance

The directional compliance results point to learning about the audit probability as

the mechanism. This interpretation yields a direct empirical implication: perceived audit

probabilities should move toward the new rate as audit outcomes accumulate, and the

adjustment should be stronger when participants observe more peer outcomes. Figure 6

shows these belief dynamics. We plot the improvement in perceived probability accu-

racy relative to the signal-free first round of the post-change block. After enforcement

falls from 25 percent to 5 percent, beliefs become steadily more accurate in all three

information conditions, but the improvement is consistently largest in the dense network.

After enforcement rises from 5 percent to 25 percent, the gains are smaller and the three

conditions remain closer together. The visual pattern mirrors the directional compli-

ance evidence: the strongest separation by information reach occurs after enforcement

weakens.

Table 5 tests this learning pattern using three features of the elicited distributions: ab-

solute error in the perceived audit probability,6 probability mass assigned to the true rate

interval,7 and belief concentration, measured by normalized entropy.8 As in Section 5.3,

we estimate pooled interaction models and report the effects separately for enforcement

increases and decreases. Here, the effects compare the change from the signal-free first

round to subsequent signal rounds across information conditions.

6Recall that p̂it =
∑10

k=1 πitkmk is the midpoint-weighted mean of participant i’s elicited probability
distribution in round t. We calculate absolute error as |p̂it − pt|, where pt is the true audit probability.
Lower values indicate greater accuracy. The table reports the reduction in this error relative to the first
post-change round, so positive values indicate improved accuracy.

7This is the share of tokens assigned to the interval containing the true audit probability: 0–10%
when the true rate is 5 percent, and 20–30% when it is 25 percent.

8Normalized entropy captures how dispersed the subjective distribution is across audit-rate intervals
and therefore how uncertain the participant is. Following Shannon (1948), normalized entropy is Hit =

−
∑10

k=1 πitk log(πitk)/ log(10). It ranges from zero when all probability mass is placed in one interval to
one when mass is distributed uniformly across all ten intervals. The table reports reductions in entropy,
so positive values indicate more concentrated beliefs.
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Figure 6: Accuracy of perceived audit probabilities after the enforcement switch
Notes: The lines are constructed directly from the elicited belief data. For each participant
and round, the accuracy gain is the absolute error of p̂it in the first post-change round minus
its absolute error in the indicated round. Positive values indicate improved accuracy. Solid and
dashed lines distinguish switch directions; colors distinguish information environments.

Panel A shows the strongest learning gains in the dense network after enforcement

decreases. Relative to no peer information, the dense network reduces absolute error

by 6.4 percentage points, increases mass on the true rate interval by 15.6 points, and

reduces belief entropy by 11.3 points. Each effect is statistically significant at p < .001.

The sparse network significantly increases true rate mass and reduces belief entropy,

although its improvement in absolute accuracy is not statistically significant. The ordered

specification confirms that all three measures improve as the expected number of peer

signals increases (p ≤ .002).

Panel B shows a different pattern after enforcement increases. Both networks shift

probability mass toward the true rate interval and produce more concentrated beliefs,

but neither significantly improves the absolute accuracy of the perceived audit probabil-

ity. Panel C confirms that the dense-network increase in true rate mass and reduction

in belief entropy are significantly larger after the enforcement decrease (p = .048 and

p = .012, respectively), while the cross-direction difference in absolute accuracy is not

statistically significant (p = .109). The evidence therefore supports Prediction 2 in both

directions but reveals a meaningful asymmetry: broader information reach improves dis-

tributional learning after either change, while its effect on the perceived audit probability

is concentrated after enforcement weakens.

One possible explanation for the stronger raw accuracy gain after enforcement de-

creases is that participants have more scope to improve. In the signal-free first post-
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change round, mean absolute error is 34.2 percentage points after the decrease but 14.6

points after the increase. We therefore estimate baseline-adjusted specifications that con-

dition on each participant’s round 1 belief measure. Adjusting for these different starting

points does not eliminate the asymmetry. Relative to no peer information, the dense-

network accuracy gain is 5.2 percentage points after enforcement decreases and 1.7 points

after it increases; the difference is statistically significant (p = .029). The ordered spec-

ification yields the same conclusion (p = .026), and the baseline-adjusted differences in

true rate mass and belief concentration are also statistically significant. We report these

results in Appendix Table A5.
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Table 5: Estimated effects of information networks on learning after an enforcement
change

(1) (2) (3)
Change in perceived-
probability accuracy

Change in
true rate mass

Reduction in
belief entropy

Panel A: Enforcement decreases from 25% to 5%

Estimated effects from the treatment factor model

Sparse network 0.016 0.053∗∗ 0.038∗∗

(0.010) (0.024) (0.015)
Dense network 0.064∗∗∗ 0.156∗∗∗ 0.113∗∗∗

(0.017) (0.030) (0.014)

Estimated effect per expected peer signal

Expected peer signals 0.022∗∗∗ 0.053∗∗∗ 0.038∗∗∗

(0.006) (0.011) (0.005)

Panel B: Enforcement increases from 5% to 25%

Estimated effects from the treatment factor model

Sparse network 0.016 0.058∗∗∗ 0.060∗∗∗

(0.017) (0.011) (0.020)
Dense network 0.019 0.077∗∗∗ 0.051∗∗∗

(0.020) (0.020) (0.018)

Estimated effect per expected peer signal

Expected peer signals 0.007 0.027∗∗∗ 0.019∗∗∗

(0.007) (0.007) (0.006)

Panel C: Tests of equal effects across directions (p-values)

Sparse network 0.991 0.859 0.392
Dense network 0.109 0.048 0.012

Expected peer signals 0.118 0.055 0.020

Controls Yes Yes Yes
Participant fixed effects Yes Yes Yes
Round fixed effects Yes Yes Yes
Observations 5,680 5,680 5,680
Participants 568 568 568
Sessions (clusters) 26 26 26

Notes: Participant-round regressions use the post-change block. For each outcome, the treatment
factor model allows the network effects to differ by the direction of enforcement change; the ordered
model replaces the information-condition indicators with expected peer signals (0, 1.5, and 3). For each
direction, Panels A and B report the sparse and dense network effects relative to no peer information and
the effect per expected peer signal. Panel C reports p-values from tests that the corresponding effects are
equal across directions. Positive values indicate greater perceived probability accuracy, more probability
mass on the true rate interval, and a larger reduction in belief entropy (greater concentration). All
specifications include participant and round fixed effects. Standard errors clustered by session are in
parentheses. ∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01.
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Improved beliefs matter for compliance if they carry forward into reporting decisions.

Table 6 tests Prediction 3 by regressing each declaration on the perceived audit probability

elicited in the preceding round. An increase of 10 percentage points in the preceding

perceived audit probability is associated with 4.3 percentage points higher compliance

in the next declaration (p < .001), equivalent to about 9% of mean compliance in the

estimation sample. Belief entropy has little additional predictive power once the perceived

audit probability is included. The relationship between perceived audit probability and

subsequent compliance is positive in every information condition and does not differ

significantly across them (see Appendix Table A6). Information reach therefore changes

the beliefs entering the compliance decision, while the relationship between a given belief

and subsequent compliance remains similar across conditions.

Table 6: Perceived audit probability and subsequent compliance

Next declaration
(1)

Prior perceived audit probability, per 10 percentage points 0.043∗∗∗

(0.004)
Prior belief entropy, per 10 percentage points 0.005

(0.004)

Controls Yes
Participant fixed effects Yes
Session-round fixed effects Yes
Observations 10,224
Participants 568
Sessions (clusters) 26

Notes: The table pools the three information conditions and regresses each declaration on
the perceived audit probability and belief entropy elicited in the preceding round. Controls
include the participant’s preceding audit outcome, the number of observed peer audits,
and the number of peer signals. Standard errors clustered by session are in parentheses.
∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01.

5.4.2 Why the dense network produces the strongest response

The analysis above establishes that learning improves with information reach, but it

does not explain why the dense network produces the strongest response. Equation (4)

provides two explanations: participants may place greater weight, ωs, on each peer signal

when information reach expands, or the per-signal weight may remain unchanged and the

dense network may produce stronger learning simply because it supplies more peer sig-

nals. We distinguish these explanations by estimating how the round-to-round perceived

audit probability responds to participants’ own audit outcomes and to each observed

peer outcome. Appendix Section B develops the empirical specification and reports the

estimates in Appendix Table A9.
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Participants respond roughly twice as strongly to their own audit outcome as to any

single peer outcome. In the sparse network, the own outcome coefficient is .062 and the

per-peer coefficient is .028, so the response to each peer outcome is 55% smaller. In the

dense network, the corresponding coefficients are .059 and .031, making the response to

each peer outcome 47% smaller.9 The within-network differences between own and peer

responsiveness are statistically significant (p < .001 and p = .001, respectively). The

response to each peer signal is statistically indistinguishable across the sparse and dense

networks (p = .475). The evidence therefore points to the accumulation of additional

signals, rather than a larger response to each signal, as the source of the dense network’s

learning advantage.

The belief distributions and responses to individual signals trace a coherent mecha-

nism from information reach to compliance. After enforcement weakens, broader reach

improves all three belief measures, with the strongest gains in the dense network. After

enforcement strengthens, broader reach shifts probability mass toward the true rate in-

terval and produces more concentrated beliefs, but it does not significantly improve the

accuracy of the perceived audit probability. Higher perceived audit probabilities predict

higher compliance in the next round. The signal-response estimates explain why the

dense network produces the strongest response: participants respond less to each peer

outcome than to their own audit experience, but the dense network supplies more peer

signals.

Result 4 Social information improves belief concentration and the probability mass as-

signed to the true audit rate after enforcement changes in either direction. Gains in the

accuracy of the perceived audit probability are concentrated after enforcement weakens.

The dense network’s advantage comes from receiving more signals, not from greater re-

sponsiveness to each peer outcome, and higher perceived audit probabilities predict greater

subsequent compliance.

The norm elicitation provides an additional check on the mechanism. Perceived appro-

priateness responds to the enforcement environment, but this response does not increase

significantly with information reach; neither network treatment nor the ordered specifi-

cation produces a statistically significant effect. Appendix Table A7 reports the results.

Norms therefore respond to enforcement, but they do not explain the network pattern in

compliance as closely as perceived audit probabilities do.

9This qualitative ranking is consistent with evidence that people often respond less to social informa-
tion than to equally relevant private or self-generated information (Weizsäcker, 2010; De Filippis et al.,
2022; Conlon et al., 2022).

29



6 Policy Counterfactuals

The compliance and belief results distinguish two margins of enforcement commu-

nication. An authority can influence how widely evidence of audit activity circulates

without revealing the audit probability, or it can disclose the probability itself. We use

two counterfactual exercises to examine these margins separately. The first uses the ran-

domized information conditions observed under each enforcement environment to change

information reach while keeping the audit probability hidden. The second holds the no-

peer-information environment as the benchmark and uses the estimated belief–compliance

relationship to predict the effect of exact disclosure. The first exercise therefore remains

anchored in experimentally observed outcomes; the second is explicitly model based.

6.1 State-contingent information reach under opacity

The first exercise asks whether broader circulation of audit experiences should be

encouraged regardless of the enforcement environment. We treat no peer information,

the sparse network, and the dense network as progressively broader levels of information

reach. Each counterfactual policy is a rule that maps the true enforcement environment,

which the authority knows, to one of these experimentally observed conditions. The

main state-contingent rule uses the dense network when enforcement is high and no peer

information when enforcement is low. We compare it with rules that always use the same

information condition and with the reverse rule. The audit probability remains hidden

under every policy.

For comparability, each policy places equal weight on the 5 percent and 25 percent

enforcement environments and averages predictions over the observed participant char-

acteristics. Table 7 displays the information condition used in each enforcement environ-

ment. Its final two columns report predicted compliance and each alternative’s difference

from the state-contingent dense-network benchmark; a negative difference indicates lower

compliance than under the benchmark rule.

Table 7 shows that more information reach is not uniformly compliance enhancing.

The state-contingent dense-network rule has the highest point estimate, with predicted

compliance of 46.2%. It exceeds always providing no peer information by 2.6 percentage

points (p = .013) and always using the dense network by 5.4 points (p = .024). The

reverse rule—no peer information under high enforcement and dense diffusion under low

enforcement—performs worst, with predicted compliance 8.0 points below the benchmark

(p = .004). These comparisons reflect the directional result in Section 5.3: broad diffusion

reinforces deterrence when enforcement is high but erodes it when enforcement is low.

The remaining comparisons favor adapting information reach to the enforcement envi-

ronment but do not establish that maximum density is necessary. Always using the sparse

network produces predicted compliance of 46.0%, statistically indistinguishable from the
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Table 7: Counterfactual information-reach policies under opacity

Policy rule Information condition
Predicted
compliance

Difference from
benchmark

High enforcement Low enforcement

State-contingent dense Dense None 0.462
(0.020)

—

Always sparse Sparse Sparse 0.460
(0.014)

−0.002
(0.025)

State-contingent sparse Sparse None 0.448
(0.020)

−0.015
(0.011)

Always none None None 0.436
(0.019)

−0.026∗∗

(0.010)

Always dense Dense Dense 0.409
(0.013)

−0.054∗∗

(0.022)

Reverse None Dense 0.382
(0.015)

−0.080∗∗∗

(0.025)

Notes: “None” denotes no peer information. Predictions combine estimates for each randomized in-
formation condition and enforcement environment over post-change rounds 2–10, place equal weight on
the high- and low-enforcement environments, and average fitted values over the observed covariate dis-
tribution. The benchmark is the state-contingent dense policy. These are policy contrasts constructed
from experimentally observed information conditions within each enforcement environment, not sepa-
rately randomized interventions. Controls include round and experimental-wave indicators, age, gender,
education, Communist Party membership, expenditure category, and time spent with friends. Session-
clustered standard errors are in parentheses. ∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01.
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state-contingent dense-network rule (p = .925). The analogous state-contingent sparse-

network rule is also not significantly different from it (p = .206). Thus, indiscriminate

broad diffusion can lower compliance, while making genuine audit activity more visible is

most useful when enforcement is strong. Public communication and media coverage offer

practical channels for increasing the visibility of genuine enforcement activity.

6.2 Exact disclosure of the audit probability

The first exercise changes the reach of audit information while preserving opacity

about the true probability. The second asks what would happen if the authority instead

disclosed the exact rate. Because exact disclosure was not an experimental treatment,

we construct a model-based benchmark. We use the belief–compliance model in Table 6,

replace each prior subjective distribution with a point mass at the true rate, set belief

entropy to zero, and hold the other determinants of compliance fixed. Table 8 starts

from the environment without peer information and reports the true rate, the average

belief under hidden enforcement, observed compliance, predicted compliance under exact

disclosure, and the difference between the two.

Table 8: Model-based exact disclosure counterfactual under no peer information

Regime True rate
Average hidden

belief
Observed
compliance

Predicted compliance
under disclosure Disclosure effect

Low audit 0.05 0.248 0.415 0.304 −0.111∗∗∗

(0.017)
High audit 0.25 0.314 0.486 0.431 −0.055∗∗

(0.021)

Notes: The calculation replaces each participant’s elicited prior subjective distribution with a degener-
ate distribution at the true audit probability and predicts compliance using the estimated relationship
between prior perceived audit probabilities and declarations. The disclosure effect is predicted com-
pliance under disclosure minus observed compliance under hidden enforcement. Exact disclosure was
not randomized, so these are model-based counterfactuals. Standard errors for the disclosure effects are
in parentheses. ∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01 in the primary perceived-probability-and-entropy
specification.

Table 8 shows why exact disclosure can weaken deterrence in this setting. When the

true audit probability is 5 percent, the average hidden belief is 24.8%, almost five times

the true rate. Replacing that belief with exact disclosure lowers predicted compliance

from 41.5% to 30.4%, a reduction of 11.1 percentage points (p < .001), or approximately

27% of observed compliance. When the true rate is 25 percent, the average hidden belief

is 31.4%; exact disclosure lowers predicted compliance from 48.6% to 43.1%, a reduction

of 5.5 points (p = .016), or approximately 11%. The low-enforcement result is stable

across alternative prediction models, whereas the high-enforcement estimate is smaller

and more specification sensitive.10

10Across the alternative prediction models, exact disclosure reduces predicted compliance by 7.1–11.1
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This exercise separates belief accuracy from deterrence.11 Exact disclosure corrects

upwardly biased perceptions of audit risk and therefore improves accuracy, but the same

correction reduces predicted compliance.

The two exercises reveal an important distinction between information reach and

precision. The consequences of information diffusion depend on the enforcement envi-

ronment: broader reach can reinforce a high-enforcement regime but undermine a low-

enforcement regime. Revealing the exact rate can also reduce compliance when taxpayers

otherwise overestimate audit risk. These findings provide a deterrence-based explanation

for why tax agencies may publicize enforcement priorities and visible audit activity while

withholding exact taxpayer-specific probabilities and selection thresholds.

7 Discussion and Conclusion

Tax enforcement operates through perceived audit probabilities as well as audits.

When those probabilities are hidden, taxpayers must learn from sparse personal experi-

ence and from the experiences that reach them through social connections. Our experi-

ment makes this process observable by varying the reach of peer audit outcomes, changing

the underlying enforcement environment, and eliciting complete subjective distributions

in every round. This design reveals the learning mechanism behind enforcement spillovers

that is difficult to observe in the field.

We identify two distinct effects of an information network. Before any peer outcome

is transmitted, knowing that one is embedded in a network raises compliance by approx-

imately 11 percentage points, with no corresponding increase as the network becomes

denser. Once audit outcomes begin to circulate, information reach matters. Compliance

responds about twice as strongly to the enforcement environment in the dense network

as it does without peer information. This responsiveness is directional rather than a uni-

form increase in compliance: the dense network reinforces deterrence after enforcement

strengthens and reduces compliance after enforcement weakens. The latter response ap-

pears immediately and persists throughout the post-change block.

The belief evidence explains this behavioral pattern. Social information shifts prob-

ability mass toward the true audit-rate interval and produces more concentrated beliefs

after enforcement changes in either direction; improvements in the accuracy of the per-

ceived audit probability are strongest after enforcement weakens. Higher perceived audit

percentage points in the low-enforcement environment and by 2.4–5.5 points in the high-enforcement
environment (see Appendix Table A8).

11Official audit communication may also affect compliance through salience. In a large field exper-
iment, Bérgolo et al. (2023) find that audit-related letters increased tax payments even though they
lowered perceived audit probabilities, with little sensitivity to the numerical audit probabilities commu-
nicated. Our exercise isolates the predicted consequence of replacing subjective beliefs with the true rate
rather than the broader effect of receiving an official message.
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probabilities, in turn, predict higher compliance in the next round. Participants respond

roughly twice as strongly to their own audit outcome as to any single peer outcome,

but the response to each peer signal does not differ significantly between the sparse and

dense networks. The dense network’s advantage therefore comes from receiving more in-

dividually discounted signals rather than placing greater weight on each one. The norm

elicitation provides a useful boundary: perceived appropriateness responds to enforce-

ment, but its response does not vary with information reach.

Taken as a whole, the evidence favors graded information accumulation over a literal

threshold mechanism. Enforcement responsiveness increases in the ordered specification,

the sparse network improves probability mass on the true rate interval and belief concen-

tration even when its compliance effect is small, and responsiveness to each peer signal

is similar across network densities. These findings indicate that information accumulates

as additional peer outcomes arrive. The behavioral response is nevertheless nonlinear.

Sparse-network compliance estimates often lie between the no-peer and dense-network es-

timates but are statistically indistinguishable from no peer information, whereas the dense

network produces clear behavioral separation. The coexistence of a positive network-

presence response and modest learning can leave the sparse network’s net compliance

effect near zero, making adjustment most visible once several signals accumulate. With

three levels of information reach, we cannot distinguish a steep continuous response from

an exact threshold. We therefore interpret the pattern as graded learning with behavioral

effects concentrated in the dense network.

This mechanism bridges field evidence on enforcement spillovers and laboratory evi-

dence on tax compliance under uncertain audit risk. Field studies show that enforcement

spills over through geography and shared tax preparers, but they cannot directly ob-

serve the information network or the beliefs that generate the spillover. Laboratory

tax-compliance studies can control enforcement, but they usually announce the audit

probability or study ambiguity without varying the reach of social evidence. Our de-

sign reconciles these findings: audit outcomes are noisy signals of a common enforcement

environment, social reach determines how much evidence a taxpayer receives, and the

perceived audit probability guides the next declaration. The relevant network effect is

therefore not generic peer influence but social learning about hidden enforcement.

The policy counterfactuals sharpen this distinction. While keeping the audit probabil-

ity hidden, making genuine audit activity more visible is most valuable when enforcement

is strong; indiscriminate diffusion can instead erode compliance when enforcement is weak.

Exact disclosure operates on a different margin. Because participants substantially over-

estimate audit risk, revealing the true rate improves belief accuracy but is predicted to

reduce compliance, especially in the 5 percent environment. These exercises distinguish

publicizing genuine enforcement activity from revealing its exact probability.

The policy implication therefore depends on the direction of the enforcement change.
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If renewed investment strengthens audit enforcement, communicating the change and

publicizing genuine audit activity can magnify deterrence. If budget cuts weaken en-

forcement, the same social-learning channel can spread evidence of lower audit risk and

accelerate compliance erosion. Communication cannot replace enforcement capacity, but

authorities should anticipate this multiplier and maintain the visibility of credible, tar-

geted audit activity. In either direction, the evidence favors communicating genuine

enforcement activity rather than an exact taxpayer-wide audit probability.

The experiment abstracts from several features of naturally occurring networks. It

has two enforcement states, peer outcomes are accurate signals, and groups are tempo-

rary. Persistent relationships, selective communication, homophily, and misinformation

may alter how enforcement information spreads outside the laboratory. Exact disclo-

sure is a model-based counterfactual rather than a randomized treatment, so it does not

capture how official announcements may affect credibility, salience, or trust, nor their

broader consequences for fairness, accountability, or perceived legitimacy. These bound-

aries motivate field tests of how perceived enforcement changes in persistent networks

and experiments that compare broad communication of enforcement activity with pre-

cise probability disclosure.

The disclosure counterfactual reveals a policy irony. Keeping audit probabilities

opaque can preserve deterrence when taxpayers otherwise overestimate audit risk, but

that same opacity makes social networks consequential. An audit affects not only the

taxpayer who is audited but also the beliefs and declarations of those who learn about

it through their social connections. Whether this network multiplier reinforces or erodes

deterrence depends on the enforcement environment; its magnitude depends on how far

the audit experience travels.
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Möbius, M. M., Niederle, M., Niehaus, P. and Rosenblat, T. S. (2022), ‘Managing self-

confidence: Theory and experimental evidence’, Management Science 68(11), 7793–

7817.
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A Additional Tables and Figures

This section collects the supporting figure and tables referenced in the main text.

Definitions, samples, specifications, and inference are reported in the corresponding notes.

Figure A1: Audit-probability distribution elicitation interface
Notes: The figure provides an English translation of the participant-facing interface adminis-
tered in Chinese. Participants allocated 100 tokens across ten audit-probability intervals. The
filled sliders show an illustrative allocation and do not represent participant data. For each
possible interval containing the true audit probability, the interface displays the corresponding
belief-elicitation payoff in ECU.
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Table A1: Participant characteristics and post-experimental questionnaire responses

No peer information Sparse network Dense network Joint p-value

Panel A: Predetermined characteristics

Age (years) 20.230 (2.448) 19.886 (2.107) 20.287 (2.352) .436
Female 0.638 (0.482) 0.663 (0.474) 0.707 (0.456) .440
Monthly expenditure category (1–6) 3.755 (1.355) 3.739 (1.417) 3.771 (1.465) .977
Expected career sector (1–4) 3.755 (0.752) 3.663 (0.890) 3.824 (0.683) .139
Time with friends per day (hours) 3.954 (3.125) 4.060 (4.137) 3.872 (3.704) .921
Communist Party member 0.204 (0.404) 0.179 (0.385) 0.271 (0.446) .220
Bachelor’s student 0.791 (0.408) 0.891 (0.312) 0.782 (0.414) .053

Panel B: Preference and cognitive measures

Risk willingness (1–7) 4.189 (1.559) 4.087 (1.580) 3.989 (1.414) .358
Prosociality (1–7) 4.786 (1.567) 4.663 (1.671) 4.793 (1.542) .359
Ambiguity aversion (1–5) 3.587 (1.066) 3.489 (1.136) 3.606 (1.163) .466
Cognitive reflection score (0–3) 2.719 (0.580) 2.576 (0.697) 2.676 (0.599) .025
Probability-reasoning score (0–2) 0.801 (0.578) 0.902 (0.628) 0.798 (0.622) .038

Panel C: Post-experimental attitudes

Acceptance of tax evasion (1–7) 3.281 (1.676) 3.174 (1.722) 3.266 (1.713) .812
Perceived tax-system fairness (1–7) 4.383 (1.496) 4.293 (1.551) 4.426 (1.440) .782
Perceived government-service fairness (1–7) 4.852 (1.341) 4.788 (1.388) 4.867 (1.395) .830
Trust in government (1–7) 4.995 (1.524) 4.946 (1.571) 5.122 (1.399) .502

Participants 196 184 188
Sessions 9 8 9

Notes: Entries are participant means with standard deviations in parentheses. Treatment was as-
signed at the session level. Joint p-values are from Wald tests of equality across the three information
environments using session-clustered robust standard errors. All measures were collected in the ques-
tionnaire after the experimental decisions. Panels A and B contain participant characteristics and
preference and cognitive measures. Panel C contains post-experimental attitudes and is not used
as baseline balance evidence. Higher values indicate more of the named construct. Expected career
sector and expenditure are categorical codes, so their means are compact descriptive summaries.
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Table A2: Network-presence effects by experimental block

Compliance Perceived audit probability

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

Initial
block

Post-change
block

Initial
block

Post-change
block

Sparse network 0.096∗∗∗ 0.112∗∗∗ 0.044∗∗∗ 0.012
(0.026) (0.027) (0.011) (0.014)

Dense network 0.074∗∗∗ 0.146∗∗∗ 0.039∗∗∗ 0.016
(0.023) (0.025) (0.009) (0.013)

Constant 0.548∗ 0.821∗∗∗ 0.271∗∗ 0.349∗∗∗

(0.291) (0.279) (0.102) (0.109)

Controls Yes Yes Yes Yes
Observations 568 568 568 568
Sessions (clusters) 26 26 26 26
R-squared 0.041 0.061 0.051 0.032

p-value: dense network = sparse network 0.459 0.314 0.650 0.639

Notes: Participant-round OLS using the signal-free first round of the indicated experimental block.
No peer information is omitted. All columns use the full set of applicable controls from Table 2: the
audit environment and experimental wave, together with age, gender, education level, Communist Party
membership, expenditure category, and time spent with friends. The block indicator is constant within
each column, and enforcement order is collinear with the audit environment. Perceived audit probability,
p̂it, is the midpoint-weighted mean of the elicited subjective distribution. The final row reports p-values
from tests of equality between the dense- and sparse-network coefficients. Session-clustered standard
errors are in parentheses. ∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01.
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Table A3: Robustness of enforcement responsiveness to alternative clustering

Dependent variable: enforcement responsiveness

Treatment factor model Ordered model

Realized
group-round

Participant and
group-round

Realized
group-round

Participant and
group-round

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

Sparse network 0.021 0.021
(0.014) (0.024)

Dense network 0.081∗∗∗ 0.081∗∗∗

(0.015) (0.025)
Expected peer signals 0.027∗∗∗ 0.027∗∗∗

(0.005) (0.008)
Constant 0.070 0.070 0.066 0.066

(0.088) (0.127) (0.088) (0.127)

Controls Yes Yes Yes Yes
Observations 5,112 5,112 5,112 5,112
Group-round clusters
(low/high)

1,278/1,278 1,278/1,278 1,278/1,278 1,278/1,278

Participants (clusters) — 568 — 568
R-squared 0.039 0.039 0.039 0.039

p-value: dense network =
sparse network

< 0.001 0.014

Notes: Each observation pairs the same participant and round number across the initial and post-change
blocks. Enforcement responsiveness is compliance in the 25 percent audit environment minus compliance
in the 5 percent audit environment. Controls include indicators for enforcement order, experimental
wave, and matched round, together with age, gender, education level, Communist Party membership,
expenditure category, and time spent with friends. Each matched observation contains one realized
group-round identifier from each enforcement environment. Columns (1) and (3) cluster standard errors
over both component group-round identifiers; columns (2) and (4) additionally cluster by participant.
Standard errors are in parentheses. ∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01.

43



Table A4: Estimated information-network effects in early and later post-change rounds

Rounds 2–5 Rounds 6–10 p-value: early = later

Panel A: After enforcement decreases to 5%

Effects relative to no peer information

Sparse network 0.003 0.042 0.288
(0.035) (0.052)

Dense network −0.133∗∗∗ −0.087 0.185
(0.040) (0.053)

Pairwise comparison

Difference: dense − sparse −0.136∗∗∗ −0.128∗∗∗ 0.865
(0.034) (0.044)

Panel B: After enforcement increases to 25%

Effects relative to no peer information

Sparse network 0.034 0.014 0.534
(0.035) (0.026)

Dense network 0.084∗∗∗ 0.027 0.100
(0.025) (0.026)

Pairwise comparison

Difference: dense − sparse 0.049 0.013 0.221
(0.032) (0.021)

Controls Yes
Observations 5,112
Sessions (clusters) 26

Notes: The table extends equation (10) by interacting the information conditions and direction
of enforcement change with an indicator for early rounds 2–5. The first two columns report
the estimated network effects for the indicated direction and window. The first two rows in
each panel compare the sparse and dense networks with no peer information. The pairwise
comparison reports the estimated difference between the two network effects. The final column
reports p-values from tests that the early- and later-round effects are equal. Controls include
round and experimental-wave indicators, age, gender, education, Communist Party membership,
expenditure category, and time spent with friends. Session-clustered standard errors are in
parentheses. ∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01.

44



Table A5: Baseline-adjusted learning by direction of enforcement change

(1) (2) (3)
Post-signal perceived-
probability accuracy

Post-signal
true rate mass

Post-signal reduction
in belief entropy

Panel A: Enforcement decreases from 25% to 5%

Treatment factor specification

Sparse network 0.008 0.050∗∗ 0.027∗∗

(0.008) (0.022) (0.012)
Dense network 0.052∗∗∗ 0.157∗∗∗ 0.095∗∗∗

(0.012) (0.024) (0.011)

Ordered specification

Expected peer signals 0.018∗∗∗ 0.053∗∗∗ 0.032∗∗∗

(0.004) (0.008) (0.004)

Panel B: Enforcement increases from 5% to 25%

Treatment factor specification

Sparse network −0.001 0.030∗∗∗ 0.040∗∗∗

(0.006) (0.011) (0.010)
Dense network 0.017∗ 0.069∗∗∗ 0.045∗∗∗

(0.008) (0.017) (0.012)

Ordered specification

Expected peer signals 0.005∗ 0.023∗∗∗ 0.016∗∗∗

(0.003) (0.005) (0.004)

Panel C: Equality across directions of enforcement change (p-values)

Sparse network 0.385 0.411 0.431
Dense network 0.029 0.009 0.006

Expected peer signals 0.026 0.008 0.008

Baseline belief measure Yes Yes Yes
Experimental-wave control Yes Yes Yes
Observations 568 568 568
Sessions (clusters) 26 26 26

Notes: Participant-level ANCOVA estimates. The dependent variables are averages over post-signal
rounds 2–10. Each specification conditions on the corresponding belief measure from the signal-free first
round of the post-change block and controls for experimental wave. Panels A and B report direction-
specific effects from pooled models that allow the treatment effects to differ by the direction of enforce-
ment change. Panel C reports tests of equality between the corresponding effects in Panels A and B.
The treatment factor and ordered estimates in each column come from separate regressions. No peer
information is omitted from the treatment factor specification. The ordered specification replaces the
treatment indicators with expected peer signals (0, 1.5, and 3). Higher values in columns (1)–(3) indi-
cate greater accuracy, more probability mass on the true rate interval, and lower belief entropy (more
concentrated beliefs), respectively. Standard errors clustered by session are in parentheses. ∗p < 0.10,
∗∗p < 0.05, ∗∗∗p < 0.01.
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Table A6: Belief–compliance relationship by information condition

No peer Sparse Dense

Prior perceived audit probability, per 10 percentage points 0.049∗∗∗ 0.042∗∗∗ 0.036∗∗∗

(0.007) (0.005) (0.008)
p-value: equal slopes across conditions 0.506

Prior belief entropy, per 10 percentage points 0.001 0.008 0.005
(0.008) (0.006) (0.005)

p-value: equal slopes across conditions 0.796

Notes: The dependent variable is the next declaration. All estimates come from one pooled model
containing interactions between information condition and the preceding perceived audit probability
and belief entropy. The model includes participant and session-round fixed effects and controls for the
participant’s preceding audit outcome, the number of observed peer audits, and the number of peer
signals. Standard errors are clustered by session. ∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01.

Table A7: Perceived social norms across enforcement environments

Full declaration
appropriateness

No declaration
appropriateness

Full-minus-none
norm gradient

(1) (2) (3)

Panel A: Average change from the 5% to the 25% environment

Average change 0.054∗∗∗ −0.075∗∗∗ 0.129∗∗∗

(0.011) (0.013) (0.021)

Panel B: Differences in the change relative to no peer information

Sparse network 0.056∗ −0.015 0.071
(0.030) (0.023) (0.048)

Dense network 0.011 −0.034 0.045
(0.022) (0.033) (0.044)

p-value: dense = sparse 0.152 0.606 0.662

Panel C: Ordered specification

Expected peer signals 0.004 −0.011 0.015
(0.007) (0.011) (0.015)

Controls Yes
Observations 568
Sessions (clusters) 26
R2, treatment factor specification 0.070 0.054 0.068
R2, ordered specification 0.065 0.054 0.067

Notes: Each observation is one participant’s appropriateness score in the 25 percent audit environment
minus the corresponding score in the 5 percent environment. Following the Krupka–Weber scoring
convention, each appropriateness judgment is coded on an equally spaced index from −1 to 1; the full-
minus-none gradient therefore ranges from −2 to 2. Panel A reports the average fitted change from
the controlled treatment factor model. Panel B reports treatment coefficients, with no peer information
omitted. Panel C replaces the treatment indicators with the expected number of peer signals (0, 1.5,
and 3). Controls include indicators for enforcement order and collection wave and the predetermined
participant characteristics reported in Appendix Table A1. Standard errors clustered by session are in
parentheses. ∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01.
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Table A8: Robustness of the model-based exact disclosure counterfactual

(1) (2)

Low enforcement
(5% audit probability)

High enforcement
(25% audit probability)

Perceived probability and entropy −0.111∗∗∗ −0.055∗∗

(0.017) (0.021)

Perceived probability only −0.089∗∗∗ −0.029∗∗∗

(0.006) (0.002)

Lagged compliance −0.071∗∗∗ −0.037∗

(0.015) (0.019)

Regime-specific slopes −0.095∗∗∗ −0.024
(0.020) (0.024)

Notes: Entries are predicted changes in compliance when the prior perceived audit probability is re-
placed by the true rate and prior entropy is set to zero when included in the specification. The first
row uses the belief–compliance model reported in Table 6. The three alternatives retain its sample of
10,224 participant-round observations, controls, participant fixed effects, session-by-round fixed effects,
and session-clustered inference. They change only the belief specification by omitting entropy, adding
the previous declaration, or allowing the perceived-probability and entropy coefficients to differ across
enforcement environments. Predictions are evaluated for the no-peer-information environment. Standard
errors clustered by session are in parentheses. ∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01.
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B Responsiveness to Own and Peer Audit Outcomes

We estimate an updating regression as a reduced-form empirical counterpart to the

signal weights in equation (4), following the sensitivity-comparison approach of Conlon

et al. (2022).12 This specification distinguishes responsiveness to each audit outcome

from the cumulative effect of observing more outcomes. Own and peer audit outcomes

are presented simultaneously and are generated by the same hidden audit probability.

Let ai,t−1 denote whether participant i was audited in the previous round and let aj,t−1

denote whether observed peer j was audited in that round. For information condition g,

we estimate

∆p̂it = βg
o (ai,t−1 − p̂i,t−1) + βg

s

∑
j∈Nit

(aj,t−1 − p̂i,t−1) + αi + ηst + εit, (11)

where αi denotes participant fixed effects and ηst session-by-round fixed effects. The

first forecast error captures surprise in the participant’s own audit outcome. Because

peer forecast errors enter as a sum, βg
s measures responsiveness to each peer outcome.

The coefficients are reduced-form updating sensitivities expressed in perceived probability

units rather than structural likelihood weights. Table A9 reports the estimates.

Participants respond significantly to both own and peer audit outcomes. In the sparse

network, the per-peer coefficient is .028, approximately 45% of the .062 own outcome

coefficient. In the dense network, the corresponding estimates are .031 and .059, or

approximately 53%. Participants respond significantly more to their own outcome than

to each peer outcome in both network conditions. The per-peer estimates are statistically

indistinguishable across the sparse and dense networks (p = .475), as are the own outcome

estimates (p = .765). Their near equality across the two network conditions supports the

interpretation that greater information reach operates by supplying more signals rather

than changing the influence of each signal.

12Conlon et al. (2022) compare sensitivity to equally relevant information originating from oneself
and from others and complement that comparison with a structural likelihood-weight model. We adapt
their reduced-form comparison to our repeated belief reports. Related work estimates the weights placed
on prior and signal information in log-odds formulations (Grether, 1980; Möbius et al., 2022).
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Table A9: Responsiveness of perceived audit probabilities to own and peer audit outcomes

No peer
information

Sparse
network

Dense
network

(1) (2) (3)

Own audit outcome 0.066∗∗∗ 0.062∗∗∗ 0.059∗∗∗

(0.011) (0.006) (0.006)
Peer audit outcome — 0.028∗∗∗ 0.031∗∗∗

(0.003) (0.004)

Participant fixed effects Yes
Session-by-round fixed effects Yes
Observations 10,224
Participants 568
Sessions 26

Equality tests (p-values)

Dense network = sparse network, own outcome 0.765
Dense network = sparse network, peer outcome 0.475
Own outcome = peer outcome, sparse network < 0.001
Own outcome = peer outcome, dense network 0.001

Notes: The dependent variable is the round-to-round change in the perceived audit probability.
Own-outcome surprise is the participant’s preceding audit outcome minus the preceding per-
ceived audit probability. Peer-outcome surprise is the sum, across observed peers, of the same
forecast error; its coefficient therefore measures responsiveness to each peer outcome. The coef-
ficients shown are linear combinations from a pooled regression allowing own- and peer-outcome
sensitivities to differ across information conditions. Standard errors clustered by session are in
parentheses. Stars test each coefficient against zero. ∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01.
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