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Abstract

Essays on Markets and Institutions

by

Andres Gonzalez Lira

Doctor of Philosophy in Business Administration

University of California, Berkeley

Professor Steve Tadelis, Chair

This dissertation studies how agents and firms interplay with market institutions. In the
first two chapters, co-authored with Rodrigo Carril and Michael Walker, we study the impli-
cations of policies oriented to intensify competition for procurement contracts. Conceptually,
opening contracts up to bids by more participants leads to lower acquisition costs. However,
expanding the set of bidders hinders buyers’ control over the quality of prospective contrac-
tors, potentially exacerbating adverse selection on non-contractible quality dimensions. We
study this trade-off in the context of procurement by the U.S. Department of Defense. Our
empirical strategy leverages regulation that mandates agencies to publicize contract oppor-
tunities whose value is expected to exceed a certain threshold. We find that advertising
contract solicitations increases competition and leads to a different pool of selected vendors
who, on average, offer lower prices. However, it also worsens post-award performance, re-
sulting in more cost overruns and delays. This negative effect on post-award performance is
driven by goods and services that are relatively complex, highlighting the role of contract in-
completeness. To further study the scope of this tension, we develop and estimate a model in
which the buyer chooses the extent of competition, and the invited sellers decide on auction
participation and bidding. We estimate sellers’ cost and ex-post quality distributions, as well
as buyers’ preference parameters over contract outcomes. Simulating equilibrium conditions
under counterfactual settings, we benchmark the current regulation design with complexity-
tailored publicity requirements, and find that adjustments to publicity requirements could
provide savings of 2 percent of spending, or $104 million annually.

One of the main roles of the government involves enacting and enforcing regulation aimed
at curbing the undesired behavior of agents. In the third chapter, co-authored with Mushfiq
Mobarak, we study the consequences of deploying enforcement activities over illegal activ-
ities in local markets in Chile. The paper grapples with a key real-world feature that is
that regulated agents adapt to circumvent enforcement. We present and test a model of
enforcement with learning and adaptation by auditing vendors selling illegal fish in Chile in
a randomized controlled trial and tracking them daily using mystery shoppers. Leveraging
experimental variation on the frequency and predictability of enforcement, we can test the
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model’s predictions and find that conducting audits on a predictable schedule and (counter-
intuitively) at high frequency is less effective, as agents learn to take advantage of loopholes.
A consumer information campaign proves to be almost as cost-effective and curbing illegal
sales and obviates the need for complex monitoring and policing. The Chilean government
subsequently chooses to scale up this campaign.
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Chapter 1

Competition under Incomplete
Contracts and the Design of
Procurement Policies I: Effects of
Publicity

1.1 Introduction

Buyer-seller transactions—concerning everything from standardized goods such as office sup-
plies or fuels, to customized needs such as construction projects or consultancy services—are
often governed by competitively-awarded procurement contracts. The pervasive use of com-
petition to assign contracts stems from the notion that competitive bidding can be a powerful
tool to reduce procurement prices (Bulow and Klemperer, 1996). Yet, expanding competition
for contracts that involve customized obligations and deliverables could allow under-qualified
contractors to win, leading to deficient execution ex-post. Therefore, the assessment of com-
petitive mechanisms in procurement should account both for potential benefits due to price
reductions, as well as for potential adverse effects due to poor execution.

An empirical investigation of this trade-off is complicated, in part due to the need for
comprehensive data on contract execution and a compelling research design. In this paper,
we aim to make progress on both of these fronts to study the equilibrium effects of enhancing
competition for procurement contracts in acquisition price and execution quality. We focus
on U.S. Department of Defense (DOD) procurement, a setting of independent interest given
that it awards $500 billion in procurement contracts per year, representing a sizable fraction
of the U.S. economy. Moreover, this setting provides us with policy variation in the degree of
contract competition, as well as with detailed administrative data throughout the life-cycle
of each DOD contract, from design through to execution.

Our empirical strategy exploits regulation that requires agencies to publicize contract
opportunities that are expected to exceed $25,000 in value through a centralized online
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platform.1 We exploit the discontinuous nature of these requirements to estimate the effect
of enhanced contract publicity on four sets of outcomes: (i) the level of competition for
the award, (ii) characteristics of the buyer-contractor relationship, (iii) procurement costs,
and (iv) post-award contractor performance. By providing evidence on all of these fronts,
we comprehensively characterize the consequences of changing the degree of competition
for procurement contracts through this advertising channel. Furthermore, we exploit rich
heterogeneity in the types of contracts that the DOD awards to assess the role of contract
incompleteness in explaining our results.

We start by analyzing the price effects of contract publicity. We do this by investigating
the observed contract price densities of publicized and non-publicized contracts.2 We then
estimate the effects of publicizing contract opportunities on three sets of non-price outcomes:
the level of competition, the characteristics of the selected vendors, and post-award perfor-
mance. We do this by implementing a Regression Discontinuity Design (RDD) for contracts
with an expected award amount close to $25,000. The discontinuity in publicity require-
ments at this threshold generates a convenient natural experiment for studying the impact
of the policy on these non-price outcomes.

We find that contract awards advertised through the government platform see an increase
in the number of bids of roughly 60%, confirming that the policy translates into a substantial
increase in participation. We show that these marginal participants are competitive, leading
to changes in the characteristics of winning firms: awardees of publicized solicitations are,
on average, 14% less likely to be small businesses, and are located 60% farther from the
buying agency. Furthermore, we find that increased competition leads to contract price
reductions: publicized contracts are, on average, awarded at 6% lower prices. However,
advertised contracts result in worse ex-post performance: the probability of experiencing
cost-overruns and delays in the implementation stage increase by 7% and 8%, respectively.
The latter results are driven by service contracts—as opposed to goods purchases—and by
contracts that we ex-ante characterize as more complex. These results are robust to different
estimation approaches and there is little evidence of buyers bunching at these advertising
thresholds that could lead to bias in the RDD results.

Taken together, our results suggest that promoting competition has mixed effects on
contract outcomes: while it reduces the winning bid, it leads to worse outcomes at the
execution stage. We benchmark price reductions ex-ante with increases in cost-overruns
ex-post, and we find that intensifying competition only reduces overall contract costs for
“simple” product categories, while increasing overall costs for relatively complex contracts.
Overall, we find that suppliers’ identity matters for explaining the variation in contract
outcomes. Promoting competition hinders the buyer’s ability to restrict participation to

1From a policy perspective, the volume of contracts impacted by this regulation make its implications eco-
nomically meaningful. In 2018 alone, the DOD publicized contract solicitations valued at $ 5.56 billion
dollars via the online platform FedBizzOpps.gov.

2Our method is robust to the existence of strategic bunching below the threshold, aimed at avoiding publicizing
certain contracts. In fact, we separately quantify the extent of strategic bunching and the price effects of
publicizing contracts.
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qualified vendors, while attracting the participation of vendors who tend to perform poorly
ex-post.3

This paper contributes contributes to the literature examining transactions under in-
complete contracting (Williamson, 1976; Goldberg, 1977; Hart and Moore, 1988).4 This
literature is mostly theoretical, with only a small number of empirical papers studying the
interplay between competitive mechanisms and contract outcomes (Spulber, 1990; Bajari,
McMillan, and Tadelis, 2009; Decarolis, 2014). Our paper departs from existing work along
two relevant margins: first, existing papers focus on different award mechanisms (e.g., auc-
tions versus negotiations), while our empirical framework keeps the award mechanism fixed
but exploits variation in the set of relevant potential sellers; second, unlike existing literature
that concentrates on studies of specific product categories, our sample includes a wide range
of product categories purchased by the DOD. This allows us to provide a comprehensive
picture of the implications of promoting competition, arriving at different conclusions for
different types of purchases.

We evaluate the effects of publicity on award prices, using an empirical framework that
builds upon existing papers that use density analysis to achieve nonparametric identifica-
tion of behavioral parameters (Saez, 2010; Kleven and Waseem, 2013; Kleven, 2016; Cher-
nozhukov, Fernandez-Val, and Melly, 2013). Our methods contribute to the existing papers
by proposing a novel empirical framework that separately identifies the existence (and extent)
of manipulation in the assignment variable—i.e. bunching—from treatment effects.5

The rest of the paper is organized as follows. Section 1.2 provides background on the U.S.
DOD procurement system and the data we use for our analysis. In Section 1.3, we provide
evidence on the effects of contract publicity on a range of relevant outcomes. Section 1.4
concludes.

1.2 Setting and Data

US Federal Procurement and Publicizing Requirements

Public procurement is a large component of the US economy. In fiscal year 2019, federal con-
tract awards totaled $926 billion. Contracts are awarded at highly decentralized levels, with
more than 3,000 different contracting offices that are part of an executive or independent
agency.6 The workforce in charge of public contracting is made up of over 35,000 contracting

3The main alternative hypothesis is that vendors behave differently ex-post depending on the level of compe-
tition ex-ante. We explicitly test and reject this moral hazard explanation in favor of our adverse selection
hypothesis.

4More recent developments include Laffont and Tirole (1990); Tirole (1999); Chakraborty, Khalil, and Lawar-
ree (2020)

5Our methods extend recent developments by (Jales and Yu, 2017) emphasizing that density distributions
around policy thresholds can be used to identify the effects of policy.

6Executive agencies are headed by a Cabinet secretary, like the Department of Defense, the Department of
State, or the Department of Health and Human Services. Independent agencies, which are not part of the
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officers whose primary role is to plan, carry out, and follow-up on purchases made by their
units. Contracting officers’ scope of action is defined and limited by the Federal Acquisition
Regulation (FAR). The FAR lays out policy goals and guiding principles, as well as a uniform
set of detailed policies and procedures to guide the procurement process. Our analysis lever-
ages a specific section of the FAR—Part 5 (Publicizing Contract Actions)—as a convenient
source of quasi-experimental variation to study the effect of information diffusion.

FAR Part 5 requires publicizing contract opportunities in order to “increase competi-
tion”, “broaden industry participation”, and “assist small businesses (and other minority
businesses) in obtaining contracts”. Since October 1, 2001, contract actions that exceed
$25,000 must be publicized in an online government-wide platform which we will refer to as
FedBizOpps (or FBO).7 This implies uploading a request for quotes with a full description
of the good or service being requested, and the instructions to submit the bids. We will refer
to this synopsis document as a contract solicitation. Most of the contracts in this dollar
range are awarded to the lowest price quote that is technically acceptable according to the
specifications.

Officers with contracts that are not expected to exceed this threshold are not required to
publicize in FedBizOpps; however, they are still free to use it if they want to increase contract
visibility.8 The regulation allows for exemptions to the requirement above the threshold, if
doing so “compromises national security”, if “the nature of the file does not make it cost-
effective or practicable”, or if “it is not in the government’s interest”. Therefore, while
this policy discretely affects the likelihood of publicized contracts around the threshold, we
anticipate that compliance may be far from perfect, given the voluntary nature of the rule
below this value and the availability of exceptions above. Appendix A.3 describes the details
of the policy and the website.

Data

We use two complementary sources of data. The first consists of the historical files from
FedBizOpps, which provides detailed information on pre-award notices (i.e. solicitations)
posted on the platform. The second is the Federal Procurement Data System - Next Gener-
ation (FPDS-NG), which tracks federal contracts from the time of their award and includes
all follow-on actions, such as modifications, terminations, renewals, or exercises of options.

We merge awards from FPDS-NG to notices on FedBizOpps using the solicitation num-
ber. Note, however, that while FPDS-NG contains the universe of federal awards, FedBi-

Cabinet, include the Central Intelligence Agency, the Environmental Protection Agency, and the Federal
Trade Commission.

7Throughout our period of analysis, this online platform—designated as the “government point of entry” by
the FAR—was called Federal Business Opportunitites (FBO) available at: fedbizopps.gov. In late 2019
(after our sample period ends), the government point of entry migrated to beta.sam.gov, featuring minor
changes to the user interface.

8Procurement officers with contracts with (ex-ante) expected values below the threshold are only required to
advertise the solicitation “by displaying [it] in a public place.” This includes, for example, a physical bulletin
board located at the contracting office.

fedbizopps.gov
beta.sam.gov
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zOpps only has the notices posted on the website. From this matching process, we construct
a dummy variable that is equal to 1 if we are able to merge a contract with any pre-award
notice on FedBizOpps, in which case we say the contract was publicized. Appendix Figure
A.1.1 describes the typical timeline of events surrounding the life-cycle of a contract, and
the appropriate data source that records that information.

In addition, we observe detailed information for each contract award, including the dollar
value of the funds obligated, a four-digit code describing the product or service, codes for the
agency, sub-agency, and contracting office making the purchase, the identity of the private
vendor, the type of contract pricing, the extent of competition in the award, characteristics
of the solicitation procedure, the number of offers received, and the applicability of a variety
of laws and statutes. For additional details on the construction of the dataset, see Appendix
A.3.

The analysis sample consists of all competitively awarded and definitive contracts9 with
award values between $ 10,000 and $ 40,000, awarded in fiscal years 2015 through 2019
by the Department of Defense (DOD), for products and services other than Research and
Development (R&D).10 Table 1.1 presents summary statistics of the sample. In total, there
are roughly 86,000 contracts awarded by 597 contracting offices to almost 30,000 firms.
Contract durations are expected to be 54 days on average and are awarded on a fixed-price
basis. A noteworthy feature of this setting is that competition is limited; an average contract
receives 3.5 offers, with one out of four contracts receiving a single offer.11 The Department
of the Navy and the Army each account for more than 40% of the contracts, with the rest
being mostly awarded by the Air Force. Winning vendors are often geographically close to
the contracting offices, with both located in the same state in 2 out of every 3 contracts.
Finally, 75% of suppliers are characterized as small businesses.

We also observe rich information about the type of good and service that is contracted
upon. Each award is classified into one of 1,479 possible standardized 4-digit alphanumeric
codes. These can be aggregated into 101 broader 2-digit product categories, 77 goods and
24 services. Table 1.2 shows the top 10 most common 2-digit good and service categories.
The most common product categories are ADP Equipment Software, Medical Equipment
and Supplies and Maintenance and Repair Equipment.

9Federal contracts can be broadly categorized into two types: definitive contracts (DCs) and indefinite delivery
vehicles (IDVs). DCs are stand-alone, one-time agreements with a single vendor for the purchase of goods or
services under specified terms and conditions. See Carril (2019) for more details. We simplify the analysis by
focusing exclusively on DCs, which are well-defined requirements involving a bilateral relationship between
a single government unit and a private firm.

10The Department of Defense represents 58% of overall federal spending and more than 60% in the restricted
sample. We exclude R&D awards because are subject to a unique set of acquisition rules, see FAR Part 35.

11More than half of the awards are set aside for a particular type of firm (typically, small business). Set-asides
are a major factor of acquisition strategy in the DOD; contracting offices are required to meet specific set-
aside goals. Even though they affect contract competition, we abstract away from that feature as we do not
condition nor restrict our sample based on that margin.
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1.3 The Effect of Competition on Contract Outcomes

We study the effects of publicly soliciting procurement awards on contract outcomes. As
described in Section 1.2, federal regulation introduces a publicity requirement at $25,000. In
this section, we propose an empirical framework to exploit this discontinuity using different
approaches. Section 1.3 describes the key identification challenges in our context. In Section
1.3, we propose an empirical method to estimate the effects of publicly soliciting contracts
on award prices, based on the observed distribution of awards. In Section 1.3, we study
the impact of publicity on other contract outcomes using a Regression Discontinuity Design
(RDD). These results will serve as the basis for the development of our model in Section 2.2.
For ease of exposition, in the main text we present a simplified version of our framework.
Appendix A.4 presents all formal results and a more complete description, including all
implementation details.

Preliminaries

For each contract in our data, we observe realized award prices (p), along with agencies’
decisions to publicly solicit a contract in FedBizzOpps.gov prior to its award (decision that
we denote as D ∈ {0,1}). Since soliciting decisions are not made at random, we leverage the
variation introduced by the regulation, which discontinuously affects the likelihood of public
solicitation at an arbitrary threshold (p̄ = 25,000), in terms of the contract’s expected award
price (p̃).

We face two fundamental empirical challenges. First, we do not observe ex-ante estimated
prices p̃, but only ex-post realized prices p. Second, since contracting officers know the policy
threshold, this may generate incentives to modify the purchase in a way that makes the ex-
ante estimate fall below p̄. This behavior would result in bunching on the distribution of
ex-ante prices, generating an excess amount of contracts estimated to be at or slightly below
p̃ = p̄.

We can see these aspects more explicitly by writing down the observed award price in
terms of potential outcomes. Let pB(p̃) be the price observed when the buyer chooses to
bunch, conditional on an ex-ante estimate of p̃. Similarly, denote as pD(p̃) the potential price
that we would have observed for a contract, conditional on an ex-ante estimate of p̃ and a
publicity decision of D ∈ {0,1}. We can write the ex-post realized award prices as:

p = p0(p̃) +D ⋅ [p1(p̃) − p0(p̃)] +B ⋅ (1 −D) ⋅ [pB(p̃) − p0(p̃)] (1.1)

In what follows, we propose a method to nonparametrically recover information about the
distribution of p̃, as well as the distribution of the price effects of publicity [p1(p̃) − p0(p̃)],
from the distribution of observed awards p and publicizing decisions D. Intuitively, the
method hinges on the comparison between the observed empirical distributions of award
prices and estimated counterfactual distributions that are stripped of the confounding influ-
ence of bunching and competitive price effects. We proceed in three steps. First, we lay out
the assumptions we rely on. Second, conditional on these assumptions, we characterize the
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distribution of densities around the regulatory threshold. Finally, we propose an estimation
strategy that recovers the counterfactual objects of interest.

Density Analysis: Recovering Expected Awards and Estimating
Price Effects

Baseline Assumptions

Consider a series of observed contract awards t ∈ {1, .., T}. For convenience, we normalize
award prices as log-deviations from the policy threshold. That is, pnormt = log(pt) − log(p̄t).
Unless there is ambiguity, below we simply drop the norm superscript, so whenever we refer
to an award price variable (either ex-ante or ex-post) these are measured in logs and centered
around zero, which corresponds to the policy threshold. In our baseline approach, we rely
on the following assumptions:

A1 Ex-ante estimated prices are independently drawn from a smooth distribution, p̃t
iid∼

Fp̃(⋅) with density fp̃(⋅).

A2 Ex-ante estimated prices are equal to the price that the buyer would obtain without
publicizing and absent any bunching, i.e., p0

t (p̃t) = p̃t.12

A3 Relative to soliciting privately, publicizing solicitations leads to a (log-)linear random
price effect. In particular, p1

t (p̃t) = p0
t (p̃t) − γt, with γt ∼ Fγ(⋅), and γt ⊥ p̃t.

A4 The probability that a contract is publicly solicited is a continuous function of its
ex-ante estimated price, except at the threshold, where this probability jumps discon-
tinuously. That is, Pr(Dt = 1∣p̃t) ≡ π̃D(p̃t) = π̃∗D(p̃t) + δ ⋅ 1[p̃t > 0], for a continuous
function π̃∗D(⋅) and δ > 0.

A5 Bunched contracts come from some region immediately above the threshold. That is,
there exist pH > p̄ such that bunching is never chosen for p̃ > pH .

The first assumption is standard, requiring the latent density of ex-ante prices to be
smooth. Importantly, we impose no additional parametric restrictions on fp̃(⋅). Our second
assumption is substantially stronger, requiring that buyers perfectly anticipate the price
that they would obtain from a non-publicized solicitation. We adopt this for simplicity in
our baseline approach. In the general exposition of Appendix A.4 we allow non-publicized
contract awards to be anticipated with error, and show in Appendices A.4 and A.4 how to
account for this in our key estimates.

Assumption A3 imposes a (log-) linear price effect, i.e., constant proportional expected
price effect in dollar terms.13 Importantly, this is true in expectation: we do allow different
contracts with the exact same estimate to lead to potentially very different realized awards,

12In other words, p̃t represents a perfectly accurate estimate of the price of soliciting without online posting.
13In dollar terms, the assumption is that log p − log p̄ = log p̃ − log p̄ − γ, so that p = p̃ ⋅ exp(−γ).
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because γ is a random variable. Since, in practice, our method is implemented on a rela-
tively narrow window of award values (roughly within $15,000 of the threshold in the main
specifications), we view this assumption as not overly restrictive.

The fourth assumption requires continuity of the (unobserved) probability of treatment
given ex-ante price estimates, except at the threshold where the policy generates a discrete
positive jump. Our later results in Section 1.3, where we find a strong first stage jump in an
otherwise continuous Pr(Dt = 1∣pt) function, are consistent with this assumption. Finally,
A5 states that bunching responses are somewhat local to the threshold from above. This
region may not be small, but it is important that there exists a sufficiently large value of
awards such that we do not see any bunching responses above this level. The assumption
that these types of responses are confined to a window around the threshold is standard in
the bunching literature and realistic in our setting.

Characterizing Award Densities

First, consider a baseline scenario in which there’s no possibility to bunch, and there are no
price effects of publicity. That is, suppose that γt = 0 and that Bt = 0 for all contracts. Our
assumptions imply that both p0

t and p1
t will be exactly equal to the price estimate p̃t. This will

lead to distributions of publicized and non-publicized awards, such as the ones depicted in
Figure 1.1. On the one hand, the total observed density of contract prices equals the density
of ex-ante prices f(p̃), which is smooth. On the other hand, the regulation introduces a jump
in the fraction of publicized solicitations at the threshold. Because there are no price-effects
of publicity, the jump in the density of advertised contracts is compensated one-to-one with
a drop in the density of non-publicized contracts.

Now suppose that we allow buyers to bunch: buyers can modify the purchase character-
istics to reduce the estimated price and circumvent the regulation. This will translate into
a non-publicized award of pBt = p̄. Figure 1.2 (a) and (b) respectively show the effects of
bunching on the densities of non-publicized and publicized contracts. Bunching generates an
excess mass of non-publicized awards right below the threshold, as shown in the left panel.
We do not impose assumptions on what would have been the treatment status of these con-
tracts had bunching been forbidden. Therefore, the excess mass below the threshold in the
non-publicized density has to be equal to the sum of the missing masses to the right of the
threshold in the non-publicized and publicized graphs. Finally, note that, because of A5,
there is a point to the right of the threshold where bunching responses no longer occur, as
seen by the fact that the solid and dashed lines converge in Figure 1.2.

We consider next the role of price effects on top of bunching responses. Figure 1.2 (c) and
(d) respectively show these effects for the density of non-publicized and publicized awards.
Because price effects only affect advertised contracts, the mass in panel (c) is unaffected by
γt. On the contrary, the full distribution of publicized awards is “shifted” by price effects. We
can break this down into two margins. First, the distribution is shifted to the left based on the
size of E[γ], since publicized awards are now, in expectation, equal to E[p1

t ∣p̃t] = p̃t −E[γt].



CHAPTER 1. EFFECTS OF PUBLICITY 9

Second, the sharp discontinuity is “smoothed-out”, because of the variance in the individual
price effects γt.

Our estimation method relies on “reverse-engineering” these effects to recover key latent
magnitudes from observed awards. We can separately identify price effects from bunching
responses, even though they both generate excess mass below the threshold in the award
density. Intuitively, the key insight of our method is that the excess mass generated by
bunching is manifested only in the distribution of non-publicized contracts, whereas price
effects influence only the distribution of publicized contracts. Our identification argument,
therefore, critically relies on our ability to observe separately the densities of “treated”
(Dt = 1) and “control” units (Dt = 0).

Estimation Method and Main Results

Based on these ideas, and building upon bunching methods originally developed to measure
behavioral responses to taxes (see Kleven, 2016), we explain our approach to nonparametri-
cally recover price effects and ex-ante award prices from the observed distribution of contract
awards. The discussion is brief and relies heavily on the intuition from the graphical analysis
in Section 1.3. For most formal details, we refer to the discussion in Appendix A.4.

The estimation procedure consists of three steps. First, we estimate the average price
effects of publicity, E [γt]. We then obtain estimates of the distributions of unobserved ex-
ante prices for both publicized (fp̃(p̃t∣Dt = 1)) and non-publicized (fp̃(p̃t∣Dt = 0)) contracts.
Finally, we impose an additional assumption that allows us to recover the full distribution
of price effects (Fγ(γt)) nonparametrically.
Binning and Notation. We first discretize the range of normalized award values
into a set of equally-sized and right-inclusive bins around the threshold b ∈ {−R, (−R +
1), ...,−1,0,1, ..., (R − 1),R}. Note that bin b = 0 includes awards right at, or slightly below,
the policy threshold. Let {ndb}Rb=−R be the frequency distribution of observed contract prices
conditional on treatment (publicity) status Dt = d, for d ∈ {0,1}, so that ndb denotes the
number of contracts with treatment status d and observed award value in bin b. Likewise,
let {ñdb}Rb=−R represent the (unobserved) frequency distribution of latent ex-ante prices.
Step 1: Average price effects. Our method builds upon the fact that, relative to ex-ante
prices, the mean and the variance of linear price effects impact the distribution of publicized
contracts in distinctive ways. Intuitively, if E[γt] = γ̄ = 0, then the difference between
expected and observed prices would only stem from the stochastic nature of γt, and would
manifest itself only close to the threshold.

In particular, a mean-zero γt implies that a publicized contract with ex-ante price right
at the discontinuity has an equal probability of being observed above or below the thresh-
old. Thus, relative to the counterfactual distribution, the excess of contract mass below
the threshold —due to contracts that “fall” from above— equates to the missing mass of
contracts missing above the threshold. Conversely, if the average price effect E[γt] = γ̄ was
greater (smaller) than zero, most contracts with an ex-ante price exactly at the discontinuity
would be shifted to the left (right), generating an excess of mass below the threshold that
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would (not) exceed the missing mass above. This intuition is shown in Appendix Figure
A.1.2. The key conclusion is that the integration constraint equating missing and excess
mass is only met when there is a mean price effect of zero.

The estimation of γ̂ builds on this logic. We iterate over possible guesses of ̂̄γ, shift-
ing the distribution of publicized contracts accordingly, until we find a value such that the
integration constraint is satisfied. The excess and missing masses are measured relative to
an estimated counterfactual distribution { ̂̃

bn}, which is obtained using a standard bunch-
ing estimation procedure: i.e., we interpolate from outside an excluded window around the
threshold, using a polynomial fit. Figure 1.3 shows the implementation of our method. In
panel (a) we show the empirical distribution of non-publicized contracts {n0

b}. In panel (b)
we present the empirical distribution of publicized contracts {n1

b}, as well as a shifted distri-
bution of publicized contracts {n1,s

b (̂̄γ)}, for ̂̄γ = 0.0595 (standard error of 0.0201, computed
via bootstrap), which is our main estimate of price effects. Finally, Panel (c) shows the
distribution {n0

b + n
1,s
b (̂̄γ)}, as well as the polynomial fit of the bunching estimation, which

corresponds to { ̂̃
bn}. We therefore estimate that, on average, publicizing a contract leads to

a reduction in award price of 0.06 log-points, equivalent to $ 1,456 at the discontinuity.
Step 2: Distributions of ex-ante prices. Having obtained an estimate of mean price
effects ̂̄γ, as well as a counterfactual distribution of latent ex-ante awards { ̂̃

bn}, we now
recover separate counterfactual distributions of ex-ante prices for both publicized and non-
publicized contracts. These distributions should be continuous everywhere, except at the
threshold, since the policy generates a discontinuous jump in advertised contracts mirrored
by a discontinuous dip in non-publicized contracts. We estimate the magnitude of this jump
(which we denote ∆) using the same logic as before: first undo the jump by shifting (this
time, vertically) the right part of the distributions of {n0

b}Rb=−R and {n1,s
b ( ̂̄bγ)}Rb=−R, and then

eliminate the effect from bunching responses and the variance in price effects by interpolating
values within a window around the threshold. The procedure searches for the magnitude
that maximizes the fit of the interpolations.14 The logic is that, if the vertical shift is too low
or too high, the polynomial interpolation will fit poorly just outside of the excluded window.

Figure 1.4 shows the results. Our procedure estimates the counterfactual distribution of
both publicized and non-publicized contracts, stripped down from price effects and strategic
bunching responses. From the distribution of non-publicized awards (Panel (a)), we can
directly compute the excess bunching below the threshold, explained by agencies’ desire to
avoid the publicity mandate. We estimate that the excess mass right below the discontinuity
equals 12% of the value of the density at the threshold. This magnitude will be crucial to
account for the effects of this manipulation on our RDD estimates in Section 1.3. However,
we can already infer that, since the extent of bunching is arguably modest, its impact on
our estimates will be limited as well.

Finally, in Panel (b), we recover the sharply discontinuous distribution of publicized
awards that would be observed if γt = 0 for all t. Our ability to observe distributions with

14In particular, we minimize the average between the sum of squared residuals for the treated (publicized) and
control (non-publicized) distributions.
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and without price effects is the key to recover the full CDF of price effects, as described in
our last step.
Step 3. Full distribution of price effects. With one additional assumption, we can
nonparametrically recover the full CDF of price effects Fγ, given our estimates of latent
ex-ante price distributions and our observation of realized price distributions. In Appendix
A.4, we show that:

Fγ′(x) ≈
n1,s
bx

(γ̄) − ñ1
bx

∆
, for x ∈ bx, bx ≤ 0 (1.2)

where Fγ′(x) is the CDF of γt − γ̄, so that it is re-centered around zero.
This equation tells us that we can recover part of the CDF of price effects from the

difference between the (appropriately shifted) observed distribution of prices for publicized
contracts and the latent distribution of ex-ante prices for this same group, scaled by the size
of the discontinuity at the threshold. Intuitively, at a given value x below the threshold, the
observed excess mass generated by the variance in individual price effects, is proportional to
the probability that a contract with ex-ante price above the threshold is “moved down” to x
by the price effect. The presence of a discontinuity ∆ is key for this identification argument,
which along with variation in x allows us to estimate Fγ(x) for x ≤ 0. This gives us the lower
half of the CDF. Imposing symmetry of Fγ(x) around its mean, we can recover the full CDF
Fγ.

A6 The CDF of price effects Fγ(⋅) is symmetric, i.e. Fγ(−x) = −Fγ(x).

Figure 1.5 depicts our nonparametric estimate of Fγ, along with a local polynomial
smoothing. By construction, Fγ(x) is symmetric and centered around our estimate of mean
price effects ̂̄γ = 0.06. We see that publicity reduces award prices for 83% of the contracts.

Regression Discontinuity Design: Estimating Effects on Non-price
Outcomes

In this section, we leverage the discontinuous nature of the publicity requirements to gauge
the effects of publicity on a set of other relevant outcomes, including the level of competition,
characteristics of the winning bidder, and post-award contractor performance. We use the
estimates of price effects and bunching to adjust the RDD estimates accounting for these
factors.

Empirical Framework

Consider specifications of the following form:

Yt = α + β ⋅Dt + g(p̃i) +X ′
tδ + εt , (1.3)

the coefficient of interest is β, the effect of publicizing a solicitation on contract outcome Yt.
In the standard Regression Discontinuity Design (RDD), we obtain an estimate of β̂IV by
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instrumenting Dt with the discontinuity in publicity requirements. The first-stage of this IV
procedure is of the form:

Dt = λ + γ ⋅ 1[p̃t > p̄] + g(p̃t) +X ′
tη + νt , (1.4)

for some smooth function g(⋅). A key advantage of this approach is that it is possible to
provide compelling evidence on the existence of an effect by graphically showing the reduced
form of this model, i.e.:

Yt = µ + φ ⋅ 1[p̃t > p̄] + g(p̃t) +X ′
tκ + ξt . (1.5)

Again, our key challenge is that we observe pt, but not p̃t directly, and that the mapping
between these variables is affected by price effects and possible bunching responses. However,
with the procedure discussed above we can recover significant information about the latent
distribution of p̃t, which allows us to successfully exploit the discontinuity for estimating
causal effects.

Consider first a naive RDD, described by versions of Equation 1.3, Equation 1.4, and
Equation 1.5, where we simply replace ex-ante prices p̃t by realized observed prices pt. The
estimates obtained from this naive RDD will be identical to the true RDD if there are neither
price effects (γt = 0 for all t) nor bunching responses. The larger these effects are, the more
the estimates from the naive RDD will differ from the true parameters. Given this, we
take the naive RDD as our baseline and sequentially implement corrections to account for
price effects and bunching responses, to transparently show how these elements affect the
estimation.

In Appendix Section A.4, we describe in detail the first of such corrections, namely a
method to recover the causal parameters of interest in the presence of price effects γt. The
key result is that, under our modelling assumptions, we can write the conditional expectation
of contract outcomes given observed prices E [Yt∣pt] as an explicit linear function of the
causal parameters that we seek to recover, plus objects that we can directly observe or
estimate. This function depends on observed prices pt, observed treatment probabilities πD,
and moments of the distributions of price effects Fγ (which we obtained from the density
analysis). We then use this result to estimate the causal parameters using OLS.15

On the other hand, we can account for the effect of bunching responses by following the
results from Gerard, Rokkanen, and Rothe (2020). These authors derive sharp bounds on
treatment effects for the RDD in the presence of bunching. The simple argument is that,
if one can estimate the extent of “manipulation in the running variable”, which in our case
corresponds to the excess mass below the threshold among untreated units (non-publicized
contracts), then one can derive bounds on treatment effects by assuming that these units are
the ones with either the highest or the lowest values of the outcome variable Yt. Intuitively,
these are computed under the “worst” and “best” case scenarios in terms of how selection

15We also show in Appendix Section A.4 that this logic can be easily extended to accommodate measurement
error in ex-ante prices, so that p̃ is only an unbiased but not necessarily perfect forecast of p0(p̃). That is,
we show that it is possible to recover causal parameters even if we drop assumption A2.
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can influence RDD estimates. In Appendix Section A.4, we explain in detail how to derive
these bounds in our setting, and how to calculate them using our estimate of excess bunching
obtained in our density analysis.

Effects on Non-Price Outcomes

Naive RDD Results: We start with the naive RDD results, and then sequentially apply
corrections to account for the specific issues present in our setting. We estimate specifications
Equation 1.3, Equation 1.4, and Equation 1.5, assuming that p̃t = pt. In our baseline speci-
fications, we use a simple linear fit for g(⋅) and no controls Xt, but also present results from
the robust local polynomial approach proposed by Calonico, Cattaneo, and Titiunik (2014).
We present these naive RDD results visually, by plotting binned scatters of Equation 1.4 and
Equation 1.5. In the next section we explicitly assess how these baseline estimates change
as we consider the impact of price effects and (or) bunching responses.16

The results for the first stage Equation 1.4 are presented graphically in Figure 1.6. We
see that the use of FedBizOpps jumps sharply past the $25,000 threshold of award amounts.
The share of contracts that are publicly solicited in the government platform increases from
roughly 30% at or slightly below $25,000, to 50% right above this threshold.

The reduced form specifications (Equation 1.5) are estimated on three sets of outcomes:
the intensity of competition, winning vendor characteristics (including its relationship with
the awarding office), and post-award performance. Most of the existing literature has studied
these variables independently.17 By studying them jointly, we can generate a comprehensive
understanding of the mechanisms and implications of policies oriented to enhance competi-
tion.

Figure 1.7 shows how posting solicitations on FedBizOpps impacts the number of offers
that a contract receives around the threshold. Contracts right above $25,000 (which are more
likely to be publicly solicited), receive roughly 0.4 more bids. The magnitude of the increase
in the number of offers is considerable given that the policy only changes the likelihood of a
publicized solicitation by around 20 p.p.

These results indicate that encouraging the public posting of solicitations leads to the
stated goal of increasing competition by attracting additional bids. However, it does not
necessarily imply that these new offers affect the equilibrium allocation of the contract, since
new marginal bidders may not be competitive. Figure 1.8 shows that this is not the case. In
Panel (a), we see that publicized contracts are awarded to vendors that are relatively larger,

16Figure A.1.4 presents RDD plots for baseline variables. We find that baseline contract design characteristics
are balanced around the threshold, with the exception of goods vs. services. There are more services right
above the threshold. The difference is noisy and against possible selection patterns. All of our baseline
estimates are robust to the inclusion of a service dummy as control.

17See, for example, Athey (2001); Li and Zheng (2009) (competition), Macleod and Malcomson (1989); Bajari
et al. (2009); Malcomson (2012) (relations), and Bajari, Houghton, and Tadelis (2014); Decarolis, Giuffrida,
Iossa, Mollisi, and Spagnolo (2020); Ryan (2020) (ex-post renegotiation and performance).
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as measured by a reduction of the probability of awarding the contract to a small firm.18 This
“penalty” for small businesses is interesting because it goes against the stated goals of the
publicity regulation (FAR Part 5). Panel (b) and Panel (c) show that publicized contracts
are more likely to be awarded to foreign firms or firms that are located geographically more
distant from the contracting office location. These results suggest that marginal entrants
attracted by the public solicitation do win awards with a positive probability.

To measure the impact on post-award contract performance, we use two measures that
are commonly used in the literature: cost overruns and delays (e.g. Decarolis, 2014; Kang
and Miller, 2017; Decarolis et al., 2020; Carril, 2019). Because the data contain the total
sum of payments and completion date expected at the time of the award for each contract,
we can construct measures of cost overruns and delays by comparing these expectations to
the realized payments and duration. These measures have been used by recent studies as
performance proxies.19

Figure 1.9 presents the results. We find that the share of contracts with overruns and
the share of contracts with delays increase by 2 p.p. and 1.5 p.p., respectively. These
differences are statistically and economically considering the magnitude of the first stage.
These results show that the execution of publicized contracts tends to result in poorer per-
formance outcomes, including ex-post costs. Figure A.1.5 in the Appendix shows effects on
additional performance-related variables; the number of post-award contract modifications,
cost-overrun dollars as a share of the original award; and days of delay relative to expected
schedule. These results align with the findings presented in Figure 1.9: publicized contracts
experience more problems during the execution stage.

Adjusted RDD Results: In this section, we present a series of refinements to our naive
RDD results. First, we explore robustness to our baseline linear specification with the
estimator proposed by Calonico, Cattaneo, and Titiunik (2014), which uses robust local
polynomial fits. Second, building upon the results of our density analysis in Section 1.3,
we adjust the baseline RDD estimates to account for the observed running variable (award
price) being subject to both treatment effects (price effects of publicity) and potential manip-
ulation (bunching). The price effect correction is related to existing methods that account
for measurement error in the RDD framework (Pei and Shen, 2017). The key advantage
of our setting is that we express the conditional expectation of contract outcomes given
observed prices E [Yt∣pt], as an explicit function of magnitudes that we estimated in the
density analysis, plus the causal parameters that we seek to recover. On the other hand, we
follow Gerard, Rokkanen, and Rothe (2020)’s approach to account for the potential effect of
bunching responses. They show that given an estimate of the extent of bunching —which

18The Small Business Administration (SBA) defines size standards by NAICS Industry. These standards
depend on the number of employees and/or annual revenue. As a reference, the revenue standard for
building cleaning services (NAICS code 561720 ), a common category in the sample, is $ 19.5 million per
year.

19The FPDS data records whether the modifications are in or out of contract scope. Our analysis does not
restrict a specific type of renegotiation, although out-of-scope modifications are extremely uncommon in our
sample.



CHAPTER 1. EFFECTS OF PUBLICITY 15

we obtained in Section 1.3—, we can bound the estimated treatment effects under “worst”
and “best” case scenarios of how selection influences the RDD estimates. The width of these
bounds shrinks as the extent of bunching decreases, converging to the point estimates in a
case with no manipulation.

Table 1.4 presents reduced-form estimates for each relevant outcome variable. The first
column shows the coefficient of our naive linear RDD using ordinary least squares (OLS).
These results replicate the RDD plots discussed earlier. Column (2) presents Calonico et al.
(2014)’s local polynomial estimates with robust bias-corrected standard errors. Overall,
non-linear estimates are similar in magnitude and significance to simple OLS estimates. The
third column present estimates that account for price effects in the treatment group (i.e.
publicized contracts), following the method explained in Appendix A.4. The correction for
price effects is relatively modest, and in most cases tends to amplify the naive results. This is
consistent with the fact that the price effects smooth-out the discontinuity for the treatment
group. Thus, under naive estimation, some publicized contracts are observed below the
threshold when their original (ex-ante) price was above it.

The next two columns present partial identification estimates that account for bunching
responses. Column (4) shows lower and upper bounds without accounting for price effects,
while the fifth column shows bounds that do adjust for price effects. Notably, since the
magnitude of bunching is modest in our context, the bounds presented are relatively narrow,
which tells us that bunching does not pose a serious threat to the interpretation of our
results. Interestingly, the lower bounds in Column (5) tend to be very close to our baseline
estimates. This implies that the downward bias introduced by price effects on the naive
estimates of Column (1) is of similar magnitude than the worst-case upward bias introduced
by bunching responses.

Taken together, these results imply that the strong visual evidence presented in Figures
1.6 through 1.9 is robust to fully accounting for the potentially confounding influence of price
effects and strategic bunching by the buyer.

The Role of Contract Complexity

Our analysis includes a wide variety of transactions, from standardized goods to customized
services. A procurement contract aims to regulate the nature of the expected transaction.
Nevertheless, specifying possible contingencies is easier if the purchase involves a commodity-
type product rather than an ad-hoc service. Thus, the more difficult it is to specify the need
in a contract, the more variable will be the post-award performance. This explains why some
product categories rarely experience performance issues ex-post, while others experience im-
plementation issues in most of the contracts. Similarly, the effects of expanding competition
on award prices are also likely to vary depending on the good or service’s underlying com-
plexity. For example, if bidders of relatively complex products are more heterogeneous in
production costs, additional offers would lower contract prices more than when contractors
are homogeneous. Thus, there are reasons to believe that the degree of contract complexity
affects both prices ex-ante and prices-post.
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To assess these mechanisms more directly, we leverage the rich heterogeneity of our
data, which features 1,918 distinct product categories, and we proxy the degree of contract
complexity based on the baseline level of post-award performance, which we define as the
average cost-overrun experienced by all contracts below $20,000 for the same product cate-
gory.20 Table 1.5 describes the top and bottom product categories based on average delays
and cost-overruns. Contracts for services experience substantially more issues in the im-
plementation stage than goods. Using the measure of mean cost-overruns, we divide the
contracts categories in our sample into quartiles of complexity, and re-estimate both price
effects and RDDs on performance, separately for each of the four groups. We also consider
the more simple heterogeneity of effects between goods and services.

Table 1.3 shows estimates for the mean and standard deviation of price effects γt, sep-
arately for the full sample (column 1), goods versus services (columns 2 and 3), and each
of the four quartiles of complexity (columns 4 through 7). Similarly, Figure 1.10 shows the
CDFs of price effects for each of these groups. Although estimates become noisier as we
divide the sample, we see suggestive evidence that large price effects are more concentrated
among the most complex contracts. Our point estimates indicate that, on average, publicity
reduces the prices of goods by 5% and of services by 7.8%. This effect corresponds to 4%
for the least complex quartile, versus 9.6% for the top quartile of complexity.

The results are qualitatively similar for the impact of publicity on post-award perfor-
mance. Figure 1.11 shows that the increase in overruns and delays that we reported in
Figure 1.9 is driven by goods and services in the top quartile of complexity. We are un-
able to reject the null for the lower three quartiles. Overall, we see the effects in overruns
outweighs the price reductions ex-ante for complex contracts. However, when the unit is
“simple” the price reductions, although modest, exceed increases in cost-overruns ex-post.21

Evidence of Adverse Selection

Our results show that increasing the pool of bidders through publicity generates changes
to contract prices and the subsequent contract execution. Overall, there are two classes of
explanations through which we can rationalize the connection between publicity and contract
outcomes.22 The first explanation is that contractors modify their behavior depending on

20There are multiple ways of characterizing product complexity. We tried different approaches, e.g., using
performance’s standard deviation, indexing multiple variables, counting the number of words in the solicita-
tion’s description, etc. These classifications lead to roughly the same rank of products categories, and thus
varying the definition does not threaten the general results. We use the mean of cost-overruns because it is
transparent and easy to interpret. We get around the issue of classifying based on an outcome by focusing
on contracts below $20,000.

21Figure A.1.13 in the Appendix shows RD plots for cost-overruns separating for goods and services. Note
that cost-overruns increase for both types of contracts. However, both the baseline level and the magnitude
of the jump are substantially larger for services.

22Publicizing contracts in FBO.gov impacts neither the contract’s design nor the mechanism of selection.
Appearing in FBO.gov solely affects the diffusion of information.
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the publicity status of the contract (i.e. moral hazard).23 The second explanation is that
publicity allows the participation of suppliers that are “different,” an that their performance
capacity is unrelated to the identity of the buyer or contract’s advertising (i.e. adverse
selection).

We combine features of our setting with empirical methods used to detect asymmetric
information (e.g., Chiappori and Salanie, 2002), in order to elucidate these mechanisms. In
particular, we leverage that buyers often require the same product categories repeatedly over
time; indeed, we observe multiple contracts for the same buyer-product combination, with
variation in the size of the award and other dimensions. Moreover, from the supplier’s side,
we observe most contractors executing more than one contract, for one or more different
buyers. This variation allows us to test how much of the observed variation is due to
contractor’s “types,” relative to variation “within” contractor. To do this, we re-estimate
the RDD analysis on post-award performance including contractor fixed-effects. The fixed
effects demean contractors’ performance, allowing us to test how much variation remains. In
Appendix Table A.2.1, we show that the changes in performance disappear once we include
contractor fixed effects. This implies that most of the variation on contract performance
introduced by publicity is explained by variation across contractors, as opposed to “within”
contractors.

Classifying Contractors’ “Types”

Publicity increases the set of potential bidders, but seems to attract contractors who have
limited capacity to execute contracts (as evidenced by there lower performance ex-post).
We can extend our analysis by classifying contractors depending on their usual source of
information about contract solicitations. Based on the patterns of contractor’s participation,
we identify two separate groups of firms: contractors who win awards without relying on
publicity —which we refer to as locals—, and contractors that only win when contract
solicitations are publicized —which we label non-locals. The logic is that, if a contractor
wins without publicity, this indicates that the buyer informed her directly (e.g. through
email or a phone call). The existence of direct communication reveals a buyer’s preference
for these contractors. Conversely, if a contractor requires a FedBizzOpps announcement
to participate (and win), this suggests that there is no specific preference from that buyer
for that contractor. This distinction came up frequently in conversations with procurement
officers from several organizations.

To classify contractors empirically, we restrict the analysis to buyer-product combina-
tions that are observed at least 4 times between 2013 and 2019, and which had at least one
—but not all— contracts publicized.24 Table 2.1 compares buyer-contractor distance and

23This could be rationalized if suppliers behaved differently depending on the buyer. For example, if a vendor
receives contract information directly from the buyer, she could decide to absorb potential overruns to make
sure she gets direct information again in the future.

24We noted that the Federal Procurement Data System (FPDS) sometimes missclassifies local buyers, assigning
the same code to different branches that depend on a single (higher-level) office. This contrasts with the
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performance for contracts performed by local and non-locals. The third column shows the
mean difference of performance between these two groups. As a reference, if the informa-
tion source is irrelevant, locals and non-locals would have similar outcomes. However, we
observe that contracts executed by non-local contractors experience 16 percentage points
(200%) more cost-overruns and 14.5 percentage points (110%) more delays than locals. This
distinction will feature prominently in the empirical model of Section 2.2.

Discussion

This section provided evidence that promoting vendor participation through publicity in-
creases contract competition, as the average number of offers received rises substantially.
The added competition translates into reductions in contract prices. Leveraging detailed
information about contracts’ implementation, we also found that publicized contracts result
in more cost-overruns and delays. Taken together, our results show that promoting contract
competition involves a trade-off: it reduces contract award prices at the risk of awarding
under-qualified contractors that are unable to execute contracts at the desired quality. Thus,
the desirability of competition depends on which of these effects dominate. Furthermore,
we find that this trade-off is heterogeneous, with both price effects and performance effects
depending on the degree of contract complexity.

While this policy analysis is informative on the effects of promoting competition on con-
tract outcomes, several questions about the underlying market structure that shape bidders’
adverse selection remain unanswered. In particular, our reduced-form analysis does not al-
low us to evaluate equilibrium conditions under alternative policy designs that account for
contract complexity and buyers’ preferences. To make progress on these fronts, we now
present an estimate an equilibrium model of competition promotion, firms’ participation,
and bidding decisions.

1.4 Conclusion

This paper studies the relationship between competition and procurement contract outcomes.
Even though procurement contracts represent a key component of the economy, there is
minimal evidence of the implications of policies oriented to expand competition, considering
not only the award price but also the quality of the contract execution. We provide extensive
evidence of the effects of enhancing competition through publicity, using the U.S. Department
of Defense contracting market as a setting.

Our identification strategy leverages a regulation that generates quasi-experimental vari-
ation in the extent to which contract opportunities are broadly advertised to potential suppli-

nature of most procurement officers’ job, who typically contract within a particular area, leveraging their
local market knowledge. We address this misclassification by defining a buyer based on the office code and
the Metropolitan Statistical Area (MSA) of the purchase. As before, the definition of a product category is
given by the 4-digit PSC code.
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ers. We find that contract publicity increases contract competition. The added competitive
pressure results in lower acquisition prices; however, broader dissemination leads to a differ-
ent pool of vendors, who perform worse ex-post. We further explore the implications of the
key trade-off between price reductions ex-ante and worsen contract execution ex-post. Our
analysis shows that the degree of contract complexity determines the scope of this trade-
off. Promoting competition reduces contract costs only for simple transactions, as relatively
complex ones are exposed to cost overruns and delays in the execution stage. This evidence
highlights the role of contract incompleteness in the procurement setting. Moreover, the
fact that contracts are incomplete introduces potential adverse effects to policies promoting
competition. In chapter 2 we develop and estimate and model to study the primitive deter-
minants of the estimated effects and how to design optimal competition policies accounting
for incomplete contracts.
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Figures

Figure 1.1: Award distributions in the absence of bunching and price effects
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Notes: This figure shows an example of distributions of non-publicized and publicized awards, as well as the

distribution of all awards (i.e. the sum of the two). The distribution of all awards is continuous by Assumption

A1. The distributions of publicized and non-publicized contracts are discontinuous at the policy threshold p̄.

The jump in the number of publicized contracts is equal to the drop in the number of non-publicized ones.
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Figure 1.2: Impact of Bunching and Price Effects on Award Distributions

(a) Bunching for D = 0
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(b) Bunching for D = 1
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(c) Bunching + Price Effects for D = 0
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(d) Bunching + Price Effects for D = 1
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Notes: This figure shows conceptually how the distributions of non-publicized and publicized awards are im-

pacted by the existence of both strategic bunching responses and price effects due to increased competition.

Panels (a) and (b) show, respectively for non-publicized and publicized contracts, the distributions of ex-ante

award prices (p̃, in dashed black lines), as well as realized award prices (p, in solid orange and green lines) when

we allow for strategic bunching responses. Panels (c) and (d) plot the additional effect of having price effects

associated with publicity (in solid red lines).
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Figure 1.3: Estimating mean price effects and ex-ante prices

(a) Non-publicized contracts (D = 0)
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(b) Publicized contracts (D = 1)
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(c) All contracts

0
25

0
50

0
75

0
10

00

N
um

be
r o

f c
on

tra
ct

s

15 20 25 30 35
Award amount ($K)

(Smoothed) Data
Recentered price effect
Ex-ante prices

Notes: This figure shows the empirical distribution of the number of contracts at different price bins. Panel

(a) shows the distribution of non-publicized contracts (D = 0). Panel (b) shows the distribution of publicized

contracts (D = 1). Panel (c) displays the overall distribution, i.e., the sum of publicized and non-publicized

contracts at every price. The blue line corresponds to a polynomial fit of degree five. The orange dashed lines

in panels (b) and (c) represent the distribution of contract prices after re-centering publicized contracts by

their price effect. The green dashed line in panel (c) represents the corresponding overall interpolation in the

absence of price effects and bunching.
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Figure 1.4: Estimating ex-ante prices

(a) Non-publicized contracts (D = 0)
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(b) Publicized contracts (D = 1)
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Notes: This figure shows the empirical distribution of the number of contracts at different price bins. Panel

(a) shows the distribution of non-publicized contracts (D = 0). Panel (b) displays the distribution of publicized

contracts (D = 1). The blue line corresponds to a polynomial fit of degree five. The orange dashed lines

in panels (b) and (c) represent the counterfactual distributions in the absence of price effects and bunching.

The counterfactual distributions stem from the proposed framework. In panel (a), The comparison between

the solid blue and the dashed orange lines provide a visual interpretation of the mass of bunched contracts.

The comparison between the dashed blue and the dashed orange lines in panel (b) inform visually about the

distribution of price effects.
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Figure 1.5: Distribution of Price Effect
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Notes: This figure presents the estimated CDF of the price effect parameters γ. The gray dots show actual point

estimates given a discretization of the support of γ. The blue line corresponds to a kernel fit. This estimation

procedure builds upon comparing the empirical densities to a counterfactual distribution of publicized contracts

assuming no price effect. The counterfactual distribution is generated from the interpolation of a polynomial

of degree 5. The dashed vertical line corresponds to the estimated mean effect.
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Figure 1.6: Publicizing requirement and use of FedBizOpps
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Notes: This figure shows the fraction of contracts posted on FedBizOpps by bins of award amounts, as well as

linear and quadratic fits at each side of $25,000. The data sources are FBO.gov and the Federal Procurement

Data System-Next Generation. The sample consists of competitive, non-R&D, definitive contracts and purchase

orders, with award values between $ 10,000 and $ 40,000, awarded by the Department of Defense in fiscal years

2015 through 2019. Award amounts are discretized into right-inclusive bins of $3,000 dollars length.
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Figure 1.7: Publicity and intensity of competition
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Notes: This figure presents four binned scatter plots, which depict the average number of offers received by bins

of award amounts, as well as linear and quadratic fits at each side of $25,000. The data comes from FBO.gov

and the Federal Procurement Data System-Next Generation. The sample consists of competitive, non-R&D,

definitive contracts and purchase orders, with award values between $ 10,000 and $ 40,000, awarded by the

Department of Defense in fiscal years 2015 through 2019. Award amounts are discretized into right-inclusive

bins of $2,500 dollars length.
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Figure 1.8: Publicity and the characteristics of the winning firm

(a) Contractor is a small business
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(b) Foreign firm
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(c) Distance to the office
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Notes: This figure presents four binned scatter plots, which depict an average outcome by bins of award

amounts, as well as linear and quadratic fits at each side of $25,000. The outcome in each Panel is as follows:

(a) indicator equal to one if the awarded contractor is a small business (based on SBA); (b) an indicator equal

to one if the contract is awarded to a foreign vendor; (c) the natural logarithm of the distance (in miles) from

the contracting office’s location and the vendor location. The data source is the Federal Procurement Data

System-Next Generation. The sample consists of non-R&D, definitive, and competitively awarded contracts

and purchase orders, with award values between $ 10,000 and $ 40,000, awarded by the Department of Defense

in fiscal years 2015 through 2019. Award amounts are discretized into right-inclusive bins of $3,000 dollars

length.
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Figure 1.9: Publicity and post-award contract performance

(a) Share of contracts experiencing cost-overruns
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(b) Share of delayed contracts
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Notes: This figure presents four binned scatter plots, which depict an average outcome by bins of award

amounts, as well as linear and quadratic fits at each side of $25,000. The outcome in each Panel is as follows:

(a) the share of contracts that the actual obligated contract dollars exceed expected total obligations at the time

of the award (i.e., cost-overruns); (b) the share of contracts whose actual days of contract duration exceed the

expected days of duration at the time of the award (i.e., delays). The data source is the Federal Procurement

Data System-Next Generation. The sample consists of non-R&D, definitive, and competitive contracts and

purchase orders, with award values between $ 10,000 and $ 40,000, awarded by the Department of Defense in

fiscal years 2015 through 2019. Award amounts are discretized into right-inclusive bins of $3,000 dollars length.
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Figure 1.10: CDF Price Effect by Sub-group
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Notes: The panel (a) shows the CDF of price effects separating contracts of goods and services. The panel
(b) describes the CDF of price effects by quartile of complexity. This procedure builds upon comparing
the empirical densities to a zero-effect counterfactual distribution of publicized distribution under zero
effect. The counterfactual distribution is generated from the interpolation of a polynomial of degree 5.
The dashed vertical line marks the mean level.
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Figure 1.11: Performance effects by sub-group
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(b) Reduced-Form Effects on Delays by Com-
plexity Quartile
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Notes: This figure shows four regression coefficients and their 95% confidence intervals. Each coefficient is a

estimate of a RD reduced-form Equation 1.5 per sub-group estimated using (interacted) OLS. The dependent

variable of Panel (a) and (b) are indicators for any positive cost-overruns and delays, respectively. The subgroups

are determined by the four quartiles of a proxy of contract complexity. The contract complexity proxy is

constructed at the product category level and is defined as the average cost overruns for contracts with awards

below $20,000 in that category. The data source is the Federal Procurement Data System-Next Generation.

The sample consists of non-R&D definitive contracts and purchase orders, with award values between $ 10,000

and $ 40,000, awarded by the Department of Defense in fiscal years 2015 through 2019.
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Figures

Table 1.1: Summary statistics

Mean
Contract Characteristics
Award Amount 20,807
Expected Duration (days) 54.10
Fixed-Price Contract 0.999
Set Aside Award 0.571
Simplified Procedure 0.971

Competition
Number of Offers 3.542
One Offer 0.239

Contracting Office Characteristics
Navy 0.378
Army 0.441
Air Force 0.150
Other 0.031

Awarded Firm Characteristics
Foreign 0.099
Within-State Firm 0.690
Small Business 0.752
Womam Owned Business 0.188

Sample
No. of Contracts 85,661
No. of Contracting Offices 597
No. of Firms 29,641

Notes: This table presents summary statistics. The data source is the Federal Procurement Data System-

Next Generation. The sample consists of non-R&D definitive contracts and purchase orders, with award

values between $ 10,000 and $ 40,000, awarded by the Department of Defense in fiscal years 2015 through

2019. An observation is a contract, defined by aggregating all contract actions (initial award, modification,

termination, etc.) associated with the same contract ID.



CHAPTER 1. EFFECTS OF PUBLICITY 32

Table 1.2: Top product and service categories

Goods Services
Rank Name N Contracts/year Name N Contracts/year
1 ADP Equipment and Software 3,005 Maintenance/Repair of Equipment 2,430
2 Medical Equipment and Supplies 2,998 Support Services (Professional) 1,187
3 Laboratory Equipment 1,643 Utilities And Housekeeping 1,096
4 Electrical Equipment Compontents 1,593 Transport, Travel, Relocation 854
5 Communication/Coherent Radiation 1,202 ADP and Telecommunications 806
6 Furniture 810 Lease/Rent Equipment 753
7 Power Distribution Equipment 697 Maintenance of Real Property 688
8 Ship And Marine Equipment 574 Education And Training 560
9 Hardware And Abrasives 530 Construct Of Structures/Facilities 335
10 Construction And Building Material 459 Social Services 286

Notes: This table presents average annual counts of contracts in the most common product categories.

The data source is the Federal Procurement Data System-Next Generation. The sample consists of non-

R&D definitive contracts and purchase orders, with award values between $ 10,000 and $ 40,000, awarded

by the Department of Defense in fiscal years 2015 through 2019. An observation is a contract, defined by

aggregating all contract actions (initial award, modification, termination, etc.) associated with the same

contract ID. A 4-digit alphanumeric code (PSC) is observed for each contract. The categories listed are

constructed by aggregating PSC codes to two-digits for goods, and to a single digit (letter) for services.

Table 1.3: Estimated Price Effect

Estimate / Sample
All Goods Services

Complexity
Q1 Q2 Q3 Q4

(1) (2) (3) (4) (5) (6) (7)

Mean (µγ) 0.0595 0.0498 0.0782 0.0397 0.0505 0.0510 0.0962
(0.0201) (0.0622) (0.0596) (0.0475) (0.1692) (0.1908) (0.0920)

Standard 0.0643 0.0670 0.0534 0.0669 0.0739 0.0680 0.0369
Deviation (σγ) (0.0075) (0.0084) (0.0202) (0.0140) (0.0760) (0.0295) (0.0280)

Notes: This table shows the estimates corresponding to the effect of publicity on contract prices. The

estimates result from analyzing the observed contract price density distribution relative to a counterfac-

tual distribution. The observed densities are generated using bins of width $250. The counterfactual

distribution stems from a polynomial interpolation of degree 5. The standard deviation is calculated

over the non-parametric distribution of γ. The standard errors are calculated through bootstrap. The

subgroup analysis is performed independently for each group.
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Table 1.4: Reduced-form RDD Estimates and Corrections

Dependent Variable
OLS CCT

Price Effect Manipulation Price Effect +
Adjustment Bounds Manip. Bounds

(1) (2) (3) (4) (5)

Number of offers 0.3569 0.5447
0.3526 [ 0.2762 , 0.5344 ] [ 0.3073 , 0.4506 ]

(0.0677) (0.1053)

One offer -0.0191 -0.0235
-0.0204 [ -0.0272 , 0.0052 ] [ -0.0248 , -0.0070 ]

(0.0064) (0.0108)

Log distance firm-office 0.1392 0.1199
0.1909 [ 0.0290 , 0.2688 ] [ 0.1304 , 0.2619 ]

(0.0481) (0.0817)

Foreign firm 0.0357 0.0508
0.0375 [ 0.0328 , 0.0520 ] [ 0.0358 , 0.0465 ]

(0.0045) (0.0078)

New firm 0.0175 0.0185
0.0247 [ 0.0023 , 0.0350 ] [ 0.0164 , 0.0344 ]

(0.0075) (0.0126)

Small business -0.0277 -0.0295
-0.0265 [ -0.0523 , -0.0195 ] [ -0.0399 , -0.0220 ]

(0.0065) (0.0110)

Any cost-overrun 0.0135 0.0246
0.0144 [ 0.0103 , 0.0263 ] [ 0.0127 , 0.0216 ]

(0.0045) (0.0077)

Cost-overruns (relative dollars) 0.0095 0.0161
0.0127 [ 0.0053 , 0.0179 ] [ 0.0104 , 0.0174 ]

(0.0058) (0.0100)

Any delay 0.0130 0.0151
0.0143 [ 0.0094 , 0.0270 ] [ 0.0123 , 0.0222 ]

(0.0047) (0.0080)

Delays (days) 2.3262 4.0361
2.7491 [ 1.2278 , 5.3554 ] [ 2.1492 , 4.4660 ]

(2.0388) (3.4935)

Number of modifications 0.0375 0.0619
0.0395 [ 0.0204 , 0.0926 ] [ 0.0300 , 0.0701 ]

(0.0173) (0.0300)

Notes: This table shows Regression Discontinuity Design (RDD) estimates of the reduced-form relation-

ship between a series of outcome variables and an indicator of whether a contract award price exceeds

$25,000. Coefficients in column (1) use a linear fit above and below the discontinuity. Coefficients in col-

umn (2) correspond to the robust local polynomial method proposed by Calonico, Cattaneo, and Titiunik

(2014). Column (3) applies a correction to the estimates in column (1), accounting for the existence of

price-effects, following the method proposed in Appendix A.4. Column (4) shows bounds on the reduced-

form coefficient in column (1), accounting for the possibility of “running variable manipulation” (i.e.

bunching), following the method proposed in Appendix A.4. Column (5) shows bounds on the adjusted

reduced-form coefficient in column (4), accounting for both the existence of price-effects and the possi-

bility of “running variable manipulation” (i.e. bunching). Standard errors for the coefficients in columns

(1) and (2) are shown in parentheses.
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Table 1.5: Expected Ex-Post Adaptations by Product Category

Goods Services
Average Average Average Average

Rank Name Cost-Overrun Delay Name Cost-Overrun Delay
Low

1 Fuels, Lubricants, Oils, Waxes -0.003 0.009 Transport, Travel, Relocation 0.016 0.029
2 Musical Inst/Phonograph/Home Radio -0.001 0.016 Construct Of Structures/Facilities 0.026 0.131
3 Valves -0.000 0.016 Installation Of Equipment 0.027 0.090

High
1 Chemicals And Chemical Products 0.037 0.062 Operation Of Govt Owned Facility 0.758 0.703
2 Ammunition And Explosives 0.034 0.110 Utilities And Housekeeping 0.343 0.320
3 Office Mach/Text Process/Visib Rec 0.030 0.045 Medical Services 0.270 0.269

Notes: This table presents the top and bottom 3 product categories in terms of average cost-overruns and

average delays. The data source is the Federal Procurement Data System-Next Generation. The sample

consists of non-R&D definitive contracts and purchase orders, with award values between $ 5,000 and $
20,000, awarded by the Department of Defense in fiscal years 2015 through 2019. We define the fraction

of cost-overrun as the final price, including all modifications, minus the award price divided by the award

price. The average delay is the final contract duration minus the original contract duration divided by

the original duration. These statistics are constructed based on all contracts for the same contract ID. A

4-digit alphanumeric code (PSC) is observed for each contract. The categories listed are constructed by

aggregating PSC codes to two-digits for goods and to a single digit (letter) for services.
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Chapter 2

Competition under Incomplete
Contracts and the Design of
Procurement Policies II: Structural
Estimates

2.1 Introduction

In the chapter 1 we study the effects of increasing competition through publicity. We find
that increasing publicity introduces a trade-off, on one hand it reduces the price at which the
contract is awarded, however on the other increases the chances of experiencing cost-overruns
and delays. We document that product categories that are more complex are the ones that
are more adversely affected by the increase in competition.

This evidence leaves several important research questions that we cannot answer with
this reduced-form evidence; in particular, on the buyer side, what are the drivers of the
buyer’s decision when deciding to restrict competition? How would the buyer behave if
the regulation provides more discretion? What would be the optimal design accounting for
adverse selection in this setting? To answer these questions, we develop and estimate an
equilibrium model of competition for procurement contracts with two general objectives.
First, we estimate the underlying firm characteristics, which shape adverse selection in this
market. Second, the estimated parameters allow us to study the role of buyer preferences in
the promotion of competition, as well as the consequences of counterfactual policies aimed
at reducing public spending.

Our model consists of four stages that cover the different phases of a procurement project.
First, a buyer decides on the degree of competition by choosing whether to openly publicize
the contract, or to invite only specific contractors. Second, firms that receive information
about the contract simultaneously decide whether to prepare a bid. They do this by com-
paring the expected utility of participating with the idiosyncratic cost of preparing the bid.
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Firms participate if the cost of preparing the bid is sufficiently low. Third, each bidder
submits a bid that depends on the realization of a production cost estimate, consisting
of a private component and a common component, which accounts for unobserved hetero-
geneity (Krasnokutskaya, 2011).1 The award mechanism is a first-price, sealed-bid auction.
Fourth, the awarded contractor executes the contract. The quality of execution depends
on the existence and magnitude of cost-overruns, which stem from an idiosyncratic shock
realized ex-post. The model incorporates the potential asymmetry between bidders who are
informed directly by the buyer and those who participate only when the contract is openly
publicized. Moreover, the model does not impose restrictions on the buyer’s preferences over
outcomes, and allows for idiosyncratic preferences for certain vendors that are uncorrelated
with contract outcomes.

We estimate our model using data on auction participation, contract prices, and observed
cost-overruns. Our estimates highlight an asymmetry between the sellers whom the buyer
would invite directly in the absence of publicity and those who bid only when the solicitation
is openly publicized. The added bidders have slightly lower production costs, and their
participation costs are substantially lower; they are more likely to participate, ceteris paribus.
They are also considerably more prone to experience cost-overruns in the execution stage.
Buyers show a preference for lower prices, lower cost-overruns, and incumbent suppliers. We
then use our model to estimate the effects of promoting competition through publicity under
the current regulation, as well as under alternative policy scenarios. Overall, our findings are
consistent with the estimated reduced-form effects. Increasing competition has heterogeneous
effects, leading to cost reductions when the transaction unit is relatively simple. However,
competition backfires when the contract involves a complex product category, as increases
in cost-overruns exceed price reductions.

Our results show that imposing regulation to promote bidder participation involves a risk
of allowing under-qualified firms to bid. An alternative policy design is to rely on buyers (i.e.
each local agency) to decide on whether to publicize each contract. As emphasized by the
vast literature on the allocation of authority within organizations (Aghion and Tirole, 1997),
delegating this decision to the buyer involves a trade-off. On the one hand, more discretion
allows the buyer to tailor decisions, mitigating the potential risks of intensifying competition.
On the other hand, the buyer could use this added discretion opportunistically, restricting
competition to favor specific contractors. We use our model to simulate equilibrium outcomes
under a deregulated setting in which the buyer decides whether to publicize each contract.
We find that delegating this decision to the buyer is welfare-enhancing when the transaction
unit is complex: on average, the buyer achieves better outcomes than in regulated settings
with either zero or full publicity. However, when the transaction unit is relatively simple,
imposing full-publicity rules is convenient as the risks at the execution stage are minor.

We next use our model to identify improvements to the current policy design, which de-
part from uniform publicity requirements. Policies that regulate competition in most public

1Controlling for unobserved heterogeneity is important since, in the procurement setting, bidders likely have
more information about the auctioned contracts than does an econometrician.
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procurement settings—including the one we study—are strikingly simple: they do not differ
depending on whether the transaction involves a commodity or a highly customized service.
This mismatch between unsophisticated policies and a highly diverse set of transactions sug-
gests meaningful room for improvement in policy design. We study the effects of introducing
publicity requirements that are tailored to the complexity of the purchase, thus leveraging
the benefits of intense competition for simple products, while limiting its adverse effects on
complex products. We find that the cost-minimizing level of publicity for commodity-type
products is 100%, whereas more complex product categories should require low use of pub-
licity. We find that this reduces average defense procurement costs by 2 percent, or $104
million annually.

This paper contributes to the growing literature that evaluates policies aimed at promot-
ing (or restricting) bidders’ participation in procurement settings. This literature emphasizes
that expanding the pool of potential bidders may not necessarily translate into lower con-
tract prices if bidders’ participation is endogenous, as their equilibrium bidding behavior
can become less aggressive (Athey, Levin, and Seira, 2011; Athey, Coey, and Levin, 2013;
Li and Zheng, 2009, 2012; Krasnokutskaya and Seim, 2011; Marmer, Shneyerov, and Xu,
2013; Bhattacharya, Roberts, and Sweeting, 2014; Sweeting and Bhattacharya, 2015).2 We
leverage variation in the number of potential bidders that stems from exogenous changes in
publicity requirements. We model entry and bidding decisions and find that incumbents are
less likely to participate when they anticipate fiercer competition. However, in our setting,
the effect of competition from new entrants dominates that of less aggressive bidding by
incumbents, reducing the winning bid as a result. The source of variation in the number of
potential bidders is closely related to Coviello and Mariniello (2014), who study a similar
policy in Italy.

This paper contributes to the growing literature that examines a buyer’s role as an agent
affecting market outcomes. In particular, this literature considers the fact that buyers’ ac-
tions can be motivated by objectives other than simple contract price reductions (Bandiera,
Prat, and Valletti, 2009; Liebman and Mahoney, 2017; Coviello and Gagliarducci, 2017; Best,
Hjort, and Szakonyi, 2017; Decarolis et al., 2020; Carril, 2019; Szucs, 2020). In particular,
this paper relates to Kang and Miller (2017), who study buyers’ competition promotion for
IT contracts in the United States. We depart from existing papers by comparing buyer pref-
erences for ex-ante and ex-post outcomes, with idiosyncratic preferences for specific vendors.

This paper builds upon the context and data discussed in chapter 1. It is organized as
follows, in section 2.2, we develop and estimate an equilibrium model of procurement compe-
tition. We use the model parameters to study outcomes under counterfactual environments
in Section 2.3.

2These ideas were initially introduced by Samuelson (1985); Levin and Smith (1994). Li and Zheng (2009)
provide an empirical framework highlighting that increasing the number of potential bidders within the
independent private value (IPV) setting has ambiguous effects, as the equilibrium behavior interacts two
opposite effects: “competition effect” with “entry effect.” The former tends to reduce prices, while the latter
tends to increase them.
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2.2 A Model of Competition Promotion, and Firms’

Participation and Bidding Decisions

We develop and estimate an equilibrium model of publicity selection, firm participation, and
bidding decisions in the public procurement setting. The ultimate goal is to estimate the
model’s primitives and study the implications of policy counterfactuals. We make modeling
assumptions based on the setting’s key features, aiming to transition from a theoretical model
to an empirical one that can be estimated using the data available. Section 2.2 describes
the equilibrium conditions of the theoretical model. Section 2.2 illustrates the empirical
implementation of the theoretical model. In Section 2.2 we discuss key variation in the data
to identify model parameters. The results are discussed in Section 2.2.

Model

A buyer offers a single and indivisible contract to N potential contractors. Each potential
contractor j, must incur an entry cost ωj > 0 to learn her private cost to complete the task
cj ∈ [c, c] ⊂ R+ and, hence, bid for the contract. Both, ωj and cj are assumed independent
random draws from specific distributions. We model the potential bidders’ choices in two
stages; first, knowing the number of potential competitors N , each potential bidder decides
whether to incur the entry cost. After the entry stage, the n ≤ N firms that incurred entry
costs learn their costs of completing the job and submit their bids. The awarding mechanism
is a first-price sealed-bid auction; the contract is awarded to the bidder that submits the
lowest offer. The quality of the contract execution qj is observed once the contract is finished.

Our analysis considers asymmetry between potential contractors. In particular, there are
two types of firms, locals (L) and non-locals (NL). These firms differ in their distributions of
entry costs, Gk

ω, the cost of completing the project, F k
c , and the execution quality F k

q , where
k ∈ {L,NL} and k(j) denotes group affiliation of bidder j. We assume that project and
bid preparation costs are private information of each firm and are distributed independently
across all firms and identically within group.

Departing from existing literature, our model allows for the set of potential contractors
to be chosen endogenously, i.e., the buyer decides whether to publicize the contract taking
into account the expected price, the quality of execution and the likelihood that a contractor
of each group is awarded the contract. The publicity decision determines the set of potential
participants as follows; if the contract solicitation is publicized openly, both locals and non-
local contractors learn about the contract solicitation. Conversely, if the contract is not
advertised, only the local contractors receive the information.

Equilibrium in the Bidding Stage

We start by characterizing the bidding stage and then use the results to analyze the partic-
ipation stage. Our analysis focuses on group-symmetric equilibrium where bidders of group
k follow the same bidding strategy, βk(⋅), mapping project cost, cj, into a bid bj. Where
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cj is drawn independently from a type-specific continuous distribution F k
c (⋅), with density

fkc (⋅) and common support [c, c] ⊂ R+. The distributions of entry and production costs,
and the number of potential bidders of each type are common knowledge. Nevertheless, we
assume that bidders do not observe the number of actual competitors of each group nkt (Li
and Zheng, 2009).

Our setting considers two possible scenarios; if the contract solicitation is publicized,
then both, local and and non-local firms could participate. In this case, the expected utility
of bidder j with cost realization cj and group membership k(j) depends on the number of
bidders of each group:

E [πj(cj)] = (bj − cj)
⎛
⎝
Nk(j)

∑
l=1

ρ
k(j)
l (1 − F k(j)

c (β−1
k(j)))

l−1⎞
⎠
⎛
⎝
N−k(j)

∑
l′=1

ρ
−k(j)
l′ (1 − F −k(j)

c (β−1
−k(j)))

l′⎞
⎠

where ρ
k(j)
l is the probability that the number of actual bidders is equal to l, and −k(j)

denotes the other group of potential contractors. The optimal bidding requires solving a
system of differential equations corresponding to the first order conditions for both types of
bidders as follows:3
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(2.1)

If a contract solicitation is not publicized, only local firms can bid, i.e., the number of
potential non-local contractors is zero. In this case, the bidding problem is symmetric as
there is only one group involved. Local suppliers observe contracts’ publicity status and
hence the number of potential competitors.

Equilibrium of the Entry Stage

Firms compare the ex-ante expected profit conditional on entry to their entry cost ωk
iid∼ Gk

ω.
Firms with entry costs below their expected profit decide to incur the entry fee to learn about
their cost of completing the project. The ex-ante (expected) profits from participating are
given by:

3As noted by previous research on asymmetric auctions (Lebrun, 1999; Bajari, 2001; Maskin and Riley,
2003a,b) , the Lipschitz conditions are not satisfied in this case. The bidding strategies cannot be solved
analytically but require numerical methods. Campo, Perrigne, and Vuong (2003) and Brendstrup and
Paarsch (2003) discuss non-parametric identification of cost functions in this setting.
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π̄k(ϕk, ϕ−k) = ∫
c

c
( ∑
nk−1,n−k⊂Nk−1,N−k

πk(c∣nk − 1, n−k)Pr (nk − 1, n−k∣Nk,N−k))dF k
c (c) (2.2)

where ϕk and ϕ−k are the entry probabilities of each group. Because entry decisions are
made simultaneously, the equilibrium condition is characterized by a group-specific entry
cost threshold ω̄k, i.e., firms whose entry cost is below their group’s threshold participate.4

Finally, when the contract is not publicized, only locals could participate, and thus the par-
ticipation problem becomes symmetric. Thus, for a given contract t, the local’s participation
threshold differs depending on whether the contract was publicized.

Empirical Model

Based on equilibrium conditions of the general model, we proceed to describe its implementa-
tion based on the empirical setting. A contract solicitation t is characterized by (xt, zt, ut,Nt),
where xt, zt are observable characteristics,5 and ut is the unobserved project heterogeneity
that captures project attributes that are not included in the data but impact firms’ bidding
and participation behavior (Krasnokutskaya, 2011). Finally, Nt = (NL

t ,N
NL
t ) denotes the

number of potential contractors of each group.6 The model thus proceeds in four stages
depicted in the Figure ??:

T = 0: Publicity Decision. In the first stage the buyer observes (xt, zt, ut,Nt) and decides

4In equilibrium, the entry probabilities are defined by the system of equations:

ϕL
= GL

ω [ω̄L(ϕ
L, ϕNL

)]

ϕNL
= GNL

ω [ω̄NL(ϕ
L, ϕNL

)]

Group-specific equilibrium exist by Brouwer’s Fixed Point Theorem. Following Krasnokutskaya and Seim
(2011) and Krasnokutskaya (2011), we numerically verified uniqueness of the equilibrium entry probabilities
within our estimation routine.

5Examples of observable characteristics are the type and complexity of the product required, location, ac-
quiring agency, etc.

6Identifying the potential number of bidders is not trivial (Athey, Levin, and Seira, 2011; Krasnokutskaya and
Seim, 2011; Mackay, 2018). We combine two methodologies: First, using the procedure described in section
1.3, we classify and count the suppliers that ever won a contract for every buyer-product combination. The
second method considers the maximum number of actual bidders for buyer-product auctions. This method
is discussed by Athey, Levin, and Seira (2011). It is rooted in the theoretical idea that if all potential bidders
decide whether to enter simultaneously, with enough observations, the maximum number of observed bidders
across observations will be equal to the total number of potential bidders. The maximum number of bidders
of auctions that weren’t publicized informs about the number of potential local bidders. In contrast, the
maximum number of bidders of advertised contracts approximates the sum of local and non-local potential
bidders. Finally, we define the number of potential bidders for every buyer-product as the maximum of both
approaches. Combining these two methods alleviates potential weaknesses of each of them. The median
number of potential local and non-local bidders is six and three, respectively.
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whether to publicize the contract to maximize expected utility. Contract publicity
status determines the set of potential bidders.

T = 1: Entry Decision. In the second stage, each firm that learns about the contract observes
(xt, zt, ut,Nt). They draw individual and private realizations of entry cost, and they
simultaneously decide whether to participate.

T = 2 Bid Decision. Active bidders draw a realization of the production cost and decide the
magnitude of their bid. The contract price equals the lowest bid submitted.

T = 3 Execution Stage. The implementation quality is realized once the contract is finished
based on a publicly observed quality shock.

Now, we outline specific modelling assumptions of each stage of the model. In Section 2.2
we discuss the estimation strategy to recover the parameters of the underlying distributions
from available data.
Publicity Decision. We assume the buyer is risk-neutral and derives utility on contract
outcomes: UD

t = U(P̄D
t , Q̄

D
t , L̄

D
t ), where D ∈ {0,1} denotes contract’s publicity status, and

P̄D
t , Q̄D

t and L̄Dt are the expected awarding price, ex-post implementation quality and like-
lihood that a local wins, conditional on (xt, zt, ut,Nt). The buyer chooses to publicize a
contract t if U1

t ≥ U0
t

Entry and Bidding Decision. The bidder’s j cost for project t is multiplicative: cjt = c̃jtut,
c̃jt is a firm-specific cost component that is private information of firm j, while ut represents
a common cost component that is known to all bidders but is unobserved to the researcher
(Krasnokutskaya, 2011; Haile and Kitamura, 2019).7 The distribution of the firm-specific
cost component for group-k firms is given by F k

c̃ (⋅∣xt), and is independent conditional on
observable contract characteristics. The unobserved project heterogeneity is given by ut ∼
H(⋅), is independent from project characteristics and the number of potential bidders.

We assume bidders are risk neutral. Thus, the Bayes-Nash equilibrium bid function for
group k is multiplicative: βk(i)(cjt∣xt, ut,Nt) = ut ⋅ β̃k(j)(cjt∣xt,Nt).8 Each bidder submits

a bid of bjt = b̃jtut where b̃jt = β̃k(i)(c̃jt∣⋅) represents the bid for bidder j when ut is one.

Therefore, ln(bjt) = ln(ut)+ ln(b̃jt), the log of the unobserved heterogeneity component acts
as a additive mean shifter to the conditional distribution of log bids. The contract is awarded
using a first-price auction to the bidder that submits the lowest bid.

Finally, we assume the entry costs ωjt are independent (conditional on observed and
unobserved project characteristics). The firms’ participation behavior is characterized by
group-specific thresholds, ω̄kt (⋅). Thus, the number of actual bidders nkt from group k ∈
{L,NL} is distributed according to a binomial distribution with probability of success of

7The inclusion of unobserved heterogeneity follows directly Krasnokutskaya (2011). This extension is impor-
tant to account for the within auction bid correlation that stems from unobserved factors.

8Krasnokutskaya (2011) uses deconvolution methods to show that, when the cost function is multiplicative
to unobserved heterogeneity, the Bayes-Nash equilibrium bidding strategies can be identified and are also
multiplicative.
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ϕk(xt, ut, zt,Nt) and Nk
t trials: ϕk(xt, ut, zt,Nt) = Gk(ω̄kn(xt,Nt), zet )), i.e., every potential

bidder of group k has a probability ϕk(⋅) of entering. Our model considers entry shifters zet ,
which capture market-level conditions that affect entry decisions.
Contract Execution. The quality of the execution is observed after the contract is per-
formed by the selected contractor. The observed quality ex-post is qjt, where qjt corresponds
to a draw from group-specific quality distribution F k

q (⋅∣xt, zt). In this section, we focus on
one direct measure of performance that is the existence and magnitude of cost overruns. This
variable is convenient as it can be directly benchmarked with the contract’s dollar value.9

Equilibrium is characterized by the buyer choosing contract’s publicity status that maxi-
mizes her expected utility; informed potential contractors entering if expected profits exceed
entry costs and bidding optimally in the market mechanism. Finally, the quality of the
implementation is revealed once the contract concludes.

Estimation Approach

In estimation, we make functional form assumption to characterize the distributions of inter-
ests.10 We assume that the log of individual bids log(b̃jt) are distributed normal with mean

E[b̃kt ∣xt,Nt] = [xt,Nt]′αk, and variance: V[b̃kt ∣xt,Nt] = (exp(x′tνk))
2
. We further assume

ln(ut) is distributed normal with mean zero and variance σ2
u.

11 In equilibrium, the entry
decision is characterized by a type-specific probability, ϕkt (xt, zet ,Nt), which depends on a
type-specific entry-cost distribution (Krasnokutskaya and Seim, 2011; Athey et al., 2011,
2013). We assume ϕkt (xt, zet ,Nt, ) = Φ ([xt, zet ,Nt]′τ k), where Φ(⋅) denotes the cumulative
distribution of the standard normal distribution, and zet are entry cost shifters. The num-
ber of participating bidders nkt (⋅) is distributed binomial with Nk

t independent draws with
probability of success ϕkt (⋅).12

The quality of the implementation is captured by the existence and magnitude of cost
overruns. Given that most contracts stay right on budget, the observed distribution of cost
overruns is censored at zero. We assume that ln(qkt ) is the latent distribution, while we
only observe Qk

t =max{0, ln(qkt )}, where ln(qkt ) distributes normal with mean E[qkt ∣xt, zqt ] =
[xt, zqt ]′γk, and variance V[qkt ∣xt] = (exp{x′tξk})

2
. Where zqt denotes cost-overrun mean

shifters.13

9This approach abstracts away from other (context-specific) execution costs. For example, Lewis and Bajari
(2011) study the welfare gains associated with reducing delays on high-way construction.

10Our parametric assumptions are linked to related literature. Overall, our results are not sensitive to adding
additional covariates or variations to the functional form. Our data provide enough variation for identifying
these distributions independent from the functional form.

11These parametric assumptions follow existing literature (Krasnokutskaya and Seim, 2011; Hong and Shum,
2002; Porter and Zona, 1993). Moreover, Krasnokutskaya (2011) indicates that the distribution of firm-
specific components and unobserved heterogeneity closely resembles log-normality.

12Related papers either assume parametric distributions on the entry costs, which, paired with the expected
utility of entering, map into well-defined group-specific entry probabilities (Krasnokutskaya and Seim, 2011;
Mackay, 2018), or make functional form assumptions on the entry probabilities, which, combined with
expected utilities, allow recovering entry costs (Athey et al., 2011, 2013). We follow the latter approach.

13Given the structure of the model, we are assuming that the cost-overruns capture excess of the cost, which the
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Finally, an important feature of this model is that we aim to recover buyer’s preferences
combining estimated parameters with observed publicity decisions. Buyer’s utility is de-
composed into observed and unobserved parts; the observed part is assumed to be a linear

combination of expected outcomes, in particular, we define ( ˜̄Pt,
˜̄Qt,

˜̄Lt) as the change in the

expected outcome under publicity and no publicity, leaving expected outcome without pub-
licity as the omitted category. We further assume the buyer has idiosyncratic preferences

distributed standard normal. This way, Pr(Dt = 1∣⋅) = Φ (βP ˜̄Pt + βQ ˜̄Qt + βL ˜̄Lt + x′tζ), where

βP , βQ, and βL capture the relevant taste parameters for the price, quality, and idiosyn-
cratic preference for awarding local vendors.14 We control for observable characteristics as
well as an indicator of whether the expected price without publicity is above the regulation
threshold. The latter enters in the utility function as a discrete shift of publicity’s utility.15

Sample. The data used to estimate the model is the same as those used in previous sections
with the exception that to classify local and non-local vendors, we require buyer-product
combinations that appear at least four times in the full database between 2013-2019, with
at least one, but not all, appearances in FBO. This restriction rules out products that are
purchased less often. Table B.2.1 compares the descriptive statistics of relevant variables
between this selected sample and the full sample used in Section 1.3. Overall, given that
the sample selection involves the buyer contracting the same product multiple times, the
selected sample includes contracts for categories that are, on average, less durable, i.e.,
over-represent services. This sample selection does not affect the main results presented in
Section 1.3. Finally, and consistent with the rest of the analysis, we estimate the model
using contracts around the regulation threshold, i.e., between 10 and 40 thousand dollars.
Estimation. Our empirical model yields predictions about equilibrium conditions for sup-
pliers’ participation, bidding, and ex-post execution with and without publicity. Also, we
characterize the buyer’s publicity decision. Our estimation strategy proceeds using simu-
lated method of moments (Mcfadden, 1989; Pakes and Pollard, 1989). That is, we choose a
vector of parameters θ to generate simulation-based moments that closely resemble key mo-
ments from the data. Using parametrized primitives discussed previously, we simulate four
empirical objects: participation decisions, bidding strategies, quality delivered and publicity
decisions and create a set of moments conditions to be matched with data.

Our simulation procedure starts with a set of size T of data inputs (xt, zt,Nt), then
from every observation we generate S random draws of ut. Finally, our setting contemplates
that the buyer decides based on expectations, these expectations are formed conditional on
(xt, zt,Nt) and ut, integrating over Monte Carlo simulated distributions of price, quality,

vendor can entirely transmit to the buyer. Thus, there’s no strategic behavior on behalf of the contractor
nor the buyer ex-post. The fact that the observed contractor’s overruns are drawn from group-specific
distributions speaks about differences in cost prolixity and knowledge about buyer’s context. We assume
these differences are exogenous.

14Our estimation does not restrict the set of values for these parameters; however, in general, we should expect
that buyers dislike paying higher prices or experiencing overruns, so we expect βP and βQ to be negative.

15Intuitively, the larger the utility shift generated by the regulation, the higher will be the observed jump of
publicity adoption at the threshold.
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and the likelihood of a local winning. This method, although computationally involved, is
useful to circumvent integrating over potentially non-linear functions, and provides enough
flexibility to match theoretical moments functions that cannot be evaluated directly.

Formally, denote the target moments by mn as a vector of moments from the data. The
analogous moments generated by simulating observations are denoted by ms(θ). Note that
this vector depends on the parameters θ ∈ Θ ⊂ RP . The estimator minimizes the standard
distance metric:

θ̂ = argmin
θ

(mn −ms(θ))′Wn (mn −ms(θ)) (2.3)

Where Wn is the weighting matrix, which is chosen using the standard two-step approach;
the quasi-optimal weight matrix Wn is derived in the first stage, and the parameters are
estimated in the second stage (Gourieroux, Monfort, and Renault, 1993). The vector of
parameters corresponds to: θ = (αk, νk, τ k, γk, ξk, β⃗, ζ, σ⃗).

We use three sets of target moments. The first set of moments are a vector of first and
second-order moments of the relevant variables as well as it’s interaction with it’s relevant
covariates. The relevant outcome variables are the auction price, the number of bidders,
local winner, the magnitude of cost-overruns, an indicator of any cost-overrun, and publicity
choices. The second set of moments consist of means of the same outcome variables condi-
tional on partitions of the domain of contract prices. These moments capture the relation
between these outcome variables over the domain of prices and are estimated separately for
goods and services. Finally, the third set of moments are a vector of normalized frequencies
on the relevant window of contract prices. Stacking together these three vectors, we obtain
the vector mn of 357 moments that seek to match with the model. We use the stochastic
optimization algorithm Differential Evolution (Storn and Price, 1997) to perform the objec-
tive minimization.16 The details of the estimation procedure are discussed in the Appendix
B.3.

Identification

The model identification involves identifying primitive distributions of the two types of bid-
ders (locals and non-locals). In our setting, however, the contract’s publicity status deter-
mines the composition of participating bidders; if a contract is not publicized, only locals
could participate, while if it’s advertised, both types can compete for the contract. Data of
unpublicized contracts inform distributions of locals, and thus, non-local distributions are
pinned down from publicized contracts.

We assume that contract covariates, entry and overruns shifters, as well as the number of
potential bidders (xt, zt,Nt) are exogenous. We leverage (conditional) independence between
ut and cjt and that E[ut∣xt, zt,Nt] = E[ut] = 1 to identify the expected proportional bids, cost

16This algorithm performs a (parallel) direct search approach; it does not rely on gradient methods for mini-
mizing possibly nonlinear and non-differentiable continuous space functions.
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shocks distributions and relative profits (Krasnokutskaya, 2011). In our setting, exogenous
variation on expected competition due to variation in N or entry shifters, impact the private
cost component of the winning bid, but not the common cost ut. The latter, combined
with the first-order condition (equation 2.1), pins down the proportional cost distribution
(Guerre, Perrigne, and Vuong, 2000; Campo et al., 2003), and thus, firms’ expected profit.
The latter, linked with observed entry decisions, allows us to pin down the distribution of
entry costs. The distribution of unobserved heterogeneity is obtained after the distributions
of individual cost shocks are identified.17

The contractor’s execution (cost overrun) distribution stems from an individual quality
shock. We assume the quality shocks are independent (conditional on observables). Thus,
the observed distribution of cost-overruns informs the underlying distribution that generates
quality shocks for each bidder group.

Identifying type-specific distributions from the variation on contract publicity choices
can only be achieved if the latter is exogenous. In the spirit of RDD discussed before, we
leverage the discrete nature of the publicity threshold to obtain quasi-experimental variation
on publicity adoption and thus get exogenous variation in the publicity decision to iden-
tify type-specific distributions separately. The buyer’s taste parameters for price, overruns,
and local contractors are identified based on the exogenous nature of contract and market
characteristics (xt, zt,Nt). In particular, variation on entry and on the number of potential
bidders of each type determine the publicity effects on price and on having a local winning
the auction. The degree of complexity of the transaction helps pin down the potential scope
for overruns ex-post. Intuitively, keeping other factors fixed, if a transaction involves a well-
defined (commodity-type) product, there would be no difference in performance ex-post,
which shuts down that factor in the decision.

While our estimation approach hinges on parametric assumptions of primitives’ distribu-
tions, these distributions can be identified nonparametrically based on distributional assump-
tions discussed above. Nonparametric identification, along with the reduced-form results and
robustness checks, suggests that the estimated distributions’ features are not driven by func-
tional form.

Estimation Results

Estimation of the model proceeds in two steps. In the first step, we estimate the model’s
parameters of entry, bidding, performance and publicity selection. In the second step, we
combine the estimates with model equilibrium conditions to recover the distribution of pro-
duction and entry costs for locals and non-locals. These estimates are inputs to the policy
counterfactuals in section 2.3.

17Our model considers endogenous entry, and we leverage additional variation in entry shifters, to pin private
and common cost distributions. However, separate identification of private and common costs distributions
can be achieved without modeling entry as long as N is exogenous (i.e., no selection on unobservables). See
Mackay (2018).
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We specify the mean of log bids as a linear function of the product’s degree of complexity
, an indicator of service, and the numbers of potential bidders of each group. We interact
the complexity with a dummy for non-local bidders to allow the effects of most of these
covariates to differ by bidder’s group. The variance of log-bids depends on whether the
group is a good or service. The probability of entry depends on the same covariates, and we
add a dummy to indicate the solicitation was required at the end of the fiscal year.

The cost-overruns’ shock is distributed log-normal; its mean depends on the product’s
degree of complexity, an indicator of service, interactions with non-local dummies, and an
indicator if the contract duration exceeds the mean.18 Finally, the buyer’s decision to publi-
cize a contract depends on the expected differences (in logs) of price and overruns, as well as
the predicted likelihood that a local wins. In addition to these variables, we include agency
fixed effects and a dummy if the contract’s expected value without publicity is over $ 25,000.

Estimates

Table 2.2 displays our estimates with the corresponding standard errors.19 To facilitate the
interpretation of coefficients, table 2.3 shows the marginal effects for the set of coefficients
associated with the bidders and the buyers.

Several findings are worth highlighting. First, bidders are less prone to participate if the
contract involves a service or a relatively complex product. Thus, auctions for these types of
products are less competitive. In line with the evidence presented in Section 1.3, non-local
contractors are 72 p.p. more likely to participate than locals. Furthermore, this is consistent
with the fact that bidders’ reduce the probability of entering if they observe more potential
non-local competitors; one additional non-local reduces the probability of participating by
7.4 p.p.

Second, bids from non-locals are slightly lower than locals; they bid 4 p.p. lower prices.
Another relevant feature is that unobserved heterogeneity is important in our data. Most of
the variation in bidding is explained by common factors instead of variation between bidders
within auction. The standard deviation of (log) unobserved heterogeneity is 27 times larger
than the bids’ standard deviation when log(ut) = 0.

Third, the quality shock depends on the transaction product; the mean of log-quality
shocks is substantially higher for services and complex product categories. In line with
reduced form results, the difference between locals and non-locals in execution quality is
substantial; non-locals have a mean shock that is 23 p.p. higher. Interestingly, the difference
between these two groups is relatively stable over different degrees of product complexity.

Finally, as discussed in previous sections, contract publicity allows non-local bidders
to participate in auctions, which leads to different contract outcomes. Panel C of Table 2.3
shows that the buyers choose to publicize 2.4 p.p. more if they anticipate that publicity leads
to a 10% reduction in awarding price. A 10% increase in cost overruns reduces the probability

18The mean duration is calculated using contracts under $20,000 to remove the influence of the threshold.
19Although the model is estimated altogether, tables 2.2 and 2.3 present estimates in different columns to

facilitate visual interpretation. The procedure to estimate standard errors is discussed in Appendix B.3.
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of advertising by 1 p.p. Buyers have a preference for local vendors; if they anticipate a
10 p.p. reduction in the likelihood of a local winning, buyers reduce the probability of
publicity by 2.3 p.p. Finally, predicting that the price without advertising exceeds $25,000
increases the likelihood of publicity by 32 p.p. The latter is in line with the increase in
probability estimated in Section 1.3. These estimates depart from the standard assumption
that the buyer only aims to minimize price and provides valuable inputs to evaluate policy
counterfactuals.
Model Fit. Overall, the model closely replicates the key empirical patterns in the estimation
sample. We examine model fit using the estimated parameters to simulate equilibrium
outcomes and compare simulated to observed outcomes. Our simulations, and the ones
discussed later, build upon the estimating dataset by drawing simulations of the unobserved
heterogeneity and the quality, entry, and bidding-cost shocks. These draws, combined with
estimated parameters, allow us to simulate market-level equilibrium. Figure B.1.2 compares
the the distribution of model-simulated outcome variables with actual data. The simulated
data replicates closely publicity choices, actual bidders, and the share of contracts assigned
to locals. Panels (e) and (f) separate cost-overruns by products and services. We find
that, for services, the model slightly underpredicts the probability of having any (positive)
cost-overrun but overpredicts the magnitude of cost-overruns. This dichotomy suggests that
buyers’ may face frictions when introducing contract modifications ex-post that our model
does not account for.

Recovering the Cost Distribution

We recover the distribution of project costs leveraging the methodology introduced by
Guerre, Perrigne, and Vuong (2000), and Campo, Perrigne, and Vuong (2003). This method
combines the first-order conditions (equation 2.1) —subject to boundary conditions— with
estimated equilibrium bids to estimate the inverse bid function. Since, in our setting, the
actual number of bidders is unknown, the first-order condition depends on the probabilities
of different combinations of local and non-local bidders. These probabilities are formed from
simulations based on model’s participation parameters. Finally, strict monotonicity between
the bid and the inverse bid functions enables us to to obtain an estimate of project costs
from estimated distribution of bids.

Figure 2.1a shows the probability density function of log costs (log(c̃jt)) of both groups.
Local bidders have slighly higher costs than non-locals. Figure 2.1b displays the mean
log(b̃j(c̃)) as a function of the log cost. As expected, markups decrease with higher the cost
draws.

Recovering Entry Costs

We recover the group-specific entry-costs using the equilibrium conditions for optimal entry
behavior discussed in section 2.2. A potential bidder compares the draw from the entry-cost
distribution Gk

ω with the expected utility of entering, i.e., ϕk(xt, zt,Nt) = Gk
ω (π̄k(xt,Nt), zt).
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Our estimated cost distributions F k
c̃ (c) allow us to estimate the (ex-ante) predicted utility

of participating (equation 2.2) and benchmark it to observed entry behavior (Athey, Levin,
and Seira, 2011).

Our estimated cost distributions imply that the distribution of entry costs differ substan-
tially between the two groups. On the one hand, roughly 60% of non-locals face zero entry
cost (i.e., they enter with probability one), and 90% enter if the entry cost is less than 0.1
log units. On the other hand, local contractors face substantially higher entry costs. Indeed,
with a 60% chance, they would not enter for any of the values included in the estimated range
of existing expected utilities. The estimated entry-cost asymmetry shapes the composition
of actual bidders and, subsequently, the winning bid conditions.

Figure B.1.3 in the Appendix shows how the composition of actual competitors (and the
identity of the winner) depends on the number of potential non-locals. It shows how the
number of actual bidders decreases as the number of potential non-locals increases. This is
consistent with the fact that reductions on predicted utility due to increased competition
discourage locals’ participation, making it substantially more likely that a non-local wins.

Implications Increasing Competition through Publicity

Having estimated the primitives of the model as a function of observable characteristics, we
replicate the policy evaluation discussed in section 1.3 and, evaluate contract’s outcomes
with and without publicity, not only for contracts around the threshold, but throughout the
values included in our sample.

Figure 2.3 displays the variation on contract outcomes around the regulation threshold as
a function of the expected price without publicity and simulate the results in a setting without
publicity thresholds. These results are in line with our reduced-form analysis discussed
previously. Publicizing contract solicitations allows the participation of non-local bidders,
which are more prone to experience overruns and have substantially lower participation costs
discouraging locals’ participation. Thus, enhancing contract participation through publicity
reduces prices ex-ante due to increased competition; however, it increases prices ex-post. We
propose the following definition of the final price that takes into account both effects:

pFD,t = pID,t(1 + qD,t)
where D ∈ {0,1} denotes contract t’s publicity status, pID,t is the log awarding price, and

qD,t is the realized share of of cost-overruns ex-post. Thus, pFD,t denotes contract t’s log final
price.

Figure 2.4, compares the consequences of publicizing contracts at different levels of com-
plexity. Auctions for complex contracts have a higher variance of bid functions and face
lower participation levels. The former increases the support of possible price reductions by
added bidders. Adding one bidder to an auction with lower participation levels has more
effect than adding one on an auction that already has many competitors. Thus, these two
market features contribute to more extensive effects of added competition on award prices.
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Our results show substantial asymmetry between local and non-local vendors when ex-
ecuting contracts. Non-locals experience cost-overruns considerably more often than locals,
i.e., contract publicity leads to higher cost-overruns ex-post. Therefore, the net of these op-
posing effects depends on the degree of complexity of the transaction; for relatively complex
contracts, the increase in cost-overrun exceeds ex-ante price reductions, i.e., more competi-
tion leads to higher final contract prices. Conversely, there’s little to no rise in cost-overruns
associated with publicity for simple contracts. Thus publicizing contracts leads to reductions
in final contract costs.

These findings align with our reduced form results and reinforce the idea introduced by
seminal papers on incomplete contracts; when the transaction is involved, and the number of
possible contingencies ex-post is higher, assuring proper ex-post performance becomes more
important than reducing prices ex-ante (Williamson, 1976; Bajari and Tadelis, 2001; Bajari
et al., 2014; Bolotnyy and Vasserman, 2019).

2.3 Counterfactual Analysis

We leverage estimated model parameters to evaluate the implications of counterfactual poli-
cies on award prices and ex-post cost overruns. Overall, there are two approaches to improv-
ing outcomes in a principal-agent setting; (1) delegating the publicity decision to the buyer
relying on the buyer’s knowledge of the local market and context, or (2) impose rules that
restrict the agent’s span of possible actions. Our counterfactual exercises aim to benchmark
these two approaches. In particular, we evaluate what would be the set of actions that a
buyer would take in a deregulated setting or as a result of alternative regulation designs.

The Strategic Value of Delegating Competition Promotion to the
Buyer

What are the implications of allowing the buyer to choose contracts’ publicity status relative
to tighter publicity rules that prescind the buyer’s decision? This trade-off pertains to the
more general problem of the delegation of authority within organizations (Aghion and Tirole,
1997), and it’s a frequent theme of debate in procurement policy discussion (Kelman, 1990).

Conceptually, the publicity requirement design works as a discontinuous jump in the cost
of not publicizing; below the threshold, the cost of not advertising is zero, whereas above the
threshold is positive and involves filing additional paperwork. Therefore, below the threshold,
buyers publicize their desired publicity with full discretion, while above the threshold, they
are forced to advertise more than desired (due to the added cost of not publicizing). Thus,
using the estimated model parameters, we back out the buyer’s hypothetical decisions in a
full discretion setting and evaluate its implications relative to the current policy design.

Figure 2.5 evaluates the implications of current publicity requirements for different levels
of contract complexity. Panel (a) shows how the fraction of publicized contracts increases
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at the threshold relative to a counterfactual scenario without the requirement. Panel (b)
illustrates how the price-complexity relation shifts as a result of increased publicity.

The effectiveness of allowing buyers to decide whether or not to publicize contracts de-
pends on the product’s complexity. Buyers with full discretion obtain lower prices than what
they would get with no publicity over all the complexity spectrum. However, if contract
complexity is lower than 0.18, a full publicity setting achieves lower average prices. Hence,
providing discretion effectively reduces costs if the transaction unit is complex, whereas
forcing publicity is more effective if the unit of transaction is relatively simple.

The current regulation combines these two scenarios; it provides discretion below the
threshold and nudges higher levels of publicity above the threshold. As a result, relative to
a regulation-free setting, the current regulation involves higher levels of advertising, which is
effective when the purchase is simple; however, it backfires when the transaction is complex.
In section 2.3, we discuss the effects of alternative policy tools to improve contract outcomes.

The Role of Buyer’s Preferences

In our setting, the buyer decides the degree of contract competition motivated by interests
that are not necessarily the same as that of the organization. The agency problem hinges on
the degree of misalignment between the buyer’s (agent) and the organization (principal) ob-
jectives. Thus, the issue disappears if their objectives coincide since the buyer, by maximizing
her utility, would be, too, maximizing the organization’s welfare. An extensive theoretical
literature studies the design of compensation mechanisms to “align” agent’s objectives (Laf-
font and Tirole, 1993). This literature often builds upon rationality and completeness of
contract menus to improve outcomes.

We study the extent to which contract outcomes depend on specific preference parame-
ters. To do so, we depart from the estimated parameters, varying the degree of “alignment”
on the buyer’s preferences. We set two benchmark situations: First, the buyer has “Cost-
Oriented Preferences”, i.e., puts equal weight on price reductions ex-ante and ex-post and
has no idiosyncratic preference for local contractors. Second, the buyer has “Local-Oriented
Preferences”, i.e., preferences oriented to favor local contractors with no emphasis on costs.
The specific preference parameters under each scenario are described in Table 2.4. It is
worth mentioning that these two benchmark preference parameters are based on the esti-
mated coefficients –“shutting down” specific taste parameters. Therefore, they should be
seen as reference points of policies oriented to affect buyers’ motives.

Figure 2.6 shows (log) final price effects depending on the level of complexity of the
purchase. Buyers with “Cost-Oriented Preferences” decide to publicize to reduce costs, so,
and perhaps not surprisingly, relative to other preference schemes, they generate savings all
across the spectrum of product complexity. “Local-Oriented” agents seek to benefit local
contractors; they publicize infrequently, and, as a result, the outcome prices are similar to
the situation without any publicity.

Existing literature on rules vs. discretion (Aghion and Tirole, 1997; Carril, 2019; Bosio,
Djankov, Glaeser, and Shleifer, 2020) emphasizes that regulation can be an effective antidote
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to waste and abuse whenever these are pervasive. Still, it can backfire if agents are virtuous
in exercising discretion. Our findings contribute to the existing literature by highlighting
that this trade-off depends, too, on the level of contract complexity: Publicity regulation
can be detrimental even when agents are misaligned, as favoring local vendors has positive
spill-over on cost-overruns. Moreover, we find that there is room for improving outcomes
when buyers are aligned through strict publicity requirements when the transaction unit is
simple.

Complexity-Based Publicity Requirements

We now follow a more tactical approach and take the estimated buyer’s preferences as given
and vary the regulation design because the effects of publicizing depend on the level of con-
tract complexity. The proposed design contemplates identifying the “right level” of publicity
requirements depending on the degree of contract complexity. In this exercise, we refer to
publicity requirements as the minimum fraction of contracts that buyers must publicize. We
proceed in three steps; first, we simulate contract outcomes under different levels of product-
specific publicity requirements that buyers are mandated to meet. Second, we estimate the
final price under each of these requirements. Finally, we identify the publicity requirement
that yields the lowest price at each complexity level. As a result, the proposed regulation
imposes publicity requirements that are specific to each product category depending on the
complexity level.20

Figure 2.7 summarizes this procedure: Panel (a) shows the price-complexity relation at
different publicity requirements. Panel (b) illustrates the publicity requirement that mini-
mizes price at different complexity levels. Panel (c) shows the price-complexity relation that
would stem from a “tailored” publicity requirements. Note that the latter (brown-dashed
line in panel (c)) corresponds to the lower contour of final prices at different requirements
(panel (a)). These tailored publicity requirements alter the span of the buyer’s actions. In
particular, when the unit of purchase is simple, it removes the buyer’s discretion entirely to
leverage the benefits of enhanced competition; however, it provides more choice when con-
tracts are more complex to attenuate the negative consequences on contract implementation
ex-post.

20The proposed design involves a higher degree of regulation sophistication as it requires fixed fractions of
publicized contracts per complexity level. We believe that can be implemented smoothly given the set
of rules included in the Federal Acquisition Regulation. As a reference, the current version of chapter 5
(Publicity Requirements) allows buyers to apply for exemptions if they prefer not to publicize a contract.
The proposed policy design could be implemented by simply varying the set of exemptions that different
product categories are allowed to invoke. For example, if the contract solicitation involves a simple product,
whose optimal level of publicity requirement is 100%, then there would be no exemption to be invoked.
Conversely, if the solicitation requires a relatively complex product, the buyer could have more (or total)
discretion to file exemptions.
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Comparing Policy Counterfactuals

Table 2.5 brings together the visual evidence provided Figures 2.5, 2.6 and 2.7, and compares
the overall mean price effect under each of these scenarios. The current policy design that
introduces publicity requirements at $ 25,000, reduces, on average, the final price by 1.6%
relative to a no-publicity scenario. If the publicity choice were delegated to the buyer, this
reduction would be, on average, 1.3%. A uniform full-publicity rule would reduce contract
costs by 3%. However, the latter could be improved if the publicity requirements were
tailored to the purchase’s degree of complexity. The latter policy reduces prices by 3.6%.
The 2% cost difference between the current and the complexity-based design corresponds to
$104 million — competitively awarded— defense contracts, annually.21

Finally, we benchmark the consequences of these policy designs with the hypothetical sit-
uation in which the buyer has cost-minimizing preferences. We find that the cost-minimizing
publicity requirement achieves better outcomes than Cost-Oriented Buyers. From a policy
standpoint, this is significant as arguable modest improvements to the regulation design could
mitigate most of the concerns associated with misaligned buyers and achieve, on average,
better outcomes than any compensation mechanism that aims to align buyers’ objectives.

2.4 Conclusion

In this chapter, we develop and estimate an equilibrium model of competition of procurement
contracts, with two general objectives. This model allows us to estimate the underlying
firms’ characteristics that shape adverse selection in this market and buyers’ objectives when
promoting competition through advertising. Furthermore, our estimates allow us to evaluate
the implications of alternative policy designs. We focus on two relevant counterfactual
policies. The first we assess the implications of delegating competition promotion to the
buyer. The second aims to propose a welfare-enhancing regulation design that accounts for
the vast heterogeneity in the degree of complexity of procurement transactions.

Our counterfactual analysis shows that delegating competition promotion to the buyer is
only welfare-enhancing when the transaction unit is complex: on average, the buyer achieves
better outcomes than in regulated settings with either zero or full publicity. However, when
the transaction unit is relatively simple, imposing full-publicity rules is preferred as the risks
at the execution stage are minor. Moreover, we use our model to engineer improvements
to the current policy design by introducing publicity requirements tailored to the degree of
complexity of the purchase. We find that departing from a uniform regulation will signifi-
cantly reduce procurement costs. Notably, while our analysis is carried out using data from
the Department of Defense, we believe that the general conclusions apply broadly to private
and public organizations’ transactions.

21This amount is calculated using defense contracts competitively awarded in 2018 with values between $10,000
and $150,000 (Simplified Acquisition Threshold).
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Figures

Figure 2.1: Estimated Cost Distributions

(a) Cost Distribution
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Notes: The panel (a) shows the distribution of log costs for locals and non-locals. The panel (b) displays

the bidding function. Both plots are estimated with average covariates and log(u) = 0. The plotted

distribution of log costs is smoothed using a kernel.



CHAPTER 2. DESIGN OF COMPETITION POLICIES 54

Figure 2.2: Estimated Entry Cost Distributions
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Notes: This figure shows the estimated entry cost probability and cumulative density distributions with
average covariates and log(u) = 0. The CDFs comparing the entry probability to different levels of
predicted (log) utilities. The PDFs capture the differences of the CDFs within bin widths of size 0.025.
The raw distributions are smoothed with a 7-degree polynomial fit. By nature, zero, in this case, is the
minimum expected utility.
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Figure 2.3: Policy Evaluation Using Model Parameters
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(b) Local Wins

15 20 25 30 35 40
Value

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1.0

Lo
ca

l W
in

s No Publicity
Full Publicity
No Threshold
Current Policy

(c) Log Prices

15 20 25 30 35 40
Value

3.0

3.1

3.2

3.3

3.4

3.5

lo
g 

pr
ice

No Publicity
Full Publicity
Current Policy
No Threshold

(d) Overruns
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Notes: These figures show how different outcomes vary around the threshold. Panel (a) shows the number of

bidders, panel (b) the probability of awarding a local, panel (c) the log of price, and panel (d) the log overruns.

The x-axis of every graph is the value of the contract without publicity, which us the relevant dimension

affected by the regulation threshold. As a reference, in every graph, we benchmark the current policy design

(red line) with a situation of full (and zero) publicity. Also, we include the simulated event of no threshold as

a counterfactual scenario.
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Figure 2.4: Final Price by Product Complexity
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Notes: This figure shows the effect of publicity on (log) of award price, on (log) of cost
overruns, and (log) of the final price for different degrees of product complexity. The omitted
category is the variable without publicity. The circles represent the mean effect per complexity
bin. Each line corresponds to a flexible polynomial fit. The degree of complexity is defined
as the log of the product’s average overruns, and it is calculated on all contracts for the same
product category below $20,000.
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Figure 2.5: Final Price by Product Complexity

(a) Publicity Adoption
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(b) Log Final Price Effect
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Notes: The panel (a) shows the share of publicized contracts depending on the value of the contracts
without publicity. The orange line displays the current policy with a regulation threshold at $25,000.
The red line describes the share of adoption in the absence of the regulation threshold. The panel (b)

shows the effect on the log of the final price (pFm,t − p
F
0,t) for different degrees of product complexity. The

blue line is the effect if all contracts are publicized, the orange line is the effect of the current policy (with
a threshold at 25,000), the red line shows the effect in the absence of regulation threshold. The omitted
category is the log of the final price in the absence of publicity. Each line was constructed using flexible
polynomial fits. The degree of complexity is defined as the log of the product’s average overruns, and
it is calculated on all contracts for the same product category that are below the regulation threshold
($25,000).
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Figure 2.6: Final Price by Product Complexity
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Notes: This figure shows the effect of publicity on the log of the final price for different prefer-
ence parameters. The blue lines represent the price effect if all contracts are publicized. The
red line is the price effect under current preference parameters. The green and brown dashed
lines represent the effects of cost-oriented and local-oriented buyers’ preferences, respectively.
All lines are flexible polynomial fits. The degree of complexity is defined as the log of the
product’s average overruns, and it is calculated on all contracts for the same product category
that are below the regulation threshold ($25,000).
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Figure 2.7: Final Price by Product Complexity

(a) Publicity Adoption
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(c) Log Final Price Effect
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Notes: The panel (a) shows the log of price effect with full publicity (blue line), without regulation
requirements (red line), and for different levels of publicity requirements (green lines). The panel (b)
describes the publicity requirement that yields the minimum price for varying levels of complexity. Overall,
the publicity requirements that minimize costs decrease with product complexity. The panel (c) shows the
price effect when imposing efficient publicity requirements at different levels of complexity. As a result,
the price effect of this policy (brown-dashed line) corresponds to the lower contour of the panel (a). The
omitted category is the log of the final price in the absence of publicity. Each line was constructed using
flexible polynomial fits. The degree of complexity is defined as the log of the product’s average overruns,
and it is calculated on all contracts for the same product category that are below the regulation threshold
($25,000).
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Tables

Table 2.1: Summary Statitistics Local vs. Non-Locals

Local Non-Local Diff
log Distance 3.471 4.554 -1.083
Located in the Same State 0.695 0.501 0.194
Overruns (relative) 1.078 1.236 -0.158
Delays (relative) 1.130 1.275 -0.145
Number of Modifications 0.548 0.880 -0.332

Notes: This table presents summary statistics for distance and execution variables

for contracts performed by locals and non-locals. The sample includes contracts

between 10,000 and 40,000 dollars, and buyer-product combinations that appeared

at least four times between 2013 and 2019. The need for observing multiple

buyer-product observations stem from the way we categorize these contractors.

The variables “Overruns” and “Delays” are the ratio of the final relative to the

original cost and duration, respectively. The difference between these groups is

significant at 1% for all variables.
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Table 2.2: Estimated Parameters of Entry, Bidding and Execution

Entry Bid Distribution Execution
(Probit) (Log Normal) (Log Normal)

x̄ Coeff S.E. Coeff S.E. Coeff S.E.
Panel A: Coefficients

Constant 0.0048 ( 0.00057 ) 3.0517 ( 0.00025 ) -1.7041 ( 0.00038 )
Service 0.375 -0.0598 ( 0.00014 ) 0.0000 ( 0.00030 ) 0.0751 ( 0.00026 )
Degree of Complexity 0.089 -0.7367 ( 0.00071 ) -0.0005 ( 0.00037 ) 1.6284 ( 0.00066 )
Non-Local 2.1651 ( 0.00040 ) -0.0402 ( 0.00037 ) 0.2354 ( 0.00069 )
Non-Local×Complexity 0.0299 ( 0.00026 ) -0.0308 ( 0.00063 ) 0.0868 ( 0.00082 )
Last Month 0.249 -0.8826 ( 0.00077 )
Exp. Duration ¿ Median 0.5 0.1273 ( 0.00025 )
NL 6.078 0.0002 ( 0.00010 ) -0.0023 ( 0.00027 )
NNL 3.339 -0.1876 ( 0.00028 ) 0.0099 ( 0.00024 )

Panel B: Standard Deviation
Contant -2.6132 ( 0.00081 ) -0.4102 ( 0.00048 )
Service 0.0996 ( 0.00031 ) 1.1854 ( 0.00048 )

S.D. Unob. Het. (σu) 2.1683 ( 0.00087 )

Panel C: Buyer Preferences
Publicity Choice

(Probit)
Constant -0.2584 ( 0.00059 )
Exp. Price (βP ) -0.6361 ( 0.00043 )
Exp. Cost-Overruns (βQ) -0.2457 ( 0.00058 )
Exp. Local Winning (βL) 0.5879 ( 0.00069 )
Above $25K 0.8542 ( 0.00037 )

Number of Obs. 24,135

Notes: The table displays the coefficients and corresponding standard errors. Panel A describes the

coefficients corresponding to the entry choice mean of (log) bids and the mean of (log) quality shocks.

Panel B displays information estimates for the standard deviation of (log) bids, unobserved heterogeneity,

and (log) quality. Panel C shows the coefficients associated with the publicity choice by the buyer. Agency

and year fixed effects are omitted in this table. These coefficients are estimated altogether using Simulated

Method of Moments (SMM). Log-bids and the log of the unobserved project heterogeneity are assumed

to be normally distributed. The entry and publicity choices distribute Probit. The standard deviation of

log-bids and log-quality shocks are estimated as σ = exp(b0 + b11(Service)), where 1(Service) indicates

a contract for service
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Table 2.3: Marginal Effects Model Estimates

Entry Bidding Execution

x̄ ∆x ∆ϕ/∆x ∆b̃/∆x ∆q/∆x ∆(q > 0)/∆x
Panel A: Marginal Effects
Service 0.38 1 -0.024 0.000 0.075 0.013
Degree of Complexity 0.09 0.1 -0.028 0.000 0.163 0.030
Non-Local 1 0.721 -0.040 0.235 0.039
Non-Local×Complexity 0.1 0.001 -0.003 0.009 0.001
Last Month 0.25 1 -0.333
Exp. Duration ¿ Median 0.50 1 0.127 0.021
NL 6.08 1 0.000 -0.002
NNL 3.34 1 -0.074 0.010

Panel B: Standard Deviation
Estimated (σ̂) 0.076 1.035
Unob. Het. (σu) 2.168

Publicity
Panel C: Marginal Effects ∆x ∆Pub/∆x

Exp. Price 0.1 -0.0243
Exp. Cost-Overruns 0.1 -0.0095
Exp. Local Winning 0.1 0.0228
Above $25K 1 0.3263

Number of Observations 24,135

Notes: Panel A shows the marginal effects of main on different dependent variables related to bidders’

actions. The Marginal Effects are computed at the mean of each covariate described in the second

column. The third column shows the change used to estimate the effect. The dependent variables are

the probability of entry, the bid level, and the quality shock in terms of levels and the probability of

over zero. Panel B shows the empirical models’ estimated standard deviation and the estimated standard

deviation of the unobserved heterogeneity component. Panel C displays the marginal effects of expected

price, cost-overruns, local winning, and being above $25K on the probability of publicizing the contract

solicitation in FBO.gov. These coefficients are jointly estimated using Simulated Method of Moments

(SMM).
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Table 2.4: Buyer’s Preferences

Estimated Benchmarks

Preference ¡4-¿Cost-Oriented Local-Oriented
Parameters ¡4-¿Preference Preference

βP -0.636 ¡4-¿-0.636 0
βQ -0.245 ¡4-¿-0.636 0
βL 0.588 ¡4-¿0 0.588
Mean Pub. 0.274 ¡4-¿0.408 0.263

Notes: The first column shows the estimated preference parameters for the price ex-ante,

overruns ex-post and awarding local contractors. The second column shows the preference

parameters associated with a buyer with cost-oriented preferences, i.e., no idiosyncratic pref-

erence for locals. The third column shows the preference parameters for a buyer that is fully

oriented to locals, i.e., does not have a preference for price or quality but only for favoring

local contractors. The last row, ‘Mean Publicity,’ describes the average adoption of publicity

under each of these types of preferences.
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Table 2.5: Effects of Counterfactual Scenarios

Mean 95 Perc C. I.

Current Policy -0.0164 [ -0.0195 , -0.0133 ]

Delegate the Decision to the Buyer

Current Preferences -0.0136 [ -0.0161 , -0.0111 ]
Buyer with Price-Oriented Pref. -0.0304 [ -0.0335 , -0.0271 ]
Buyer with Local-Oriented Pref. -0.0068 [ -0.0092 , -0.0043 ]

Alternative Regulation Designs

Full Publicity -0.0306 [ -0.0357 , -0.0256 ]
Complexity-Based Publicity Req. -0.0367 [ -0.0412 , -0.0323 ]

Notes: The table reports the mean equilibrium effects to log final prices under different

scenarios. In the first row, describes the estimated effect under the current policy, with

threshold that increases publicity at $ 25,000. In the second row, the mean effects without

publicity requirements. The third and fourth row show the mean price reduction if under cost-

oriented and local-oriented buyers, respectively. The fifth row shows the mean price reduction

under full publicity. The sixth row shows the average price reduction implementing efficient

publicity requirements depending on the level of complexity of the product. These effects are

constructed relative to the situation without publicity. Confidence intervals are constructed

via bootstrap.
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Chapter 3

Slippery Fish: Enforcing Regulation
when Agents Learn and Adapt

3.1 Introduction

Correcting market failures and improving economic efficiency often require curbing undesir-
able behaviors of market agents who act to maximize their private benefits. Examples span
actions that affect the natural environment, such as deforestation, pollution, or resource ex-
ploitation (Stavins, 2011; Duflo, Greenstone, Pande, and Ryan, 2013, 2018; Hansman, Hjort,
and León, 2018); Actions that affect community health such as open defecation or drunk
driving (Banerjee, Duflo, Chattopadhyay, Keniston, and Singh, 2017); Or actions that un-
dermine government performance such as corruption or tax evasion (Carrillo, Pomeranz, and
Singhal, 2017). Enforcing regulations is the most direct strategy to deter such behaviors.
Enforcement not only requires strong state capacity, but also sophisticated policing to track
agents’ reactions to audits, so that policies are robust enough to deter cheating even when
agents try to ‘game’ the new system.

Targeted agents adapt to new rules, finding loopholes that allow them to continue maxi-
mizing private benefits at the expense of others.1 In many instances, it is therefore insufficient
to evaluate the effectiveness of enforcement activities based on their immediate, short-run
effects (Fudenberg and Levine, 2020). A more sophisticated evaluation will need to track
the (sometimes unanticipated) strategies that targeted agents may deploy to circumvent the
regulation as they adjust to the new regime.

We develop a model of enforcement paired with an experimental design and data col-

1For example, Carrillo, Pomeranz, and Singhal (2017) show that when the Ecuadorian tax authority improves
the quality of their information on firm revenues, the firms react by raising their estimates of costs in line
with the revised revenue estimates, to keep total tax payments unchanged. Blattman, Green, Ortega, and
Tobón (2017) shows that intensive policing pushes crime around the corner, with null impacts on overall
violent crimes. Health officials adapt to undermine a monitoring scheme to punish delinquent nurses in
Banerjee, Duflo, and Glennerster (2008), making an initially-effective program completely ineffective in 18
months.
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lection strategy that delineate how agents learn about the patterns of, and loopholes in,
enforcement. We highlight adaptation along two different margins: (i) the agent learning
audit patterns and schedules over time, and (ii) the agent devising defensive strategies to
avoid paying fines even when he is audited. Our Bayesian model of learning also yields
predictions on the specific design of enforcement strategies that will be more robust to the
agent’s subversive adaptation efforts. We test these predictions by conducting a large-scale
randomized controlled trial (RCT) in which government monitors penalize vendors that sell
illegal fish in Chile, while we surreptitiously monitor vendors’ reactions to that enforcement
by deploying “mystery shoppers” in fish markets. We cross-randomized the frequency of en-
forcement visits and the (un)predictability of schedules to test theoretical predictions about
the optimal design of audit policy. Not surprisingly, we see that fish vendors find it more
difficult to adapt when monitoring visits are unpredictable. The theory and experiments
also deliver a counter-intuitive result: Auditing is more effective when it is conducted at
lower frequency. Even if enforcement is very cheap to conduct, the auditor will sometimes
do better by holding back some effort.

This experiment takes place at scale in a consequential setting, targeting a problem that
has large welfare consequences. The government of Chile has instituted a ban on fishing and
sales of critically endangered Pacific hake fish (merluza) during September each year, when
the fish reproduces. Catching hake during that period is especially ecologically destructive.
We randomize the fish markets where the government sends monitors to levy penalties on
vendors illegally selling fish. We also cross-randomize a consumer information campaign
designed to educate consumers about the environmental risk associated with over-fishing of
hake and discourage consumption during the September ban period. This serves as a useful
benchmark because less direct strategies such as information campaigns designed to change
social norms around the undesirable behavior2, or marketing that appeals to people’s sense
of fairness (Hainmueller, Hiscox, and Sequeira, 2015), or encouraging third-party reporting
(Naritomi, 2018), may be more cost-effective in settings where it is difficult to enforce rules.
Our information campaign could even complement the audit strategy: If vendors react to the
enforcement by hiding their illegal hake sales, then informed consumers may be an important
second line of defense. Our 2x2 experimental design can test for such complementarities.

Since we are tracking illegal activities, we measure outcomes using “mystery shoppers”
to improve credibility of the data. We sent trained surveyors who look like typical shoppers
to each market to pose as buyers and (try to) purchase fish during the ban. We link the
daily reports from mystery shoppers to the enforcement logbook recorded by government
inspectors to test our model’s specific predictions on the nature of learning and adaptation
in response to variable patterns of enforcement visits that different vendors experience.

We also conducted consumer surveys to gather data on changes in demand for hake and
other substitutes, and consumer knowledge about the hake ban. We mapped all spatial and

2For example, Chetty, Mobarak, and Singhal (2014) partners with the Bangladesh tax authorities in an
attempt to change social norms to encourage firms to pay taxes (as opposed to enforcing tax laws directly),
and Guiteras, Levinsohn, and Mobarak (2015) attempt to change social norms around toilet use (as opposed
to directly banning the dangerous practice of open defecation).
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market relationships between vendors and fishermen to study spill-overs across markets.3

Finally, we surveyed the fishermen who supply to these markets to explore whether interven-
tions implemented “downstream” (at the point of sale from vendors to consumers) traveled
“upstream” the supply chain of fish. It is ultimately the fishermen who make the ecologi-
cally sensitive decisions in the seas. Our sample covers all major markets where the majority
of hake is caught, which allows us to report on equilibrium outcomes, such as changes in
fishermen activities, or availability and price of hake substitutes. This produces a more
comprehensive evaluation of the full range of effects up and down the supply chain.

Our analysis proceeds in three steps. First, we conduct a program evaluation of the
government’s audit and information campaigns. These interventions lower, but do not elim-
inate, illegal hake sales. Second, we specify a model of learning and test its predictions, to
develop a more precise understanding of how regulated agents learn about the audit system,
adapt, and develop defensive strategies. Our mystery shoppers systematically record the
new practices vendors introduce to circumvent enforcement. Many do not display the hake
openly during the ban, but are willing to sell our mystery shoppers illegal fish that is hidden
from plain view. They also start keeping the hake on ice, and claim that the fish on display
was caught in August when it was still legal to do so. These reactions attenuate the effects
of enforcement on the true availability of illegal hake in markets.

Third, we introduce experimental variations in the design of the audit system to test
which strategies are more robust to such subversive adaptation. Audits on a predictable
schedule become less and less effective over time, as vendors learn monitoring schedules
and shift sales away from targeted days and markets. We also tried increasing monitoring
frequency to better contain temporal and spatial spillovers to other days of the week or
other nearby markets, but this strategy backfires. Increased frequency evidently allowed fish
vendors to learn about the flaws in the system more quickly and react with greater hiding
and freezing of illegal fish.

Our findings shed light on a larger theoretical literature in Law and Economics on adap-
tation and subversive reactions to regulations (Glaeser and Shleifer, 2003; Becker, 1968;
Eeckhout, Persico, and Todd, 2010; Lazear, 2006). Also related is the literature on gam-
ing incentive schemes where agents adapt to undermine the intent of the regulator (Ederer,
Holden, and Meyer, 2018; Oyer, 1998; Gravelle, Sutton, and Ma, 2010). That literature sug-
gests that introducing unpredictability and opacity to incentives can mitigate gaming by the
agent and improve payoffs for the regulator. Both our model and Okat (2016) predicts that
random and less frequent enforcement hinders or delays agents’ learning about the weaknesses
of the auditing process. Our results call into question any enforcement mechanism that eco-
nomic theory deems “most efficient” without grappling with the (potentially unanticipated)
behavioral responses by regulated agents. We grapple with the real-world complexities of
implementing a large government enforcement program at scale, and contribute to the empir-
ical literature on the effects of monitoring and penalties (Boning, Guyton, Hodge, Slemrod,
Troiano, et al., 2018; Shimshack and Ward, 2005; Gray and Shimshack, 2011; Hansen, 2015;

3We use the gendered term “fishermen” because every single fisher we interviewed in Chile was a man.



CHAPTER 3. ENFORCING REGULATION UNDER ADAPTATION 68

Pomeranz, 2015; Johnson, Levine, and Toffel, 2019). The most closely related paper to ours
is Banerjee et al. (2017)’s policing intervention to curb drunk driving in India, where they
randomized fixed vs rotational checkpoints (akin to our unpredictable monitoring) as well as
the frequency of monitoring. They estimate a model of driver learning, and infer evidence
of strategic responses.

Beyond regulation and enforcement, we show that an easier-to-implement consumer in-
formation campaign is almost as effective in curbing the illegal activity as direct monitoring.4

We generate evidence on the real world challenges to implementing an auditing scheme in
one specific sector, but the sector and policy we study are globally relevant and important.5

FAO (2014) estimates that 31.4% of the world’s fish stocks were over-exploited to biologically
unsustainable levels in 2013, up from 10% in 1974. Costello, Ovando, Hilborn, Gaines,
Deschenes, and Lester (2012) reports that over-exploitation is worse in small-scale fisheries
like the one we study, and such fisheries represent the majority of the global catch. Illegal
fishing accounts for US$10-23 billion worth of fish each year. Fishing bans of the type we
study in Chile are in effect in many countries around the world, including China, Fiji, India,
Ghana, Bangladesh, Peru and Myanmar. Some of these other policies are extremely similar
in structure to the Chile hake ban, such as a 22-day ban on selling Hilsa fish in Bangladesh
during the fish’s reproduction period, and a 60-day ban on silverfish in Peru.6

The paper is organized as follows. We describe the context and experimental design in
section 3.2. Section 3.3 develops the theory of learning. Section 3.4 describes data collection.
Section 3.5 presents the empirical strategy and results, section 3.6 documents spillovers and
market equilibrium effects, and section 3.8 concludes the paper.

3.2 Background and Experimental Design

Context

With around 4,000 miles of coastline, Chile is one of the top ten fish producers in the
world (FAO, 2014). However, as in many other low and middle-income countries, the marine
ecosystems have been threatened by over-fishing. The Chilean government has passed various
regulations to protect threatened species over the last 20 years, including restrictive fishing
quotas and fishing ban periods. However, the fish population has continued to decrease, with
72% of species rated as overexploited or collapsed by 2015 (Subpesca, 2015).

4Like our consumer information campaign, many other papers have evaluated indirect strategies in pursuit
of social goals, in environments where enforcement is expensive or difficult (Johnson, 2016; Jin and Leslie,
2003; Reinikka and Svensson, 2005; Alm, Jackson, and McKee, 2009; Shimeles, Gurara, and Woldeyes, 2017;
Kollmuss and Agyeman, 2002).

5FAO (2007) emphasizes that “90 percent of the 38 million people recorded globally as fishers are classified as
small-scale, and an additional more than 100 million people are estimated to be involved in the small-scale
post-harvest sector.”

6See http://www.newagebd.net/article/52220/22-day-ban-on-hilsa-fishing-from-oct-7 and
https://elcomercio.pe/economia/peru/produce-establece-veda-nacional-pejerrey-60-dias-noticia-543012
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The majority of people carrying out fishing activities are small-scale and artisanal fish-
ermen. Small-scale fishermen contribute almost 40% of the national fishing volume, and up
to 75% of the hake fish market. Artisanal fishermen are organized in fishing villages called
Caletas. Around 76% of the caletas are located in rural areas along the extended Pacific
coast, and they are highly spatially dispersed (Subpesca, 2013). Their geographic dispersion,
informality, and the small-scale of operations of each individual fisherman make it difficult
for the government to monitor their activities. The absence of alternative income-generating
activities for these fishermen has also make it difficult to change the norms regarding “ap-
propriate behavior” in this industry. Furthermore, poor small-scale fishermen do not readily
accept government-imposed restrictions, and they have organized and unionized to create
political opposition to government policies that restrict fishing.

The Pacific Hake is the fish low and middle-income Chileans consume most, and also
one of the most important sources of protein for this population. The domestic hake market
is served entirely by the domestic supply. Imports and exports of hake are quite uncom-
mon. In an effort to protect the hake population, the Chilean National Marine Authority
(Sernapesca) and the central government have enacted various policies including restrictive
fishing quotas and a one-month ban on fishing and selling hake during the fish’s September
reproduction cycle. Due to difficulties in enforcing the ban, the hake population is now
critically threatened, and has shrunk to 18% of its long-term sustainable level (Subpesca,
2015).

Supply Chain of Illegal Fish

Caletas: Coastal Villages where Artisanal Fishermen Bring in their Catch

Most of the illegal hake fish is captured by small-scale rural fishermen operating out of
hundreds of caletas dotting the coastline. Each caleta contains between 10 and 100 fishing
boats. Boats are about 20 and 30 feet in length, and operated by two to three fishermen
(see Figure C.1.1). The fishermen operating out of each caleta are organized as a union to
internally distribute the fishing rights allocated to that caleta. In practice, each fisherman
captures illegal, undeclared fish beyond the allocated quota. WWF (2017) estimates that the
amount of hake fished by small-scale artisanal fishermen are between 3.8 and 4.5 times the
legal quota. As a result, the artisanal sector is responsible for 75% of the hake fish supplied
in the market, even though they hold only 40% of the “official” hake quotas.

Fishermen go fishing using artisanal boats and nets at night and sell fish after sunrise.
They are able to target specific fish types by varying the location and depth at which the
nets are dropped. The fish is sold directly at the docks to three types of buyers: (1) fish
vendors who buy the fish to sell them in local markets, (2) intermediaries who supply fish
to vendors located in places further from the coast, and (3) households who live close to
the caleta and buy the fish for their own consumption. There is very little use of ice and
refrigeration at this point in the supply chain. The fish that vendors sell in local markets is
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typically fresh, and captured the night before. Table C.3.3 in the Appendix describes caleta
characteristics.

Ferias: Outdoor Markets where Hake is Sold

The majority of hake-fish sales to final consumers occur in ferias, which are outdoor urban
markets organized by municipalities. Each vendor pays a fee every six months to rent a
selling spot in the market. In addition to fish, ferias sometimes contain stalls offering fruit
and vegetables, clothes and other products.

Ferias are typically navigable only by foot, and each feria serves a limited geographic area
of surrounding neighborhoods. To cover more neighborhoods, the vendors rotate between
different ferias in a pre-set pattern - typically setting up in the same location twice a week.
For example, they may sell at a first feria every Sunday and Wednesday, at a second feria
every Tuesday and Friday, and at a third feria every Thursday and Saturday. The group
of vendors who move together across neighborhoods is called a circuit. A semi-annual fee
paid by the vendor to the municipality covers her inclusion in the entire circuit, so the same
group of vendors typically rotate across neighborhoods all together. Vendors are not allowed
to sell in public places other than ferias.

Each municipality typically organizes one circuit of vendors. Large municipalities may
have more than one circuit. In such cases, the municipality area is divided in such a way that
there is no geographic overlap between circuits. Figures C.1.2 and C.1.3 in the Appendix
provide visual examples of ferias and circuits. Table C.3.1 describes observable characteristics
of fish stalls in ferias.

Experimental Design

This study was implemented in close collaboration with the Chilean National Fish Service
(Sernapesca), who has the ultimate regulatory authority over fishing activities in the coun-
try. Our implementing partner’s goal from this project was to limit hake fishing, sales and
consumption during the September ban. It is practically and politically very difficult for
them to directly regulate fishermen, because their activities occur out in the water at night,
and because the fishermen operating out of the geographically dispersed caletas are polit-
ically organized. Sernapesca therefore expressed an interest in exploring options to better
regulate the fish sales at ferias where hake is most commonly sold.

Sample

We conduct our experiment in the five central regions of Chile, which is home to 74% of
the Chilean population. The caletas located along the coastal villages and cities scattered
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across these five regions account for 98% of all hake fish harvested in Chile. We conduct our
experiment in all ferias in these regions except for the city of Santiago.7

An important benefit of conducting the experiments at such a large and comprehensive
scale is that it allows us to track any displacement of illegal hake sales towards control
markets, because all potential markets (including ones where the interventions were not
applied) are in our database. This allows us to trace the market-level equilibrium effects of
our interventions. We collected data on the universe of circuits in our sample area, and from
every fish vendor operating in those circuits. We mapped all ferias served by each caleta
where the fish are caught. The unique long and thin geographic shape of Chile means that
ferias are generally located very close to the caletas from where they source fish (22 miles
away on average). This made it relatively easy to connect vendors to the fishermen they
source from, and trace how the effects of our interventions are transmitted along the supply
chain for hake fish.

There are 280 ferias (fish markets) operating in the 70 municipalities in our sample, and
these ferias are organized into 106 separate circuits. In order to identify and map all ex-
isting ferias and circuits, we combined administrative data from multiple sources (Ministry
of Economics and Sernapesca) along with information gathered from phone conversations
with staff in every municipality. We then used Google Maps to define the consumer “catch-
ment area” for each feria. We identify the neighborhoods which are likely served by each
feria, considering the walking distance and road accessibility from the neighborhood to the
feria, as well as the residential versus commercial/industrial characteristics of the neighbor-
hoods. The location of the ferias and their organization as circuits were important for the
design of our enforcement intervention. The definitions of the residential neighborhoods and
their connections to each feria were important for the design of our consumer information
campaign.

Interventions

This study experimentally evaluates the effects of two interventions that aimed to reduce
illegal sales of hake during the September ban period. Enforcement targeted the supply of
hake by monitoring vendors and enforcing penalties on those found to be selling illegal hake.
The Information Campaign was designed to sensitize consumers about this environmental
problem and discourage hake consumption during the ban, in order to lower the demand
for hake.

Design of Enforcement Intervention

The supply-side enforcement intervention deployed government officials from Sernapesca to
periodically visit ferias where fresh hake is usually sold, and levy fines if vendors are caught

7Santiago is unique in that there is one big centralized fish market called Terminal Pesquero Metropolitano
(TPM) where vendors buy from intermediaries to re-sell at neighborhood ferias. TPM is already well-
monitored by Sernapesca, and our interventions therefore did not need to be implemented there.
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illegally selling hake during the September 2015 ban period. A enforcement visit consisted
of two Sernapesca officials visiting all fish stalls in a market. The officials were instructed
to follow the usual Sernapesca protocols to search for illegal fish at each stall.8 Our conver-
sations with vendors prior to September 2015 suggested that they were already well aware
of the hake ban. The most important change in 2015 compared to earlier years was that
the enforcement activities were applied more consistently and regularly. As a part of this
randomized controlled trial, Sernapesca agreed to conduct this monitoring at specific loca-
tions and according to schedules defined by the research team. Sernapesca shared the details
about their monitoring activities with the research team. The punishment for illegal sales is
a US $200 fine plus confiscation of the illegal fish. $200 is equivalent to two weeks of earnings
for the average feria vendor, so this represents a significant threat.

We anticipated that fish vendors would react to the enforcement activity by devising
new defensive strategies that would help them avoid paying fines. We introduced random
variations in enforcement policy design to investigate mechanisms that may be robust to
agents’ efforts to circumvent policy:

1. Predictability: We randomly varied the ease of predictability of the enforcement. In
some areas, Sernapesca monitors followed a consistent schedule (e.g. M,W at 9am)
while in other areas, they were asked to follow a less predictable schedule defined by
the research team. The research team randomly varied the day in which the visit
is deployed in any given week, keeping constant the total number. The latter is a
more expensive enforcement strategy because it requires having monitors on-call for
longer windows. This strategy was therefore practically more difficult for Sernapesca
to implement.

2. Frequency: We randomly varied audit frequency at the circuit level, so that some
groups of vendors only received one visit per week, while others were visited multiple
times at the various locations in the city where they set up on different days of the
week. Increasing the frequency of monitoring visits is more expensive, but it may limit
vendors’ ability to relocate illegal hake sales spatially and inter-temporally during the
week. On the other hand, it may also accelerate vendors’ learning about audit patterns,
and deploy effective defensive actions more quickly.

Enforcement activities were randomized at the circuit-level, covering all 106 market-
circuits. This randomization was stratified to ensure balance with respect to a few important
spatial and market characteristics: Whether the circuit (a) was located in a coastal munic-
ipality, (b) was the only one operating in its municipality, and (c) served geographically
isolated communities.

8The enforcement protocol used in September 2015 was ‘business as usual’, with no additional instructions to
the inspectors. The study design was negotiated at a higher level, and most of the inspectors did not know
about the existence (or aim) of the study. They merely followed instructions on where and when to visit
markets.
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Design of Information Campaign

The demand-side intervention was a marketing campaign designed to inform consumers
about the September ban on hake sales. Sernapesca distributed letters, flyers and hanging
posters in the residential neighborhoods randomly assigned to this intervention. The message
contained in the flyers and posters was simple: “In September, Respect the Hake Ban.” The
letter, signed by the Director of Sernapesca, included three paragraphs. The first paragraph
informed readers about the hake ban every September. The second noted the decline in the
hake population to a critical level as a result of over-exploitation, and the third encouraged
consumers to not consume hake this month. Appendix C.1 shows samples of flyers and the
letter. In previous years, Sernapesca used a smaller budget to place informational ads in
newspapers and highway billboards. Information was distributed directly to consumers at a
household level for the first time in 2015.

Using our mapping exercise described in section 3.2, and combining it with the loca-
tion of major roads and crossings, we define boundaries of neighborhoods and divide the
municipality up such that the population-size of neighborhoods would be roughly equal.
We conducted this intervention in the 48 most populated municipalities and identified 270
distinct neighborhoods in those municipalities. Figure C.1.7 provides example maps. The
randomization procedure was as follows:

1. First, 18 of the 48 most populated municipalities were assigned to a high saturation
information treatment, 17 to a low saturation information treatment, and the remaining
13 municipalities did not receive the letters, flyers or posters. “High saturation” was
defined to be a case where two-thirds of the neighborhood in the feria’s catchment
area would receive the letters, flyers, and posters. In the low saturation treatment
area, only one-third of the neighborhoods received those mailings. We randomly varied
the proportion of neighborhoods receiving the treatment to examine whether there are
larger changes in norms regarding the acceptability of inappropriate or socially harmful
behavior when households observe that many of their neighbors simultaneously receive
the same information about the illegality of hake consumption.

2. Second, specific neighborhoods within each high or low saturation information treat-
ment area were randomly chosen to receive the treatment.

3. Third, we randomly selected around 200 addresses in each of 102 neighborhoods, and
mailed out letters to each of those 20,400 addresses. 200 letters cover roughly 15% of
all potential addresses in a representative neighborhood. Based on information from
the postal service, we subsequently learnt that at least 13,000 letters were correctly
delivered.9 80,000 flyers were distributed by trained field personnel to people walking

9Although 13,000 were explicitly tracked, it is likely that around 16,500 were actually delivered, because
the postal service did not receive any delivery failure notice in those cases. We inferred and constructed
addresses using Google maps, and many of those addresses did not actually exist. That was a leading cause
of delivery failure.
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in the streets, and directly to households within the 102 treated neighborhoods. 3,000
posters were placed around treated neighborhoods where they would be publicly visible,
such as at bus stations, community centers, and street intersections.

Cross-Randomized Experimental Design

The enforcement treatment and the information campaign were cross randomized in a 2x2
experimental design so that we could study potential complementarities between the two
approaches. The first panel of the table 3.1 lists the number of circuits assigned to each of
the four treatment cells.

The majority of markets were assigned to Enforcement because that column contains
additional sub-treatments in which we conduct experiments on variation in enforcement
policy design. Those variations in predictability and frequency of enforcement visits were
cross-randomized so that we have sufficient statistical power to study the effect of each
variation, one at a time. The scond panel of the table 3.1 shows the number of circuits
assigned to each sub-treatment cell. To study the effects of predictability of enforcement, we
will compare the 39 circuits where Sernapesca monitored on a predictable schedule against
the 44 circuits where they monitored on an unpredictable schedule. Similarly, to study the
effects of audit frequency, we will compare the 34 circuits assigned to high-frequency against
the 49 circuits assigned to low-frequency.10

Tests of the information campaign saturation effect (i.e. proportion of neighborhoods
around markets that are simultaneously sent letters and flyers), will compare the 30 circuits
randomly assigned to a low-saturation campaign (where a third of neighborhoods received
letters and flyers), against the other 26 to a high-saturation campaign. We are able to control
for other dimensions of random assignment whenever we focus on the effects of one particular
dimension. Each of our treatments could have spillover effects on control markets, and we
discuss those issues in section 3.6.

3.3 Model of Enforcement

We formalize the decision-making process of a vendor who chooses whether to sell hake
illegally, in order to develop empirical predictions we test with daily data from markets. In
the process, we develop insights on the nature of learning and adaptation.

Setup

A risk-neutral vendor chooses whether to sell illegal hake in each period t ∈ N. Selling hake
has a fiduciary benefit of v > 0. Government inspectors periodically visit the vendor, and
if hake is detected, levies a monetary fine Ω > v. The vendor’s selling decision depends

10The probability of assignment to low-frequency enforcement and to un-predictable schedules was a little
higher compared to other cells. In our analysis, we will control for these differences.
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on her perceived probability of receiving an enforcement visit that day, as well as on the
likelihood of being fined if visited. The vendor can adopt (costly) defensive actions to
reduce the probability of being fined if visited. yt is a Bernoulli random variable indicating
whether there was an inspection in period t, which occurs with a stationary probability θ > 0.
Yt = ∑t−1

s=1 ys denotes the total number of visits until period t − 1.

Updating of Beliefs θ is unknown to the vendor. She forms beliefs θ̂t about each day’s
visit probability on the basis of the history of visits (y1, . . . , yt−1). We assume that the prior θ̂1

is distributed Beta(α0, α1). Since yt is Bernoulli, Bayesian updating implies θ̂t is distributed
Beta(α0 + Yt, α1 + t − 1 − Yt), and E[θ̂t] = α0+Yt

α0+α1+t−1 . The perceived probability increases with
the share of periods in which the vendor has observed a visit in the past, adjusted by the
strength of her prior (which is parameterized by α0 and α1).

Defensive Actions If a vendor decides to sell, she could either sell the hake openly or
adopt costly defensive actions that reduce the probability of getting fined when inspected.
If the vendor is inspected while selling openly, she is fined with probability one. The effec-
tiveness of defensive actions depends on how knowledgeable vendors are about loopholes in
the audit system. Vendors learn about enforcement loopholes as they receive visits.11 We
denote the probability of avoiding a fine through defensive actions g ∶ N0 → (0,1), where
g(Yt) is a strictly increasing function of the past number of inspections.12 We assume that
the vendor can never make defensive actions completely foolproof, so limY→∞ g(Y ) = ḡ < 1.

Vendor’s Problem In every period, the vendor chooses whether to sell hake openly,
defensively, or not at all. st = 1 indicates the vendor sells hake in t, and dt = 1 indicates
the vendor adopts the costly defensive action. We solve the vendor’s problem by backwards
induction: Conditional on Yt the vendor’s expected utility from each type of selling strategy:

U[dt = 0∣st = 1, Yt] = v −ΩE [θ̂t] ;

U[dt = 1∣st = 1, Yt] = v −ΩE [θ̂t] (1 − g (Yt)) − c .

Proposition 1. For any time t define the thresholds δt = c
Ωg(Yt)

and δt = v−c
Ω(1−g(Yt))

. Then

- When g(Yt) ≤ c
v , the vendor never adopts defensive actions. She sells openly if E[θ̂t] ≤

v
Ω , and does not sell if E[θ̂t] > v

Ω .

- When g(Yt) > c
v , the vendor sells hake openly if E[θ̂t] ≤ δt; sells hake defensively if

δt < E[θ̂t] ≤ δt; and does not sell hake if E[θ̂t] > δt.
11For example, if the vendor observes that the inspector is reticent to levy a fine when she freezes the hake

and claims it was caught in August, she will learn to adopt that strategy.
12This model assumes the learning takes place regardless of the action chosen by the vendor. A more so-

phisticated version could allow for action-dependent learning (bandit problem), which would add a dynamic
component. Assuming the learning is independent of the action seems somewhat realistic in our context,
and keeps the model simpler, preserving the key theoretical insights we can take to the data.
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The proof of these results are in the Appendix. For Yt high enough, g(Yt) > c
v . As g(⋅)

is increasing; (i) once g(Yt) > c
v this relation never reverses, and (ii) δt is decreasing in Yt,

and δt is increasing in Yt. Together, this implies that if it becomes sensible for the vendor
to adopt the costly defensive strategy in some period (given her beliefs), then that choice
remains optimal for all subsequent periods.

The figure 3.1a provides a numerical example of the timing and scope of adoption of
defensive actions. In the early periods, the vendor lacks experience to sell defensively. Once
the vendor accumulates more experience (Yt increases), adopting defensive actions becomes
more likely, increasing the sale of hake. The figure 3.1b shows the overall sale of hake fish.

Short versus Long Run In the long-run (as t → ∞), E [θ̂t] → θ, and vendor behavior
is governed only by the structural parameters of the model, and the learning dynamics
become irrelevant. Incentives to sell are lowered with higher visit intensity θ, higher long-
run enforcement effectiveness in the presence of vendor adaptation 1 − ḡ, and lower demand
for hake v.13

Our modeling focuses mostly on the short run learning and adaptation, because these
are the dynamics that we observe in our daily data collected during the hake ban in Septem-
ber. The short run comparative statics depend heavily on the specific form of learning and
adaptation, g(⋅) and the vendor’s prior belief (α0, α1). We focus on the most empirically
relevant case for hake sales in Chile, in which the vendor’s prior E[θ1] = α0

α0+α1
is diffuse (i.e.,

α1 ≫ α0), and she does not know the loopholes in the audit system before receiving any
monitoring visits from this novel program we implement (i.e. g(0) is small).

Section 3.3 describes comparative statics of varying enforcement design in this setting.
In particular, sections 3.3 and 3.3 discuss the implications of varying the frequency of en-
forcement visits and the predictability of the enforcement schedule in our field experiment.

Enforcement and Learning

To perform the short-run comparative statics, we use the notation ∆xt = xt − xt−1 for any
variable x, to define the effect of increasing visit frequency:

∆ (E[θ̂t](1 − g(Yt))) = (1 − g(Yt−1)) ⋅∆E[θ̂t] − E[θ̂t−1] ⋅∆g(Yt) −∆E[θ̂t] ⋅∆g(Yt)
≈ (1 − g(Yt−1)) ⋅∆E[θ̂t] − E[θ̂t−1] ⋅∆g(Yt) (3.1)

There is a threshold for the number of visits Ȳ ∈ N0
14 such that increasing inspections

beyond Ȳ has ambiguous effects on the vendor’s propensity to sell. A new visit increases
the vendor’s perceptions about the probability of future visits (∆E[θ̂t]), but also allows her
to acquire skills to circumvent the fine (∆g(Yt) is weakly positive).15 At high values of Yt,

13The specific long-run conditions are discussed in Appendix C.4
14Defined as g(Y ) ≤ c

v
if and only if Y ≤ Ȳ . Such a Ȳ exists and is unique if learning is effective enough:

ḡ > cv, and due to the fact that g(⋅) is increasing.
15At Yt < Ȳ , the vendor has not yet learned enough and the defensive strategy is still ineffective, so extra visits

only disincentivizes hake sales through updates on E[θ̂t].
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a new visit could inadvertently increase the vendor’s ability to sell hake illegally. Figure
3.1b simulates the effect on overall sales, under specific parameter values. The propensity
to sell decreases immediately after the introduction of enforcement, but increases thereafter
as vendors learn how to circumvent the enforcement. We will examine these patterns using
our daily data.

Effects of Frequency of Enforcement Visits

Increasing θ has two effects in equation (3.1): (a) the threshold Ȳ is reached faster, and (b)
E[θ̂t] increases faster as well. Greater visit frequency gives the vendor more opportunities
to learn how to avoid paying the fine if inspected. The relative effectiveness of high versus
low frequency enforcement in the short-run will depend on the specific period when the
comparison is made. Figure 3.2 numerically simulates the model for high and low frequency
of enforcement over 30 periods, under specific parametric assumptions described in Appendix
C.5. Figures C.5.2a and C.5.2b plot the vendor’s adoption of defensive strategies under those
high and low frequency enforcement scenarios. More intense enforcement initially reduces
hake sales faster (as vendors update more quickly about θ), but vendors also start adopting
defensive actions earlier. This makes high frequency enforcement relatively less effective in
later periods.

Predictability of Enforcement Visits

Vendors set up in different ferias on different days of the week, as described in section 3.2.
If auditors focus enforcement efforts in a single feria within a circuit, or on the same day
of the week, then their visit schedule becomes predictable. For simplicity, we assume that
the circuit rotates between two ferias f i, i = 1,2, and in each period the vendor has the
option to sell once in each of them.16 At the beginning of each period, the vendor decides
whether to sell in each of the ferias. Beliefs about the likelihood of a visit θt now needs a
superscript θit (i = 1,2), where i identifies each of two ferias. The vendor updates her beliefs
about the probability of a visit in each feria by looking only at the history of visits at that
feria. Appendix C.4 details why this corresponds to an optimal belief formation process. We
define predictability of the auditing schedule as follows:

Definition 1. A policy is predictable or targeted if either θ1 = 0 or θ2 = 0. A predictable
policy targets feria i if θ−i = 0. A policy is unpredictable if θ1 = θ2.

Proposition 2. Define a fixed enforcement capacity Θ = θ1 + θ2. When Θ is large enough,
the most effective policy in the long run is the unique unpredictable policy θ1 = θ2, because
that deters sales in both ferias.17

16Modeling one feria per period (say, f1 in odd and f2 in even periods) yields the same qualitative insights.
17This is true for Θ ≥ 2δ∞, where δ∞ = limYt→∞ δt =

v−c
Ω(1−ḡ)

(see Proposition 1). At lower enforcement capacity,

the regulator might do better by targeting a single feria, as explained in Appendix C.4
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With fixed enforcement capacity, learning occurs at the same rate under either a targeted
or an unpredictable policy. However, vendors are more likely to adopt defensive actions in the
targeted feria under the predictable policy, while the probability of selling in the non-targeted
feria inevitably will tend to one. We simulate the effects of predictable and unpredictable
policies on hake sales in each feria in Figure 3.3a. Vendor selling strategies diverge between
the targeted and non-targeted ferias, and under most functional forms, the unpredictable
policy is more effective on average. Sales fall sharply immediately after the introduction of
the enforcement, but this is only true for the targeted feria under the predictable policy.
This is why the predictable policy is less effective overall.

Model Predictions

The model provides specific empirical predictions that we can use our field experiment to
test:

(1) Increasing the frequency of enforcement has ambiguous effects on sales in the short-run.

(2) Predictable enforcement is less effective in the short-run.

(3) The probability of selling is not stable, but varies over time as vendors learn and adapt.

(4) Vendors shift sales away from ferias targeted by enforcement schedule to non-targeted.

(5) Vendors exposed to enforcement will learn and adopt defensive actions after a few
periods.

(6) The information campaign reduces hake sells both in the short-run and the long-run.

3.4 Data

We deployed “mystery shoppers” to surreptitiously gather information about hake availabil-
ity in fish markets, once during the ban (September 2015) before and after our interventions,
and again six months later in March 2016. We conducted two rounds of surveys of consumers
during those same two periods. We also surveyed fishermen at caletas and vendors at ferias
to map the fish supply chain and investigate spillovers. Figure 3.4 describes the timing of the
interventions and data collection activities. In total, seven different data sources are used in
the analysis.

Mystery Shopper Surveys

For us to reliably measure illegal activity, fish vendors cannot know that they are monitored.
This poses an interesting data collection challenge. To develop a strategy to address this
challenge, the research team visited dozens of ferias before the ban to understand the market
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structure and relationships between vendors and consumers. We learned that vendors do
not know most shoppers, so an unfamiliar face will not necessarily raise suspicion. This
made it a good environment to deploy mystery shoppers and collect data surreptitiously. 29
enumerators were trained to work as mystery shoppers. They were mostly women between
the ages of 40 and 50, because this demographic group represents the typical feria customer
profile. The mystery shoppers were trained to look and act like ordinary shoppers, to pose
as buyers and (try to) purchase hake fish from the vendors. Mystery shoppers were not told
the treatment status of any market, to guard against the possibility that they inadvertently
behaved differently in treatment and control markets. They visited each circuit three times
on average during the September ban. We conducted an additional round of mystery shopper
visits in March 2016 to track longer term effects outside the intervention period.

These mystery shoppers gathered information on whether it was possible to buy hake,
and the market price of the fish. They also collected information on what else was available
for sale at the fish stalls and their prices, and to note down what was being purchased by
other shoppers in their presence. The visit protocol was piloted and refined through multiple
pre-period visits to ferias to make sure we elicited the required information without raising
suspicion. Given this methodology, we could not collect information about the total quantity
of hake being sold, because that would be unnatural for a typical shopper to ask about, and
it would have made the vendors suspicious. The main outcome variable that this survey
therefore produces is an indicator for whether it was possible to buy hake at any particular
stall. The mystery shoppers also noted down general characteristics of the stall and vendor.
They also wrote down notes on the behavior of fish vendors, including conversations occurring
in their presence. This is how we learned about the practice of selling “frozen hake”, where
the vendor kept the fish on ice and claimed that it was caught legally in August. Many of
those same vendors admitted to our mystery shoppers that the “frozen” fish was in fact,
fresh.

Identifying Defensive Strategies

Defensive strategies are at the heart of our theory on learning and adaptation. These are
normally difficult to observe because they are illegal and designed to be hidden. However,
our data collection strategy was designed to uncover such hidden actions. Mystery shoppers
uncovered two strategies most commonly used by vendors to circumvent enforcement: They
hide the hake they sell (instead of displaying it openly), and they put the fish over ice and
claim that it was caught legally in August, and frozen since then. There are other possible
illicit reactions that are impossible for mystery shoppers to observe safely, such as bribes
paid or threats issued during vendor-inspector interactions.

Hiding: Mystery shoppers were trained to ask vendors for hake even if it was not visibly
on sale in the stall. They noted down each occurrence of “hidden hake”, but we never
shared the specific vendor or feria identity with our government partners, so as to protect
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vendor privacy and abide by our research ethics protocol. These data were very useful for
the evaluation, but were never used to target enforcement.

The hidden hake fish was often stored in a cooler behind the board that displayed the
stall’s fish prices. This is costly for vendors, because displaying the fish available for sale
and attracting customers’ attention are the main marketing tools at the vendors’ disposal.
Many of our mystery shoppers noted down in survey instruments that they observed regular
consumers asking vendors for hake when it was not visible. The hiding strategy evidently
works because many consumers are willing to partake.

Freezing: On paper, vendors are not allowed to sell hake fish in any form in September.
In practice, Sernapesca inspectors were more lenient with vendors who were detected selling
“frozen” hake. This is the practice of freezing the fish on ice and claiming that it was
harvested in August, before the ban. We had not anticipated this reaction, but a couple
of our mystery shoppers noted the practice for us early enough such that we were able to
collect systematic data on it. Matching our mystery shopper data at the daily level to the
administrative data on fines levied (from Sernapesca’s registry of inspector visits) suggests
that inspectors were much less likely to levy penalties when the vendor was claiming to sell
“frozen” hake.

Selling frozen hake is costly for vendors because consumers prefer the taste of fresh fish,
and because freezing requires freezers and access to electricity. Using our other rounds of
data, we see that freezing is virtually non-existent during the rest of the year. So this does
appear to be a strategy that vendors use to circumvent the September ban.

Consumer Surveys at Fish Markets

We also surveyed consumers before and after the ban period. A separate team of enumera-
tors (distinct from our mystery shoppers) stopped consumers close the points of entry and
exit for the fish market, and asked questions with a survey instrument in hand. To encour-
age unbiased responses, enumerators informed consumers that the survey was conducted by
university-based researchers, and that it aimed to gather information about food consump-
tion in ferias. They were not asked to provide any personal identifiable information, and
we only inquired about the list of food purchased in the feria in the past month - avoiding
asking direct questions about the consumption of hake. We also asked consumers to provide
a sense of their home location on a physical map we carried, so that we could match their
residence to the neighborhoods assigned to the information treatment.

In total, 3,300 consumers were surveyed in October 2015 through 54 enumerator visits,
and 3600 in March 2016 through 95 enumerator visits. This produces two rounds of a
repeated cross-section; the same consumers were not followed over time.
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Survey of Vendors at Markets and Fishermen at Fishing Villages

We surveyed fish vendors in every market in our sample in June 2016, which is outside the
hake ban period. We asked vendors about the suppliers and intermediaries they source their
fish from, so that we could map out the supply chain. We also asked vendors about their
contacts with fish vendors who operate in other circuits, in order to study spillover and
network effects.

To understand whether the effects of our interventions were transmitted upstream via the
supply chain, we conducted a survey of fishermen during July-August 2016 in every coastal
village in the region where hake fish is caught and distributed. We surveyed 231 fishermen
from 74 fishing villages (caletas). Figure C.1.4 in Appendix C.1 contains a map of all caletas
and fish markets.

Surveying fishermen was valuable for two reasons. First, the interventions were designed
to ultimately reduce illegal fishing, so understanding the activities of the fishermen is essential
for public policy. Second, the treatment effects may have spilled over to control areas if
treatment and control markets are served by the same fishing village. Understanding these
supply-chain connections are important for analyzing spillovers. Figure C.1.8 organizes our
interventions and data collection activities along the supply chain for fish.

3.5 Results

We report experimental treatment effects first, and then use the daily data to test the model’s
predictions on learning and adaptation. We registered this trial in the AEA registry before
data collection was completed. Our approach to analysis and the outcome variables we
focus on closely mirror the project narrative we uploaded before we had access to any data.
We highlight the most notable departures from the pre-analysis plan (PAP) in Appendix
section C.7. We did not delve into the details of testing a model of learning in the PAP.
The various treatment arms appear well balanced in terms of baseline socio-economic and
weather characteristics. Details are provided in Appendix C.3.

Empirical Strategy

Mystery shoppers visited several stalls in each market multiple times in September 2015.
These visits created a stall-day level panel dataset of 906 visits. The first enforcement
visit to various markets by Sernapesca officers occurred between Sept 4 and 10. Our panel
data consists of 242 visits during the pre-enforcement period, plus 664 visits during the
post-enforcement period. We use the following regression specification to evaluate the inter-
ventions, where each observation refers to a mystery shopper visit at fish stall s, in feria f ,
from circuit c visited on day t:

ysfct = β0Postt + β1Tc + β2Tc × Postt + β3ysfc0 +Xct
′β4 + εsfct (3.2)
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ysfct is the outcome variable, such as an indicator for whether illegal hake fish was avail-
able at that stall on that day. The treatment assignment (Tc) varies at the circuit level.
The variable Postt indicates the post-intervention period, September 8-30.18 We control for
weather on each day, whether the inspector visited the market that day, a few socioeconomic
covariates (e.g. municipality crime rate), randomization strata fixed effects, and the base-
line (pre-intervention) value of the dependent variable. The error term, εsfct, is clustered
at the circuit level, which was the unit of randomization. The coefficient of interest for the
evaluation is the parameter β2, which captures the difference between treatment and control
groups during the post-intervention period. In most of our tables, we will only report the β2

coefficients, and suppress all others.
To study consumer fish purchase behavior, we use surveys of consumers conducted at

ferias. We use the following regression specification to evaluate the effect of interventions,
where each observation refers to a to a single consumer i, surveyed in feria f , from circuit c:

yifc = γ1Tc +Xic
′Γ + εifc (3.3)

Where yifc is the outcome variable, such as the number of times the consumer pur-
chased hake fish in the past month. Tc is the treatment status at the circuit level, and Xic

represents a set of covariates, including socioeconomic characteristics of the municipality,
individual demographics (usual fish consumption, age, gender, and household income) and
strata fixed effects. Consumers are assigned treatment status based on the feria where they
were interviewed.19 Standard errors are clustered at the circuit level.

Treatment Effects on Hake Sales Observed by Mystery Shoppers

Column 1 of Table 3.2 shows the effect of the interventions on whether fresh, visible hake
was available for sale in that stall, as detected by mystery shoppers. Column 2 shows effects
on whether hake in any form (fresh and visible, hidden in the back, or “frozen” hake that
is kept on ice) was available for sale. Each dependent variable is binary, and we report
marginal effects from a Probit regression. The table 3.2 presents the coefficients of interest
of regression equation 3.2, which track the effects of the demand-side information campaign,
the supply-side enforcement treatment, or the interaction between the two (ferias where both
interventions were simultaneously administered), during the post-intervention period.20

18Many of the information campaign letters arrived at households even after September 8. There are other
reasonable ways to define the post-intervention period, and we make a conservative choice. We have verified
that the exact definition of the post intervention period does not affect our main results.

19While that is the only sensible choice for the enforcement treatment, we could have also used the person’s
address to link them to the information treatment. Results look very similar either way, and we have
imperfect information on individual addresses, so we use the feria location.

20We randomized the Information Campaign over the subset of the 48 most populous municipalities in our
sample (out of 70 total). We control for an indicator for these 48 municipalities in all our regressions. We
have also run regressions restricting the analysis sample to these 48 municipalities, and the results look very
similar.
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In column 1, vendors in markets exposed to the information campaign are 13.3 percentage
points less likely to be selling fresh, visible hake relative to control group vendors.21 This is
quite a large effect, considering that about 43% of vendors in control markets were selling
hake before the interventions were launched. Vendors operating in markets where Sernapesca
monitors visit to levy penalties become 17.8 percentage points less likely to sell fresh, visible
hake. The combination of the two treatments also produces a 17.9 percentage point decrease
in hake availability, so there is no evidence that the information campaign complements the
enforcement strategy to make it more effective.

When we add “hidden” and “frozen” hake to fresh/visible hake sales in column 2 to
create a broader dependent variable that captures any type of hake sales, the enforcement
treatment effects become smaller and lose statistical significance. Taken together, the two
columns suggest that while the interventions reduced vendors’ propensity to engage in illegal
activity that could be easily monitored by regulators (visible sales in column 1), it is not
so clear whether it actually reduced the underlying environmental harm that we care about
(column 2). The reduction in the size of the treatment effect moving from column 1 to 2
stems from the defensive strategies that vendors adopt in response to the audits.22

Consumer Behavior

We consider the mystery shopper data to provide the most reliable measure of illegal behav-
ior, but the consumer surveys at markets allows us to report changes in purchase patterns
during the ban. The first column of Table 3.3 shows treatment effects on the number of
times that consumers report buying hake fish during the previous month. The reported
coefficients are marginal effects from a Poisson regression, evaluated at the mean of all co-
variates. We see significant decreases in (self-reported) hake purchase across all treatment
arms, and so results are generally consistent with the mystery shopper survey. However, in
these consumer reports, the treatment effects appear larger in information campaign areas
where purchases decrease by 50% compared to the control group. This may be because the

21The “Information Campaign” group is a marker for circuits located in municipalities assigned to receive
the High-Saturation Information Campaign, where the majority of neighborhoods were treated with the
campaign. Appendix Table C.3.4 explains why we made this modeling choice. Our consumer survey data
indicates that the majority (69%) of shoppers we found shopping at ferias located in “control” neighborhoods
in high-saturation treatment municipalities resided in neighborhoods that were treated. It therefore makes
more sense to code such ferias as ‘treated’ with the information campaign. Appendix C.3 shows the results
of re-estimating the results in Tables 3.2, but reverting to coding ferias in control neighborhoods as not
treated with information. The results are qualitatively similar. The high-saturation information treatment
has significantly larger effects on hake sales than the low-saturation treatment.

22It is curious that the control group experienced larger reductions in “any hake” (column 2) than in “fresh,
visible hake” (column 1). This is because a few control group vendors practiced freezing during the pre-
intervention period (first week of September), but they stopped doing so after the interventions started.
Apparently vendors in the control group learnt that there would not be much enforcement in their ferias,
and reacted accordingly.
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direct communication consumers received through the information treatment created some
self-reporting bias.

Consumer behavior was also indirectly influenced by the enforcement activity. Not only
did self-reported hake purchases decrease there relative to control markets, the third column
also shows that consumers were about twice as likely (or 8-11 percentage points more likely)
to mention to our enumerators, totally unprompted, that they did not buy hake because there
was a September ban in place. Our enumerators did not ask consumers any questions about
the ban, but were instructed to note down whenever a consumer spontaneously mentioned
the ban. Consumers treated with the information campaign were 15 percentage points more
likely to mention the September ban unprompted, so evidently the treatments were at least
successful in spreading more information and awareness relative to control areas.

Variations in the Design of the Enforcement Strategy

We experimentally manipulated the enforcement schedule in two dimensions: Predictability
and Frequency. Table 3.4 uses the mystery shopper data, and repeats the regression setup
of Table 3.2, except that the enforcement treatment is now sub-divided into areas where
the monitoring schedule was either predictable or unpredictable (column 1), or sub-divided
into areas where monitoring was conducted at high versus low frequency (column 2). These
provide direct tests of Predictions (1) and (2) highlighted in Section 3.3.

The first column shows that the enforcement strategy was more effective when it was
unpredictable. When enforcement follows a predictable schedule (e.g. every Tuesday at
10am), its effect is not statistically different than zero. However, when we make the moni-
toring visit schedule difficult for vendors to predict, we see that there is a much larger and
statistically significant decrease of 19 percentage points in vendors’ propensity to sell hake,
even after we account for vendor defensive reactions like hiding and freezing. The effect of
the unpredictable schedule is statistically significantly larger than predictable enforcement.
The lack of predictability makes it difficult for vendors to anticipate the visit pattern and
deploy effective defense.

The second column shows results separately for the subgroup of vendors who received
monitoring visits once a week (low frequency), and other vendors who were visited twice a
week, which means that monitors followed a circuit around in the different market locations
where those vendors set up stalls on different days of the week (high frequency). The high
frequency visits in principle limit opportunities for spatial and temporal displacement of
illegal hake sales. The strategy of devoting additional resources to enforce at high frequency
backfired. Enforcement is more effective at reducing hake availability in markets that were
visited less frequently. Although the 9.2 percentage point gap between low and high frequency
is meaningful in magnitude, it is not statistically significant.
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Evidence on the Process of Learning and Adaptation

Number of Visits: In this section, we study some of the specific theoretical predictions on
how vendors learn and adapt to enforcement by merging our daily data collected via mystery
shoppers with the administrative data from Sernapesca inspectors. Observations made by
mystery shoppers at a specific feria on a given day are linked to the history of enforcement
visits in that feria and circuit. Appendix C.3 describes Sernapesca’s enforcement activities
in more detail. We organize the data this way to test Prediction (3) from Section 3.3 that
vendors’ propensity to sell would not remain stable as they learn about enforcement and
adapt.

Figure 3.5 compares the week-to-week behavior of vendors exposed to different frequencies
of enforcement. Consistent with the theory of learning, the two treatments produce similar
effects at the beginning of the month, but effects diverge over time. Vendors exposed to
higher visit frequency sell more hake, not less by the end of the month. This is consistent
with the idea that more interactions with auditors allow vendors to learn about enforcement
loopholes and adopt defensive strategies.

Figure 3.6 plots the likelihood of selling hake on a given day as a function of the number of
inspections received at that feria until that day.23 We see that receiving more visits reduces
the probability of selling over time. However, the effect is non-linear: Earlier visits have a
larger effect on reductions in hake sales than subsequent visits. This is especially true in
the experimental arm with a predictable visit schedule. This differential effectiveness over
time in the predictable arm was also evident in the theoretical simulations [Figures C.5.4a
and C.5.4b]. The intuition is that vendors learn that one of the ferias where they sell is not
being targeted, and continue selling illegally at that location.

Schedule of Visits: We test this intuition directly in Appendix C.3 using within-circuit
variation to study whether the same vendor shifts sales to non-targeted days and markets.
Each fish vendor rotates between ferias within a circuit on different days of the week in a
pre-determined pattern. We see substantial evidence supporting the this form of day-of-week
displacement (model Prediction (4)).

In Appendix Table C.3.10, vendors who experienced inspections in different ferias on
different days of the week (DOWs) reduce hake sales by an extra 9 percentage points (p-
val¡0.01) in the second half of the month, relative to vendors who were targeted at a single
feria always on the same DOW. Furthermore, Tables C.3.11 and C.3.12 study vendors’
decisions to sell hake in the non-targeted feria in the second half of the month in circuit-
fixed-effects regressions. We see that the same vendor sells more at markets and weekdays

23The estimates are obtained from the following regression specification:

Ysfct =
N

∑
n=0

(βP
n × 1(#Enfct = n) × Predc + β

U
n × 1(#Enfct = n) ×UnPredc) +Xct

′Γ + εsfct (3.4)

The term 1(#Enfct = i) indicates circuits that have been visited n times by Sernapesca officials at the
moment the secret shopper collected the data.
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where she did not experience a visit, relative to another market/weekday where she did, and
is also more likely to shut down her stall entirely in the “targeted” market.

This behavior closely resembles the theoretical simulations displayed in Figure 3.3, where
we explain how the shift in sales towards non-targeted ferias results in the relative ineffective-
ness of the predictable schedule of enforcement. We relegate this “within-circuit” evidence
to the appendix, because Sernapesca chose which feria to visit within each circuit partly
based on logistical considerations, and this variation therefore cannot be treated as random.

Defensive Strategies We now study defensive strategies highlighted in Prediction (5) in
section 3.3. Our mystery shoppers collected systematic data on vendors’ propensity to sell
“hidden” fish from the back that was not displayed at the stall, and “frozen” fish that they
claimed was caught in August. Hiding was clearly used as a defensive strategy to circumvent
the September ban: we conducted another mystery shopper survey six months after the
ban, and we did not observe even a single stall selling fish that was not publicly visible at
that time. There are several pieces of circumstantial evidence in our data that freezing is
also pretense; that fishermen and vendors are not actually protecting the environment by
catching fish in August and freezing it until September. First, we document more freezing
in the second half of September 2015 than during the first half, after vendors have had
a chance to learn about the enhanced regulatory activities. Real freezing would have been
much less costly to engage in during the first half of the month. Second, we collected data on
stall characteristics, and availability of a freezer in a stall is not at all predictive of freezing.
If anything, our mystery shoppers find that stalls without freezers are more likely to be
selling frozen fish post-intervention. Third, many secret shoppers noted down that in their
conversations with vendors, many vendors admitted (and even insisted) that the fish was
fresh even though it was labeled as frozen.

Figure 3.7 shows the prevalence of freezing and hiding across treatment groups. We divide
up the control group into markets that have another circuit that is randomly assigned to
enforcement within 10 kilometers (to capture any information spillovers), and pure control
markets that are more than 10km away from any treated area. Several notable patterns
emerge:

1. We do not observe any hiding or freezing at all in pure control markets in the post
intervention period. In contrast, 7.2% vendors operating in circuits that received Ser-
napesca inspector visits sell frozen fish (p-value ¡0.01), and 3.2% of those vendors
engage in hidden hake sales (p-value 0.01).

2. Vendors operating in circuits exposed only to the information campaign did not en-
gage in any hiding or freezing at all. Vendors (sensibly) employ these defensive strate-
gies only against Sernapesca inspectors, not informed consumers. Evidently there is
something fundamentally different about targeting the demand side: The information
campaign did not simply signal enhanced government attention to the problem. The
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consumers are an important independent actor whose knowledge affects vendor behav-
ior. This result also explains why the enforcement strategy appeared to produce larger
decreases in fresh, visible hake sales than the information campaign (column 1 of table
3.2), but not once you take vendor defensive strategies into account (column 2).

3. 4% of vendors who operate in control markets - but located close to treated areas -
engage in hiding and freezing, in contrast to 0% in pure control markets (p-value 0.02).
There appear to be some spatial spillovers in information about Sernapesca visits, and
in vendor behavior. We will explore these spillovers at greater depth in Section 3.6.

Figure C.2 shows that the proportion of hake vendors who adopt these defensive strategies
increase week-to-week in response to the enforcement activities. Figure 3.8 describes the
proportion of all hake sold in frozen or hidden form (as opposed to fresh, visible form),
within the set of stalls that sell hake at all. Freezing and hiding were extremely unusual
at the beginning of the month. Vendors exposed to Sernapesca enforcement increasingly
adopted these defensive strategies week to week, vendors not exposed to enforcement did
not. By the end of the month, nearly 70% of the stalls selling hake in the enforcement areas
hid or froze. Consistent with model Prediction (5), these data strongly suggest that these
were indeed defensive strategies employed in response to enforcement.

Finally, consistent with Prediction (6), the information campaign reduces hake sales
even after accounting for defensive strategies (as already shown in Table 3.2), and consumer
surveys conducted again 6 months after the ban ends (see table C.3.14) shows that the
demand-side effects somewhat persist over the long run.

3.6 Spillovers and Market Level Effects

While our experiment was targeted to reduce hake sales in treated ferias, it may have had
spillover effects on control markets through information transmission, or by changing equilib-
rium prices (Blattman et al., 2017). It may also have affected the behaviors of other market
actors, such as the fishermen who supply to vendors. It could have also changed the prices
and quantities of other fish that can act as substitutes for hake. We collected additional data
to study these spillovers and equilibrium effects, including a survey of fishermen, a survey
of vendors to understand their social and supply-chain connections to vendors operating in
other markets, GIS data on the location of all markets, and data on the prices and avail-
ability of substitute fish. The vendor and fishermen surveys allow us to map the supply
chain for each of the ferias in our sample. The geography of Chile (with a very long coast)
creates large spatial variation in the locations of ferias where vendors sell and caletas where
the fishermen bring in their catch, which in turn produces variation in geographic and social
connections between different market actors (see Figure C.1.4).
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Spillovers on Control Markets

We identified three primary channels through which treatment may affect behavior of control
markets, and collected data on each channel:

1. Spatial spillover: Control markets located geographically close to a treated market
may feel the effects of treatment because they share consumers with the treated area.

2. Social spillover: If control market vendors are socially connected to vendors operating
in treatment areas, they may be more likely to learn about Sernapesca’s enforcement
activities.

3. Supply chain spillover: Treatment and control vendors may source from the same
fishermen. If a supplier changes fishing behavior due to treatment, that could indirectly
affect fish sales in control markets.

Of these different channels, an increase in fish sales in control markets due to indirect
effects is of greatest econometric concern. If fishermen dump all excess hake in control
markets when vendors in treated markets are unwilling to buy hake, then the treatment-
control difference will appear to show that the treatment was effective, when in fact hake
sales were simply spatially displaced towards the control group. Our regressions would over-
estimate the effects of treatment in that scenario. This is why it’s important for us to
re-investigate these effects controlling for these sources of spillovers.

In Table 3.5, we re-estimate the effects of predictable and un-predictable enforcement
originally reported in Table 3.4, but now controlling for potential channels of spillover ef-
fects.24 The main treatment effects get a little stronger after controlling for spillovers, but
the spillover effects are only suggestive and statistically imprecise.

The first column presents the benchmark: unpredictable enforcement reduces hake avail-
ability by 15.7 percentage points in this specification without accounting for any spillover.
The second column controls for spatial spillovers, with the indicator “within 10km of Treated
Market” turning on for untreated markets that have at least one treated feria within a

24We follow a procedure similar to Miguel and Kremer (2004) in estimating treatment effects in the presence
of spillovers. We divide the control markets into subgroups; (a) Control areas that are more likely to have
been affected by treatment due to geographic or social or supply chain connections, which we call “Spillover
Group”, and (b) Control areas un-connected to treatment markets, which we call “Pure Control”. Note that
sub-dividing the control group this way reduces the number of markets allocated to the omitted category. To
retain sufficient statistical power, we therefore focus on re-estimating the effects of enforcement treatment
variations only, because spillovers cause the greatest econometric concern (of over-estimating treatment
effects) for this particular result. In this setup, some of the markets in the omitted category received the
information treatment, so the regression coefficients will look a little smaller in this table compared to Table
3.4. For the same statistical power reasons, we only study an overall spillover effect of enforcement, and do
not try to estimate separate sub-treatment spillovers.
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distance of 10 kilometers.25 26 The coefficient of this variable is negative but small and
statistically indistinguishable from zero, suggesting very limited spillovers based on shared
consumers due to geographic proximity. The third column includes an indicator for control
markets where at least one vendor reported that they knew a vendor in a different market
that was randomly assigned to the enforcement treatment. The coefficient on this variable
suggests that there was a 7 percentage reduction in hake availability in markets experiencing
this “social spillover”, but this effect cannot be statistically distinguished from a null effect
with any confidence. Controlling for this form of spillover increases the effect of unpredictable
enforcement to a 19.9 percentage point reduction in hake availability (p < 0.05). Finally, col-
umn 4 includes an indicator for control markets who source from fishermen operating out of
caletas that primarily supply to other markets that were assigned to the enforcement treat-
ment. We see a 7.7 percentage point reduction in vendors’ propensity to sell hake in control
markets that are connected to treated markets through shared suppliers, but the effect is
again not statistically precise.

Importantly, accounting for these spillover effects make the main treatment effects of
unpredictable enforcement on enforced areas a little larger and more statistically precise.
This is because controlling for spillovers allow us to compare treated areas to the subset of
“pure” control areas unaffected by the treatment.

Change in Number of Stalls Selling Fish

Our intervention may force some fish vendors to exit the market altogether. Appendix Figure
C.2.2 shows that the average number of fish stalls decreases in the markets randomly assigned
to the enforcement treatment, especially during the second half of September. This itself is
an important effect of the treatment, but it is not captured by the treatment effects reported
in Table 3.2. Table C.3.13 in Appendix C.3 describes how we correct our estimates for stalls
exiting. The correction makes the effect of enforcement larger, but it does not affect the
coefficients for other treatments very much.

Treatment Effect Transmission along the Supply Chain

For the supply chain spillover channel to be relevant, the fishermen supplying hake to these
vendors must have altered their behavior in some way. To understand those changes, we
directly survey fishermen operating out of every caleta (fishing village) that serves the mar-

25Using the 10 km radius evenly divides the control group into “pure control” and “spill-over market”, and
therefore maximizes statistical power. Alternative definitions produce similar results.

26Vendors connected to a larger number of other circuits are more prone to being exposed to the treatment,
and that variation is not random. To control for this, we include a full set of dummy variables for the number
of other circuits that each reference circuit is connected to, separately for spatial, social and supply-chain
connections. Thus, the variation of exposure to spillovers stems only from the treatment status of other
markets, which is exogenous because it was randomly assigned. (Miguel and Kremer, 2004).
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kets in our sample.27 The reactions of fishermen are particularly important to track because
our interventions conducted at the final point-of-sale has to somehow get transmitted up the
supply chain to fishermen, for these interventions to ultimately protect the hake population.
Only if fishermen start perceiving the effects of these interventions on demand conditions
will they change fishing behavior in ways that improve environmental outcomes.

Since we did not have baseline data from fishermen for years preceding the September
2015 ban, we ask them retrospective questions in 2016, in which the fishermen are asked to
compare demand and profits during September 2015 (when our interventions were launched)
relative to September 2014. To minimize possible response bias given the government fishing
ban, we were careful to phrase our questions generically, to cover revenues earned from all
types of fish, and not just hake specifically. Retrospective answers may be subject to recall
bias, but since these fishermen were not directly treated, it is less likely that the recall bias
is correlated with treatment assignment. To report treatment effects on fishermen, we have
to connect each caleta to treatment and control markets. We use the vendor survey on the
structure of the supply chain -i.e. which caletas each vendor buys from - to link fishermen
to the randomized treatments.

Table 3.6 reports results. Column 1 shows that fishermen operating out of caletas that sell
to at least one circuit which had been randomly assigned to enforcement, are 24 percentage
points more likely to report that they earned less in September 2015 from all fishing activities
compared to September 2014, relative to fishermen in caletas that supply to control group
ferias.28 Fishermen operating out of caletas that supply to both enforced markets and to
markets that experienced the information campaign were 36 percentage points more likely to
report lower revenues during the month of the interventions, compared to the same month in
the previous year. Treatment effects were perceived by fishermen upstream in the fish supply
chain. Column 2 shows that these fishermen are more likely to report that vendors were less
willing to buy hake in September 2015 compared to the previous year, but this result is
marginally significant with (p < 0.10). Column 3 shows suggestive evidence (p < 0.10)
that fishermen linked to the information campaign areas are more likely to report that final
consumers are aware of the hake ban.

Effects on Fish Substitutes

We collected data on prices and availability of other fish species in the same markets where
hake is sold. The September ban is only specific to hake fish, so we might expect consumers
to substitute to other fish varieties. This may be because informed consumers choose to avoid
hake fish during the ban, or because the enforcement treatment reduces hake availability or
increases its price.

27A few caletas in the regions covered by our sampling frame are only used by divers who harvest seafood, not
fish -and we therefore exclude those caletas.

28We could instead define exposure based on the proportion of circuits enforced, and results look similar. The
“at least one” formulation is attractive because this indicator evenly divides the sample into equal halves.
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The universe of data from all markets suggests that there are seven possible fish substi-
tutes for hake,29 but a typical stall only offers two or three varieties of fish. Table C.3.2 in the
Appendix describes the availability and price of different fish species observed by mystery
shoppers in ferias during September 2015. The most common fish substitute is pomfret,
which can be found in two-thirds of all markets. Pomfret is larger and (arguably) more tasty
than hake fish and is not over-exploited. In Table 3.7, we study the availability of pompfret
(column 1), or any other non-hake fish including pomfret (column 2), as a function of the
treatment status of the market where the fish stall is located.

The penultimate row of the table indicates that stalls in control markets are 29 percentage
points more likely to start selling pomfret during the September hake ban, so it appears
that vendors in general move towards substitutes during the ban. The increase in pomfret
sales during September is larger in treated areas (by a further 12-15 percentage points,
which results in a 41-44 percentage point increase during the hake ban), but the treatment-
control differences are barely statistically significant.30 The p-value for only one of the three
coefficients (associated with Predictable Enforcement) is below 0.10. Column 2 investigates
treatment effects on the vendor’s decision to offer each of seven different fish substitutes for
hake. The sample size is larger in this regression because selling each fish variety is treated as
a separate decision, but our standard errors are still clustered by the unit of randomization of
the treatment (the circuit). The coefficients indicate that vendors who faced unpredictable
enforcement become 15.5 percentage more likely to switch to selling other fish during the hake
ban, compared to the 9 percentage point increase in control markets. This 6.5 percentage
point treatment-control difference is statistically significant (p=0.051).

Effects on Prices

We collected data on fish prices during all our mystery shopper visits. However, prices are
observed only when the fish is available for sale and hake is only available in 26% of markets.
Treatment changes the propensity to sell illegal hake fish, so it affects the selection of which
prices are observed. There are therefore large sample-selection issues that complicates any
analysis of treatment effects on prices, and we refrain from running regressions on the price
of hake. The most consumed fish during September (and second most consumed fish during
the rest of the year) is Pomfret, which is available in 68% of the stalls (see Appendix Table
C.3.2). Since pomfret is more often available (and not banned), we instead run regressions
to study treatment effects on the price of pomfret.

29They are pomfret, mackerel, silverside, salmon, sawfish, albacore and southern hake. Of these substitutes,
the southern hake is the only one with a similar ban, but in August. The southern hake is considerably larger
than the common hake and is harvested in the southern regions of the country, without any geographical
overlap with the common hake. More details are available in Subpesca (2015).

30Consumers are more prone to substitute products at similar price levels (see Table C.3.2). The hake is
considerably cheaper than the pomfret and other relevant fish species. This fact may have limited the
willingness to substitute for different fish species.
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As a descriptive exercise, Figure C.2.3 shows that the price of hake increased week-to-week
in September, over the course of the ban period. Pomfret prices fell by 10% in the second
week and that lower price remained stable thereafter. This time-series pattern in prices is
consistent with fishermen upstream in the supply chain shifting away from hake and towards
catching pomfret during our interventions in September 2015. Through conversations with
fishermen during our survey, we learned that they are able to adjust their fishing strategy to
target different species if there are market signals that hake demand is low. To do so, they
change the location and depth at which their nets are dropped.

Table 3.8 shows treatment effects on pomfret prices (column 1) and prices of all substitute
fish including pomfret (column 2). We find that the price of substitutes weakly increase
(p−value < 0.1) in markets where the information campaign discouraging hake consumption
in surrounding neighborhoods, suggesting that part of the demand for hake shifted towards
substitutes. Relative to the control group, markets that received enforcement show small and
insignificant price decrease. The fact that we observe these differential price effects suggests
that fish markets are at least somewhat segmented.

3.7 Cost-Effectiveness of Enforcement vs.

Information

Given the complications associated with enforcing regulations documented in this paper, and
the complexity of designing regulations that are robust to unanticipated defensive reactions
from enforced agents, it is useful to determine how cost-effective the enforcement strategies
were relative to an information campaign. We collected data from Sernapesca on the full
administrative costs of implementing each treatment, so that we can report on the relative
cost-effectiveness of enforcement and information strategies.

We define effectiveness of our interventions on the basis of our treatment effects on all hake
sales (visible, hidden or frozen). Since the fish sold in ferias comes directly from fishermen
villages and was harvested the same day or the day before, we assume that reduced hake
sales is proportional to the decrease in hake fishing. The fishermen survey results reported in
section 3.6 suggests that fishermen did feel the effects of the interventions. Our interventions
were conducted at scale covering all major markets where hake is sold, which implies that
our data are net of “leakages” of hake from our sampling areas.

In Table 3.9, we conduct the relative cost-effectiveness analysis by taking our best es-
timates of the effects of treatments on reduction in hake sales and combining it with an
estimate of the number of fish available in the market that we compute using the data we
collected from vendors. This allows us to create an estimate of the extra hake fish that are
“saved” due to these treatments. Methodological details underlying these calculations are
in Appendix C.6.

We compare this number with the cost of implementing each intervention to compute
how much it cost to save each fish under each of the treatment assignments. Overall, the
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information campaign appears more cost effective than the enforcement strategy. This is
partly because enforcement becomes less effective as vendors learn to hide and freeze fish
and circumvent regulation. Enforcement costs US$6.05 per saved fish, compared to $4.98
under the information campaign.

However, once we examine specific versions of the enforcement strategy that were more
successful at curbing hake sales, we see that sending monitors on an unpredictable schedule is
a more cost effective way to protect hake, even after accounting for the fact that unpredictable
monitoring schedules were more costly for Sernapesca to maintain because it required slack
personnel capacity. The cost of “saving” a hake via unpredictable enforcement drops to
$4.51. Not surprisingly, less frequent monitoring schedule is most cost-effective ($4.13 per
saved hake) because it was both more effective at reducing hake sale than high-frequency
enforcement, and it was obviously also cheaper to implement. Predictable and high-frequency
audits were total policy failures in that they were 250-400% too expensive per hake saved,
given the subversive adaptation by hake vendors.

These calculations are useful to gauge the relative cost-effectiveness of alternative strate-
gies to protect hake, but it does not tell us whether any of these strategies would pass a
cost-benefit test. Sophisticated benefit calculation would require us to take a stance on the
biology of hake fish (how saving a hake in September 2015 translates into a dynamic effect
on the hake population via reproduction), and the ecological value of protecting hake. These
considerations are outside the scope of our analysis, but our results can be easily combined
with benefit numbers from ecology studies. The analysis in this paper takes the government’s
regulatory goal (“Protect hake fish through a September fishing ban”) as given, and studies
the consequences of enforcing that regulation, and analyzes the best ways to achieve that
goal.

3.8 Conclusion

Research in many fields of applied microeconomics evaluate the effects of new regulations,
such as anti-corruption campaigns, fines for non-compliance with health, hygiene or envi-
ronmental standards, or penalties for tax evaders. The effectiveness of such policies depend
on the (sometimes unanticipated) reactions of the regulated agents to the new enforcement
regime, which is in essence a micro version of the “Lucas critique” (Lucas, 1976). Agents
adapt once they have had a chance to learn about the new rules, and may discover new
methods to circumvent the rules. This paper presents a research strategy - composed of an
experimental design and creative data collection - that permits an investigation of the effects
of regulation net of agent adaptive behaviors.31 This research approach should be broadly
useful for policy evaluation whenever agents can adapt to circumvent enforcement. As one

31An alternative evaluation strategy would be to collect data in the short run before agents have an opportunity
to react to the new regime, and in the long-run after they have reacted. This is more expensive, requires
more time, and fundamentally more difficult, because researchers do not always know when and how agents
would learn and adapt.
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important example, such concerns were first-order in the design of the Dodd-Frank Wall
Street Reform and Consumer Protection Act in 2010 following the global financial crisis.
Smith and Muñiz-Fraticelli (2013) write about this regulatory effort:

“[A] major problem with the new financial legislation is that it is responsive
to past market innovations without being sensitive to future innovations (...) The
problem is that these actors will not always behave in a predictable way. That is
the genius of financial innovation; the market always looks for new opportunities
for profit, and, as the dawn follows the dark, mischief may arise.”

Our experimental variations that change the specific attributes of enforcement policy
yield novel empirical insights about the adaptive behavior of regulated agents, and how to
better design policy accounting for their adaptation. Data collected via mystery shoppers
help us identify the ways in which agents exploit loopholes to continue selling fish illegally.
Implementing a high frequency monitoring schedule produces a counter-intuitive result –
but one that economic theory can rationalize – it allows vendors to learn the regulators’
strategies faster, and more effectively cheat, thereby undermining enforcement efforts. Our
theoretical and empirical results imply that even if monitoring is cheap, the regulator may
do better by holding back some enforcement resources. And when you do monitor, adopting
an unpredictable schedule makes it more difficult for agents to circumvent enforcement and
proves to be the most cost-effective way to reduce hake sales even though it is more expensive
to implement.

We use multiple surveys of different market actors to document that these interventions
travel downstream to affect consumer behavior and travel upstream to affect the behavior
of fishermen who supply to vendors. Our investigation of vendor reactions through mystery
shoppers, spillover effects on other market actors, and benchmarking these results against
the effects of an information campaign, all combine to produce a comprehensive evaluation
of an important environmental program.

Ultimately we learn that without sophisticated design-thinking, attempts at enforcement
can backfire. Designing and implementing a consumer information campaign is a much less
complex task, it leverages consumer ethics (Hainmueller et al., 2015), and many regulators
may rationally choose to proceed with such simpler approaches. After observing the results of
this evaluation, the Chilean government decided to scale-up the information campaign during
the 2016 ban on hake fish sales, and conduct similar information campaigns for fishing bans
for three other species.32 While the unpredictable, low-frequency monitoring proved to be
the single-most cost-effective strategy in our evaluation, the government correctly surmised
that vendors may have other second and third order subversive adaptations to audits in the
long run. In contrast to an enforcement strategy which may need to be constantly revised
in response to regulated agents’ adaptation, the information campaign is easier to replicate

32See https://www.povertyactionlab.org/sites/default/files/documents/creating-a-culture-of-evidence-use-
lessons-from-jpal-govt-partnerships-in-latin-america english.pdf
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and scale, especially once the government has already incurred the fixed costs of developing
campaign materials.
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Figures

Figure 3.1: Probability of Selling Hake

(a) Adoption of Defensive Actions
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(b) Selling Decision

0 5 10 15 20 25 30
Period

0.0

0.2

0.4

0.6

Notes: Figure C.5.2a and C.5.2b describe vendors’ decision on whether and how to sell. This simulation uses the same
parameters than previous graph: θ = 0.5, v ∼ U(0.5,1.5), c = 0.1,Ω = 18, θ1 = 0.05, g(Y ) = 0.7/ (1 + e−2×Y +12) , i.e.,ḡ =
0.7. The adoption of defensive strategies starts after a number of periods.

Figure 3.2: Probability of Selling Hake
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Notes: This figure shows the proportion of times in which a vendor sells hake depending on the frequency of the visits.
This graph depicts 1000 simulations using the following model parameters θhigh = 0.5, θlow = 0.3, v ∼ U(1/2,3/2), c =
0.1,Ω = 18, θ1 = 0.05, g(Y ) = 0.7/ (1 + exp{−2 ⋅ Y + 12}) , i.e., ḡ = 0.7. The probability of selling decreases quickly as
the enforcement begins, however it increases as vendors learn about enforcement weaknesses. After a number of
periods, it converges to the “long-run” equilibrium based on model’s structural parameters.
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Figure 3.3: Probability of Selling Hake

(a) Targeted vs. Non Targeted Ferias
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(b) Predictable vs. Unpredictable Enforcement
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Notes: Figure 3.3a compares vendors’ decision in targeted and non targeted ferias, assuming that vendors alternate
between these ferias. The dashed line correspond to the average probability of sale, which is calculated assuming that
in every period there’s one half of the vendors in each type of feria. Figure 3.3b compares the average probability
of selling under predictable vs. unpredictable enforcement. These simulations use the following model parameters:
θ = 0.4, v ∼ U(1/2,3/2), c = 0.1,Ω = 18, θ1 = 0.05, g(Y ) = 0.7/ (1 + exp{−8 ⋅ Y + 28}) , i.e.,ḡ = 0.7.

Figure 3.4: Timeline of Interventions and Data Collection
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Figure 3.5: Hake Available
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Notes: This figure shows how the sale of hake evolved week by week. The graph plots the coefficients of the treatment-
week interactions. Each relevant coefficient is normalized relative to the first week. We exclude the first three days of
the month to keep the weeks balanced, i.e., the first week starts on Sept 4th and ends on Sept 10th. Each regression
controls for crime rate and strata fixed effects and the average outcome variable before the implementation. We
cluster standard errors at the circuit level.

Figure 3.6: Hake Available
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Notes: This figure shows how the sale of hake depends on the number of visits received until (including) the day
the mystery shopper observed the behavior of the vendor. The horizontal line at -0.36 serves as a reference for the
decrease in the probability of selling hake in the control group. This specification controls for crime rate, strata fixed
effects, and the average outcome variable before the implementation. We cluster standard errors at the circuit level.
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Figure 3.7: Hidden and Frozen Hake Fish

Notes: This figure shows the unconditional mean of hidden hake for different treatment status. The level of frozen
hake is statistically different from zero for markets assigned to Enforcement and Enforcement and Info Campaign.
The level of hidden is statistically different from zero for markets with Enforcement and spill-overs. Standard errors
are not shown in the figure, but the accompanying text describes p-values of relevant comparisons.
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Figure 3.8: Proportion of Defensive Hake
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Notes: Figure 3.8 describes the conditional probability of selling hake either frozen or hidden. The coefficients were
obtained from an OLS regression over the sample of the stalls selling hake that day. Each treatment assignment
interacts with weekly dummies. We include strata fixed effects and cluster at the circuit level. The ”No Enforcement”
category is the omitted category, and it bunches observations assigned to the control group and the information
campaign. To facilitate visual interpretation, we only present the confidence intervals associated with weeks one and
four.
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Tables

Table 3.1: Treatment Assignment

No Enforcement Enforcement Total
No Information Campaign 9 41 50
Information Campaign 14 42 56
Total 23 83 106
³ ¶´ µ

High Frequency Low Frequency
Enforcement Enforcement Total

Predictable Enf. Schedule 19 20 39
Unpredictable Enf. Schedule 15 29 44
Total 34 49 83

Notes: The first panel shows the number of circuits assigned to each experimental cell jointly defined by the Informa-
tion Campaign (row) and the Enforcement treatment (column). The second panel shows the number of observations
in each enforcement sub-treatment.

Table 3.2: Treatment Effects on Hake Sales

(1) (2)
Fresh, Any Hake Available

VARIABLES Visible Hake (Hidden, Frozen, Visible)

Information Campaign Only -0.133 -0.131
(0.066) (0.074)

Enforcement Only -0.178 -0.130
(0.082) (0.089)

Info Campaign and Enforcement -0.179 -0.139
(0.074) (0.094)

Change in Dep. Var. in Control Group
During Intervention Period -0.21 -0.36
N 901 901

Notes: This table reports the effect of each treatment arm on the availability of illegal hake fish. The variable
Fresh Hake indicates when the hake was available fresh. Hake available indicates when was possible to buy fish in
any form. The table reports marginal effects from a Probit regression. Other controls are included: municipality
characteristics, strata fixed effects and the average level of the outcome variable in pre-intervention period. We control
for pre-treatment values for the outcome variables in addition to the treatment indicator, because not all markets
were visited in pre-intervention period. Robust standard errors clustered by circuit (the unit of randomization) in
parentheses.
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Table 3.3: Treatment Effects on Fish Consumption

(1) (2)
Num. Times Hake Mention Ban

VARIABLES Purchased (unprompted)

Information Campaign Only -0.275 0.146
(0.071) (0.045)

Enforcement Only -0.111 0.082
(0.049) (0.047)

Info Campaign and Enforcement -0.098 0.107
(0.046) (0.051)

Mean Dep Var Control Group 0.49 0.07
N 3218 3319

Notes: This table presents the effect of different treatments on the reported consumption of hake fish during September
2015. The column 1 shows the marginal effects from a Poisson regression because the dependent variable is count
data, the column 2 shows marginal effects from a Probit regression. Consumers were not asked about the ban, but
surveyors registered if the ban was mentioned spontaneously. These regressions include socioeconomic characteristics
and strata fixed effects. The numbers of observations in columns 1 and 2 differ because some consumers could not
recall the number of times they purchased hake in the past month. Both Poisson and Probit are nonlinear models,
and the average marginal effects of each treatment depend not only on the coefficients reported in this table, but also
on the values of the covariates. Robust standard errors clustered by circuit in parentheses.
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Table 3.4: Treatment Effect on Hake Sales by Enforcement Strategy

(1) (2)
Any Hake Available

VARIABLES (Fresh, Visible, Hidden or Frozen)

Information Campaign only -0.134 -0.135
(0.073) (0.072)

Enforcement on Predictable Schedule -0.060
(0.083)

Enforcement on Unpredictable Schedule -0.192
(0.094)

High Frequency Enforcement -0.070
(0.095)

Low Frequency Enforcement -0.162
(0.090)

p-value of Predictable = Unpredictable Sch. 0.036
p-value of Low = High Int. Enf. 0.280
Change in Dep Var in Control
During Intervention -0.36 -0.36
N 901 901

Notes: This table presents the coefficient corresponding to the interaction term Tc × Postt for each treatment. To
retain statistical power, the cells “Enforcement only” and “Enforcement + Info Campaign” from Table 3.2 are
combined under “Enforcement” and then sub-divided by schedule predictability (column 1), or intensity (column
2). So these coefficients should be interpreted as the average effects of enforcement when half the sample is also
exposed to the information campaign. Note that we previously find evidence of null interaction effect between
enforcement and info campaign (Muralidharan, Romero, and Wüthrich, 2019). Column 1 includes a dummy for the
intensity sub-treatment, and column 2 includes a dummy for the predictability sub-treatment, but those coefficients
are not shown. Each regression controls for the dependent variable in pre-intervention period, strata fixed effects
and municipality characteristics. Probit regression marginal effects are reported. Robust standard errors clustered
by circuit in parentheses..
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Table 3.5: Treatment Effects on Hake Sales Controlling for Spillovers to Control Markets

(1) (2) (3) (4)
Any Hake Available

VARIABLES (Fresh, Visible, Hidden or Frozen)

Enforcement on Predictable Schedule -0.023 -0.030 -0.076 -0.058
(0.083) (0.069) (0.080) (0.060)

Enforcement on Unpredictable Schedule -0.157 -0.167 -0.199 -0.177
(0.091) (0.075) (0.084) (0.084)

Spatial Spillover -0.017
(within 10 km of Treated market) (0.082)
Social Connection Spill-over -0.071
(Vendor knows a Treated Vendor) (0.076)
Supply-Chain Spill-over -0.077
(Sources from same Caleta as Treated Vendor) (0.081)

Change in Dep Var in Control During Intervention -0.36 -0.36 -0.36 -0.36
N 901 901 901 901

Notes: This table re-estimates treatment effects controlling for possible spillover effects from treatment to control
markets. We focus on enforcement treatments to ensure that the control cell size is large enough to be divided by
exposure to spill-overs. We only present the coefficient corresponding to the interaction term Tc × Postt for each
treatment. Controls for Tc, Postt, covariates, and baseline value of the dependent variable are included, but those
coefficients are not shown. The table reports marginal effects from a Probit regression. The dependent variable is
an indicator for any type of hake (fresh-visible, hidden or frozen) for sale in the stall. Robust standard errors are
clustered by circuit, which was the unit of randomization. .

Table 3.6: Treatment Effect Transmission to Fishermen in Caletas

(1) (2) (3)
Earned Less in Feria Vendors buy Consumers are
Sept 15 than less Hake in Sep15 informed of Hake

VARIABLES Sept 14 compared to Sept 14 Ban

At least one circuit Enforced 0.238 0.169 -0.033
(0.105) (0.293) (0.147)

Info Campaign 0.043 -0.101 0.343
(0.158) (0.322) (0.186)

At least one circuit Enforced and Info Campaign 0.358 0.553 0.173
(0.128) (0.315) (0.195)

Mean Dep Var Control Group 0.31 0.40 0.77
N 202 179 217

Notes: This table reports OLS coefficients based on fishermen responses. The variable Information campaign cor-
respond to caletas located in municipalities assigned to receive any level of information campaign. The variable
“At least one circuit enforced” considers all circuits located in the same municipality of the caleta. Socioeconomic
variables of the caletas are included as covariates. In average, three fishermen were surveyed in each caleta. The
numbers of observations in columns 1, 2 and 3 differ because some fishermen could not recall the earnings and vendor
behavior in specific months. The dependent variables of each column are dummy variables. Robust standard errors
clustered at caleta level in parentheses.
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Table 3.7: Do Vendors Substitute to Selling Other Fish in Response to Treatment?

(1) (2)
VARIABLES Pomfret Available Any Other Fish Available

Information Campaign Only 0.146 0.004
(0.098) (0.035)

Enforcement on Predictable Schedule 0.133 0.027
(0.079) (0.031)

Enforcement on Unpredictable Schedule 0.115 0.065
(0.078) (0.033)

Change in Dep Var in Control Markets
During Intervention 0.29 0.09
N 901 6328

Notes: The table reports marginal effects from a Probit regression. The unit of observation in the first column is
stall x secret shopper visit, and in the second column is stall × secret shopper visit × possible substitute fish variety.
We only present the coefficient corresponding to the interaction term Tc × Postt for each treatment. Controls for
Tc, Postt, covariates, and baseline value of the dependent variable are included, but those coefficients are not shown.
Robust standard errors are clustered by circuit in parentheses.

Table 3.8: Treatment Effect on Fish Prices

(1) (2)
VARIABLES Log Price Pomfret Log Price Substitute

Information Campaign Only 0.210 0.140
(0.109) (0.096)

Enforcement Only -0.017 -0.021
(0.066) (0.055)

Info Campaign and Enforcement 0.081 0.047
(0.065) (0.059)

Change in Dep Var in Control
During Intervention -0.20 -0.27
N 614 939

Notes: The table reports treatment effects on hake substitutes’ price from OLS regressions. The outcome variable is
the log of price per kilo. The unit of observation in the first column is stall with pomfret available × secret shopper
visit, and in the second column is stall with any substitute available × secret shopper visit × substitute available fish
variety. We only present the coefficient corresponding to the interaction term Tc×Postt for each treatment. Controls
for Tc, Postt, covariates, and baseline value of the dependent variable are included, but those coefficients are not
shown. Robust standard errors are clustered by circuit in parentheses.
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Table 3.9: Cost-Effectiveness Analysis

(1) (2) (3) (4)
Reduction Units of Hake Implementation Cost of Saving

of Hake Sale Saved Costs (USD) One Hake (USD)

Enforcement (Overall) 0.13 10,399 $ 62,900.25 $ 6.05
Unpredictable 0.192 15,358 $ 69,190.27 $ 4.51
Predictable 0.06 4,799 $ 62,900.25 $ 13.11
Low Frequency 0.162 12,959 $ 53,475.84 $ 4.13
High Frequency 0.07 5,599 $ 99,613.61 $ 17.79

Info Campaign 0.13 3,257 $ 16,213.53 $ 4.98

Notes: This table shows the benefits and costs of implementing each intervention. Column (1) reports the estimated
effects (in percentage points) of treatments in the sale of any type of hake. Column (2) is computed based on the
numbers of stall per feria, number of days a week the feria operate and number of fish available in a normal stall.
Column (3) is reported by Sernapesca and represents a combination of fixed and variable costs. Finally, column
(4) correspond to the ration of (3) over (2). These calculations assume the control group had zero enforcement nor
information campaign. As we discussed in section C.3, the control group (mistakenly) received a few enforcement
visits, the cost is negligible.
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Appendix A

Appendix: Competition under
Incomplete Contracts and the Design
of Procurement Policies I: Effects of
Publicity

A.1 Additional Figures

Figure A.1.1: Contract Timeline and Data Sources
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Notes: This figure presents a timeline of events associated with a typical contract. Milestones located above

the arrows correspond to notices that are published on the government’s point of entry (fedbizopps.gov).

Milestones below the arrows generate information that is recorded on the Federal Procurement Data System

(FPDS) - Next Generation.
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Figure A.1.2: Intuition of Method to Estimate Mean Price Effects
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Notes: This figure provides (graphical) intuition of the procedure to estimate the mean price effect based on the

integration constraint condition, i.e., the sum of excess of mass below the threshold equals the sum of missing

masses above the threshold. Panels (a), (c), and (e) display distributions of publicized and non-publicized

contracts. Panels (b), (d), and (f) show the corresponding overall distributions, i.e., the blue line in panel

(b) corresponds to the sum of the yellow and red lines in panel (a). The key intuition is that the integration

constraint condition is only met if the distribution of publicized contracts is re-centered by the correct mean of

price effect, i.e., the resulting distribution has mean zero.
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Figure A.1.3: Intuition of Method to Estimate Ex-Ante Price Distributions
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Notes: This figure provides (graphical) intuition of the procedure to estimate the ex-ante price distribution. The

method considers identifying the discrete change in the distribution of publicized contracts (∆) that matches

with the drop in the distribution of non-publicized contracts. Panels (a), (c), and (e) display distributions of

non-publicized contracts. Panels (b), (d), and (f) show the distributions of publicized contracts. The procedure

builds upon the general interpolation (dashed blue line) that relates the distributions of publicized and non-

publicized contracts. We recover the ∆ by identifying the vertical shift of the distributions that matches the

counterfactual distribution.
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Figure A.1.4: Pre-award characteristics around the threshold
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(d) Service contracts
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Notes: This figure presents four binned scatter plots, which depict an average pre-award characteristic by bins

of award amounts, as well as linear and quadratic fits at each side of $25,000. The pre-award characteristic in

each Panel is as follows: (a) an indicator equal to one if the contract was solicited the last month of the fiscal

year (September); (b) an indicator equal to one if the contract was set-aside for a preferential group (e.g. small

businesses); (c) an indicator equal to one if the contract was awarded using simplified acquisition procedures;

(d) an indicator equal to one if the award is for a service contract. The data source is the Federal Procurement

Data System-Next Generation. The sample consists of non-R&D definitive contracts and purchase orders, with

award values between $ 10,000 and $ 40,000, awarded by the Department of Defense in fiscal years 2015 through

2019. Award amounts are discretized into right-inclusive bins of $3,000 dollars length.
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Figure A.1.5: Publicity Effects on Post-Award Contract Performance
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(c) Number of Contract Modifications (Ex-Post)
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Notes: This figure presents four binned scatter plots, which depict an average post-award characteristic by bins

of award amounts, as well as linear and quadratic fits at each side of $25,000. The pre-award characteristic in

each Panel is as follows: (a) number of days of contract implementation delays; (b) cost-overruns as a share of

award value; (c) number of modification to the original contract. The data source is the Federal Procurement

Data System-Next Generation. The sample consists of non-R&D definitive contracts and purchase orders, with

award values between $ 10,000 and $ 40,000, awarded by the Department of Defense in fiscal years 2015 through

2019. Award amounts are discretized into right-inclusive bins of $3,000 dollars length.
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Figure A.1.6: Heterogeneous publicity adoption by major departments
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Notes: This figure presents three binned scatter plots, which depict the share of contracts publicized in FedBiz-

zOpps by bins of award amounts, as well as linear and quadratic fits at each side of $25,000. The data source

is the Federal Procurement Data System-Next Generation. The full sample consists of non-R&D definitive

contracts and purchase orders, with award values between $ 5,000 and $ 45,000, awarded by the Department of

Defense in fiscal years 2011 through 2017. Panel (a) restricts the sample to awards made by the Army. Panel

(b) restricts the sample to awards made by the Navy. Panel (c) restricts the sample to awards made by the Air

Force. Award amounts are discretized into right-inclusive bins of $2,500 dollars length.
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Figure A.1.7: Heterogeneous effects on competition by major departments
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Notes: This figure presents three binned scatter plots, which depict the average number of offers received by

bins of award amounts, as well as linear and quadratic fits at each side of $25,000. The data source is the

Federal Procurement Data System-Next Generation. The full sample consists of non-R&D definitive contracts

and purchase orders, with award values between $ 5,000 and $ 45,000, awarded by the Department of Defense

in fiscal years 2011 through 2017. Panel (a) restricts the sample to awards made by the Army. Panel (b)

restricts the sample to awards made by the Navy. Panel (c) restricts the sample to awards made by the Air

Force. Award amounts are discretized into right-inclusive bins of $2,500 dollars length.
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Figure A.1.8: Heterogeneous effects on winner characteristics by major departments
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Notes: This figure presents three binned scatter plots, which depict the share of contracts awarded to a foreign

firm by bins of award amounts, as well as linear and quadratic fits at each side of $25,000. The data source

is the Federal Procurement Data System-Next Generation. The full sample consists of non-R&D definitive

contracts and purchase orders, with award values between $ 5,000 and $ 45,000, awarded by the Department of

Defense in fiscal years 2011 through 2017. Panel (a) restricts the sample to awards made by the Army. Panel

(b) restricts the sample to awards made by the Navy. Panel (c) restricts the sample to awards made by the Air

Force. Award amounts are discretized into right-inclusive bins of $2,500 dollars length.
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Figure A.1.9: Heterogeneous effects on performance by major departments
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Notes: This figure presents three binned scatter plots, which depict average cost overruns by bins of award

amounts, as well as linear and quadratic fits at each side of $25,000. Cost overruns are computed as the

difference between actual obligated contract dollars and expected total obligations at the time of the award,

divided by expected obligations. The data source is the Federal Procurement Data System-Next Generation.

The full sample consists of non-R&D definitive contracts and purchase orders, with award values between $
5,000 and $ 45,000, awarded by the Department of Defense in fiscal years 2011 through 2017. Panel (a) restricts

the sample to awards made by the Army. Panel (b) restricts the sample to awards made by the Navy. Panel

(c) restricts the sample to awards made by the Air Force. Award amounts are discretized into right-inclusive

bins of $2,500 dollars length.
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Figure A.1.10: Heterogeneous publicity adoption: goods versus services
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Notes: This figure presents two binned scatter plots, which depict the share of publicized contracts by bins

of award amounts, as well as linear and quadratic fits at each side of $25,000. The data source is the Federal

Procurement Data System-Next Generation. The full sample consists of non-R&D definitive contracts and

purchase orders, with award values between $ 10,000 and $ 40,000, awarded by the Department of Defense in

fiscal years 2015 through 2019. Panel (a) restricts the sample to awards for goods, while Panel (b) restricts the

sample to service contracts. Award amounts are discretized into right-inclusive bins of $3,000 dollars length.
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Figure A.1.11: Heterogeneous effects on competition: goods versus services
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Notes: This figure presents two binned scatter plots, which depict the average number of offers received by bins

of award amounts, as well as linear and quadratic fits at each side of $25,000. The data source is the Federal

Procurement Data System-Next Generation. The full sample consists of non-R&D definitive contracts and

purchase orders, with award values between $ 10,000 and $ 40,000, awarded by the Department of Defense in

fiscal years 2015 through 2019. Panel (a) restricts the sample to awards for goods, while Panel (b) restricts the

sample to service contracts. Award amounts are discretized into right-inclusive bins of $3,000 dollars length.
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Figure A.1.12: Heterogeneous effects on winner characteristics: goods versus services
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Notes: This figure presents two binned scatter plots, which depict the share of contracts awarded to a foreign

firm by bins of award amounts, as well as linear and quadratic fits at each side of $25,000. The data source

is the Federal Procurement Data System-Next Generation. The full sample consists of non-R&D definitive

contracts and purchase orders, with award values between $ 10,000 and $ 40,000, awarded by the Department

of Defense in fiscal years 2015 through 2019. Panel (a) restricts the sample to awards for goods, while Panel

(b) restricts the sample to service contracts. Award amounts are discretized into right-inclusive bins of $2,500

dollars length.
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Figure A.1.13: Heterogeneous effects on performance: goods versus services
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Notes: This figure presents two binned scatter plots, which depict share of contracts with cost overruns by bins

of award amounts, as well as linear and quadratic fits at each side of $25,000. Cost overruns are computed as

the difference between actual obligated contract dollars and expected total obligations at the time of the award,

divided by expected obligations. The data source is the Federal Procurement Data System-Next Generation.

The full sample consists of non-R&D definitive contracts and purchase orders, with award values between $
10,000 and $ 40,000, awarded by the Department of Defense in fiscal years 2015 through 2019. Panel (a)

restricts the sample to awards for goods, while Panel (b) restricts the sample to service contracts. Award

amounts are discretized into right-inclusive bins of $3,000 dollars length.
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A.2 Additional Tables

Table A.2.1: Effect on Cost-Overruns Controlling for Firm-FE

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

Share with Cost Overruns

Estimate 0.076 0.099 0.022 0.044
S. E. (0.027) (0.042) (0.029) (0.035)

Estimation Method IV CCT IV CCT
Firm Fixed Effect Included No No Yes Yes
Number of Observations 69296 69296 69296 69296

Notes: This table shows the instrumental variable estimates for appearing in FedBizzOpps. The dependent

variable is an indicator of having any positive cost-overrun. Columns 1 and 3 are linear IV estimates. Columns 2

and 4 show fuzzy RD estimates using robust-local polynomial regression (CCT - Cataneo et al. 2014). Columns

3 and 4 include firm fixed effects to control for the average performance of the contractors. The sample consists

of observations from contractors that appear more than once in the data; otherwise, they are naturally dropped

from fixed effect regression. Column 4 is estimated using a residualized outcome variable. Cost overruns are

computed as the difference between actual obligated contract dollars and expected total obligations at the award

time. The data source is the Federal Procurement Data System-Next Generation. The full sample consists of

non-R&D definitive contracts and purchase orders, with award values between $ 10,000 and $ 40,000, awarded

by the Department of Defense in fiscal years 2015 through 2019.

A.3 Additional Details on the Setting

FedBizzOpps

FedBizOpps.gov (FBO) has been designed as a single government point of entry (GPE)
for Federal buyers to publish and for vendors to find posted Federal business opportunities
across departments and agencies. The FAR (part 5) regulates the publicity of contract
actions. The goals of publicity policy (FAR 5.002) are (a) increase competition, (b) broaden
industry participation in meeting Govt requirements (c) assist small businesses (and VO,
VOSD, WO, HUBZone, etc.) in winning contracts and subcontracts. The FAR requires
that contract actions expected to exceed $25,000 must be synopsized in the GPE. Contract
actions under $25,000 must publicize “by displaying in a public place, or by any appropriate
electronic means.” The contracting officer is exempted to advertise in GPE (FAR 5.102(a)5
and 5.202), when “disclosure compromises national security, ” “nature of the file (e.g., size)
does not make it cost-effective or practicable,” the “agency’s senior procurement executive
makes a written determination that it is not in the Government’s interest,” and several other
special cases (see FAR 5.202).
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Figure A.3.1 displays screenshots to the website. Panel (a) shows the list of opportunities,
Panel (b) includes the information contained a specific solicitation :

Figure A.3.1: FedBizzOpps

(a) List of Opportunities (b) Example Solicitation

Notes: These figures show screenshots to FBO.gov. Panel (a) the list of opportunities and search alternatives. Panel

(b) shows a particular solicitation for athletic socks, required by an Army procurement office. These screenshots were

captured on Feb 13, 2019.

Types of FBO Notices

There are two broad types of FBO notices: pre-award and post-award notices. The pre-award
notices are divided into four actions:1

• Presolicitation: The pre-solicitation notice makes vendors aware that a solicitation
may follow. Vendors may add themselves to the Interested Vendors List, if the posting
agency has enabled this feature. This helps government agencies determine if there are

1Here we omit uncommonly used actions: Sale of Surplus Property, Justification and Approval (J&A), Fair
Opportunity / Limited Sources Justification, Foreign Government Standard, and Intent to Bundle Require-
ments (DoD-Funded).
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qualified vendors to perform the work scope and allows the contracting office to gather
information on the interested vendors.

• Combined Synopsis/Solicitation: Most opportunities classified this way are open
for bids from eligible vendors. These opportunities include specifications for the prod-
uct or service requested and a due date for the proposal. The notice will specify bidding
procedures in the details of the solicitation.

• Sources Sought: The Sources Sought notice is a synopsis posted by a government
agency seeking possible sources for a project. It is not a solicitation for work or a
request for proposal. For more information, see FAR 7.3 and OMB Circular A-76.

• Special Notice: Agencies use Special Notices to announce events like business fairs,
long-range procurement estimates, pre-bid/pre-proposal conferences, meetings, and the
availability of draft solicitations or draft specifications for review.

The post-award notices are essentially award notices :

• Award Notice: When a federal agency awards a contract in response to a solicitation,
they may choose to upload a notice of the award to allow the interested vendors to
view the vendor receiving the awarded contract, and amount agreed upon.

Figure A.1.1 describes the life-cycle of a project and how different stages are linked to
FBO actions.

Dataset Details

Our analysis combines data from two sources: Federal Procurement Data System - Next
Generation (FPDS-NG) and data scrapped directly from FedBizzOpps.gov (FBO).
FPDS-NG. The FPDS-NG tracks the universe of federal awards that exceed $5,000.2 The
Federal Acquisition Regulation (FAR) requires Contracting Officers (COs) must submit com-
plete reports on all contract actions. Thus, every observation corresponds to a contract ac-
tion, representing either an initial award or a follow-on action, e.g., modification, termination,
renewal, or exercise of options. For each observation, we observe detailed information, such
as the dollar value of the funds obligated by the transaction; a four-digit product category
code (PSC); six-digit Industry (NAICS) code; identification codes for the agency, sub-agency,
and contracting office making the purchase; the identity of the private vendor (DUNS); the
type of contract pricing (typically, fixed-price or cost-plus); the extent of competition for the
award; characteristics of the solicitation procedure; the number of offers received; and the
applicability of a variety of laws and statutes. We collapse all actions by contract ID. As a
reference, 80% of awarded contracts are smaller than $50,000.

2The data can be downloaded from usaspending.gov



APPENDIX A. EFFECTS OF PUBLICITY 132

Our analysis contemplates overruns in terms of cost and time of completion. We define
contract delays and cost overruns based on related literature (Decarolis et al., 2020). We
exclude outliers on both variables as they are likely associated with data entry issues. We
cross-checked dates and amounts for contract award notices that appeared in FBO and found
that mismatches are uncommon.
FBO Data. We use daily archives of all information posted in FBO. Every data row
corresponds to a different notice action. Each action is associated with a unique URL. The
two primary IDs to match FBO data with other datasets are “solicitation number” and
“contract award number. The former identifies pre-award actions, whereas award notices
are identified using “contract award number.” A relevant fraction of the award-notices are
not linked with any of the pre-award notices. FPDS data contain both IDs. Roughly, an
annual database contains 300,000 notices.

The data preparation consists in three steps; first, we clean IDs and classify different
actions associated with each ID. Second, we merge with FPDS data using contract number,
then update solicitation number when both exist, finally merge and append unmatched
observations using solicitation number. The last step is to collapse the data at the FPDS
contract ID level. So the resulting dataset contains all the contract ids that also appeared
in FBO.

We define that a contract appeared in FBO (treatment indicator) if the contract award
has a solicitation number associated with at least one of the FBO pre-award actions described
above.
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A.4 Empirical Framework for Estimating the Effects

of Publicity on Contract Outcomes

This Appendix presents a detailed exposition of the empirical framework introduced in sec-
tion 1.3. Section A.4 presents our theoretical framework and the set of results that motivate
the density analysis. Section A.4 explains the density analysis in detail, including all im-
plementation details. Section A.4 discusses how to correct naive RDD estimates to account
for price effects and potential measurement error. Section A.4 explains how we account for
potential bunching responses in the RDD framework.

Model

Preliminaries

Consider a series of observed contract awards t ∈ {1, .., T}. Let p̃t be the ex-ante award price
of contract t, which corresponds to the agency’s estimate of what the contract price will be.
Let pt be the observed award price of contract t. p̃t and pt are normalized relative to a policy
threshold of $25,000 and measured in logs. Therefore, negative (positive) values of p̃t and pt
are said to be below (above) the threshold for the purpose of the policy described below.

Prior to the award, the buyer decides whether to publicize the solicitation (Dt = 1) or
not (Dt = 0). Let pdt (p̃t) be the potential price that we would observe for contract t, given
an ex-ante estimate of p̃t and a publicity decision Dt = d, for d ∈ {0,1}. There is a policy
that encourages buyers to choose Dt = 1 for awards expected to exceed the threshold (i.e.
for p̃t > 0).

The buyer may choose to strategically bunch (Bt = 1), which means that she modifies
the characteristics of the initial purchase, in order to obtain an award price equal to pBt (p̃t),
choosing Dt = 0 without being affected by the policy. pBt (p̃t) is equal to, or slightly below 0.

Therefore, observed prices can be written as:

pt = p0
t (p̃t) +Dt ⋅ [p1

t (p̃t) − p0
t (p̃t)] +Bt ⋅ (1 −Dt) ⋅ [pBt (p̃t) − p0

t (p̃t)]
We assume the following:

A1 p̃t are i.i.d. draws from a distribution with smooth density fp̃(⋅).

A2 p0
t (p̃t) = p̃t + ξt, with ξt ∼ Fξ(⋅), E[ξt] = 0, and ξt ⊥ p̃t.

A3 p1
t (p̃t) = p̃t + γt, with γt ∼ Fγ(⋅), γt ⊥ p̃t, and γt ⊥ ξt.

A4 Pr(Dt = 1∣p̃t) ≡ π̃D(p̃t) = π̃∗D(p̃t) + δ ⋅ 1[p̃t > 0], for a continuous function π̃∗D(⋅).

A5 There exist pH > 0 such that Bt = 0 for all p̃t > pH .

Note that here we present a slightly more general version of the model that in Section
1.3. In particular, A2 allows for measurement error in agencies’ ex-ante estimates.
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Discretizing award values

Consider the division of the range of possible (normalized) award values into a set of equally-
sized and right-inclusive bins around the threshold b ∈ {−R, (−R+1), ...,−1,0,1, ..., (R−1),R}.
Note that bin b = 0 includes awards right at, or slightly below, the policy threshold.

Let {ndb}Rb=−R be the frequency distribution of observed awards conditional on treatment
(publicity) status Dt = d, for d ∈ {0,1}, so that ndb denotes the number of contracts with
treatment status d and observed award value pt ∈ b. Likewise, let {ñdb}Rb=−R represent the
(unobserved) frequency distribution of latent ex-ante prices. We also denote the distribution
of all awards (both publicized and non-publicized) by simply omitting the superscript. That
is, nb = n0

b + n1
b , and ñb = ñ0

b + ñ1
b .

Consider also a shifted distribution of publicized contracts {n1,s
b (γ̄)}Rb=−R, which is ob-

tained by subtracting a mean price effect γ̄ to every publicized (Dt = 0) contract. That is,
n1,s
b (γ̄) denotes the number of publicized contracts with award value pt such that (pt+ γ̄) ∈ b.

Finally, let ∆ denote the discrete change in the number of publicized contracts at the
discontinuity. Given A4, note that this is defined as ∆ = δ ⋅∑b nb.

Propositions

We now make a series of propositions that motivate our estimation method that we label
“density analysis” in Section 1.3.

Proposition 3. There exist some (b1, b̄1) such that E[ñ1
b] = E[ns,1b (γ̄)], for γ̄ = E[γt],

b < b1 < 0 and b > b̄1 > 0. That is, far enough from the threshold, the distribution of
realized award prices, appropriately shifted to cancel out mean price effects, coincides with
the distribution of ex-ante award prices for publicized contracts.

Proposition 4. There exist some (b0, b̄0) such that E[ñ0
b] = E[n0

b], for b < b0 < 0, and
b > b̄0 > 0. In other words, far enough from the threshold, the distributions of ex-ante and
realized award prices for non-publicized contracts coincide.

Corollary 1. E[ñb] = E[n0
b + n

s,1
b (γ̄)], for γ̄ = E[γt], b < b = min{b0, b1} < 0 and b > b̄ =

max{b̄0, b̄1} > 0.

Proposition 5. ∑b≤0(ñb − nb) = ∑b>0(nb − ñb). This means that the excess mass below the
threshold equals the missing mass above the threshold.

Proposition 6. ∆ ⋅ Fγ′(x) = E[n1,s
bx

(γ̄) − ñ1
bx
], for x ∈ bx, bx ≤ 0, and γ′ = γ − γ̄.

Convolution of densities

The key to our propositions stems from characterizing the distribution of observed prices pt,
given the distributions of ex-ante estimates, price effects, and measurement error. Through-
out this section, we normalize the price of publicized contracts by subtracting the mean of
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the price effects. This is for convenience, so that we deal with a mean-zero price effect, but is
without loss of generality, as the propositions appropriately adjust for γ̄ when appropriate.

Consider first the density of publicized contracts, h1
p. Because observed prices are given

by the sum of two independent random variables, ex-ante estimates and price effects (see
A3), their density is given by the convolution of the densities f 1

p̃ ≡ fp̃∣D=1 and fγ. That is:

h1
p(pt) = ∫

∞

−∞
f 1
p̃ (pt − γt)fγ(γ)dγ (A.1)

On the other hand, using Bayes’ rule:

f 1
p̃ (p̃t) =

π̃D(p̃t) ⋅ fp̃(p̃t)
Pr(Dt = 1) (A.2)

So that (A.1) and (A.2) imply:

h1
p(pt) = ∫

∞

−∞

π̃D(pt − γ) ⋅ fp̃(pt − γ) ⋅ fγ(γ)
Pr(Dt = 1) dγ

= ∫
∞

−∞

(π̃∗D(pt − γ) + δ ⋅ 1[pt − γ > 0]) ⋅ fp̃(pt − γ) ⋅ fγ(γ)
Pr(Dt = 1) dγ

= ∫
∞

−∞

π̃∗D(pt − γ) ⋅ fp̃(pt − γ) ⋅ fγ(γ)
Pr(Dt = 1) dγ + ∫

pt

−∞

δ ⋅ fp̃(pt − γ) ⋅ fγ(γ)
Pr(Dt = 1) dγ

Or,

h1
p(pt) ≡ ∫

∞

−∞
f 1∗
p̃ (pt − γ) ⋅ fγ(γ) ⋅ dγ + ∫

pt

−∞
∆(pt − γ) ⋅ fγ(γ) ⋅ dγ (A.3)

Consider pt << 0, so that fγ(pt) ≈ 0. In words, consider a price sufficiently below the
threshold, so that the probability that the ex-ante estimate for this contract was above the
threshold is negligible. In this case, the second term in Equation (A.3) is zero. On the other
hand, f 1∗

p̃ (pt − γ) = f 1
p̃ (pt − γ) when pt < 0, so that the first term is the convolution between

the densities of p̃ and γt. If the former is sufficiently smooth, then adding a mean-zero price
effect has no effect on the observed density, and h1

p(pt) = f 1
p̃ (pt). It follows that the expected

number of contracts with observed price pt equals the expected number of contracts with ex-
ante price estimate equal to pt. Abandoning the normalization to allow for non-zero average
price effects implies that this equality of expectations holds only once observed publicized
prices are adjusted by adding the mean of γ. The first part of Proposition 3 follows: for
sufficiently low pt ∈ b, E[ñ1

b] = E[ns,1b (γ̄)], for all b ≤ b.
As we move closer to the threshold from below, the second term in Equation (A.3)

becomes positive. This corresponds to the excess mass of contracts, relative to the counter-
factual density of the first term. Intuitively, this term is given by the mass of contracts with
ex-ante estimate to the right of the threshold that receive a sufficiently high price effect so
as to end up at the left of it. This is what allows us to identify Fγ in Proposition 6. Consider
pt = x closely below the threshold, so that ∆(x− γ) ≈ ∆. With a constant ∆, it immediately



APPENDIX A. EFFECTS OF PUBLICITY 136

follows that ∆ ⋅ Fγ(pt) = h1
p(pt) − f 1

p̃ (pt).
A symmetric argument can be given for pt closely above the threshold. In this case,

the second term becomes the missing mass of the observed density h1
p(pt), relative to the

counterfactual density of p̃. Once we get to a high enough value of pt >> 0, once again
fγ(pt) goes to zero and this missing mass disappears. Observed and counterfactual densities
converge, which completes Proposition 3: for sufficiently high pt ∈ b, E[ñ1

b] = E[ns,1b (γ̄)], for

all b > b.
The argument for non-publicized contracts is directly analogous. Observed awards are the

sum of unobserved ex-ante estimates p̃ and a mean-zero error term ξ. This error term only
generates a discrepancy between h0

p and f 0
p when the latter is not smooth, which happens

only at the threshold. Proposition 4 follows: for pt << 0 and pt >> 0, the two densities
coincide.

All this discussion ignored the potential effect of bunching responses. However, strategic
bunching does not affect any of the aforementioned results. This is because of A5: bunching
responses occur only within a window around the threshold. Therefore, all of our arguments
remain unchanged, as long as bH ≤ b, where pH ∈ bH .

Finally, Proposition 5 follows directly from the fact that our model assumes no extensive
margin responses. Contracting officers can avoid the mandate via bunching responses, but
still need to complete the purchase. We think this assumption is natural for this setting, so
that the overall number of observed and counterfactual contracts needs to coincide.

Density Analysis: Estimation of Price Effects and Counterfactual
Densities

We know explain our density analysis estimation method in detail, building on the Proposi-
tions of the previous section.

Step 1

Our method starts from the observation that, relative to ex-ante prices, linear price effects
will impact the distribution of publicized contracts in two ways: (i) they will shift the full
distribution to the left by E[γt]; and (ii) they will smooth out the discontinuity in the
distribution around the threshold, because of V (γt) (see Figure 1.2 (d)).

Suppose that we knew the true value of mean price effects E[γt] ≡ γ̄. From the observed
frequency distribution of publicized contracts {n1

b}, we can simply undo the first impact of
price effects by shifting this distribution back to the right. That is, we construct the shifted
distribution {n1,s

b (γ̄)}, which is obtained by adding the value of γ̄ to the price award of
every publicized contract. If the number of contracts is large, the shifted distribution should
coincide with the unobserved distribution of ex-ante prices {ñdb}, except near the threshold.

On the other hand, a similar argument can be made for non-publicized contracts, given
the assumption that bunching responses are local to the threshold (A4). Except for a
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window around the threshold where bunching responses manifest, the observed distribution
{n0

b} should coincide with the unobserved distribution {ñdb} (see Figure 1.2 (c)).
This intuition is supported by Propositions 3 and 4. Once we get “far enough” from the

threshold, the distribution of non-publicized awards and the appropriately shifted distribution
of publicly solicited awards should coincide with the latent distributions of ex-ante prices.
In particular, we have that: n0

b + n
1,s
b (γ̄) ≈ ñ0

b + ñ1
b = ñb for b sufficiently far from 0. On the

contrary, close to the threshold we have n0
b + n

1,s
b (γ̄) ≠ ñb due to the effects of bunching and

the variance in price effects.
Finally, because we know that the unobserved distribution {ñb} should be smooth every-

where due to A1, we can use a standard bunching estimation procedure (Chetty, Friedman,
and Saez, 2013; Kleven and Waseem, 2013) to infer the shape of it around the threshold.
This means fitting a polynomial function through our constructed distribution {n0

b+n
1,s
b (γ̄)},

ignoring the contribution of the bins close to the threshold.
More concretely, we estimate the following specification:

[n0
b + n1,s

b (̂̄γ)] =
Q

∑
x=0

αx ⋅ bx +
b

∑
j=b

γj ⋅ 1[b = j] + νb, for b = {−R, ...,R} (A.4)

and obtain fitted values:

n̂b =
Q

∑
x=0

α̂x ⋅ bx for b = {−R, ...,R}.

Now, this discussion started by assuming that we knew the value of the mean price effect
γ̄. Yet, in practice, this is the main unknown parameter that we seek to recover. So in order
to estimate it, we rely on the integration constraint of Proposition 5: ∑Rb=−R(n0

b + n
1,s
b (γ̄)) =

∑Rb=−R ̂̃
bn. As the intuition from Appendix Figure 1.3 shows, the integration constraints will

bind only when we shift the distribution of publicized contracts according to the right value
of γ̄. We, therefore, start from an initial guess of ̂̄γ, and iterate until we find a value such
that the constraint is satisfied.

For the implementation, we choose the following parameters. We use a fifth-degree
polynomial, i.e. Q = 5. We use bins of constant width of 0.01 log-points. This implies
bins of roughly $250 at the discontinuity. Indeed, bin b = 0 includes all contracts with price
greater than $24,7513 and smaller than or equal to $25,000. Our estimation is performed
on a total set of 150 bins centered around zero, from -0.75 to 0.75. In dollar terms, this
corresponds to contracts between $11,809 and $52,925. The excluded window for step 1 is
symmetric, excluding 12 bins below zero and 12 bins above. In dollar terms, the excluded
window consists of contracts between $22,173 and $28,187.

3log(x) − log(25,000) = 0.01 ⇐⇒ x = 25,000 ⋅ exp(−0.01)
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Step 2

The second step seeks to estimate separate counterfactual distributions by publicity status,

i.e. { ̂̃0
bn} and { ̂̃1

bn}. To do this, we can go back to the intuition from Figure 1.1, assuming
that there are neither price effects nor bunching responses, so that the distributions of ex-
ante prices and observed realized prices coincide. In this case, the distributions for treated
and control units should be continuous, except at the threshold, where we should see a
discontinuous jump in publicized contracts mirrored by a discontinuous dip in non-publicized
contracts. Suppose that we knew the size of this change, which we denote as ∆. Knowledge of
∆ would allow us to undo these discontinuities by shifting the right part of each distribution
vertically. Indeed, the distributions {n0

b + ∆ ⋅ 1[b > 0]} and {n1
b − ∆ ⋅ 1[b > 0]} should be

continuous.
In the presence of bunching and price effects, these vertical shifts will not make the

observed distributions continuous. However, just as in the discussion above, price effects
and bunching should only affect the distributions within some window around the threshold.
So we use this logic again and use a polynomial interpolation to estimate the counterfactual
distributions around the threshold.

First, we construct distributions that are vertically shifted above the threshold: {n0
b +∆ ⋅

1[b > 0]}Rb=−R and {n1,s
b ( ̂̄bγ)−∆ ⋅1[b > 0]}Rb=−R. We then apply the same interpolation method

as before for each of the two distributions. That is, we separately estimate the following two
specifications:

(n0
b +∆ ⋅ 1[b > 0]) =

Q

∑
x=0

α0
x ⋅ bx +

b0

∑
j=b0

γ0
j ⋅ 1[b = j] + ν0

b , for b = {−R, ...,R} (A.5)

(n1,s
b ( ̂̄bγ) −∆ ⋅ 1[b > 0]) =

Q

∑
x=0

α1
x ⋅ bx +

b1

∑
j=b1

γ1
j ⋅ 1[b = j] + ν1

b , for b = {−R, ...,R} (A.6)

and compute fitted values ignoring the contribution of the bins within the excluded
window:

n̂∗0
b =

Q

∑
x=0

α̂0
x ⋅ bx, for b = {−R, ...,R}

n̂∗1
b =

Q

∑
x=0

α̂1
x ⋅ bx, for b = {−R, ...,R}

Finally, our estimates of the counterfactual distributions do incorporate the discontinuous
effect of the policy. We estimate these by re-adding the shift that we originally removed:

n̂0
b = n̂∗0

b −∆ ⋅ 1[b > 0] for b = {−R, ...,R}

n̂1
b = n̂∗1

b +∆ ⋅ 1[b > 0] for b = {−R, ...,R}
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Again, this exposition assumes that we know the value of ∆. Since, in practice, this is
not directly observed, our method iterates over guesses of ∆̂. The convergence criterion in
this case is based on the fit of the interpolations outside the excluded window. Indeed, if
the vertical shift we guess is too low or too high, the polynomial interpolation will fit poorly
just outside of the excluded area. Appendix Figure 1.4 shows this intuition graphically.

So, given a guess of ∆̂, we compute the residuals for each of the two regressions (A.5)
and (A.6). We then search over ∆̂ to minimize:

W (∆̂) = 0.5 ⋅ ∑
b≠Z0

ν̂0
b (∆̂)2 + 0.5 ⋅ ∑

b≠Z1

ν̂1
b (∆̂)2

,

where Z0 = {b0, ..., b0} and Z1 = {b1, ..., b1} correspond to the excluded regions.
For step two, we keep the polynomial degree fixed, binning and range fixed as in step 1.

However, we change the excluded region for the specification using non-publicized contracts
(A.5). The justification of this is that we expect bunching to be concentrated closely below
the threshold. Concretely, we choose 5 bins below the threshold and 12 bins above for Z0

and keep the symmetric window of 12 bins above and below for Z1.

Step 3

In step 3 we rely on the formula from Proposition 6 and use our estimates from above to
compute:

F̂γ′(x) =
n1,s
bx

(̂̄γ) − ̂̃1
bxn

∆̂

for x ∈ bx, bx ∈ {b1, ...,0}, and γ′ = γ − ̂̄γ. This is straightforward given implementation
of steps 1 and 2. We obtain the Fγ′ evaluated at each bin on the lower half of the excluded
region Z1. For values x < b1, we impose Fγ′ = 0, since below the excluded region there is
no longer any influence of price effects. Finally, we then obtain estimates for the rest of the
CDF by imposing symmetry, so that Fγ′(x) = 1 − Fγ′(−x).

For all of our estimates, we compute standard errors via bootstrap. We sample with
replacement from the original distribution of contracts, and implement steps 1 through
3, obtaining a set of estimates θ̂. We repeat this process H times. The standard errors
correspond to the empirical standard deviation of θ̂(h), for h = {1,2, ...,H}.

RDD Correction for Price Effects and Measurement Error

Consider again the model described in Section A.4. Observed prices as a function of ex-ante
prices are given by:

pt = p̃t + (1 −Dt) ⋅ ξt +Dt ⋅ γt (A.7)

where pt are observed normalized (i.e. logged and re-centered around 0) award prices,
p̃t are normalized ex-ante prices, Dt ∈ {0,1} are publicity decisions, γt is the price effect of
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publicity, and ξt is measurement error. Let γt ∼ Fγ(⋅), with E[γt] = µγ and V [γt] = σ2
γ. Let

ξt ∼ Fξ(⋅), with E[ξt] = 0 and V [ξt] = σ2
ξ . Assume γt ⊥ ξt ⊥ p̃t.

To assess the causal impact of Dt on outcomes of interest yt, we assume a piece-wise
linear relationship between expected outcomes and latent ex-ante prices. In particular:

E[yt∣p̃t] = 1(p̃t ≤ 0) ⋅ (α0 + β0 ⋅ p̃t) + 1(p̃t > 0) ⋅ (α1 + β1 ⋅ p̃t) (A.8)

For simplicity, we focus on this reduced form relationship, but it would be straightforward
to extend it to a two-equation model with a structural equation relating yt and Dt, and a first-
stage equation relating Dt and p̃t. Our parameters of interest are (α,β) = (α0, α1, β0, β1).
In particular, we focus on (α1 − α0), the reduced form effect at the discontinuity.

The problem we face is that we do not observe a sample analog of E[yt∣p̃t],
but rather of E[yt∣pt]. Our “naive RDD” coefficients correspond to an estimate of
(limp→0+ E[yt∣p] − limp→0− E[yt∣p]), which in general will not be equal to (α1 − α0) =
(limp̃→0+ E[yt∣p̃] − limp̃→0− E[yt∣p̃]). Here we propose an alternative estimator of (α1 − α0)
based on the following proposition.

Proposition 7. Expected outcomes conditional on observed award prices E [yt∣pt] can be
expressed as an explicit linear function of the structural parameters (α,β), as well as other
variables that we can directly observe or estimate. In particular:

E [yt∣pt] = α0 ⋅ ψ1(pt) + β0 ⋅ ψ2(pt) + α1 ⋅ ψ3(pt) + β1 ⋅ ψ4(pt) ,

where ψk(⋅), k ∈ {1,2,3,4} are explicit functions of observed prices (pt), observed treatment
probabilities at a given price (πD(pt)), and moments of the distributions of price effects and
measurement error evaluated at a given price (Fγ(pt), Fξ(pt)).

Below we derive the explicit expressions for each ψk. We then compute these using
our data and the estimate F̂γ(pt) that we obtained from the density analysis. We also
assume no measurement error, so that ξt = 0 for all t. However, the formulas we derive are
general, allowing for any arbitrary distribution of measurement error. Once we compute
these estimates ψ̂k(pt), we use the equation in Proposition 7 to estimate (α,β) by OLS. We
are particularly interested in (α̂OLS1 − α̂OLS0 ), which we then directly compare to the “naive
RDD” reduced form coefficients.

Proof of Proposition 7

We now derive the explicit expression for E[yt∣pt]. First, we use the Law of Total Probability
to write:

E[yt∣pt] = E[yt∣pt, p̃t ≤ 0])
´¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¸¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¶

Λ1

⋅Pr(p̃t ≤ 0∣pt)
´¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¸¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¶

Λ2

+E[yt∣pt, p̃t > 0]
´¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¸¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¶

Λ3

⋅Pr(p̃t > 0∣pt)
´¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¸¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¶

Λ4

(A.9)
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For each Λk, k ∈ {1,2,3,4}, we find an expression that depends only on magnitudes that
we can directly observe or estimate.

We start with Λ2:

Λ2 = Pr(p̃t ≤ 0∣pt)
= Pr(p̃t ≤ 0∣pt,Dt = 0) ⋅Pr(Dt = 0∣pt) +Pr(p̃t ≤ 0∣pt,Dt = 1) ⋅Pr(Dt = 1∣pt)
= Pr(pt − ξt ≤ 0∣pt) ⋅ [1 − πD(pt)] +Pr(pt − γt ≤ 0∣pt,Dt = 1) ⋅ πD(pt)
= [1 − Fξ(pt)] ⋅ [1 − πD(pt)] + [1 − Fγ(pt)] ⋅ πD(pt)
≡ Λ2(pt, πD(pt), Fγ(pt), Fξ(pt),α,β)

(A.10)

Similarly for Λ4:

Λ4 = Pr(p̃t ≥ 0∣pt)
= Pr(p̃t ≥ 0∣pt,Dt = 0) ⋅Pr(Dt = 0∣pt) +Pr(p̃t ≥ 0∣pt,Dt = 1) ⋅Pr(Dt = 1∣pt)
= Pr(pt − ξt ≥ 0∣pt) ⋅ [1 − πD(pt)] +Pr(pt − γt ≥ 0∣pt,Dt = 1) ⋅ πD(pt)
= Fξ(pt) ⋅ [1 − πD(pt)] + Fγ(pt) ⋅ πD(pt)
≡ Λ4(pt, πD(pt), Fγ(pt), Fξ(pt),α,β)

(A.11)

For Λ1 and Λ3, the analysis is slightly more complicated. First, observe that:

Λ1 = E[yt∣pt, p̃t ≤ 0])
= E[α0 + β0 ⋅ p̃t∣pt, p̃t ≤ 0]
= α0 + β0 ⋅E[p̃t∣pt, p̃t ≤ 0]
= α0 + β0 ⋅ {E[p̃t∣pt, p̃t ≤ 0,Dt = 1] ⋅Pr(Dt = 1∣pt, p̃t ≤ 0)

+E[p̃t∣pt, p̃t ≤ 0,Dt = 0] ⋅Pr(Dt = 0∣pt, p̃t ≤ 0)}
= α0 + β0 ⋅ {E[pt − γt∣pt, p̃t ≤ 0,Dt = 1] ⋅Pr(Dt = 1∣pt, p̃t ≤ 0)

+E[pt − ξt∣pt, p̃t ≤ 0,Dt = 0] ⋅Pr(Dt = 0∣pt, p̃t ≤ 0)}
= α0 + β0 ⋅ {(pt −E[γt∣γt ≥ pt, pt]) ⋅Pr(Dt = 1∣pt, p̃t ≤ 0)

+ (pt −E[ξt∣ξt ≥ pt, pt]) ⋅Pr(Dt = 0∣pt, p̃t ≤ 0)}

⇐⇒

Λ1 = α0 + β0 ⋅ pt + β0 ⋅ {E[γt∣γt ≥ pt, pt]) ⋅Pr(Dt = 1∣pt, p̃t ≤ 0)
−E[ξt∣ξt ≥ pt, pt]) ⋅Pr(Dt = 0∣pt, p̃t ≤ 0)} (A.12)
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Now, applying Bayes’ rule to Pr(Dt = 0∣pt, p̃t ≤ 0):

Pr(Dt = 0∣pt, p̃t ≤ 0) = Pr(p̃t ≤ 0∣Dt = 0, pt) ⋅Pr(Dt = 0∣pt)
Pr(p̃t ≤ 0∣pt)

= Pr(p̃t ≤ 0∣Dt = 0, pt) ⋅Pr(Dt = 0∣pt)
Λ2

= Pr(pt − ξ ≤ 0∣pt) ⋅ [1 − πD(pt)]
Λ2

= [1 − Fξ(pt)] ⋅ [1 − πD(pt)]
Λ2

(A.13)

And, therefore,

Pr(Dt = 1∣pt, p̃t ≤ 0) = 1 −Pr(Dt = 0∣pt, p̃t ≤ 0)

= [1 − Fγ(pt)] ⋅ πD(pt)
Λ2

(A.14)

Combining (A.12), (A.13) and (A.14) implies:

Λ1 = α0 + β0 [pt +
E[γt∣γt ≥ pt, pt] ⋅ [1 − Fγ(pt)] ⋅ πD(pt) −E[ξt∣ξt ≥ pt, pt] ⋅ [1 − Fξ(pt)] ⋅ [1 − πD(pt)]

Λ2

]

≡ Λ1(pt, πD(pt), Fγ(pt), Fξ(pt),α,β)
(A.15)

Analogous calculations yield the following expression for Λ3:

Λ3 = α1 + β1 [pt +
E[γt∣γt ≤ pt, pt] ⋅ Fγ(pt) ⋅ πD(pt) −E [ξt∣ξt ≤ pt, pt] ⋅ Fξ(pt) ⋅ [1 − πD(pt)]

Λ4

]

≡ Λ3(pt, πD(pt), Fγ(pt), Fξ(pt),α,β)
(A.16)

Finally, combining (A.9), (A.10), (A.11), (A.15), and (A.16), we obtain:

E[yt∣pt] = α0 ⋅ ψ1(pt) + β0 ⋅ ψ2(pt) + α1 ⋅ ψ3(pt) + β1 ⋅ ψ4(pt)

where:

ψ1(pt) = [1 − Fξ(pt)] ⋅ [1 − πD(pt)] + [1 − Fγ(pt)] ⋅ πD(pt)
ψ2(pt) = ψ1(pt) ⋅ pt +E[γt∣γt ≥ pt, pt] ⋅ [1 − Fγ(pt)] ⋅ πD(pt) −E[ξt∣ξt ≥ pt, pt] ⋅ [1 − Fξ(pt)] ⋅ [1 − πD(pt)]
ψ3(pt) = Fξ(pt) ⋅ [1 − πD(pt)] + Fγ(pt) ⋅ πD(pt)
ψ4(pt) = ψ3(pt) ⋅ pt +E[γt∣γt ≤ pt, pt] ⋅ Fγ(pt) ⋅ πD(pt) −E [ξt∣ξt ≤ pt, pt] ⋅ Fξ(pt) ⋅ [1 − πD(pt)]
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Accounting for Bunching

A standard test for the validity of the RDD framework consists on verifying the continuity
of the density of the running variable around the threshold. If the running variable is not
distributed smoothly around the cutoff, then it is said to be “manipulated”. In recent work,
Gerard, Rokkanen, and Rothe (2020) show that, while point identification of causal effects
is infeasible in this case, it is possible to obtain sharp bounds on the effects of interest.

In their model, the extent of manipulation can be quantified as the excess bunching in
the density of the running variable below the threshold. While one cannot identify which
are the units below the threshold that are manipulating, the excess bunching πB tells us
what share of the observed units are in this group. Bounds on treatment effects are then
computed by excluding a share πB of the observations below the threshold, in ways that
yield the most extreme values for the estimate.

This process can be quite involved in general, since one does not know the treatment
assignment of the units that manipulate. This transforms the computation of the bounds in
an optimization problem, searching for the worst- and best-case scenarios in terms of how
outcomes are distributed across treatment groups below the threshold.

However, our setting allows us to make a behavioral assumption that tremendously simpli-
fies the problem. In particular, our model assumes that all units that manipulate the ex-ante
price to bunch below the threshold, successfully avoid the publicity mandate.4 Therefore,
our model implies that the share πB of units that manipulate all belong to the control group
(Dt = 0). Bounds on treatment effects are straightforwardly obtained in this case, by simply
chopping the tails of the distribution of outcomes Yt below the threshold for units in the
control group.

In practice, we implement this procedure as follows. For each bin b closely below the
threshold:

1. Compute the excess bunching in the control group, as BUNCHb = (n0
b − ̂̃0

bn), obtained
from our density analysis.

2. Sort control units according to the outcome variable Y 0
b .

3. Drop the BUNCHb units with the highest value of Y 0
b . Compute treatment effects.

This yields the lower bound.

4. Drop the BUNCHb units with the lowest value of Y 0
b . Compute treatment effects.

This yields the upper bound.

4This corresponds to a special case of their more general model. The authors explicitly discuss this special
case in their Appendix C.3.



144



APPENDIX B. DESIGN OF COMPETITION POLICIES 145

Appendix B

Appendix: Competition under
Incomplete Contracts and the Design
of Procurement Policies II: Structural
Estimates

B.1 Additional Figures

Figure B.1.1: Complexity Distribution

0.00 0.05 0.10 0.15 0.20 0.25 0.30 0.35 0.40

Degree of Complexity

Notes: This figure presents the probability density function (PDF) of product complexity. Even

though there’s wide heterogeneity on the degree of complexity, the bulk of contracts in our sample

have relatively low levels of complexity. The degree of complexity is defined as the log of the

product’s average overruns, and it is calculated on all contracts for the same product category

that are smaller than the regulation threshold ($25,000). The plotted distribution of log costs is

smoothed using a kernel.
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Figure B.1.2: Model Fit

(a) Publicity Status

15 20 25 30 35 40
0.2

0.3

0.4

0.5

0.6
Data
Model

(b) Price Density

15 20 25 30 35 40

0.04

0.06

0.08

0.10

0.12

0.14

0.16

0.18
Data
Model

(c) Number of Bidders
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(d) Probability of a Local Winning
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(e) Overruns
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(f) Any Overruns
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Notes: This figure presents the model fit, based on a simulated method of moments estimation. In each panel,

relevant outcome variables relative to the awarding price. Actual data are presented in blue, while model-based

simulated data is presented in orange. Panel (a) presents the density of contract prices, Panel (b) the fraction

of publicized contracts, Panel (c) the number of actual bidders, Panel (d) fraction awarded to local contractors,

Panel (e) and (f) show the average overrun and the chances of having any overrun. The last two panels separate

goods from services. The simulated outcomes simulate unobservables building upon actual data. The model is

estimated using 24,135 observations, the simulated methods expand each observation multiple times.
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Figure B.1.3: Participation

(a) Composition of Bidders
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(b) Identity of the Winner
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Notes: This figure presents the participation decisions and the subsequent winner identity as a function of the

number of potential bidders. Panel (a) the number of actual bidders of each group, the panel (b) displays the

average probability of awarding local bidders. The higher the number of potential non-locals, the less likely

that locals participate and win. These features connect directly with the fact that locals have substantially

higher participation costs; thus, in equilibrium, reductions on predicted utility due to increased competition

discourage their participation. Both figures were generated keeping constant (at the mean) the number of

potential locals.
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B.2 Additional Tables

Table B.2.1: Variable Description Model

Model Full
Sample Sample Diff

Variables:
Publicized in FBO 0.373 0.274 0.099
Award Amount 21.178 20.627 0.551
Number of Offers 3.002 3.098 -0.096
Overruns (relative) 1.117 1.088 0.029
Service 0.375 0.308 0.067
Mean Overruns Prod Cat 0.089 0.071 0.018
Awarded in September 0.249 0.262 -0.013
log Duration 3.976 3.811 0.165

Bidders’ Classification
Local is Awarded 0.754 - -
N Potential Local Bidders 6.078 - -
N Potential Non-Local Bidders 3.339 - -

Number of Observations 24,135 103,899

Notes: This first column describes the mean of the variables included in the model estimation.

The second column shows variables mean but over the full sample. The third column shows

the differences between these two means. The model’s sample corresponds to the subset of

contracts over which we could identify the number of potential local and non-local bidders.

We restrict the analysis to buyer-product combinations that meet two conditions: at least

four contracts were awarded between 2013 and 2019, and not all nor none were publicized.
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B.3 Model Estimation Details

Estimation

Denote the target moments by mn as a vector of moments from the data. The simulated
moments are denoted by ms(θ). The depends on the parameters θ ∈ Θ ⊂RP . The estimator
minimizes the standard distance metric:

θ̂ = argmin
θ

(mn −ms(θ))′Wn (mn −ms(θ))

Where Wn is the weighting matrix, which is chosen using the standard two-step approach.
Letting Ms(θ) be the (P × J) Jacobian matrix of the vector of simulated moments; under
standard regularity assumptions, we have:

√
n (θ̂ − θ0)

dÐ→ N (0,(1 + 1

s
) (M ′WM)−1M ′WΩW ′M(M ′WM)−1) (B.1)

where W is the probability limit of Wn, M is the probability limit of Ms(θ0), and Ω
is the asymptotic variance of mn (Pakes and Pollard, 1989). The vector of parameters is:
θ = (αk, νk, τ k, γk, ξk, β⃗, ζ, σ⃗).

Standard Errors

We compute standard errors using the asymptotic variance formula given by (B.1). The
variance-covariance matrix of θ̂ is:

V (θ̂) = 1

n
(1 + 1

s
) (M̂ ′WM̂)−1M̂ ′W Ω̂W ′M̂(M̂ ′WM̂)−1

Where Ω̂ is estimated via bootstrap: re-sampling contracts with replacement from the
original data, and recompute the smoothed vector of moments, repeating this process 500
times. Ω̂ is the sample variance of these 500 vectors. M̂ is the numeric derivative of the
SMM objective function (2.3) evaluated at θ̂.

Minimization

We keep constant the underlying random draws throughout the minimization of the objective
function. Nonetheless, the simulated objective is not continuous with respect to θ. Thus, We
leverage the stochastic optimization algorithm Differential Evolution (Storn and Price, 1997)
to perform the objective minimization. This algorithm does not rely on gradient methods,
and given its heuristic approach for minimizing possibly nonlinear and non-differentiable
continuous space functions, it is robust to poorly behaved objectives.
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Moments

We use three sets of target moments.

• First set of moments,

– m⃗11 = E[xyt ′(yt)] and m⃗12 = E[xyt ′(yt)2], where yt = log winning bid, number of
bidders, wins local, log overruns, and contract is publicized, and xyt = (1, x⃗yt ) =
covariates associated with the generation of outcome y

• Second set:

– m⃗2 = E[yt∣Bt ∈ (Bl,Bl+1)], for l ∈ {1, . . . , L − 1}, where yt = number of bidders,
wins local, log overruns, and contract is publicized. We separate these moments
based on goods and services, and partition the domain of contract prices in bins
of width $1,000

• Third set of moments:

– m⃗3 = E[1{bt ∈ (bl, bl+1)}], for l ∈ {1, . . . , L − 1}. This set of moments correspond
to the normalized frequencies on the relevant window of contract prices. The bin
width is $1,000.

As a result we use 357 moments to estimate 37 parameters.
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Appendix C

Appendix: Slippery Fish: Enforcing
Regulation when Agents Learn and
Adapt

C.1 Appendix Figures on the Research Context

Fishermen Villages

Figure C.1.1: Fishermen Village (Caleta)
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Outdoor Markets

Figure C.1.2: Examples of Ferias

Figure C.1.3: Example of a Circuit

Figure C.1.3 maps the four ferias that compound one circuit of the city of Los Angeles, VII
region.
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Figure C.1.4: Map of Circuits and Caletas

Interventions

Figure C.1.5: Flyers
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The figure C.1.5 shows the two types of flyers distributed during the ban period. The message
of the one in the right says, “In September respect the Ban”, the one in the right says “This
month respect the Ban”.

Figure C.1.6: Letter to Consumers

The figure C.1.6 shows the letter distributed to households during September 2015. The
letter, signed by Sernapesca’s director, informs about the September ban and the fact that
hake’s conservation is threatened because of overfishing.
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Figure C.1.7: Examples of Neighborhood Treatment Assignment

The 48 most populated comunas were divided randomly into three levels of saturation:
high, low and zero. Based on the level of saturation, the information campaign was assigned
at the neighborhood level. The figure C.1.7 shows the map of three different comunas: The
comuna in the left didn’t receive information campaign, the one in the center received low
level of saturation, the one in the right received high level of saturation. In red, those
neighborhoods assigned to receive the information campaign.

Figure C.1.8 describes our interventions and data collection activities along the supply
chain for fish. We collected data through surveys and mystery shoppers visits on seven
occasions between August 2015 and August 2016.

Figure C.1.8: Interventions and Data Collection at different Points along the Fish Supply
Chain
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- Mystery Shoppers Visits
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- Baseline Consumer Survey
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- Follow-up Consumer Survey
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- Follow-up Consumer Survey
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(Sept 2015)

Information Campaign

(Sept 2015)
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C.2 Appendix Figures on Results

Adoption of Defensive Actions

Figure C.2.1 describes the unconditional probability of selling hake defensively (either frozen
or hidden) by week. The probability of selling defensively increases over time, while the
overall probability of selling hake decreases substantially along the month. The conditional
probability is presented in C.2.1.

Figure C.2.1: Adoption of Defensive Actions
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Figure C.2.1 describes the unconditional probability of selling hake either frozen or hidden. The coefficients were

obtained from an OLS regression in which the treatment assignment interacts with weekly dummies. We include

strata fixed effects and cluster at the circuit level. The ”No Enforcement” category is the omitted category and

includes observations assigned to the control group and the information campaign. To facilitate the interpretation,

we only present the confidence intervals associated with weeks one and four.

Number of Stalls

Figure C.2.2 describes the average number of fish stalls in the first and second half of the
month. It shows that the average number of fish stalls does decrease in the markets randomly
assigned to the enforcement treatment, especially during the second half of September.
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Figure C.2.2: Number of stalls in Feria by Treatment Assignment

This figure shows the average number of stalls in each feria, separately for the first and the second half of the month.
Markets assigned to receive enforcement showed a decrease in the number of stalls between the first and the second
half of the month.

Prices

Figure C.2.3 describes the week-by-week evolution of (log) prices for hake and pomfret during
the ban. Both rates are normalized to their levels in the first week. It shows that the price of
hake increased week-to-week, throughout the ban period; the hake price in the fourth week
is 40% higher than the first price. Pomfret prices fell by 10% in the second week, and that
lower prices remained stable after that.
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Figure C.2.3: Log Prices of Fish During the Ban
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This figure shows the evolution of log prices for hake and pomfret, using the first week as a reference. The price of
hake continuously increased over the course of September 2015. Hake was 40% more expensive by the fourth week
relative to the first week. The price of pomfret decreased around 10% after the first week.

C.3 Appendix Tables

Descriptive Statistics

Data Collected by Mystery Shoppers

During September 2015, the mystery shoppers interacted with fish-vendors 908 times. The
table C.3.1 describes observable characteristics of the stalls visited and the vendors. In
general, each stall was operated by one person. Mostly man, and based on mystery shoppers’
guess, 47-year-old. The type of weight used informs about the formality of the stall; digital
weights are more precise and expensive.



APPENDIX C. ENFORCING REGULATION UNDER ADAPTATION 159

Table C.3.1: Fish Vendors in Ferias

Variable Mean SD Min Max N
Number of Vendors per Stall 1.089 0.326 1 4 883
Proportion Female Fish Vendor 0.425 0.479 0 1 882
Age Vendor 47.438 10.126 19 75 876
Prices Visibly Listed 0.242 0.429 0 1 908
Type of Weight

No Weight 0.262 0.440 0 1 848
Mechanical Weight 0.410 0.492 0 1 848
Digital Weight 0.308 0.462 0 1 848

Notes: This table presents observable characteristics of fish stalls visited by mystery shoppers during September
2015. The variable “Age Vendor” was not directly asked but guessed by mystery shoppers. The type of weight used
to weight fish is a proxy of the level of formality of the fish stall.

The table C.3.2 describes the availability of different types of fish in feria stalls during
the ban period. During a typical month, hake would be available in roughly 90% of stalls,
however, due to the ban period (and our interventions), only 26% of stalls had hake for sale.
The fish species offered in markets depend largely on the latitude of the market, i.e., markets
located in the southern regions offer slightly different fish species than the stalls located in
northern regions.

Table C.3.2: Fish Availability in Feria Stalls

Fish Availability Price/unit (USD) Price/kg (USD) Unitary Weight (kg) N
Hake 0.263 1.08 3.81 0.284 239
Pomfret 0.684 5.27 4.99 1.057 621
Mackerel 0.124 2.05 4.16 0.492 113
Silverside 0.096 0.17 2.92 0.059 87
Salmon 0.139 7.53 9.22 0.816 126
Sawfish 0.057 6.27 6.25 1.003 52
Albacore 0.051 . 9.21 . 46
Southern Hake 0.042 7.30 5.59 1.306 38

Notes: This table presents the availability and average prices of different fish types in feria stalls during September
2015. The mystery shoppers recorded the price for each fish offered for sale in each fish-stall visited. The sale price
in each stall was based on units, kilos or both. The unitary weight is estimated using the ratio of these two prices.
The albacore is a considerably larger fish type (over 20 kgs) and is only sold in pieces (by kg).

Data Collected in the Fisherman Survey

A round of surveys to Fishermen was collected in August 2016. In total, 231 fishermen were
surveyed and asked about their work, typical buyers and fishing behavior. The table C.3.3
describes the main variables collected in the survey.
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Table C.3.3: Fishermen Characteristics

Variable Mean SD Min Max N
Fisherman Boat characteristics:

Boat Length (mts) 8.52 3.11 6 24 227
Boat Powered by a Motor 0.88 0.33 0 1 231
Fiberglass Boat 0.57 0.50 0 1 228
Wooden Boat 0.39 0.49 0 1 228

Union Participation:
Number of Unions in the Caleta 1.67 0.90 0 3 230
Fisherman Member of a Union 0.82 0.38 0 1 230

Number of Days that Goes Fishing Every Week:
Summer 5.01 1.47 1 7 226
Winter 2.25 1.14 0 7 227

Number of Boats in the Caleta:
Less than 10 0.24 0.43 0 1 189
Between 10 and 30 0.22 0.41 0 1 189
Between 31 and 60 0.24 0.43 0 1 189
Between 61 and 100 0.12 0.32 0 1 189
More than 100 0.19 0.39 0 1 189

Top 3 Most Captured Fishes in the Caleta:
Hake 0.56 0.50 0 1 230
Sawfish 0.24 0.43 0 1 230
Cuttlefish 0.24 0.43 0 1 230
Pomfret 0.13 0.34 0 1 230
Bass 0.10 0.30 0 1 230

Usual Buyer of the Fish at the Dock:
Final Consumer 0.58 0.49 0 1 230
Feria Vendor 0.27 0.45 0 1 228
Intermediary 0.60 0.49 0 1 227

Notes: This table describes the responses to the Fishermen Survey carried out in August 2016 to 231 fishermen. On
average, three fishermen were surveyed in each of the 74 caletas that operate in the four coastal regions included in
our sample. The last section of the table represents the proportion that responded that Always or Most of the Time
the fish was sold to these type of buyers.

Consumer Mobility Between Neighborhoods

The table C.3.4 shows the proportion of consumers treated by the information campaign
depending on the location of the feria where they are surveyed. The striking fact in this
table is that in high-saturation municipalities, the proportion of consumers treated with the
information campaign is high, regardless of whether we found that person shopping in a
feria located in a treatment neighborhood (78%) or in a control neighborhood (69%). High
Information campaign saturation is therefore the effective treatment variable, and conditional
on that, the specific location of the feria does not matter too much.
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Table C.3.4: Proportion of Consumers located in Treated Neighborhoods

Survey in Feria located Survey in Feria located
in Treated Neigh in Control Neigh

Prop N Prop N
High Saturation Municipality 0.78 1114 0.69 389
Low Saturation Municipality 0.57 559 0.17 825
Zero Saturation Municipality 0 0 0.00 1014
Overall 0.71 1673 0.18 2228

Notes: This table shows the proportion of consumers whose households are located in neighborhoods assigned to
receive the information campaign. These statistics are based on households’ location reported by surveyed consumers.
71% of consumers surveyed in a feria located in a treated neighborhood live in a household located in a treated
neighborhood; the remaining 29% are consumers who live in a household located in a control neighborhood. This
table informs about the high consumers’ mobility between neighborhoods. In fact, in high-saturation municipalities,
the proportion of treated consumers is higher in both, ferias located in treatment and control neighborhoods.

Enforcement Implementation

This section describes the implementation of enforcement activities by Sernapesca officials.
The research team planned the schedule of visits to different circuits. The execution was
carried out by Sernapesca inspectors, as part of their usual tasks. The information about
the actual visits was collected from the reports written by inspectors on a daily basis.1 In
total, 230 visits were carried out, equivalent to 659 stall-inspections in 62 circuits. Based on
the inspectors’ reports, illegal hake was detected in 11% of inspected stalls. This number is
three times smaller than what our secret shoppers observed in markets.

Table C.3.5 describes the implementation of enforcement visits relative to the treatment
assignment. The average number of visits in different treatment arms is slightly smaller
than the original plan, this gap is explained by “contingencies” that obstructed the expected
routine, and possibly, some under-reporting on behalf of inspectors. Also, a few visits were
noted in Control group markets; these were generally markets located near Sernapesca re-
gional offices, that officials unpromptedly visited.

1These reports contain information on the identity of the inspectors, the ferias visited that day, the number
of fish stalls inspected, and whether illegal fish were detected. Importantly, the inspectors’ performance
does not depend on the information collected by these reports, but they rather work as a logbook of their
activities. The research team periodically accessed, systematized and digitized this information.
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Table C.3.5: Implementation of the Interventions

(1) (2) (3) (4) (5) (6)
At Least One Visit

Treatment Assignment Number Number of Different Circuit Visited Number Number of Different
of Visits Days of the Week Visited at Least Once of Visits Days of the Week Visited N

No Enforcement 0.39 0.30 0.22 1.80 1.40 23
Enforcement 2.53 1.49 0.69 3.68 2.18 83

Low Freq. and Unpredictable Sch. 1.48 1.14 0.62 2.39 1.83 29
High Freq. and Unpredictable Sch. 5.00 2.80 0.87 5.77 3.23 15
Low Freq. and Predictable Sch. 1.30 0.85 0.65 2.00 1.31 20
High Freq. and Predictable Sch. 3.47 1.68 0.68 5.08 2.46 19

This table reports the unconditional mean of visits to circuits in different treatment arms. Column 4 presents the
average number of visits conditional on receiving at least one visit. The difference between the number of visits in
circuits assigned to High-Intensity Enforcement relative to Low Intensity is statistically significant at 1%.

The experimental design varied two margins of enforcement deployment; the frequency,
and the predictability of the visits. The implementation of frequency variations can be
evaluated based on the number of visits to each circuit. The predictability variation can
be assessed based on the number of different days of the week in which visits were carried
out. If predictable enforcement was implemented correctly, it should repeat the days of
visits every week, so we should expect fewer days of the week visited. On average, circuits
assigned to enforcement received 2.53 visits in 1.49 different days of the week. Both treatment
variations generate significant differences in the relevant margins: High-frequency circuits
received substantially more visits than low-frequency circuits. Unpredictable circuits were
visited in more days of the week than predictable enforcement. The columns 4 and 5 compare
these margins conditioning on receiving at least one visit.

Balance

We did not conduct a full baseline survey, but had access to municipality administrative
data and weather data with which we could check balance across treatment arms. The table
C.3.6 shows balance tests across the main treatment arms. Tables C.3.7 and C.3.8 also show
balance tests with respect to the enforcement predictability and frequency sub-treatments.

Overall, the various treatment arms appear well balanced in terms of important socio-
economic and weather characteristics (e.g. poverty rate, rainfall). The joint test F-statistics
of all variables are insignificant for different treatment arms. The delinquency rate (i.e.,
per-capita police cases for major offenses) is lower in municipalities assigned to receive the
information campaign relative to the control group. The regressions reported below control
for this variable, but we have verified that the reported treatment effects are not sensitive
to adding this control.

Balance Tables

The table C.3.6 presents the balance of relevant characteristics across different treatment
arms. These variables include market’s observable characteristics, socioeconomic charac-
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teristics of the municipality and weather information of the day of the visit by a mystery
shopper. The columns 1, 2, 4 and 6 present the mean and SD of these variables for differ-
ent treatment arms. The columns 3, 5 and 7 compare the difference relative to the control
group as well as its p-value. Finally, joint significance tests are also reported in the last two
columns. The tables C.3.7 and C.3.8 present the same estimates but decomposing by the
enforcement variations: predictability and frequency.

Table C.3.6: Randomization Balance on Observables

(1) (2) (3) (4) (5) (6) (7)
Variable Control Info Campaign Enforcement Enforc. and Info Camp.

Mean Mean Diff Mean Diff Mean Diff
Indicator Fixed Stalls 0.573 0.644 0.083 0.489 -0.069 0.509 0.013

( 0.497) ( 0.484) [ 0.740] ( 0.501) [ 0.574] ( 0.501) [ 0.920]
Distance to Closest Caleta (kms) 16.507 11.572 3.465 14.863 -3.606 26.425 2.245

( 25.082) ( 9.503) [ 0.516] ( 22.626) [ 0.386] ( 29.037) [ 0.682]
Poverty Rate Municipality 19.006 17.567 -2.148 18.026 -1.079 16.734 -0.316

( 4.780) ( 3.313) [ 0.244] ( 5.483) [ 0.412] ( 7.549) [ 0.851]
Av. Monthly Income Municipality (USD) 791.767 875.475 18.446 790.514 -2.506 830.683 20.464

( 149.808) ( 172.858) [ 0.846] ( 140.334) [ 0.953] ( 139.251) [ 0.673]
Deliquency Rate Municipality 0.038 0.029 -0.013 0.036 -0.001 0.034 -0.004

( 0.015) ( 0.002) [ 0.016] ( 0.015) [ 0.835] ( 0.009) [ 0.480]
Rain Indicator 0.290 0.133 -0.124 0.178 -0.114 0.142 -0.122

( 0.456) ( 0.344) [ 0.455] ( 0.383) [ 0.318] ( 0.349) [ 0.301]
Average Temperature (Celsius) 12.200 12.126 0.081 11.993 -0.192 11.936 -0.688

( 2.281) ( 2.087) [ 0.942] ( 2.021) [ 0.797] ( 2.196) [ 0.346]
Joint Significance

F statistic 0.609 1.094 0.816
p-value 0.747 0.371 0.575

Notes: This table reports characteristics of circuits included in our sample across treatment arms. The columns (1),
(2), (4) and (6) show the mean and the standard deviation for the control and treatment groups. The columns (3),
(5) and (7) show the coefficient on treatments from regressions of each characteristic on treatments and strata fixed
effects, clustering standard errors at the circuit level. The p-values are reported in brackets. The socio-economic
characteristics are aggregated at Municipality level. These variables should be interpreted as the characteristics of
the Municipality where the circuit is located. Also, this table reports weather information of the day that different
circuits were visited by mystery shoppers. Finally, joint significance test statistics: F statistic and p-values, for all
variables on each treatment arm are reported in the last two rows of the table.
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Table C.3.7: Randomization Balance: Enforcement Predictability

(1) (2) (3) (4) (5) (6) (7)
Variable Control Info Campaign Enforc: Predictable Schedule Enforc: Unpredictable Schedule

Mean Mean Diff Mean Diff Mean Diff
Indicator Fixed Stalls 0.573 0.644 0.080 0.396 -0.148 0.575 0.045

( 0.497) ( 0.484) [ 0.749] ( 0.490) [ 0.270] ( 0.495) [ 0.710]
Distance to Closest Caleta (kms) 16.507 11.572 3.822 17.286 1.704 20.487 -4.926

( 25.082) ( 9.503) [ 0.479] ( 23.417) [ 0.678] ( 27.384) [ 0.333]
Poverty Rate Municipality 19.006 17.567 -2.173 17.130 -1.739 17.890 -0.075

( 4.780) ( 3.313) [ 0.240] ( 6.185) [ 0.212] ( 6.450) [ 0.960]
Av. Monthly Income Municipality (USD) 791.767 875.475 18.828 809.457 -1.068 801.805 9.235

( 149.808) ( 172.858) [ 0.843] ( 153.747) [ 0.981] ( 130.506) [ 0.834]
Deliquency Rate Municipality 0.038 0.029 -0.013 0.036 -0.002 0.035 -0.001

( 0.015) ( 0.002) [ 0.015] ( 0.015) [ 0.648] ( 0.012) [ 0.782]
Rain Indicator 0.290 0.133 -0.126 0.117 -0.158 0.202 -0.080

( 0.456) ( 0.344) [ 0.446] ( 0.322) [ 0.162] ( 0.402) [ 0.488]
Average Temperature (Celsius) 12.200 12.126 0.076 12.058 -0.170 11.904 -0.491

( 2.281) ( 2.087) [ 0.946] ( 2.057) [ 0.824] ( 2.107) [ 0.498]
Joint Significance

F statistic 0.609 1.954 1.717
p-value 0.747 0.067 0.111

Notes: This table reports characteristics of circuits included in our sample across treatment arms. The columns (1),
(2), (4) and (6) show the mean and the standard deviation for the control and treatment groups. The columns (3),
(5) and (7) show the coefficient on treatments from regressions of each characteristic on treatments and strata fixed
effects, clustering standard errors at the circuit level. The p-values are reported in brackets. The socio-economic
characteristics are aggregated at Municipality level. These variables should be interpreted as the characteristics of
the Municipality where the circuit is located. Also, this table reports weather information of the day that different
circuits were visited by mystery shoppers. Finally, joint significance test statistics: F statistic and p-values, for all
variables on each treatment arm are reported in the last two rows of the table.
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Table C.3.8: Randomization Balance: Enforcement Frequency

(1) (2) (3) (4) (5) (6) (7)
Variable Control Info Campaign Enforc: High Frequency Enforc: Low Frequency

Mean Mean Diff Mean Diff Mean Diff
Indicator Fixed Stalls 0.573 0.644 0.098 0.372 -0.164 0.591 0.039

( 0.497) ( 0.484) [ 0.696] ( 0.484) [ 0.211] ( 0.492) [ 0.753]
Distance to Closest Caleta (kms) 16.507 11.572 4.009 16.224 -5.302 21.269 0.600

( 25.082) ( 9.503) [ 0.451] ( 23.309) [ 0.330] ( 27.292) [ 0.885]
Poverty Rate Municipality 19.006 17.567 -1.975 16.242 -2.256 18.564 0.140

( 4.780) ( 3.313) [ 0.279] ( 7.011) [ 0.101] ( 5.576) [ 0.922]
Av. Monthly Income Municipality (USD) 791.767 875.475 17.128 821.315 23.237 792.779 -8.734

( 149.808) ( 172.858) [ 0.857] ( 142.660) [ 0.587] ( 138.930) [ 0.840]
Deliquency Rate Municipality 0.038 0.029 -0.013 0.036 -0.000 0.035 -0.003

( 0.015) ( 0.002) [ 0.014] ( 0.013) [ 0.973] ( 0.014) [ 0.547]
Rain Indicator 0.290 0.133 -0.128 0.193 -0.077 0.143 -0.143

( 0.456) ( 0.344) [ 0.439] ( 0.396) [ 0.491] ( 0.350) [ 0.215]
Average Temperature (Celsius) 12.200 12.126 0.050 12.127 -0.192 11.853 -0.447

( 2.281) ( 2.087) [ 0.964] ( 2.204) [ 0.799] ( 1.984) [ 0.545]
Joint Significance

F statistic 0.609 2.016 2.090
p-value 0.747 0.058 0.049

Notes: This table reports characteristics of circuits included in our sample across treatment arms. The columns (1),
(2), (4) and (6) show the mean and the standard deviation for the control and treatment groups. The columns (3),
(5) and (7) show the coefficient on treatments from regressions of each characteristic on treatments and strata fixed
effects, clustering standard errors at the circuit level. The p-values are reported in brackets. The socio-economic
characteristics are aggregated at Municipality level. These variables should be interpreted as the characteristics of
the Municipality where the circuit is located. Also, this table reports weather information of the day that different
circuits were visited by mystery shoppers. Finally, joint significance test statistics: F statistic and p-values, for all
variables on each treatment arm are reported in the last two rows of the table.

Table C.3.9 shows the coefficients of regression 3.2. The first three rows show the differ-
ences in the sale of illegal hake in the pre-intervention period. The interaction of “× Post”
capture the effect that result from the interventions. The first three rows indicate that there
were no statistically significant differences between treatment and control groups during the
pre-intervention period. As expected, significant differences between markets appear after
the interventions are launched (after the first week of September).
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Table C.3.9: Treatment Effects on Hake Sales

(1) (2)
Fresh, Any Hake Available

VARIABLES Visible Hake (Hidden, Frozen, Visible)

Information Campaign Only 0.080 0.029
(0.056) (0.058)

Enforcement Only 0.114 0.092
(0.070) (0.060)

Information Campaign and Enforcement 0.078 0.100
(0.070) (0.065)

Information Campaign Only × Post -0.133 -0.131
(0.066) (0.074)

Enforcement Only × Post -0.178 -0.130
(0.082) (0.089)

Info Campaign and Enforcement × Post -0.179 -0.139
(0.074) (0.094)

Change in Dep. Var. in Control Group
During Intervention Period -0.21 -0.36
N 901 901

Notes: This table reports the effect of each treatment arm on the availability of illegal hake fish. The variable
Fresh Hake indicates when the hake was available fresh. Hake available indicates when was possible to buy fish in
any form. The table reports marginal effects from a Probit regression. Other controls are included: municipality
characteristics, strata fixed effects and the average level of the outcome variable in pre-intervention period. We control
for pre-treatment values for the outcome variables in addition to the treatment indicator, because not all markets
were visited in pre-intervention period. Robust standard errors clustered by circuit (the unit of randomization) in
parentheses.

Adaptation to the Schedule of Visits

Our model suggests that vendors would learn and adapt to the pattern of visits. We use the
daily data over the course of the September ban to study how the vendors adjust to the visit
patterns they observe.

Table C.3.10 shows how selling decisions differ in the second half of the month, depending
on how concentrated the earlier inspections were in specific ferias and on specific days of
the week (DOWs). We control for the total number of visits in studying the effects of
“targeting” only one feria or day-of-week. We find that auditing different ferias on different
DOW reduces hake sales by an extra 9 percentage points (p-val¡0.01) in the second half of
the month, relative to targeting all visits at the same feria.

Table C.3.11 studies vendors’ decisions to sell hake in the non-targeted feria in the second
half of the month. This is a circuit-fixed effects regression, so the coefficient “DOW not
visited × 2nd half” shows the same vendor’s decision to sell on a weekday in which he
did not experience a visit relative to another weekday when he did. We see that the hake
selling in the second half of the month was higher in ferias and DOWs that did not receive
enforcement relative to the ones that did.
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Table C.3.10: Hake Available based on the Number of different ferias and Days of the Week
visited

(1) (2) (3)
VARIABLES Any Hake Available

N Ferias Visited 0.041 0.039
(0.030) (0.033)

N Ferias Visited × Second Half -0.091 -0.081
(0.023) (0.035)

N DOWs Visited 0.030 0.014
(0.055) (0.056)

N DOWs Visited × Second Half -0.098 -0.037
(0.073) (0.077)

Change Dep Var First - Second Half -0.31 -0.31 -0.31
N 906 906 906

Notes: This table studies how the probability of selling hake depends on the number of different days of the week
(DOWs) and the number of different ferias that a circuit got visited during the ban. The observations are divided
between the first and second half of the month to retain enough statistical power; other pre-post decompositions
produce similar results. The table presents OLS coefficients of the relevant variables. Since DOWs and N Ferias are
positively correlated, the columns 1 and 2 run them separately. Column 3 includes both variables and interactions.
Each regression controls for “Second Half”, the total number of visits, and the interaction of the two variables.
Also, they control for the dependent variable in the pre-intervention period, and strata fixed effects and municipality
characteristics. Also, each regression controls for treatment assignment. Robust standard errors clustered by circuit
in parentheses.

We consider this evidence as only suggestive and placed it in the appendix, because
Sernapesca chose which feria to visit within each circuit partly based on logistical consid-
erations, and this cannot be treated as random. Indeed, the un-interacted terms in the
regression show some differences (in the opposite direction!) across ferias within the circuit
in the first part of the month.

Table C.3.12 shows that this same effect is not only seen in the propensity to sell, but
also in the number of stalls that vendors choose to continue to operate in the second half
of the month. The interacted coefficients “...× second half” show that more stalls disappear
entirely in the second half of the month in the targeted ferias operating on targeted DOWs,
relative to the non-targeted. The effect is larger when the vendors operate in more than two
ferias, because those are the circuits where vendors have more options to adjust and displace
sales across days of week.

The preceding tables explain why predictable enforcement is less effective. As our theo-
retical model lays out clearly, Vendors learn from the pattern of targeted ferias and targeted
days of week, and adjust to sell more on non-targeted days.



APPENDIX C. ENFORCING REGULATION UNDER ADAPTATION 168

Table C.3.11: Hake Sale across DOWs and Ferias within Circuit

(1) (2) (3) (4)
Any Hake Available

Circuits that
Rotate between

VARIABLES Full Sample More Than 2 Ferias

Feria Not Visited -0.209 -0.299
(0.157) (0.182)

Feria Not Visited × Second Half 0.058 0.267
(0.086) (0.130)

DOW Not Visited -0.252 -0.303
(0.131) (0.161)

DOW Not Visited × Second Half 0.192 0.286
(0.104) (0.139)

Change Dep Var First - Second Half -0.31 -0.31 -0.39 -0.39
N 906 906 218 218

Notes: This table examines whether the behavior of the vendors varied across days of the week or ferias. It shows the
OLS coefficient of dummy variables indicating whether the observation was collected in a feria or day that was not
visited by Sernapesca officials during the ban. The observations are divided between the first and second half of the
month to retain enough statistical power. Other pre-post decompositions produce similar results. These regressions
include circuit fixed effects, so the coefficients capture within circuit variation. The columns (3) and (4) restrict
the analysis only to circuits that rotate between more than two ferias. It controls for “Second Half” and weather
covariates. Robust standard errors clustered by circuit in parentheses.

Exit of Stalls Correction

Our main results are based on the information gathered by mystery shoppers from the
operative stalls at the moment of the visit, which does not capture the fact that the “missing”
stalls are not selling hake. To correct for this issue we identify the average number of stalls per
circuit/visit before and after the interventions. The comparison between these two averages
informs about the number of “missing” stalls per circuit.2 The number of stalls observed
by mystery shoppers in every visit in the post treatment period is increased by computed
number of missing stalls. The added observations have zero fish available.3 4

2We allow the number of missing stalls to be non-integer, and negative if the number of stalls increased.
3If the number “missing” stalls is negative: the number of stalls observed by mystery shoppers in every visit
in the pre-treatment period is increased by that number.

4Since we allow the number “missing” stalls to be non-integer, we add a random noise that distributes uniform
between -0.5 and 0.5, and then, the sum of the “missing” number and the noise is rounded to the closest
integer. This correction makes the expansion more representative of the right (possibly non-integer) number.
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Table C.3.12: Number of Stalls Hake Sale across DOWs and Ferias within Circuit

(1) (2) (3) (4)
Number of Stalls

Circuits that
Rotate between

VARIABLES Full Sample More Than 2 Ferias

Feria Not Visited -0.510 -0.956
(0.320) (0.368)

Feria Not Visited × Second Half 0.354 1.331
(0.464) (0.771)

DOW Not Visited -0.024 -0.241
(0.220) (0.312)

DOW Not Visited × Second Half 0.317 0.995
(0.330) (0.450)

Change Dep Var First - Second Half 0.03 0.03 0.20 0.20
N 374 374 104 104

Notes: This table examines whether the number of stalls selling fish varied across days of the week or ferias. It shows
the OLS coefficient of dummy variables indicating whether the observation was collected in a feria or day that was
not visited by Sernapesca officials during the ban. Every observation correspond to a feria and are divided between
the first and second half of the month to retain enough statistical power. Other pre-post decompositions produce
similar results. These regressions include circuit fixed effects, so the coefficients capture within circuit variation. The
columns (3) and (4) restrict the analysis only to circuits that rotate between more than two ferias. It controls for
“Second Half” and weather covariates. Robust standard errors clustered by circuit in parentheses.
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Table C.3.13: Treatment Effect on Hake Availability Correcting for the Exit of Stalls

(1) (2)
Fresh, Any Hake Available

VARIABLES Visible Hake (Fresh-Visible, Hidden or Frozen)
Panel A: Main Specification
Info Campaign Only -0.118 -0.115

(0.060) (0.065)
Enforcement Only -0.190 -0.141

(0.082) (0.091)
Info Campaign and Enforcement -0.156 -0.130

(0.084) (0.104)
Panel B: Variation in Predictability of Enforcement
Info Campaign Only -0.111 -0.121

(0.062) (0.064)
Enforcement on Predictable Schedule -0.091 -0.061

(0.073) (0.087)
Enforcement on Unpredictable Schedule -0.246 -0.197

(0.089) (0.100)
Panel C: Variation in Frequency of Enforcement
Info Campaign Only -0.113 -0.121

(0.062) (0.064)
High Frequency Enforcement -0.086 -0.092

(0.092) (0.101)
Low Frequency Enforcement -0.184 -0.148

(0.086) (0.095)

Change in Dep Var in Control
During Intervention -0.17 -0.28
Covariates Yes Yes
Baseline Control Yes Yes
N 1014 1014

Notes: This table presents the coefficient corresponding to the interaction term Tc×Postt for each treatment correcting
for the exit of stalls. The increase in the number of observations relative to results presented earlier is due to the
fact that the correction is done by adding the “missing” stalls (calculated compraing the number of stalls per circuit
before and after the interventions). The panel A describes the same specification presented in Table 3.2. Panels B
and C follow the same specification than Table 3.4. Probit regression marginal effects are reported. Robust standard
errors clustered by circuit in parentheses.
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Treatment Effects Six Months After the Ban Period

Table C.3.14 describe the answers to the consumer survey carried out in March 2016. The
survey had the same format as previous surveys; it asked about general consumption behavior
based on a list of items, including hake. Even though the survey was carried out in an
off-ban period, consumers assigned to the information campaign tend to report less hake
consumption.

Table C.3.14: Hake Purchases Reported by Consumers in March 2016 (Outside Ban Period)

(1) (2) (3)
Purchased Hake Number Times Usually Purchase

VARIABLES last month Hake Purchased Hake

Information Campaign Only -0.133 -0.419 -0.121
(0.106) (0.234) (0.100)

Enforcement Only 0.018 -0.106 0.093
(0.078) (0.205) (0.069)

Info Campaign and Enforcement -0.017 -0.197 0.017
(0.081) (0.246) (0.077)

Mean Dep Var Control 0.59 1.19 0.58
N 3652 3630 3652

Notes: This table presents the effect of different treatment arms on the reported consumption of hake fish by
consumers based on the round of surveys collected in March 2016. Columns 1 and 3 show marginal effects from
Probit regressions. Column 2 shows the marginal effects from a Poisson regression because the dependent variable
is a count data. These regressions control for propensity to purchase other types of fishes and other covariates.
Standard errors are clustered based on the circuit where the survey was collected.

Alternative Definition Information Campaign Treatment

Tables C.3.15 and C.3.16 present the main results using a different definition of the Infor-
mation Campaign treatment: The variable “Information campaign” indicates whether the
observations were collected by mystery shoppers in ferias located in treated neighborhoods -
regardless of the level of saturation of the municipality. This definition does not include pos-
sible information spill-overs between neighborhoods within municipalities assigned to receive
information.
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Table C.3.15: Treatment Effect on Hake Availability

(1) (2)
Fresh, Any Hake Available

VARIABLES Visible Hake (Fresh-Visible, Hidden or Frozen)

Information Campaign Only -0.082 -0.070
( 0.064) ( 0.071)

Enforcement Only -0.157 -0.101
( 0.079) ( 0.094)

Info Campaign and Enforcement -0.169 -0.121
( 0.079) ( 0.094)

Change in Dep Var in Control
Markets During Intervention -0.21 -0.36
N 901 901

Notes: This table reports the effect of each treatment arm on the availability of illegal hake fish. The variable “Info
Campaign” indicates if the feria where the data was collected is located in a neighborhood assigned to receive the
information campaign. Probit Marginal effects of he interactions Tc ×Postt are reported. Robust standard errors are
clustered by circuit and presented in parentheses.

Table C.3.16: Treatment Effect on Hake Sales by Enforcement Strategy

(1) (2)
VARIABLES Any Hake Available
Info Campaign Only -0.073 -0.073

( 0.071) ( 0.071)
Enforcement on Predictable Schedule -0.036

( 0.089)
Enforcement on Unpredictable Schedule -0.169

( 0.099)
High Freq. Enforcement -0.049

( 0.101)
Low Freq Enforcement -0.140

( 0.095)

Change in Dep Var in control Markets
During Intervention -0.36 -0.36
N 901 901

Notes: This table reports the effect of each treatment arm on the availability of illegal hake fish. The first column
includes compares the effectiveness of predictable vs unpredictable enforcement. The second column divides enforce-
ment depending on its intensity. Each regression controls for the dependent variable in pre-intervention period, strata
fixed effects and municipality characteristics. The variable “Info Campaign” indicates if the feria where the data was
collected is located in a neighborhood assigned to receive the information campaign. Probit Marginal effects of he
interactions Tc × Postt are reported. Robust standard errors are clustered by circuit and presented in parentheses.
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C.4 Appendix: Theoretical Model

Belief Formation with More than One Feria

We denote by zt = y2
t + 2y1

t + 1 the multinomial random variable of the profile of inspections
in period t, which we assumes is the underlying distribution determining the probability
if a visit in each feria.5 We assume that zt has a stationary distribution characterized by
p = (pj)4

j=1, where pj = P(zt = j). In this case we denote the prior by p̂0 ∼ Dirichlet ((βi)4
i=1).

Finally, we denote by θ = (θ1, θ2) the real probability of visits, which we call the visit policy.6

Note that θ1 = p2 + p4 and θ2 = p3 + p4.
The following result extends the vendor’s belief dynamics for this case.

Lemma 1. The vendor’s belief about the probability of a visit at feria i at time t satisfies

θ̂1
t ∼ Beta (α2 + α4 + Y 1

t ; α1 + α3 + t − 1 − Y 1
t )

θ̂2
t ∼ Beta (α3 + α4 + Y 2

t ; α1 + α2 + t − 1 − Y 2
t )

This result shows that the vendor updates her beliefs about the probability of a visit in
each feria by looking only at the history of visits at that feria.

Proofs

Proof of Proposition 1. First we analyze the vendor’s the different options. To avoid unnec-
essary notation we omit the subindex t and write g = g(Yt).

• She sells and does not defend if and only if U[h = 0∣s = 1, Y ] ≥ 0 and U[h = 0∣s = 1, Y ] ≥
U[h = 1∣s = 1, Y ]. These restrictions together imply that

E[θ̂] ≤ 1

Ω
min{v;

c

g
} .

• She sells and defends if and only if U[h = 1∣s = 1, Y ] ≥ 0 and U[hi = 1∣si = 1, Y ] > U[hi =
0∣si = 1, Y ]. These restrictions together imply that (recall that δ = c

Ωg , and δ = v−c
Ω(1−g))

δ < E[θ̂] ≤ δ .

• The vendor does not sell if and only if maxh∈{0,1}U[h∣s = 1, Y ] < 0. These restrictions
together imply that

E[θ̂] > 1

Ω
max{v;

v − c
1 − g} .

5Note that zt takes value one if no feria was inspected at time t, value 2 if only feria 1 was inspected, value 3
if only feria 2 was inspected, and value 4 if both ferias were inspected in that period.

6As the distribution of zt is stationary, the probabilities of visits in both ferias also are.
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First, note that the conditions δ < δ, v > c
g , and v < v−c

1−g are equivalent. Therefore, there
is a set of beliefs for which the vendor’s optimal choice is to sell and defend the hake if and
only if v > c

g .

If v ≤ c
g , then δ ≥ δ and the vendor never sells and defends. Moreover, as min{v; c

g} = v
in this case she sells and does not defend if E[θ̂] ≤ v

Ω and does not sell otherwise.
Finally, if v ≤ c

g the characterization follows directly form the comparison of the three
options.

Long-run Comparative Statics. Define δ∞ = c
Ωḡ and δ∞ = v−c

Ω(1−g) . First, note that Assumption

ḡ > cv implies that δ∞ < δ∞. As (a.s.) δt → δ∞ and δt → δ∞, we have that in the long run
there is a set of beliefs for which the vendor sells and defends. Furthermore, Proposition 1
implies that the vendor sells if and only if

θ ≤ δ∞ = v − c
Ω(1 − ḡ) .

The comparative statics results follow from analyzing the effect of changes in θ, v, and 1− ḡ
in the previous inequality.

Proof of Lemma 1. For any t we define the number of periods before t that the vendor has
seen z = j (for j = 1,2,3,4) by

Zj
t =

t−1

∑
s=1

1{zs=j}

Given Zt = (Zj
t )

4

j=1
, Bayesian updating implies that

p̂t ∼ Dir (α +Zt)

As Z2
t +Z4

t = Y 1
t , the previous distribution implies that the vector

(p̂1
t , p̂

2
t + p̂4

t , p̂
3
t ) = (p̂1

t , θ̂
1
t , p̂

3
t ) ∼ Dir (α1 +Z1

t , α
2 + α4 + Y 1

t , α
3 + x3

t ) .

As ∑4
j=1 p̂

j
t = 1 and ∑4

j=1Z
j
t = t − 1, the marginal distribution of the probability of being

inspected at feria 1 at time t + 1 is

θ̂1
t ∼ Beta (α2 + α4 + Y 1

t , α
1 + α3 + t − 1 − Y 1

t ) .

The characterization of the distribution of θ̂2
t is completely analogous.

Proof of Proposition 2. First, note that it is a direct extension of Proposition 1 to show that
in the long run the vendor sells in feria i if and only if θi ≤ v−c

Ω(1−ḡ) .
To show that it is without loss of generality to focus only on targeted and unpredictable

policies, take any policy (θ1, θ2) such that θ1 + θ2 = Θ.
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- If the policy does not prevent selling in any feria, it is clear that both the targeted and
the unpredictable policies are weakly more efficient.

- If the policy prevents selling only in feria i, we have that θi > v−c
Ω(1−ḡ) ≥ θ−i. As θi ≤ Θ,

we have that the targeted policy targeting feria 1 (or feria 2) is weakly more efficient.

- If the policy prevents selling in both ferias, we have that θ1, θ2 > v−c
Ω(1−ḡ) . As Θ2 ≥

min{θ1; θ2}, we have that the unpredictable policy (Θ2, Θ2) also prevents selling in
both ferias.

Now we analyze the most efficient policy for different values of Θ:

1. If Θ < v−c
Ω(1−ḡ) : In this case neither the targeted policy or the unpredictable policy

prevent selling in any feria.

2. If v−c
Ω(1−ḡ) ≤ Θ < 2 v−c

Ω(1−ḡ) . In this case then the targeted policy targeting feria 1(2)

prevents selling in feria 1(2) and does not prevent selling in feria 2(1). On the other
hand, as Θ2 < v−c

Ω(1−ḡ) the unpredictable policy does not prevent selling in any feria.

3. If Θ ≥ 2 v−c
Ω(1−ḡ) then the unpredictable policy prevents selling in both ferias, while the

targeted policy prevents selling in only one of them.

The vendor’s ability to circumvent the fine reaches a static value ḡ in the long-run. So she
only sells in a feria if her perceived probability of an enforcement visit is below the threshold
δt. Hence, in the log-run, illegal selling is avoided in a feria if its inspection intensity θi is
above the threshold. Furthermore, as the total enforcement capacity Θ is fixed, the policy can
either reach the threshold in both ferias, in only one feria, or in neither feria. If enforcement
capacity is not high enough to reach δt in both ferias, the inspector should choose a targeted
policy to prevent illegal sales in at least one feria

Proof of Corollary 2. We analyze the different cases characterized in Proposition 1. For the
analysis we use that E[θ̂t] ⋚ δt ⇐⇒ ΩE[θ̂t] ⋚ cg(Yt), and E[θ̂t] ⋚ δt ⇐⇒ ΩE[θ̂t](1− g(Yt))+
c ⋚ v.

• The agent does not sell in two cases

1. If v ≤ cg(Yt), the vendor does not sell if v < ΩE[θ̂t]. This happens with probability

P(v ≤ c

g(Yt)
) P(v < ΩE[θ̂t]∣v ≤

c

g(Yt)
) = P((v < ΩE[θ̂t]) (v ≤ c

g(Yt)
))

= P(v < min{ c

g(Yt)
; ΩE[θ̂t]})

= F (min{ c

g(Yt)
; ΩE[θ̂t]}) .
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2. If v > cg(Yt) the vendor does not sell if E[θ̂t] > δt.7 The probability of this is

P(v > c

g(Yt)
)P(v < ΩE[θ̂t](1 − g(Yt)) + c∣v >

c

g(Yt)
) =

= P((v < ΩE[θ̂t](1 − g(Yt)) + c) (v > c

g(Yt)
))

= P( c

g(Yt)
< v < ΩE[θ̂t](1 − g(Yt)) + c)

= max{F (ΩE[θ̂t](1 − g(Yt)) + c) − F ( c

g(Yt)
) ; 0} .

The share of vendors that do not sell αNS is the sum of these two probabilities.

• The vendor sells openly in two cases

1. If v ≤ cg(Yt), the vendor does not sell if v > ΩE[θ̂t]. This happens with probability

P(v ≤ c

g(Yt)
) P(v > ΩE[θ̂t]∣v ≤

c

g(Yt)
) = P((v > ΩE[θ̂t]) (v ≤ c

g(Yt)
))

= P(ΩE[θ̂t] < v <
c

g(Yt)
)

= max{F ( c

g(Yt)
) − F (ΩE[θ̂t]) ; 0} .

2. If v > cg(Yt) the vendor sells openly if E[θ̂t] ≤ δt.8 The probability of this is

P(v > c

g(Yt)
) P(E[θ̂t] ≤ δt∣v >

c

g(Yt)
) = P((E[θ̂t] ≤ δt) (v > c

g(Yt)
))

= P( c

g(Yt)
< v)1

{E[θ̂t]≤δt}

= (1 − F ( c

g(Yt)
))1

{ΩE[θ̂t]≤
c

g(Yt)}
.

The share of vendors who sell openly αSO is the sum of these two probabilities.

• The vendor sells defensively only if δt < E[θ̂t] ≤ δt.9 The share of vendors who sell

7If v > cg and E[θ̂t] > δt, the condition E[θ̂t] > δt is necessarily satisfied.
8If v > cg and E[θ̂t] ≤ δt the condition E[θ̂t] ≤ δt is necessarily satisfied.
9Recall that the conditions δt < δt and v > cg(Yt) are equivalent.
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defensively αSD is

P ((E[θ̂t] > δt) (v ≥ ΩE[θ̂t](1 − g(Yt)) + c)) = P (v ≥ ΩE[θ̂t](1 − g(Yt)) + c)1{E[θ̂t]>δt}

= (1 − F (ΩE[θ̂t](1 − g(Yt)) + c))1{ΩE[θ̂t]>
c

g(Yt)}

To finish the proof we just need to note that ΩE[θ̂t] ≤ cg(Yt) ⇐⇒ ΩE[θ̂t](1 − g(Yt)) − c ≤
cg(Yt) and replace the corresponding values in each case.

C.5 Numerical Simulations

We numerically simulate the behavior of a representative vendor exposed to different levels
and schemes of enforcement. These simulations shed light on how the optimal choice evolves
as vendors acquire more information about the pattern of visits and inspection loopholes.

Vendors’ Behavior Over Time Vendors decide whether and how to sell hake in every
period t. The decision to sell in t is static but incorporates the information collected until t−1.
Thus it may vary as more information is incorporated. In particular, vendors continuously
update their probability of receiving an enforcement visit as well as the effectiveness of
defensive strategies reducing the probability of a fine. Figure C.5.1 describes how the optimal
decision in different periods. It shows that the likelihood of selling is not stable. In this case,
it decreases quickly once the enforcement is introduced, and increases as the vendor learn
about enforcement weaknesses. After a few periods, it converges to the long-run equilibrium.
One direct takeaway of C.5.1 is that vendors’ behavior varies over time; the same policy
evaluated in different moments may yield different results.
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Figure C.5.1: Vendor’s Decision
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This figure shows the proportion of times in which a vendor sells hake in different periods. This graph de-
picts 1000 simulations using the following parameters θ = 0.4, v ∼ U(0.5,1.5), c = 0.1,Ω = 18, θ1 = 0.05, g(Y ) =

0.7/ (1 + e−8×Y +28) , i.e.,ḡ = 0.7. The probability of selling decreases quickly as the enforcement begins, however it
increases as vendors learn about enforcement weaknesses. After a number of periods, it converges to the “long-run”
equilibrium based on model’s structural parameters.

Enforcement Intensity Vendors adapt their behavior according to the pattern of visits
they receive. We compare the behavior of vendors exposed to different frequencies of visits.
Figure 3.2 shows that vendors exposed to more intense enforcement tend to decrease the
probability of selling quickly. However, they learn faster about enforcement weaknesses.
Thus, after a few periods, the latter effect may counterbalance the higher intensity effect,
which makes high-intensity enforcement less effective. As the number of periods increases,
the selling decision converges to the long-run optimal. This result has relevant implications
for enforcement evaluation and design.

The figures C.5.2a and C.5.2b describe the timing and scope of adoption of defensive
actions depending on the frequency of the enforcement. Vendors exposed to more intense
enforcement learn quickly about loopholes, so they start adopting these actions earlier.
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Figure C.5.2: Probability of Selling Hake
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(b) High Frequency Enforcement
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Figure C.5.2a and C.5.2b describe vendors’ decision on whether and how to sell. This simulation uses the
same parameters than previous graph: θhigh = 0.5, θlow = 0.3, v ∼ U(0.5,1.5), c = 0.1,Ω = 18, θ1 = 0.05, g(Y ) =

0.7/ (1 + e−2×Y +12) , i.e.,ḡ = 0.7. The adoption of defensive strategies starts after a number of periods.

Enforcement Predictability We study the consequences of varying the predictability of
the enforcement visits. In particular, we study vendors’ behavior, assuming that every circuit
has two ferias and that the vendor alternates between them. If enforcement is predictable,
one of the ferias receives enforcement more intensely than the other. In our analysis, the
probability of receiving a visit in a non-targeted feria is zero. Conversely, under unpredictable
enforcement, both ferias have the same likelihood of receiving a visit.

The C.5.3a and C.5.3b show how, under predictable enforcement, the behavior of vendor
diverge across ferias, the probability of selling in a non-targeted feria tend to one, whereas
in a targeted feria tends to zero. i.e., the average tends to 0.5. The speed of convergence to
0.5 hinges on the overall enforcement frequency.
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Figure C.5.3: Probability of Selling Hake
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(b) High Frequency Enforcement
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Figure C.5.3a and C.5.3b describe vendors’ decision vary depending on the feria they are selling. The model assumes
vendors alternate between taregeted and non-targeted feria. These simulations assume that in every period there’s
half of the vendors in each type of feria. The dashed line correspond to the average probability of sale. This simulation
uses assumes θhigh = 0.4, θlow = 0.25, v ∼ U(0.5,1.5), c = 0.1,Ω = 18, θ1 = 0.05, g(Y ) = 0.7/ (1 + e−8×Y +28) , i.e.,ḡ = 0.7.

The figures C.5.4a and C.5.4b compare the average probability of selling hake under pre-
dictable and unpredictable enforcement using the same enforcement capacity. As discussed
in section 3.3, the long-run effects of one policy over the other depending on the structural
parameters of the model. However, in the short-run, the speed and scope of learning play a
role. Under most functional forms, the unpredictable enforcement seems to be more effec-
tive in the short-run. Illegal sales in ferias fall sharply as soon as auditors start visiting, but
under predictable enforcement, the non-targeted feria does not benefit from this.
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Figure C.5.4: Probability of Selling Hake
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(b) High Frequency Enforcement
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Figure C.5.4a and C.5.4b describe vendors’ decision vary depending on the feria they are selling. The model

assumes vendors alternate between taregeted and non-targeted feria. These simulations assume that in every

period there’s half of the vendors in each type of feria. The dashed line correspond to the average probability

of sale. This simulation uses assumes θhigh = 0.4, θlow = 0.25, v ∼ U(0.5,1.5), c = 0.1,Ω = 18, θ1 = 0.05, g(Y ) =

0.7/ (1 + e−8×Y +28) , i.e.,ḡ = 0.7.

Note about Agents Heterogeneity We introduce agents’ heterogeneity by agents that
differ in their valuation v. Specifically, suppose v is distributed according to the CDF F ,
whose support is [v, v]. Assume c < v ≤ v < Ω. The applying 1 we get the following result

Corollary 2. In the case with heterogeneous agents let αNS, αSO, and αSD be the share of
agents not selling, selling openly, and selling defensively, respectively. This shares are given
by

αNS =
⎧⎪⎪⎨⎪⎪⎩

F (ΩE[θ̂t]) if ΩE[θ̂t] ≤ cg(Yt)
F (ΩE[θ̂t](1 − g(Yt)) + c) if ΩE[θ̂t] > cg(Yt);

αSO =
⎧⎪⎪⎨⎪⎪⎩

1 − F (ΩE[θ̂t]) if ΩE[θ̂t] ≤ cg(Yt)
0 if ΩE[θ̂t] > cg(Yt); and

αSD =
⎧⎪⎪⎨⎪⎪⎩

0 if ΩE[θ̂t] ≤ cg(Yt)
1 − F (ΩE[θ̂t](1 − g(Yt)) + c) if ΩE[θ̂t] > cg(Yt).

Assumptions The numerical simulations presented above assume a functional form the
the learning curve g(Yt) and a set (and strength) of priors. In particular, we assume: g(Yt) =

ḡ
1+exp{−a×Y +b} . This functional form is handy because, limx→∞ g(x) = ḡ, and the parameters
a and b dictate the speed of convergence of the function. Other functional forms yield the
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same qualitative results. The figures C.5.5a and C.5.5b describe how the ability and the
beliefs evolve over time for two different levels of enforcement. The idea is that vendors
exposed to more intense enforcement develop an ability to circumvent the fine faster, this
effects counterbalances the increase probability of a visit.

Figure C.5.5: Beliefs Updating and Learnning Curve
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(b) Beliefs

0 5 10 15 20 25 30
Period

0.0

0.1

0.2

0.3
Average Belief

Low Intensity
High Intensity

Figure C.5.5a and C.5.5b how vendors learn about loopholes and update the probability of a visit. These figures use
the same inputs than other simulations, i.e., ḡ = 0.7, a = 8, b = 28, θ1 = 0.05 (α0 + α1 = 40)

C.6 Further Details on the Cost-Effectiveness

Analysis

The section 3.7 describes the cost-effectiveness analysis of each treatment. These calculations
are based on the following parameters:

- Costs: The total cost of implementing enforcement was $ 62,900.25, which is divided
into fixed costs $ 7,338.06, and variable costs: $ 55,562.19. The fixed costs include
administrative staff salaries, central office coordination, etc. The variable costs include
the specific costs incurred to implement the enforcement (i.e., financial compensation
of inspectors, gasoline, etc.). Based on Sernapesca information, deploying enforcement
in an unpredictable way is 10% more costly regarding staff availability. The cost of
implementing enforcement at low frequency is obtained by calculating the (variable)
cost of each visit and multiplying by the number of visits under this new regime, adding
the fixed costs.

The total cost of implementing the information campaign was $ 16,213.53, which in-
cludes the printing and distribution of flyers, posters, and letters in treated neighbor-
hoods.
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- Reduction of fish sales: The estimated effects of selling hake during the ban presented
in section 3.5 are translated into numbers of fishes “saved.” This exercise takes into
account that every stall has 25 hake fishes available, there are 2.57 fish stalls in each
feria. Each circuit operates 5 days a week, and the effects consider the three last
weeks of September. The enforcement treatment contemplated 83 circuits, whereas 26
circuits are located in municipalities assigned to receive information campaign with a
high level of saturation. The information gathered from the vendors surveyed provided
useful information to define the right parameters regarding the likely reduction on fish
sales as a result of our interventions.

C.7 Departures from the Pre-Analysis Plan

We registered this trial on September 15, 2015 (before the data collection was completed) in
the AEA registry. Our approach to analysis and the outcome variables we focus on in this
paper closely mirror the project narrative we uploaded before we had access to any data.
We highlight the most notable departures from the pre-analysis plan (PAP) here:

1. The experimental design section of the PAP mentions that the enforcement group
would be divided into two sub-groups: One in which vendors would receive only a
warning letter about illegal behavior, and one in which we would follow that up with
inspections and fines. In practice, Sernapesca officials did not implement the treat-
ments any differently across these two sub-groups. So we do not report this sub-sample
analysis. Our data show that vendor behavior was not statistically distinguishable
across these sub-groups.

2. The PAP mentions our sample size as 153 circuits, based on information we had col-
lected on the existence of fish markets by calling municipalities before launching the
project. During data collection we learnt that 40 of those circuits did not have any
fish-stalls. Mystery shoppers could not visit another 7 circuits for logistical reasons.
Our final analysis sample therefore contains only 106 circuits. These two sources of
attrition are not correlated with any observable characteristics, nor with the treatment
assignment.

3. We had not anticipated that vendors would try to cheat by claiming that the fish was
caught in August. This is something we learnt from our mystery shoppers soon after
we started data collection. In the PAP, we mention only that we will track vendor
reactions to enforcement activity, but do not mention ‘freezing’ specifically.

4. The PAP does not delve into the level of detail that this paper does. For example, we
did not know exactly which fish were close substitutes for hake. We learnt from our
data that pomfret was the other fish most commonly sold by hake vendors, and we
therefore analyze effects on the price of pomfret. This price analysis could therefore
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be viewed as “exploratory” even though we had pre-specified our interest in studying
price effects.
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