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This article presents a new methodology to detect corruption in customs
and applies it to Madagascar’s main port. Manipulation of assignment of import
declarations to inspectors is identified by measuring deviations from random
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576 THE QUARTERLY JOURNAL OF ECONOMICS

assignment prescribed by official rules. Deviant declarations are more at risk
of tax evasion, yet less likely to be deemed fraudulent by inspectors, who also
clear them faster. An intervention in which inspector assignment was delegated to
a third party validates our approach, but also triggered a novel manifestation of
manipulation that rejuvenated systemic corruption. Tax revenue losses associated
with the corruption scheme are approximately 3% of total taxes collected and are
highly concentrated among a select few inspectors and brokers. JEL Codes: F13,
D73, H26.

I. INTRODUCTION

State capacity to raise tax revenue is an important enabler
of development (Besley and Persson 2009). Poorer countries mo-
bilize less tax revenue as a share of GDP (Gordon and Li 2009)
and suffer higher levels of corruption. While tax evasion and weak
bureaucratic performance are salient drivers of the differences in
revenue mobilization across the development spectrum (Finan,
Olken, and Pande 2017, Khan, Khwaja, and Olken 2016, 2019),
less is known about who evades (how much) and to what extent
evasion is facilitated by (which) bureaucrats. Evidence on the ef-
fectiveness of reforms to remedy systemic corruption is also scant.

This article presents a new methodology to detect and
quantify the prevalence and costs of a type of corruption scheme
in customs and assesses the effectiveness of an intervention in-
tended to eliminate such corruption. Around the world, customs
information technology (IT) systems usually prescribe random
assignment of incoming declarations to inspectors, conditional
on their productivity (in the task of clearing declarations), as
a way to deter corruption. Our approach identifies potential
manipulation of inspector assignment by evaluating whether
certain inspectors are paired excessively frequently with cer-
tain customs brokers, deviating from what conditional random
assignment would predict. To assess whether these deviations
reflect corruption, we subsequently examine whether excess
interaction between inspectors and brokers is associated with an
increased risk of tax evasion and whether deviant declarations
are treated preferentially by inspectors. We quantify the resulting
tax revenue losses and their distribution across inspectors and
brokers. The methodology is validated by studying the impact of
an intervention that delegates the (randomization of) inspector
assignment to a third-party organization.

We apply our approach to Madagascar’s main port, Toa-
masina, which provides a suitable setting for studying corrup-
tion in customs. First, like many other developing countries,
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Madagascar is heavily reliant on tax revenues collected at the bor-
der (Baunsgaard and Keen 2010), which account for 48% of total
tax revenues. Toamasina collects more than three-quarters (78%)
of nonoil tax revenues and employs a limited number of inspec-
tors. Each inspector oversees the collection of 1.3% of total yearly
taxes in Madagascar. Second, corruption appears rife in customs.
A survey of inspectors reveals that only 6% believe that nonethical
conduct is sanctioned, and only 23% believe that their colleagues
act with integrity. Third, inspectors repeatedly interact with a
limited number of brokers, with whom they also share social ties.
The combination of high stakes, a small number of players, limited
sanctions for improper conduct, and extensive repeated interac-
tions is conducive to corruption. Last but not least, Madagascar’s
senior customs management were willing to undertake reforms to
curb corruption and provided us with unprecedented data access.
They shared data for the period 2015–2018, covering rich details
on each import declaration, including declared value and weight,
weight measured upon arrival at the port, taxes paid, the identity
of the broker who registered it and the inspector assigned to it,
whether fraud was recorded, all revisions to inspector assignment,
value, weight, and tax liability made during the clearance process,
as well as risk management information (inspection channel, risk
scores, and valuation advice).

Our methodology comprises three steps. First, we detect po-
tential manipulation of inspector assignment by identifying pair-
ings of inspectors with brokers that occur much more frequently
than would be expected on the basis of conditional random as-
signment. In Toamasina, 10% of all declarations are handled by
inspectors whose assignment contravened the random inspector
assignment prescribed by official rules. Second, these deviant dec-
larations are shown to have characteristics commonly associated
with an elevated risk of tariff evasion and to embody sizable po-
tential tax revenue losses. Third, we demonstrate that inspectors
treat preferentially the declarations registered by brokers with
whom they interact excessively frequently, ceteris paribus. They
clear them faster, are less likely to deem them fraudulent, and im-
pose lower weight, value, and tax adjustments, thus exacerbating
disparities in tax revenue losses between deviant and nondeviant
declarations. These findings are robust to a variety of checks, in-
cluding the use of inspector-specific binomial logit models to detect
deviations from random assignment while accounting for fluctua-
tions in inspectors’ schedules, using a propensity score matching
approach to account for selection, using different samples and
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controlling for various sets of fixed effects. According to back-of-
the-envelope calculations, average tax revenue per nonrandomly
assigned declaration would have been 26% higher in the absence
of excess interaction. Total tax revenues collected in Toamasina
would have been 3% higher.1

We argue that these patterns are consistent with a corruption
scheme in which brokers bribe staff in the customs IT department
and/or the customs port manager to be paired with their preferred
inspector, who agrees to clear the declarations that are the object
of corruption faster, not to impose tax adjustments and penal-
ties, and not to insist on upward adjustment (or to request just
a marginal one) of the customs declared value. The resulting tax
savings are presumably shared with inspectors. Although we do
not directly observe bribe payments, our findings are consistent
with extensive circumstantial evidence collected during repeated
field visits, IT audits, and a survey of customs inspectors. Based
on our findings, Madagascar’s customs management sanctioned
inspectors for corruption, suspended the head of the IT depart-
ment, and reformed inspector assignment by divesting it to a
third party outside customs. This delegated randomization made
the third party responsible for inspector assignment. Using its
own software, the third party randomly assigned declarations. It
was so successful in eliminating deviations from random inspec-
tor assignment that delegated randomization became standard
practice.

Explanations other than corruption are difficult to recon-
cile with the totality of the observed patterns. They also fail to
explain why the delegated randomization intervention virtually
eliminated the prevalence of deviations from random inspector
assignment. IT manipulation resurfaced after a few months, al-
beit in a different guise. Customs IT staff figured out a new
way to manipulate inspector assignment and bypass the dele-
gated randomization. This bypassing was identified by assessing
whether the entire set of declarations registered by brokers was
shared with the third party for inspector random assignment. We
show that 7.2% of all import declarations were withheld from
delegated randomization.2 The circumvention of the delegated

1. As discussed in Section IV, our approach does not capture all forms of cor-
ruption, hence these estimated losses reflect only the tax revenue losses associated
with the specific corruption scheme we document.

2. In practice, such bypassing appears to have been operationalized through
the temporary disabling of a randomization trigger, such that all declarations
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randomization not only attests to the difficulties inherent in dis-
lodging systemic corruption but also provides variation in expo-
sure to the delegated randomization intervention.

The bypassing resulted in the resurgence of excess interac-
tion between inspectors and brokers, driven exclusively by with-
held declarations.3 Interestingly, withheld declarations were dis-
proportionately assigned to inspectors with whom brokers had
interacted excessively frequently in the period before the dele-
gated randomization intervention, suggesting persistence in the
corruption scheme we unveil. These withheld declarations were
on average more risky, subject to higher taxes, more undervalued,
and embodied larger tax revenue losses, especially when their
eventual (nonrandom) assignment resulted in excess interaction
between inspectors and brokers. Inspectors only provided prefer-
ential treatment to withheld declarations if registered by brokers
with whom they interact excessively frequently. These findings
validate our methodology and are consistent with our interpreta-
tion that the documented patterns reflect corruption.

This article builds on and aims to contribute to several
strands of literature. First, by presenting a methodology that
can help detect tampering with random assignment, we aim
to contribute to the literature on the detection and measure-
ment of corruption and its development consequences (Shleifer
and Vishny 1993, 2002; Bardhan 1997; Olken and Pande 2012;
Zitzewitz 2012). Random assignment of declarations to inspec-
tors is not only the norm in customs agencies across the globe
but is also used to prevent corruption in many other settings,
including the assignment of cases to judges and prosecutors.4

We believe our approach can fruitfully be adapted to other
contexts.

registered during specific time intervals when this trigger was deactivated were
withheld from being sent to the third party to be randomized (including those that
were the subject of a corruption agreement).

3. Excess interaction was not observed for declarations handled by inspectors
whose assignment was randomized.

4. More than 100 customs agencies have adopted the customs clearance IT
system used by Madagascar (Automated System for Customs Data, ASYCUDA)
for which the default option for assignment of declarations to inspectors is random
assignment (according to workload). Customs agencies that do not use ASYCUDA
also typically use random inspector assignment. Random assignment of cases to
judges to deter judicial corruption has been adopted by 162 countries (World Bank,
2020).
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Second, we contribute to the nascent literature on the per-
formance of bureaucrats as a determinant of state effectiveness
and tax collection (Olken and Pande 2012; Dincecco and Ra-
vanilla 2017; Pepinsky, Pierskalla, and Sacks 2017; Xu 2018; Xu,
Bertrand, and Burgess 2018), by highlighting the granularity of
tax evasion and showing how the behavior of a select few actors
has macro-fiscal ramifications. While corruption was systemic and
enabled by most inspectors (10 out of 16 in a typical semester), IT
staff, and the port manager, the tax revenue losses were very con-
centrated among a select few inspectors and brokers. In any given
semester, the top two most corrupt inspectors accounted for 55%
of the tax revenue losses associated with the corruption scheme
we document.

Third and related, we contribute to the literature on the de-
terminants of tax enforcement (Kleven et al. 2011; Pomeranz and
Vila Belda 2019; Slemrod 2019), and specifically the literature on
tariff evasion (Bhagwati 1964; Fisman and Wei 2004; Yang 2008a,
2008b; Dutt and Traca 2010; Sequeira and Djankov 2014; Se-
queira 2016; Rijkers, Baghdadi, and Raballand 2017; Wier 2020)
by pinpointing which brokers and inspectors cheat and which im-
port declarations are most likely to be undervalued. The propen-
sity to participate in the corruption scheme is higher for brokers
based in Toamasina and rises with inspectors’ tenure in the port,
suggesting that private information and personal relationships
are important enablers of evasion. Despite accounting for larger
tax revenue losses, the most corrupt inspectors paradoxically col-
lected more tax per declaration than less corrupt ones because
manipulation of assignment enabled them to control the assess-
ment of the most lucrative declarations with the highest potential
tax yield. Corruption is thus positively correlated with (naively
measured) tax yield.

Fourth, our results also dovetail with the literature on the ef-
fectiveness of anticorruption interventions (e.g., Ferraz and Finan
2008; Niehaus and Sukhtankar 2013) by demonstrating that IT
solutions can help curb corruption (see also Laajaj, Eslava, and
Kinda 2019), but are not a panacea (see also Casaburi, Kremer,
and Ramrattan 2019) because they can also serve as a conduit to
it. Our evidence of a new form of IT manipulation after the reform
to inspector assignment is consistent with Shleifer and Vishny’s
(1993) observation that corruption is difficult to dislodge when
both parties benefit (as in corruption with theft). It also com-
plements Yang (2008a), who shows how a customs reform that

D
ow

nloaded from
 https://academ

ic.oup.com
/qje/article/138/1/575/6695012 by U

trecht U
niversity Library user on 13 February 2024



CORRUPTION IN CUSTOMS 581

increased enforcement against a specific type of tariff duty eva-
sion resulted in the use of an alternative duty-avoidance method
(shipping via duty-exempt export processing zones).5

Finally, our findings are relevant for the understanding of
trade costs, market distortions, and competition in developing
countries (Atkin and Khandelwal 2020) and the debate as to
whether corruption greases the wheels of the economy (e.g.,
Leff 1964; Kaufmann and Wei 1999; Banerjee, Hanna, and Mul-
lainathan 2012; Freund, Hallward-Driemeier, and Rijkers 2016).
We complement Sequeira (2016)’s findings that in the presence
of corruption, tariffs and other import taxes may not be as bur-
densome as they appear on paper by showing that corruption is
also associated with faster clearance. Expedited clearance limits
the risk of detection and is another margin by which corruption
affects trade costs and competition.6

The remainder of this article is organized as follows. Section II
describes the context and the customs clearance process, while
Section III presents our data. Section IV describes our methodol-
ogy to detect deviations from official rules in inspector assignment
to declarations. Section V examines whether deviant declarations
are at a higher risk of tax evasion. Section VI assesses whether
there is differential treatment of deviant declarations by inspec-
tors. Section VII provides estimates of the costs of corruption in
terms of tax losses. Section VIII characterizes the inspectors and
brokers who are corrupt and the distribution of tax revenue losses.
Section IX validates our approach by analyzing the impact of the
delegated randomization intervention. Section X concludes.

II. CONTEXT: CUSTOMS CLEARANCE PROCESS IN MADAGASCAR

This section describes the customs clearance process and ar-
gues that the conditions in Toamasina are conducive to systemic

5. Our study’s displacement is mediated by interactions between private-
sector parties (brokers) and bureaucrats (inspectors) and is thus close to Lichand
and Fernandes (2019) who document selection in the pairing of vendors and bu-
reaucrats in response to changes in (perceptions of) enforcement of anticorruption
measures.

6. Note, however, that our results are not informative about the overall im-
pact of corruption on clearance times. In theory, inspectors who participate in the
scheme could attempt to extort nonparticipating firms by protracting the clearance
process. In practice, however, clearance times are fairly short even for declarations
that are not covered by the scheme—about 20 hours on average—so prima facie
the data are not suggestive of substantial extortion.
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corruption: there are few players who interact repeatedly, the
stakes are high, and there is almost no punishment for improper
conduct.

Taxes and duties collected by customs accounted for 48% of
overall tax revenue in Madagascar in 2019, despite substantial
tariff evasion (Chalendard, Raballand, and Rakotoarisoa 2019).
Most of this revenue was collected in Toamasina, which accounted
for 78% of nonoil tax revenue and 52% of nonoil imports and
employed on average 16 inspectors per year during our sample
period. Each inspector oversees the collection of US$17 million
worth of tax revenue per year on average, representing 1.3% of
total taxes collected.

Jobs in the customs administration—especially inspector jobs
in Toamasina—are among the most sought-after jobs in Madagas-
car. They are secure, well paid, and offer several benefits. Inspec-
tors earn a salary of roughly US$11,000 per year (21 times annual
GDP per capita of US$527) and receive as bonus 5% to 20% of the
tax adjustments they impose when they detect noncompliance.7

They can also earn performance bonuses of up to $1,000 per quar-
ter if they are among the top inspectors in terms of clearance
speed, fraud detection, and tax revenue mobilization. Inspectors
thus get paid efficiency wages and have strong personal finan-
cial incentives to detect noncompliance, which should help deter
corruption.

However, these performance rewards may not sufficiently in-
centivize inspectors to act with integrity. Corruption appears per-
vasive, possibly due to the virtual absence of sanctions for im-
proper conduct, threats from economic operators, and because
compensation is low relative to opportunities for graft (Chalen-
dard et al. 2020). According to a nationwide survey of inspectors
that we conducted in 2017, only 23% believe that their colleagues
act with integrity, only 6% claim that nonethical behavior is sanc-
tioned, and only 12% believe that promotions are merit-based.
Close to one-third of inspectors claim being subjected to threats
from economic operators on a regular basis. Undervaluation of
imports was widely agreed to be the main type of customs fraud
in Madagascar.8

7. Note that inspectors’ pay does not vary mechanically with the total taxes
they collect.

8. Administrative data on fraud records classify 67.2% of all fraud in Mada-
gascar customs as underreporting of value, 27.4% as underreporting of quantities,
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The inspectors in Toamasina interact with a limited number
of customs brokers (commissionnaires agrées en douane). In a typ-
ical semester, there are on average 45 brokers who each handle
173 declarations from 33 different importers.9 The overwhelm-
ing majority of the 3,660 importers in our sample work exclu-
sively with one broker, as is shown in Online Appendix Table A2.
Brokers must have a license, which is issued by the customs ad-
ministration, and they administer the customs clearance process
on behalf of the importer by fulfilling customs formalities and
submitting documentation.10 Brokers are accountable for paying
taxes, duties, and potential tax adjustments and are penalized
(with a fine) in case of noncompliance. In principle, repeated non-
compliance can result in the revocation of the broker’s license. In
practice, suspension of brokers due to misconduct is rare. Cus-
toms officials and brokers frequently socialize and are part of the
narrow elite in the small town of Toamasina. Many brokers ei-
ther have served as customs officials themselves or deliberately
recruit former customs officials because of their expertise and
networks. Thus, there is extensive repeated interaction between
inspectors and brokers, both inside and outside of the customs
premises.

There is significant information asymmetry between im-
porters and brokers given that the latter are much better informed
about customs procedures and are the first point of contact for
customs in case disputes arise. Some brokers have transparent
pricing schemes that typically depend on the size and contents of
the cargo, but others charge a fixed amount (inclusive of potential
tax liabilities) per container cleared, irrespective of its content,
which implies that their profits directly depend on the amount of
tax they remit on behalf of the importer.

To understand how corruption may happen, it is instructive
to consider the customs clearance process, a stylized version of
which is depicted in Figure I.

and the remainder as product misclassification (4.9%) or misreporting the country
of origin (0.5%).

9. These averages do not consider small brokers (i.e., those handling fewer
than 50 declarations per semester) since they will not be part of our estimating
sample (described in Section III).

10. A very small number of importers—six in our sample—obtained their own
broker’s license and simultaneously act as importer and broker. They handle 3.2%
of the declarations.
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FIGURE I

Stylistic Representation of the Clearance Process

The figure depicts a stylized representation of the customs clearance process.
RMU is the risk management unit of customs. GasyNet is a third party that
assists customs with risk analysis and logistics.

i. Registration. The first step in the process is the elec-
tronic registration of an import declaration by the broker
on behalf of the importer via the Automated System
for Customs Data (ASYCUDA)++ customs clearance
IT system.11

ii. Risk analysis. The second step consists in risk analysis
conducted by both GasyNet, a third-party service provider
that assists Madagascar customs with risk analysis and
logistics, and the customs risk management unit.12 For
each declaration, (a) a risk score is issued based on
GasyNet’s proprietary risk model, (b) a clearance chan-
nel is recommended along with a qualitative justification.
If the yellow channel is selected, the inspector only needs
to check the documentation. If the red channel is selected,
the inspector is expected to physically inspect the cargo.
However, the inspector is at liberty to change the clear-
ance channel based on their own judgment. In addition, (c)
for a very small subset of high-risk declarations for which
the accuracy of the declared import value is questionable,

11. ASYCUDA is an integrated customs management system developed by
United Nations Conference on Trade and Development.

12. In reality the second step (risk analysis) and the third step (inspector
assignment) happen simultaneously.

D
ow

nloaded from
 https://academ

ic.oup.com
/qje/article/138/1/575/6695012 by U

trecht U
niversity Library user on 13 February 2024



CORRUPTION IN CUSTOMS 585

GasyNet issues a valuation advice: a detailed report on
what the value of the specific declaration is likely to be.

iii. Inspector assignment. The third, and for our purposes
crucial, step is the assignment of the declaration to a
particular inspector by the ASYCUDA IT system. Offi-
cial rules prescribe that a newly registered declaration
should be assigned to whichever inspector has the low-
est workload (i.e., has the fewest pending declarations on
their desk) and is active (i.e., is connected to the IT sys-
tem and can therefore receive new declarations). Official
rules do allow for productivity differences across inspec-
tors: a highly productive inspector will get, on average,
more declarations than a poorly productive inspector. Yet
the assignment of declarations to inspectors is supposed
to be random conditional on their productivity. We exploit
this feature of the official rules for identifying deviant dec-
larations in Section IV. However, the customs port man-
ager, the Chef des Opérations Commerciales (COPCO),
has the authority to override the IT system’s initial as-
signment and reassign a declaration to a different active
inspector. Such reassignments are warranted in case of
unanticipated absenteeism (due to illness for example)
and should, a priori, happen only randomly.13

iv. Assessment. The fourth step is the assessment of the
declaration by the assigned inspector based on the docu-
mentation submitted by the broker on behalf of the im-
porter, the risk analysis diagnostics provided by the risk
management unit and GasyNet, and the results of a po-
tential physical inspection. She has to decide which (if
any) adjustments to the import value, quantity, product
classification, and/or origin are to be made and report
whether fraud was perpetrated. She then assesses what
duties, taxes, and potential penalties are to be paid based
on the (potentially revised) final value and product clas-
sification of the import declaration.

v. Clearance. In the final step in which goods are cleared,
the importer (or the broker on behalf of the importer) pays
the taxes, duties, and potential penalties, and goods are
released from customs.

13. Such reassignments occur for 6% of the import declarations.
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Our analysis of corruption will focus on manipulation of the
assignment of declarations to inspectors (by IT department staff
and/or the customs port manager) done in step iii, and on differen-
tial treatment of manipulated declarations by inspectors during
assessment in step iv.

III. DATA

Our study combines the following databases.

• Customs transactions data. From Madagascar customs
we obtained administrative data tracking imports at the
transaction level for the period January 2015–November
2018. For each import declaration, the data cover the HS
eight-digit products included (designated as items), their
source country, the dates/times of registration, assessment,
clearance, the broker, the importing firm, and the customs
inspector assigned to handle the declaration. For each item,
the data contain information on the initially declared and
the finally registered import value, weight, and taxes paid
(tariff and value-added tax as well as exemptions). These
variables enable us to evaluate inspector modifications of
value, weight, and tax liabilities. In addition, for each dec-
laration we can track any modifications made to the IT
system’s initial inspector assignment by the customs port
manager.14 This will allow us to disentangle the role of IT
department staff from that of the customs port manager
in generating deviations from official rules in inspector as-
signment.

• Fraud records. Fraud records were provided by the Legal
Department (Service des Affaires Juridiques et du Con-
tentieux). For each declaration, we know both whether and
what type(s) of fraud was detected and the amount of taxes
recovered (if any). Information on whether and how much
inspectors modified tax yield is important for assessing the
role of inspectors.

• Risk management data. From the customs risk manage-
ment unit, we received for each import declaration infor-
mation on the initial and finally used clearance channel

14. These data were obtained from the customs administration’s internal con-
trol systems and merged with the transaction data.
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(documentary control/yellow channel, physical inspec-
tion/red channel, or no inspection/blue channel). From
GasyNet we received the risk score assigned to each im-
port declaration (related to the risk of noncompliance with
customs regulations ranging from 1 to 9) and valuation
advice in case it was issued.

• Container weight measurement data. We obtained
from the company in charge of managing Toamasina’s
container terminal—Madagascar International Container
Terminal Services Limited (MICTSL)—data on the weight
of containers that arrive in Toamasina as measured by
weighing at a scale upon arrival for the period 2015–2017.
This port authority weight data is merged with the customs
data at the declaration level, for declarations whose goods
fill completely one or more containers. For declarations that
share containers with other declarations this information
is missing. These port authority weight data provide a use-
ful benchmark for verifying whether the weight registered
by the broker is correct.

• UN COMTRADE data. We rely on an international trade
data source UN COMTRADE to obtain export flows—
values and quantities (weight)—at the country-HS six-
digit-year level for all of Madagascar’s trading partners in
2015–2018. We use these mirror data for flows imported by
Madagascar to construct exogenous benchmark/reference
prices, to which we will compare the unit prices of the items
included in the import declarations in the Madagascar cus-
toms data (as will be described later).

• Delegated randomization of inspector assignment
and IT manipulation. On November 18, 2017 the as-
signment of inspectors to declarations was delegated to
GasyNet. By comparing daily their list of declarations (that
their system randomly assigned to some inspector) to the
list of declarations that cleared customs from the customs
administration, GasyNet was able to identify declarations
that were withheld from the delegated randomization—as
discussed in Section IX. They provided us with the list of
withheld declarations.

• Human resources data. Information on inspectors’ gen-
der, education, age, and date of entry into work for the
customs administration were provided by the Human
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Resources Department (Direction des ressources et de la
formation).

• Inspectors’ survey. In 2017 we conducted a nationwide
survey of inspectors that contained questions on job and
pay satisfaction, corruption, ethics, fairness, and interac-
tions with brokers and importers.

Madagascar’s raw customs data covers all formal import
transactions made under several regimes: final imports for con-
sumption (imports for home use), reimports, temporary admis-
sions, inward processing, warehouse, and other. Our analysis fo-
cuses on import declarations subject to taxation and to a physical
or a documentary control by customs inspectors in Toamasina.15

This implies focusing only on imports for home use and reimports
and excluding declarations from importers that are members of
the Procédure Accélérée de Dédouanement (PAD), a trusted trader
program that allows member firms to benefit from expedited clear-
ance procedures with minimal controls at the border. To minimize
the risk of identifying as likely to be suspect of corruption decla-
rations that are not, we remove from the sample (i) declarations
registered by brokers that do not interact frequently with cus-
toms (i.e., brokers that register fewer than 50 declarations per
semester); (ii) declarations assigned to inspectors that relocate to
or move away from Toamasina during a given semester but are
active for fewer than two consecutive months in that semester.16

Our final sample accounts for an average of 76.9% of declarations,
78.9% of collected taxes, and 76.5% of total import value for import
declarations subject to taxation and to a physical or a documen-
tary control cleared in Toamasina across the period ranging from
January 1 2015 to November 17 2018.17

To analyze which declarations are most likely to be subject to
corruption agreements, we will use measures of excess interaction

15. Imports subject to specific clearance procedures (oil and vehicles) are ex-
cluded.

16. Our sample also excludes observations in the top and bottom 2.5% of
the yearly distribution of initial average internal reference price, defined as the
weighted average of internal reference prices for all items included in the import
declaration with weights being the initially submitted weights. The internal refer-
ence price for each item is the median unit price (ratio of value to weight) reported
across Malagasy importers for a given HS eight-digit–origin country–year.

17. Our sample ends one year after the start of the delegated randomization
of inspector assignment to the third party and a few days before the unveiling of
the IT manipulation taking place during this delegated randomization.
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between inspectors and brokers as proxies for IT manipulation
described in Sections IV and IX. The definition of all variables is
provided in Online Appendix Table A1. Here we briefly describe
the declaration-level customs outcomes on which we will estimate
the effects of corruption. These are clearance time (measured as
the log number of hours from the time the declaration was (last)
assigned to an inspector to her assessment of the declaration),
a dummy for whether or not fraud was recorded, the change in
log value (finally registered − initially declared), tax adjustment,
and hypothetical tax revenue losses described below. As additional
declaration-level customs outcomes used in robustness exercises
we consider the change in log weight (finally registered − initially
declared) and the gap between the port authority weight and the
initially declared weight (for simplicity called weight gap).

Hypothetical tax revenue losses for a declaration are com-
puted based on the difference between hypothetical tax yield and
actual tax yield. Measuring hypothetical tax yield is notoriously
challenging given that it is unobserved. Our baseline measure of a
declaration’s hypothetical tax yield considers as a reference price
for each of its items the median unit price (ratio of value to weight)
reported across Malagasy importers for the same origin country
and year. For each item included in the declaration, the relevant
reference price is multiplied by the item’s weight and the item’s
tax rate. Summing the resulting hypothetical item-level tax yield
across all items included in the declaration yields the declaration-
level hypothetical tax yield. This is a conservative measure, for
it assumes that the median unit price is not itself underreported.
Our alternative measure of a declaration’s hypothetical tax yield
considers as a reference price for each of its HS six-digit products
the unit price reported by the exporting country in that year in
UN COMTRADE multiplied by the products’ weights and by the
products’ actual tax rates and sums these across all products in
the declaration.18 This measure has the advantage of using prices
that are more likely to be exogenous to tax evasion in Madagas-
car.19 Two additional measures of hypothetical tax revenue losses

18. An HS six-digit product’s weight is obtained by summing across the
weights of all corresponding items. An HS six-digit product’s tax rate is obtained
as the ratio between the sum of actual taxes and the sum of finally declared import
value across all corresponding items.

19. Firms behind a given export flow might conspire with importers in Mada-
gascar issuing fake invoices for them to minimize their tax liabilities. In addition,
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are constructed for two subsets of declarations. For declarations
for which port authority weight data are available, hypothetical
tax yield is constructed also correcting for underreporting of quan-
tities assuming that the measured port authority weight is cor-
rect.20 For declarations for which GasyNet’s valuation advice was
issued, hypothetical tax yield is constructed as the declaration’s
advised value multiplied by the average tax rate. As determinants
of corruption (and subsequently as controls for evasion risk) we
rely on the following ex ante risk characteristics of the import
declaration: the tax rate (tariffs and other taxes), the risk score, a
dummy for the red channel, a dummy for being a mixed shipment
(i.e., one that includes different items), the share of differentiated
products as per Rauch (1999)’s classification, and a dummy for re-
ceiving GasyNet’s valuation advice.21 In robustness exercises, we
consider other declaration characteristics: the log of the initially
declared value, the log of the initially declared weight, the initial
unit price relative to the median import unit price, and the initial
hypothetical tax revenue loss (using as reference price the me-
dian import price). Summary statistics on all customs outcomes
and declaration characteristics are shown in Online Appendix
Tables A3 and A4.

IV. IDENTIFYING DEVIANT DECLARATIONS

Our identification of declarations suspected of corruption
relies on detecting deviations from official rules in the assign-
ment of incoming declarations to customs inspectors. Recall from
Section II that according to official rules, incoming declarations
should be randomly assigned to inspectors conditional on their
productivity. For each inspector, the likelihood of being assigned
any given declaration is proportional to her productivity. These

export unit prices may be downward biased since they are typically recorded as
free on board (FOB) whereas import prices are recorded cost insurance freight
(CIF) and hence include transportation and insurance costs.

20. We cannot correct quantities declared at the item level because port au-
thority weight is available only for the declaration as a whole. By implication we
are assuming that the weight of all items in a declaration is underreported to the
same extent.

21. These variables are supposed to be predetermined from the point of view
of the inspectors handling the declaration since they are not the ones lodging the
declaration on behalf of the importer, nor are they in charge of issuing a risk score
or making the first inspection channel recommendation.
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rules imply that the process of assigning declarations to inspectors
follows a multinomial distribution. Each declaration is assigned
to one of Kt possible inspectors, where Kt is the total number of
inspectors active in semester t, with corresponding probabilities
p1t, p2t,., pKt.22 These probabilities sum up to 1 because the Kt
outcomes are mutually exclusive and can be thought of as reflect-
ing inspectors’ relative productivity in semester t. An inspector
that is more productive will, on average, handle more declarations
than a less productive inspector. Because the marginal distribu-
tion of a multinomial distribution is binomial, for each inspector i,
the probability of receiving xibt import declarations from the total
number of declarations nbt (where nbt = ∑Kt

i=1 xibt) registered by
broker b in semester t is given by the binomial probability mass
function: P(xibt|pit, nbt) = (nbt

xibt

)
px

it(1 − pit)nbt−xibt .
Based on these rules, the share of all declarations that a given

inspector handles in a given semester, which we refer to as her
inspection share (analogous to the concept of market share in
industrial organization), is expected to vary across inspectors, as
it depends on their productivity. However, for a given inspector,
it should not vary systematically across brokers, unless inspector
assignment performed by the IT system did not follow official
rules—i.e., was manipulated. All inspectors should have, for a
given broker, an inspection share close to their average inspection
share.

To assess whether this is indeed the case we consider the
import declarations registered by a specific broker during a
semester—corresponding to an inspection “market”—and we de-
fine for that broker the inspection share of an inspector as the
proportion of its declarations handled by that inspector:

(1) Sibt = xibt

Kt∑
i=1

xibt

.

22. The probability of observing a particular distribution (x1bt, x2bt, ..., xkbt) of
declarations of a given broker b across inspectors 1, 2, ..., k in semester t (where∑Kt

i=1 xibt = nbt, the total number of declarations in semester t registered by broker
b) given their productivities (p1t, p2t, ..., pkt) is:

(x1bt, x2bt, ..., xkbt|p1t, p2t, ..., pk) = nbt!
Kt∏

i=1
xibt!

Kt∏
i=1

pxibt
it .
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Our measure of potential manipulation of inspector assignment
is the deviation between actual assignment and random assign-
ment of declarations to inspectors. Specifically, we define the ex-
cess interaction share ESibt as the difference between the actual
share of broker b’s declarations handled by inspector i in semester
t (Sibt) and the predicted share (Sibt) she would be expected to
handle if declaration assignment to inspectors followed official
rules:

(2) ESibt = Sibt − Sibt.

To calculate measures of excess interaction between inspectors
and brokers we adopt two procedures described in what follows.23

IV.A. Calibrating Excess Interaction

A simple procedure to calculate measures of excess interac-
tion is to calibrate predicted inspection shares using the share of
all declarations cleared in semester t that were handled by inspec-
tor i, and evaluating whether observed inspection shares deviate
from these predicted shares. Formally, we set

(3) Sibt = pit =

Bt∑
b=1

xibt

Kt∑
j=1

Bt∑
b=1

xjbt

,

where pit is the predicted probability that a declaration registered
in semester t will be handled by inspector i and Bt is the number
of brokers having registered at least one declaration in semester t.
Figure II illustrates this procedure: it shows overlaid histograms
of the observed distribution of the share of declarations of a given
broker cleared by a specific inspector in a given semester (the
lighter bars) and the calibrated predicted inspection shares just
described (the darker bars). A Kolmogorov-Smirnov test rejects

23. An alternative strategy to identify deviations from official rules would
have been to rely on the workload of each inspector at any point and to evaluate
whether an incoming declaration was indeed assigned to the active inspector with
the lowest workload when that declaration was registered. This would in princi-
ple enable us to identify which specific declarations were nonrandomly assigned.
Unfortunately, the IT system in Madagascar customs does not keep a log of which
inspectors were connected at what time nor of the exact time of assignment of a
declaration to an inspector, which makes implementing this strategy infeasible.
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FIGURE II

Deviations from Official Rules in Assignment of Declarations to Inspectors

The figure shows the distribution of the share of declarations of a given broker
handled by a given inspector in the period January 1, 2015 to November 17,
2017 (i.e., before the delegated randomization intervention). The darker-colored
bars show the histogram of predicted inspection shares calibrated by setting the
productivity of each inspector equal to the share of all declarations she handled in
a given semester (see Section IV for details), and the solid line shows the overlaid
kernel density plot of such predicted inspection shares. The light-colored bars
indicate the distribution of observed inspection shares, with the long-dashed line
showing the overlaid kernel density plot.

the equality of these two distributions at the 1% significance level.
Clearly, the observed density distribution of inspector shares by
broker is characterized by higher dispersion and more mass in the
upper tail than the predicted distribution. This implies that rela-
tive to the distribution of expected inspection shares, the observed
assignment of declarations is characterized by excess interaction
between some inspectors and some brokers.

To assess whether, for a given broker, the observed inspec-
tion share of a given inspector is significantly different from the
expected inspection share based on random assignment we must
take into consideration that these expected inspection shares are
not population parameters but estimates thereof. We therefore
obtain standard errors for those shares using simulation methods
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that take five steps.24 First, we obtain 99% confidence intervals
for inspectors’ productivities using Sison and Glaz’s (1995) method
of constructing confidence intervals for multinomial proportions.
Second, we simulate the productivity distribution across inspec-
tors 1,000 times by drawing from the 99% confidence interval
of observed productivities (obtained in step 1), conservatively as-
suming that these productivities are uniformly distributed. Third,
for each productivity simulation (obtained in step 2), we take the
total number of declarations as given and simulate which inspec-
tors are assigned to her declarations 10,000 times assuming multi-
nomial assignment. Fourth, we test whether the observed number
of declarations of a given broker handled by a given inspector is
larger than the 99th percentile of the respective simulated multi-
nomial assignment. Finally, we classify an inspector-broker pair
in a given semester as being in significant excess interaction if
for at least 99% of the productivity simulations we reject the null
hypothesis of random assignment.25

Table I documents the prevalence of nonrandom assignment
in Toamasina over the period ranging from January 1, 2015 to
November 18, 2017, the day before the start of the delegated ran-
domization to the third party. Panel A shows that for 10.3% of
declarations the (final) inspector handling them interacts signif-
icantly more frequently with a broker than would be predicted
based on conditional random assignment according to the defini-
tion. Prima facie, this is evidence of deviations from official rules
in the assignment of import declarations of a given broker across
inspectors. This nonrandom assignment is pervasive, with 10 out
of 16 inspectors in a typical semester handling at least one non-
randomly assigned declaration. This nonrandom assignment is
also persistent over time. For a given pairing of a broker with
a particular inspector the excess share of declarations she han-
dles in a given semester is correlated with her excess share in
the previous semester, as is shown in Online Appendix Table A5,
suggesting that the excess interactions are not accidental.26

24. Because we estimate excess interaction between inspectors and brokers by
semester, the five steps to construct standard errors are repeated as many times
as there as semesters in the sample.

25. We consider as a robustness check definitions of significant excess inter-
action based on at least 95% or at least 99.9% of the productivity simulations
rejecting random assignment.

26. An inspector-broker pair that is deviant (e.g., characterized by excess in-
teraction relative to nonrandom assignment) has a 50.6% probability of also being
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TABLE I
PREVALENCE OF EXCESS INTERACTION (NONRANDOM ASSIGNMENT)

Before Delegated Randomization of Inspector Assignment

Panel A: Prevalence of excess interaction (nonrandom assignment)—calibrated
Number Number %

Nonrandomly
assigned

Total

Declarations—after initial assignment 4,459 45,058 9.9
Declarations—after final assignment 4,661 45,058 10.3

Average per semester At least one
nonrandomly

assigned
declaration

Total

Inspectors 10 16 60.2
Brokers 14 45 32.0
Inspector-broker pairs 23 690 3.3

Panel B: Prevalence of excess interaction (nonrandom assignment)—inspector logits
Number Number %

Nonrandomly
assigned

Total

Declarations—after initial assignment 4,800 45,058 10.7
Declarations—after final assignment 4,545 45,058 10.1

Average per semester At least one
nonrandomly

assigned
declaration

Total

Inspectors 10 16 61.2
Brokers 15 45 34.2
Inspector-broker pairs 25 690 3.6

Average per semester Broker fixed
effects jointly

significant

Total

Inspectors—initial assignment 7 16 44.1
Inspectors—final assignment 7 16 41.8

Notes. Declarations are characterized by significant excess interaction if they are handled by an inspector
whose excess interaction share (the difference between the share of a given broker’s declarations handled
by the inspector in question and the hypothetical share she would be expected to handle if the allocation of
declarations to inspectors were random conditional on their productivity, as prescribed by official rules, is
positive and statistically significant (see Section IV). In Panel A, excess interaction measures are constructed
using calibration methods. In Panel B, excess interaction measures are based on estimates from inspector-
semester logit models. Initial assignment refers to the assignment originally made by the customs IT system.
Final assignment takes into account subsequent potential reassignment(s) made and therefore corresponds
to the last assignment that selected the inspector that cleared the declaration. The sample covers the period
January 1, 2015 to November 17, 2017 (i.e., before the delegated randomization intervention).
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IV.B. Estimating Excess Interaction Using Logit Models

The procedure outlined in the previous subsection has the
advantage of being transparent and easy to implement, but it
does not account for potentially innocent explanations for excess
interaction such as fluctuations in inspectors’ work schedules or
differences in inspectors’ productivity across days of the week.
Descriptive evidence in Online Appendix Figure A1 and Online
Appendix Table A6 suggests that inspectors’ and brokers’ work
schedules are fairly stable and that fluctuations in inspectors’ pro-
ductivity over the workweek are limited. Nonetheless, we address
this potential limitation by estimating inspector-semester specific
binomial logit assignment models with several control variables,
including broker fixed effects, which should have no explanatory
power if inspector assignment conformed to official rules.27

These models estimate the probability Plogit
dbit that a decla-

ration d registered by broker b during semester t will be as-
signed to inspector i instead of all other inspectors active in that
semester:

(4) Plogit
dibt = exp

(
β ′

Xit Xd + πpt + μit + νibt
)

1 + exp
(
β ′

Xit Xd + πpt + μit + νibt
) ,

where the vector of declaration characteristics Xd contains fixed
effects for the day of the week on which the declaration was regis-
tered, the tax rate, the risk score, whether the declaration was ini-
tially assigned to the physical inspection (red) channel, whether
the shipment was mixed, and whether valuation advice was is-
sued; πpt contains product type fixed effects, μit contains inspector
fixed effects, and νibt contains broker fixed effects.28 In this setup,
μit represents a measure of the productivity of inspector i during

deviant in one (or both) of the subsequent semesters. This conditional probability
is approximately 15 times larger than the unconditional probability of a pair being
deviant (3.3% as reported in Table I).

27. In principle, a multinomial logit model of inspector assignment would be
theoretically superior to the inspector-specific logit models we estimate because it
would model assignment to all inspectors at once, accounting for the fact that the
assignment outcomes of different inspectors are fundamentally interdependent.
We tried to estimate such a model but failed to achieve convergence, presumably
because including inspector-broker fixed effects in multinomial logit models leads
to parameter proliferation.

28. Product type consist of 16 groups of HS two-digit codes following a classi-
fication of the World Trade Organization.
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semester t (a higher value for this parameter means that, all else
equal, i will be assigned more declarations). Under the null hy-
pothesis of random assignment, only day of week fixed effects
might potentially have explanatory power. The coefficients on all
other explanatory variables should be zero. Most notably, broker
fixed effects should be insignificant, since the fact that declaration
d was registered by broker b should not significantly change the
assignment probabilities to a particular inspector.29

We estimate binomial logit models using Bayesian Markov
chain Monte Carlo (MCMC) methods to predict the inspection
share Slogit

ibt of inspector i for broker j in semester t, as well as the
inspection share inspector i should have for broker j if random as-
signment was abided by Slogit

ibt , and construct estimates of excess
interaction ESlogit

ibt , as the difference between the two.30 To esti-
mate Slogit

ibt we use a binomial logit model with all controls shown

in equation (4). To estimate Slogit
ibt we use a binomial logit model

that mimics random assignment given by equation (4) including
only day of the week fixed effects in the vector of declaration
characteristics. Confidence intervals for Slogit

ibt and Slogit
ibt are con-

structed using the Krinsky and Robb (1986) simulation method.31

29. A very minor practical drawback of estimating separate logit models for
each inspector is that the sum of the predicted probabilities from equation (4)
across inspectors—designated here as Plogit

dibt —is usually very close to, but not
strictly equal to, 1. To address this issue, we normalize the predicted probabilities
by reweighting their sum to be equal to 1:

Plogit
dibt

normalized = Plogit
dibt

Kt∑
j=1

Plogit
djbt

.

In practice, this does not considerably change assignment probabilities.
30. One difference relative to the calibration procedure is that here we use

estimates of Slogit
ibt instead of observed Sibt, which facilitates hypothesis testing.

Namely, it allows us to test the significance of broker fixed effects using likelihood
ratio tests.

31. This simulation method draws a set of parameters from a normal distri-
bution centered around the point estimates with a covariance matrix equal to the
estimated covariance matrix. These parameters are used to calculate assignment
probabilities to each inspector for each declaration. Taking the average of these
probabilities across all declarations registered by broker b yields the share that
is expected to be assigned to inspector i: Slogit

ibt in the model with all controls and

Slogit
ibt in the model that mimics random assignment. The difference between Slogit

ibt

and Slogit
ibt gives ESlogit

ibt for each iteration. This simulation method is repeated
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Estimates of ESlogit
ibt (the difference between Slogit

ibt and Slogit
ibt ) are

therefore driven by broker fixed effects and declaration character-
istics other than the day of the week when it was registered.

This procedure has three advantages relative to our first pro-
cedure. To start with, it accommodates alternative explanations—
such as differences in work schedule and specialization in specific
products—for frequent pairings of the same broker with the same
inspector. Second and related, it allows us to obtain consistent
estimators for broker fixed effects and to test whether they are
significant and have explanatory power. Third, by using Bayesian
estimation methods and applying shrinkage, we account for the
fact that in a small sample, one might expect some inspector-
broker pairs to exhibit apparent excessive interaction even under
the null hypothesis.32 Note that we estimate one logit model per
inspector per semester, resulting in a total of 116 different mod-
els. Table I, Panel B shows the prevalence of nonrandom assign-
ment in Toamasina based on the measures of excess interaction
from inspector-specific binomial logits. For 10.1% of declarations
the (final) inspector handling them interacts significantly more
frequently with a broker than would be predicted based on condi-
tional random assignment. For these declarations the fixed effect
of the broker registering them is individually significant in the
inspector-specific binomial logit model. We also use a likelihood
ratio test to assess whether broker fixed effects are jointly signif-
icant in each inspector-semester-specific binomial logit model.33

The results of these tests are reported at the bottom of Table I,

1,000 times. For such a large number of iterations, the simulated distribution of
assignment probabilities approximates the real distribution of assignment proba-
bilities. This simulation method provides (i) the point estimate for ESlogit

ibt obtained
as the average of ESlogit

ibt across the 1,000 iterations and (ii) an indicator for whether
ESlogit

ibt is significantly larger than zero (i.e., whether Slogit
ibt is significantly larger

than Slogit
ibt ).

32. In principle, random inspector-specific logit models would be preferable
to the standard logit models we estimate as they would allow random broker
effects and productivity parameters. We tried to estimate such models but failed
to obtain convergence, as in the case of the multinomial logit models, possibly due
to parameter proliferation.

33. To conduct these tests, we estimate a third type of logit model with all
controls but excluding only broker fixed effects. This ensures that the significance
of these fixed effects can be assessed by comparing estimates from this third type
of logit model to those from the model with all controls (including broker fixed
effects).
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Panel B. On average across semesters, broker fixed effects are
jointly significant for close to half the inspectors.

Ultimately, the two different procedures yield very similar
measures of excess interaction. The correlation between excess-
interaction measures based on inspector-specific logit models
(ESlogit) and those calibrated from observed inspection shares (ES)
is 0.97 (as is shown in Online Appendix Figure A2). Given this high
correlation between measures derived from the two procedures,
we will predominantly focus on the measures of excess interac-
tion based on calibration. However, we replicate our main results
using estimates from the binomial logit models and show that our
main findings are robust to the use of that procedure (see Online
Appendix Tables A9 and A10).

We end this section by emphasizing that detecting deviations
from random assignment is neither necessary nor sufficient to
establish potential corruption, and by highlighting some proper-
ties of our excess-interaction measures that are relevant for their
appropriate interpretation. First, our measures vary across pairs
of inspectors and brokers within a semester, but all declarations
of a given broker handled by a particular inspector in a given
semester are characterized by the same excess interaction share.
Inevitably some of those declarations may not have been manipu-
lated but will be characterized by excess interaction, which implies
that we may be overestimating the prevalence of manipulation of
inspector assignment but underestimating differences between
manipulated and nonmanipulated declarations.

Second, our excess interaction measures have potential for
false positives. This concern is partially mitigated by our use of
simulation methods to identify excess interaction that is statis-
tically significant and the use of binomial logit estimation proce-
dures. Nonetheless, detecting potential deviations is merely the
first step in the process of uncovering potential corruption. The
findings in Sections V and VI showing that the declarations of
brokers interacting excessively with some inspectors are at a sig-
nificantly higher risk of tax evasion and that inspectors preferen-
tially treat the declarations of brokers with whom they interact
excessively frequently reduce the concern about false positives
and suggest that deviations are not accidental.

Third, our excess-interaction measures also have potential
for false negatives because they identify only one particular form
of corruption. Our measures do not capture the (rather plausi-
ble) possibility that corrupt dealings are made between randomly
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assigned inspectors, brokers, and/or importers. In an extreme sce-
nario a cartel led by the manager (that heads the inspectors) could
set the terms of the bribes and make the identity of the inspec-
tor assigned to each declaration irrelevant. Our excess-interaction
measures would not reject the null of excess interaction while in
fact corruption would be ubiquitous. This extreme scenario is not
supported by our evidence in Table I, which suggests that not all
inspectors participated. But this caveat points to a requirement
for our measures of excess interaction to be able to identify corrup-
tion: the need for differences across inspectors in their propensity
to enter into corrupt deals with brokers. By agreeing deals ex ante,
brokers can be sure that their declaration ends up with the “right”
inspector. Moreover, it minimizes the risk of detection as inspec-
tors clear undervalued shipments very quickly (with negotiations
about bribes and the division of surplus taking place before the
goods arrive). The presence of false negatives implies that our
approach may provide an underestimate of the prevalence and
consequences of corruption in Madagascar customs.

Finally, we conduct a placebo test by constructing calibrated
excess-interaction measures for two sets of import declarations
excluded from our main sample: imports that entered under non-
taxable customs regimes and imports made by importers as part
of a trade facilitation program for accelerated clearance that are
not inspected (although an inspector is assigned). For both these
types of declarations, incentives to manipulate inspector assign-
ment are limited because they are either exempt from taxes or
from inspector assessment. The share of declarations subject to
excess interaction for those two types of declarations is extremely
low: 0% for nontaxable customs regimes and 1% for the trade
facilitation program.34

IV.C. Who Manipulates?

Who is responsible for this nonrandom assignment: the IT
team that manipulates the IT system’s initial assignment or the
customs port manager who manually and voluntarily erases the
initial assignment and reassigns declarations? To answer this
question, Figure III, Panel A plots the density distributions of
the initial inspector assignment made by the IT system (the long-
dashed line) as well as the final assignment (the short-dashed
line), which reflects both the initial assignment and potential

34. The number of declarations under nontaxable customs regimes is 4,693
and that under the trade facilitation program is 12,181.
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(A) (B)

FIGURE III

Initial versus Final Inspector Assignment

The figure shows the kernel density distributions of the share of declarations
of a given broker handled by a given inspector in the period January 1, 2015 to
November 17, 2017 (i.e., before the delegated randomization intervention). The
solid density plot shows the distribution of predicted inspection shares calibrated
by setting the productivity of each inspector equal to the share of all declarations
she handled in a given semester (see Section IV for details). The long-dashed line
shows the distribution of the observed initial assignment of a declaration to a
given inspector by the IT system (before the customs port manager potentially
intervenes). The short-dashed line shows the distribution of the observed final
assignment of a declaration to an inspector after potential reassignments made by
the customs port manager. In Panel A the sample includes all declarations (both
those that were reassigned by the customs port manager and those that were not),
while in Panel B the sample includes only declarations that were reassigned by
the customs port manager.

reassignments of declarations to inspectors made by the customs
port manager. The distributions of initial and final inspector
assignment are very similar, and both deviate markedly from
that of predicted assignment if official rules were adhered to (the
solid line). This is perhaps not surprising since reassignments are
rare, only happening in 6% of cases. Thus, manipulation of the
IT system appears to be the predominant driver of nonrandom
assignment.

The port manager nonetheless appears to be complicit in the
corruption scheme. Focusing only on declarations reassigned by
the port manager, Figure III, Panel B reveals that these reassign-
ments exacerbate, rather than reduce, nonrandom assignment.
Instead of offsetting excess interaction, the port manager appears
to be reinforcing it. If he were to choose inspectors randomly when
reassigning declarations, one might have expected the final dis-
tribution to be less skewed.35

35. If the port manager instructed the IT department before the initial in-
spector assignment is made, he would be playing a more meaningful role in the
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The fact that certain brokers’ declarations are not randomly
assigned to inspectors was confirmed in inspector interviews in
Toamasina. One inspector mentioned “I have been here seven
months, but there are certain brokers whose declarations I have
never handled.” Another complained, “I never get the good dec-
larations.” Our interpretation that such nonrandom assignment
results from IT manipulation is consistent with the remarks by an
external auditor of Madagascar’s customs IT system of an “over-
reliance on IT administrator account, which is typically used at
most a few times a year to make major systemic changes, but was
used multiple times a day in Madagascar. The IT administrator
account allows you to override basic settings” and of “surprising
and suspiciously long queues outside the office of the head of the
IT department, which normally is not a client-facing function.”
When we confronted the port manager with our initial analysis,
he acknowledged that manipulation of inspector assignment was
prevalent.

Based on the findings of an early incarnation of this article, a
number of customs inspectors were sanctioned for corruption and
removed from their posts. The assignment of declarations was
delegated to GasyNet, which agreed to randomize the assignment
of declarations to inspectors. This delegated randomization pro-
vides an opportunity to assess whether we are indeed identifying
IT manipulation that we will exploit in Section IX.

V. DO DEVIANT DECLARATIONS EXHIBIT A HIGHER RISK OF TAX

EVASION?

If excess interactions were the product of accidental devia-
tions from official rules in inspector assignment, then the char-
acteristics of these declarations should not systematically differ
from those of other declarations. In contrast, if excess interactions
were the product of deliberate IT manipulation to assign a spe-
cific declaration to a preferred inspector with whom the broker
has a corruption agreement, then a higher risk of customs fraud,
which would indicate higher susceptibility to tax evasion, would
be expected for such declarations.

On average, declarations characterized by higher excess in-
teraction shares have higher risk scores and are subject to higher

corruption scheme. Unfortunately, it is not possible to test this possibility with our
data. More generally, we are not able to ascertain who initiates the scheme.
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tax rates, as is shown in Figure IV, Panels A and B, which present
polynomial plots of these risk characteristics against the excess in-
teraction share. By contrast, initial unit prices relative to median
import unit prices tend to fall with the excess interaction share,
as shown in Figure IV, Panel C, suggesting that declarations of
brokers that interact excessively with some inspectors are more
likely to be undervalued. The excess interaction share is indeed
positively correlated with hypothetical tax revenue losses calcu-
lated on the basis of the initial registration of the declaration by
the broker (that is, before the inspector assesses the declaration
and carries out any adjustment), as shown in Figure IV, Panel D.

Table II presents estimates of unconditional bivariate ordi-
nary least squares (OLS) regressions of declaration characteristics
commonly associated with tax evasion on the excess interaction
share. The standard errors are two-way clustered by inspector and
by broker. A 10% (0.10) increase in the excess interaction share
is associated with an increase in the risk score of half a point,
a 3.1% higher tax rate, a 7.8% increase in the probability that
the declaration contains multiple HS6 products (i.e., is mixed), a
5% increase in the share of the declaration’s value accounted for
by differentiated products, a 9.4% increase in the probability of
valuation advice being issued, and a 5.9% decrease in the initial
price relative to median import price. These significantly lower
initial prices may explain why the excess interaction share is not
significantly correlated with the initially declared value, despite
being associated with a higher initially declared weight. Consis-
tent with this interpretation of undervaluation, a 10% increase in
the excess interaction share is associated with a 6.3% increase in
initial (i.e., before any adjustment made by customs) hypothetical
tax revenue losses.

Note that because declarations subject to excess interaction
are subject to higher taxes and tend to be larger (in weight),
they are subject to a substantially higher theoretical tax liabil-
ity. Figure IV, Panel E shows that declarations subject to excess
interaction are significantly more likely to be “high potential tax
yield” declarations—defined as those for which the hypothetical
tax yield based on external reference prices exceeds $20,000, for
which the incentives to evade are largest.36 Although only one in
four declarations not subject to significant excess interaction are

36. The cutoff of US$20,000 corresponds roughly to the top quartile of the
hypothetical tax revenue yield distribution.
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(A) (B)

(D)(C)

(E)

FIGURE IV

Tax Evasion Risk and Excess Interaction

The graphs, generated using STATA 17, show weighted local polynomial plots
(using the Epanechnikov kernel function) of a selected number of declaration
characteristics capturing tax evasion risk on calibrated excess interaction shares
for the period January 1, 2015 to November 17, 2017 (i.e., before the delegated
randomization intervention). The sample used is the regression sample used to
generate baseline results (see e.g. Table III). Excess interaction share is the dif-
ference between the share of given broker’s declarations handled by an inspector
in a given semester and the hypothetical share she would be expected to handle
if the allocation of declarations to inspectors were random conditional on their
productivity, as prescribed by official rules, calculated using calibration methods
(as explained in Section IV). Initial hypothetical tax revenue losses refer to the
tax revenue losses estimated based on internal reference prices. High potential
tax yield declarations are those for which the hypothetical tax yield (if the decla-
ration was valued using external reference prices) exceeds $20,000. CI stands for
confidence interval.
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high potential yield declarations, half of all declarations subject to
significant excess interaction are (see Online Appendix Table A3).

In short, declarations characterized by excess interaction
have characteristics commonly associated with an elevated risk
of tax evasion.37 Online Appendix Table A7 presents regressions
examining the determinants of the excess interaction share. The
risk score and issuance of valuation advice (a proxy for underval-
uation) are the most salient predictors of deviations from con-
ditional random assignment of inspectors to declarations. The
evidence of declarations with higher excess interaction shares
being at a higher risk of tax evasion is confirmed using excess-
interaction measures based on binomial logit models (see Online
Appendix Table A9).

VI. ARE DEVIANT DECLARATIONS TREATED DIFFERENTLY?

This section assesses whether inspectors treat the deviant
declarations differently—in a preferential manner—from other
declarations. If excess interactions were accidental, then inspec-
tors should provide no differential treatment to deviant decla-
rations, beyond the increased scrutiny that may be legitimately
expected because these declarations were shown to be at a higher
risk for tax evasion in Section V. Similarly, if IT department staff
were simply bribed to assign certain declarations to the least com-
petent inspector, we would not necessarily expect the chosen in-
spector to treat manipulated declarations any differently from
the way she handles other declarations. Inspectors complicit in
a corruption agreement, by contrast, would plausibly provide, in
exchange for a bribe, preferential treatment to manipulated decla-
rations. To assess whether inspectors treat deviant declarations—
those of brokers with whom they interact excessively—differently
than other declarations, the following specification is estimated
by OLS:
(5) Yd = βEESibt + βXXd + μi + νb + κc + πp + τm + ε,

37. An alternative explanation for these findings is that inspectors offer dis-
counts to certain importers to maximize future tariff revenue. However, Online
Appendix Table A8 shows that excess interaction is not correlated with proxies
for the average trade elasticity of products included in the declaration based on
Broda and Weinstein (2006) and Fontagné, Guimbard, and Orefice (2022), nor
with the average durability or “stickiness” of trade relationships based on Martin,
Mejean, and Parenti (2020) of the products included in the declaration. This sug-
gests inspectors are not targeting importers with the highest sensitivity to tariff
discounts.
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where Yd is one of the declaration-level customs outcomes de-
scribed in Section III (clearance time, fraud records, value and
tax adjustments, hypothetical tax revenue losses). The main re-
gressor of interest is the excess interaction share ESibt defined in
Section IV. The vector of declaration characteristics Xd includes
the tax rate, the risk score, a dummy for the red channel, a dummy
for being a mixed shipment, the share of differentiated products,
and a dummy for GasyNet’s valuation advice. Inspector fixed ef-
fects μi, broker fixed effects νb, HS two-digit product fixed effects
πp, source country fixed effects κc, and month-year fixed effects
τm are also controlled for. The independent and identically dis-
tributed (i.i.d.) error is ε.

The inclusion of inspector fixed effects accounts for hetero-
geneity across inspectors in their average productivity, ability,
work ethic, and other time-invariant characteristics that may
affect their performance. Broker fixed effects account for het-
erogeneity in their import patterns, efficacy, record-keeping, and
other characteristics that may affect customs clearance. Since av-
erage differences in inspector and broker characteristics are ac-
counted for, the specification is stringent in that identification of
the coefficient on the excess interaction share is based on the inter-
action between the inspector and broker relative to other pairings
of inspectors and brokers. Standard errors are clustered two-way
by inspector and by broker.38

VI.A. Main Findings

The results from estimating equation (5) are shown in
Table III. Inspectors assess declarations registered by brokers
with whom they interact excessively frequently significantly
faster than other declarations. Column (1) implies that a 10%
increase in the excess interaction share is associated with a 20%
(or approximately a four-hour) reduction in clearance times. Dec-
larations characterized by excess interaction are also less likely
to be deemed fraudulent: column (2) shows that a 10% increase in

38. Due to the inclusion of a large set of fixed effects, our estimates are ob-
tained using the reghdfe Stata command drawing on Guimarães and Portugal
(2010). The current version of the command eliminates from the number of obser-
vations singletons and adjusts standard errors for their exclusion. A singleton is
an observation unique in the sample in having a given fixed effect equal to one: for
example, a declaration with imports from source country A if no other declaration
reports importing from country A.
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TABLE III
DIFFERENTIAL TREATMENT BY INSPECTORS

Before Delegated Randomization of Inspector Assignment

Dependent variable Time Fraud �log value �log tax

Hyp. tax
revenue
losses

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

Excess interaction share −2.008*** −0.275** −0.079*** −0.086*** 0.389**
(0.361) (0.101) (0.022) (0.031) (0.175)

Declaration
characteristics

Yes Yes Yes Yes Yes

Inspector fixed effects Yes Yes Yes Yes Yes
Broker fixed effects Yes Yes Yes Yes Yes
Source country fixed

effects
Yes Yes Yes Yes Yes

HS2-product fixed effects Yes Yes Yes Yes Yes
Month-year fixed effects Yes Yes Yes Yes Yes

Observations 41,121 44,522 44,434 40,471 44,497
R-squared 0.318 0.214 0.152 0.132 0.211

p-value joint significance
of broker fixed effects

.000 .000 .000 .000 .000

Notes. Standard errors clustered two-way by inspector and by broker are presented in parentheses. ***,
**, and * indicate significance at 1%, 5%, and 10% levels, respectively. Excess interaction share is the dif-
ference between the share of a given broker’s declarations handled by an inspector in a given semester and
the hypothetical share she would be expected to handle if the allocation of declarations to inspectors were
random conditional on their productivity, as prescribed by official rules, calculated using calibration methods
(as explained in Section IV). Declaration characteristics include the tax rate, the risk score, a dummy for
the red channel, the share of value accounted for by differentiated products, a dummy indicating whether
the declaration was mixed, and a dummy indicating that the declaration was subject to valuation advice.
“Observations” refers to the number of nonsingleton observations. OLS estimation is used. The sample covers
the period January 1, 2015 to November 17, 2017 (i.e., before the delegated randomization intervention).

the excess interaction share is associated with a 2.8% reduction in
the likelihood of fraud being recorded. This is a large effect given
that the unconditional probability of fraud being recorded is 8%
(see Online Appendix Table A3).

In the same vein, columns (3) and (4) show that value and tax
adjustments are significantly lower for declarations characterized
by excess interaction. A 10% increase in the excess interaction
share is linked to a 0.8% lower increase in value and a 0.9% lower
increase in tax yield. These are again sizable effects given that
the unconditional averages of value and tax adjustment are 2%.
The significantly lower likelihood of the tax burden being revised
upward is perturbing because declarations characterized by ex-
cess interaction are more likely to be undervalued to start with,
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as shown in Section V. Inspectors thus seem to exacerbate, rather
than reduce, the disparities between declarations characterized
by excess interaction and other declarations. As a result, excess
interaction is associated with sizeable tax revenue losses. Column
(5) implies that a 10% increase in the excess interaction share is
associated with a tax revenue loss of 3.9%.

In summary, inspectors treat the declarations of brokers with
whom they interact excessively frequently preferentially: they
clear these declarations more quickly and subject them to sig-
nificantly laxer tax enforcement. If inspectors were honest, no
preferential treatment should be observed.

VI.B. Robustness Checks

We subject these findings of preferential treatment by in-
spectors to several robustness checks. First, we estimate equa-
tion (5) using the measures of excess interaction based on
inspector-specific logit models. The results, presented in Online
Appendix Table A10, provide clear evidence of preferential treat-
ment given by inspectors to the declarations of brokers with
whom they interact excessively frequently. Second, to address
potential selection bias, we rely on a propensity score match-
ing approach described in Online Appendix B to identify a set
of control declarations that are most similar to those that are
treated, that is, have significant excess interaction, based on ob-
servable risk characteristics.39 The results from estimating equa-
tion (5) for the matched sample (Panel A) or using propensity
score weighted least squares as proposed by Hirano, Imbens,
and Ridder (2003) (Panel B) are shown in Online Appendix Ta-
ble A12 and are consistent with our main findings displayed in
Table III.40 Third, we estimate variants of equation (5) that pro-
gressively add the different types of fixed effects (Panels A–D)
instead of including them all at once, and control for all risk
characteristics considered in Table II (Panel E), and find the

39. The balance tests for this propensity matching approach shown in Online
Appendix Table A11 indicate no significant differences on average across treated
and control declarations on all but two of those risk characteristics: the probability
of receiving valuation advice and the tax rate (the latter at a 10% significance level
only).

40. The number of observations in Online Appendix Table A12, Panel A is
substantially smaller than in Table III since our matching approach uses the
nearest-neighbor matching algorithm that selects for each treated declaration a
single control declaration.
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patterns of preferential treatment by inspectors to declarations
with excess interaction to be maintained in Online Appendix
Table A13.41 Fourth, we add more stringent types of fixed effects to
equation (5): inspector-semester and broker-semester; inspector-
month and broker-month; inspector-semester, broker-semester,
and importer-semester; or importer-broker. Online Appendix Ta-
ble A15 shows that these fixed effects do not affect the qualitative
pattern of results. Fifth, we estimate equation (5) using either the
indicator for significant excess interaction defined in Section IV
(instead of the excess interaction share) or two other indicators
based on significance levels of 95% or 99.9%. The findings in Pan-
els A–C of Online Appendix Table A16 are qualitatively similar to
those in Table III. Finally, we construct measures of excess inter-
action for three alternative samples that modify the restrictions
described in Section III: a sample excluding only brokers register-
ing fewer than 20 declarations per semester (versus 50 in our main
sample), a sample excluding brokers registering fewer than 100
declarations per semester, and a sample not excluding any bro-
kers. The estimates of equation (5) for these three samples shown
in Panels D–F of Online Appendix Table A16 are qualitatively
unchanged relative to those in Table III.

VI.C. Alternative Explanations

This section evaluates salient alternative explanations for
the findings of differential preferential treatment of deviant dec-
larations by inspectors by running a set of additional tests. First,
one possibility is that our excess interaction share merely reflects
“familiarity” between inspector and broker, whereby the fact that
certain brokers interact very frequently with an inspector reduces
fixed inspection costs. Alternatively, inspectors may update their
prior beliefs about brokers’ likely compliance based on their past
interactions with them and consequently be less likely to scruti-
nize brokers with whom they interact frequently for which they
have a sizable pool of past interactions to base their inferences
on. To assess the validity of these explanations for our results,
we add to equation (5) a measure of “familiarity”: the total num-
ber of prior transactions of that same broker cleared by the same
inspector over the preceding semester.42 The results in Table IV,

41. We also show that the results are robust to different types of clustering of
standard errors in Online Appendix Table A14.

42. Our excess interaction share measure is based on identifying deviations
in the share of a given broker’s declarations handled by a given inspector. By
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TABLE IV
ALTERNATIVE EXPLANATIONS FOR DIFFERENTIAL TREATMENT

Before Delegated Randomization of Inspector Assignment

Dependent variable Time Fraud �log value �log tax

Hyp. tax
revenue
losses

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

Panel A: Controlling for familiarity
Excess interaction share −1.797*** −0.278*** −0.081*** −0.082*** 0.323*

(0.429) (0.096) (0.023) (0.028) (0.176)
Familiarity −0.042 −0.000 0.000 −0.001 0.012*

(0.027) (0.005) (0.002) (0.001) (0.006)

Observations 40,990 44,359 44,273 40,324 44,335
R-squared 0.321 0.214 0.153 0.133 0.211

Panel B: Controlling for congestion
Excess interaction share −2.002*** −0.275** −0.079*** −0.085*** 0.389**

(0.362) (0.100) (0.022) (0.031) (0.175)
Congestion 0.098** −0.004 0.001 0.000 −0.001

(0.038) (0.004) (0.001) (0.001) (0.005)

Observations 41,121 44,522 44,434 40,471 44,497
R-squared 0.318 0.214 0.152 0.132 0.211

Panel C: Excluding declarations registered outside regular business hours
Excess interaction share −2.033*** −0.270*** −0.079*** −0.088*** 0.385**

(0.358) (0.093) (0.021) (0.028) (0.177)

Observations 40,285 43,497 43,409 39,534 43,473
R-squared 0.316 0.220 0.156 0.136 0.210

Panel D: Adding importer fixed effects
Excess interaction share −2.051*** −0.170** −0.069*** −0.081*** 0.242***

(0.287) (0.071) (0.021) (0.024) (0.087)

Observations 40,311 43,691 43,601 39,678 43,669
R-squared 0.393 0.327 0.292 0.297 0.429

Panel E: Adding importer fixed effects and excess interaction share with importers
Excess interaction share −2.056** −0.221* −0.047 −0.075* 0.092

(0.837) (0.122) (0.035) (0.040) (0.166)
Excess interaction share

with importer
−0.172 0.016 −0.003 0.006 0.099
(0.474) (0.104) (0.018) (0.027) (0.105)

Observations 9,537 10,281 10,263 9,184 10,278
R-squared 0.371 0.308 0.238 0.226 0.240

Panel F: Dropping top three inspectors with the largest share of declarations with excess
interaction each semester

Excess interaction share −2.207*** −0.258*** −0.085*** −0.087*** 0.367*
(0.432) (0.082) (0.022) (0.029) (0.180)

Observations 32,542 35,222 35,152 31,935 35,203
R-squared 0.322 0.222 0.161 0.141 0.201

Notes. Standard errors clustered two-way by inspector and by broker are presented in parentheses. ***, **,
and * indicate significance at 1%, 5%, and 10% levels, respectively. Excess interaction share is the difference
between the share of a given broker’s declarations handled by an inspector in a given semester and the
hypothetical share she would be expected to handle if the allocation of declarations to inspectors were random
conditional on their productivity, as prescribed by official rules, calculated using calibration methods (as
explained in Section IV). All specifications control for the tax rate, the risk score, a dummy for the red channel,
the share of value accounted for by differentiated products, a dummy indicating whether the declaration was
mixed, a dummy indicating that the declaration was subject to valuation advice, inspector fixed effects, broker
fixed effects, source country fixed effects, and month-year fixed effects. “Observations” refers to the number
of nonsingleton observations. OLS estimation is used. The sample covers the period January 1, 2015 to
November 17, 2017 (i.e., before the delegated randomization intervention).
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Panel A show that the familiarity measure itself has some predic-
tive power: it is linked to slightly higher tax revenue losses but
does not significantly predict the incidence of fraud or value ad-
justment. More important for our purposes, controlling for famil-
iarity only marginally reduces the impact of the excess interaction
share, which remains strongly statistically significant in all spec-
ifications. Put differently, the results do not appear to be driven
by familiarity or learning, which, in any case, cannot explain why
deviant declarations would be more risky to start with.

Second, a possible explanation for differential treatment is
that it reflects congestion and fluctuations in inspectors’ workload.
Specifically, when inspectors get very busy they may be tempted
to exert less scrutiny and speed up clearance merely to be able to
manage increased traffic. If this increase in their workload is gen-
erated by absenteeism of other inspectors, we might see a simul-
taneous increase in the excess interaction share and a decrease in
scrutiny and clearance times. To control for such congestion, we
add to equation (5) the number of declarations assigned to a given
inspector over the course of the calendar month as a proxy for
their workload. While Table IV, Panel B shows that this measure
of congestion is clearly positively correlated with clearance time,
the impact of the excess interaction share on the other customs
outcomes is hardly affected by its inclusion.43

Third, one may worry that the patterns documented are an
artifact of dubious declarations being more likely to be registered
outside of regular business hours, that is, late in the evening, at
night, or during the weekend. This could help explain excess in-
teraction because there are typically many fewer inspectors active
and they may monitor incoming declarations less aggressively be-
cause they are fatigued or want to go home. However, Table IV,
Panel C shows that the results are robust to excluding declara-
tions registered outside of regular business hours, which account
for less than 3% of all declarations.

contrast, the familiarity measure is based on the absolute number of interactions
between the broker and the inspector. Whereas inspectors will interact more with
large brokers, and hence be more “familiar” with them, they will not necessarily
interact excessively with large brokers, since our excess interaction share is a
relative measure.

43. Similarly, as mentioned already, Online Appendix Table A15 shows that
the results are robust to controlling for inspector-month and broker-month fixed
effects, which can also proxy for workload and congestion.
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Fourth, one may be concerned that the results are driven by
(excess) interaction between inspectors and importers themselves
rather than brokers, who are supposed to represent the interests
of importers. We address this possibility in two ways. We aug-
ment equation (5) with importer fixed effects in Table IV, Panel
D, and this hardly impacts the qualitative pattern of results.44 In
Table IV, Panel E we add to equation (5) the excess interaction
share between importers and inspectors. The measure is defined
analogously to the calibrated excess interaction share between
brokers and inspectors, for importers that registered at least 50
declarations during the semester, which leads to a reduction in
sample size. The excess interaction share between inspectors and
importers does not significantly predict fraud, value, or tax ad-
justment and does not seem correlated with tax revenue losses.
By contrast, the excess interaction share between inspectors and
brokers remains robustly significant. These results justify our fo-
cus on brokers rather than importers. The fact that brokers seem
to be the primary protagonists of the specific corruption scheme
we document may be because they have more to gain from it;
there are far fewer brokers than importers, and brokers interact
more frequently with inspectors than importers do. Moreover, lob-
bying customs is the core business of brokers in many developing
countries.

It is worth noting that while most importers work exclu-
sively with one broker, Online Appendix Table A17 furnishes ev-
idence that importers who use multiple brokers systematically
steer their most risky declarations to brokers with the highest
propensity to have excess interaction. It is difficult to ascertain,
however, whether they do so because they know about the corrup-
tion scheme or whether they were simply offered favorable terms
by brokers engaging in excess interaction.

Fifth, given the limited number of inspectors working in Toa-
masina, one may worry that our results are driven by a few indi-
viduals, rather than reflecting widespread corruption. Table IV,
Panel F replicates our baseline results but excluding for each
semester the top three inspectors with the greatest share of decla-
rations with significant excess interaction. The coefficients remain
statistically significant and of similar magnitude as our baseline
results. The results are thus not driven by a select few inspectors

44. Online Appendix Table A15 shows that including importer-broker fixed
effects does not qualitatively change results either.
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(even though the tax revenue losses associated with the scheme
are very concentrated, as we show in Section VIII). Evidence that
the results are also not driven by a select few brokers is provided in
Online Appendix Table A14, where we exclude for each semester
the top five brokers with the greatest share of declarations with
significant excess interaction.

Sixth, another potential concern is that results might be
driven by inspectors specializing in clearing different goods. This
concern is mitigated by the fact that formally, there is no spe-
cialization across different inspectors: they all clear the same set
of goods. However, one may nonetheless wonder whether the IT
department staff who are manipulating assignment are system-
atically assigning declarations containing certain products to un-
witting inspectors that do not have the requisite expertise to ad-
equately evaluate them; they may be seeking out inspectors that
are the worst at detecting fraud for particular sets of products.
To address this concern, Online Appendix Table A18 presents re-
gressions where the unit of observation is an item (recall that a
declaration can contain multiple items). The dependent variables
are the log of the initially declared unit price, adjustments in
that unit price, the finally registered unit price, the adjustment
in weight (finally registered − initially declared) and an item-
specific measure of the hypothetical tax revenue loss. The main
regressor of interest is still the excess interaction share and the set
of controls now includes HS eight-digit product-inspector fixed ef-
fects, broker fixed effects, source country fixed effects, month-year
fixed effects, and a vector of declaration characteristics (the risk
score, a dummy for the red channel, a dummy for being a mixed
shipment, a dummy for GasyNet’s valuation advice) and the item-
specific tax rate. The HS eight-digit product-inspector fixed effects
capture the comparative advantage of the inspector in detecting
fraud in different types of products. The item-level initially de-
clared unit price is significantly negatively correlated with excess
interaction (column (1)). Excess interaction is associated with a
lower item-level initial unit price but also with significantly lower
adjustments to the unit price. As a result, the final unit price is
even more negatively correlated with excess interaction. Excess
interaction is also associated with lower weight adjustment and
higher potential tax revenue losses, but these associations are not
statistically significant at conventional significance levels.

Seventh, evidence of heterogeneity in the differential treat-
ment of deviant declarations is hard to reconcile with explanations
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other than corruption for our main results. We estimate equa-
tion (5) allowing the excess interaction share to be interacted with
the tax rate. Differential treatment by inspectors that interact ex-
cessively frequently with a given broker appears particularly pro-
nounced for declarations subject to higher taxes: these are espe-
cially less likely to be deemed fraudulent and exhibit significantly
higher tax revenue losses, as seen in Online Appendix Table A19.

Some final evidence consistent with corruption is provided by
the analysis of inspector reassignments made by the customs port
manager. Such reassignments are substantially more likely when
declarations are initially assigned to an inspector with whom the
broker is not interacting excessively frequently (see Online Ap-
pendix Table A20). This is inconsistent with reassignments being
random. Moreover reassigned declarations typically yield higher
fraud findings, value adjustments, and tax adjustments. This is
especially the case if they are taken away from inspectors with
initial excess interaction, suggesting that these nonrandomly as-
signed declarations were more risky to start with. By contrast,
reassigned declarations from inspectors without excess interac-
tion toward inspectors with excess interaction do not yield in-
creased fraud findings or tax adjustments, as is shown in Online
Appendix Table A21.

VII. HOW COSTLY IS CORRUPTION?

How much tax revenue is lost because of the corruption
scheme we document? To answer this question, we calculate how
much more tax revenue would have been collected if there was no
significant excess interaction between inspectors and brokers.45

The key input into this back-of-the-envelope calculation are es-
timates of the impact of excess interaction between inspectors
and brokers—βE in equation (5)—on tax revenue losses. We fo-
cus on a measure of hypothetical tax revenue losses described in
Section III that accounts for underreporting of quantities and is
based on prices reported by countries exporting to Madagascar,
which are arguably less likely to be endogenous to underinvoicing

45. We abstract from dynamic effects of offering tariff discounts today on
future tariff revenues and from uncertainty about tariff rates. Importantly, note
that we do not evaluate the social welfare effects of the prevailing tariff structure
nor those of the corruption scheme we unveil.
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in Madagascar.46 In addition, to rely on an unbiased estimate of
the overall impact of corruption on tax revenue losses, we estimate
equation (5) including only controls that are plausibly exogenous
to corruption: the tax rate, the dummy for mixed shipment, the
share of differentiated products, source country fixed effects, HS
two-digit product fixed effects, and month-year fixed effects.47 Our
βE estimate (presented in Online Appendix Table A22, Panel B,
column (11)) indicates that a 10% increase in the excess interac-
tion share is associated with a 21% increase in tax revenue losses.

Using this estimate, we calculate for each declaration the
counterfactual tax revenue that would have been collected in
the absence of significant excess interaction between inspectors
and brokers as T NC = T ∗ exp( ̂βE ∗ ES), where T is the actual
tax yield.48 We are effectively asking how much more tax rev-
enue would have been collected if declarations subject to excess
interaction had been treated by inspectors like declarations that
were not. The results of this exercise are presented in Online
Appendix Table A24, Panel A for declarations characterized by
significant excess interaction (in the first two columns) and for
all declarations (in the last two columns). Interestingly, declara-
tions with significant excess interaction yield more tax revenue,
$11,423 on average, despite being undervalued, than the average
declaration with $10,446. This finding is consistent with declara-
tions with significant excess interaction being subject to a higher
tax liability, as was shown in Section V. In the absence of corrup-
tion, the average declaration with significant excess interaction
would have yielded an additional $2,962 in tax revenue. Put dif-
ferently, the tax yield on declarations likely to be the object of
corruption agreements would have been 26% higher. This num-
ber is a lower bound on total tax revenue losses per declaration
associated with corruption since the set of declarations charac-
terized by significant excess interaction likely includes some that
were randomly assigned and not the object of corruption schemes.
Across all declarations, average (and hence aggregate) tax yield
would have been 3% higher in the period before the delegated ran-
domization intervention. These estimates do not reflect the gains

46. Results for all other measures of hypothetical tax revenue losses described
in Section III are reported in Online Appendix C.

47. The controls in equation (5) that are potentially endogenous to corruption
are inspector and broker fixed effects and the risk score.

48. The details of this calculation are provided in Online Appendix C.
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associated with eliminating tax evasion altogether, but only the
gains from eliminating tax evasion due to the specific corruption
scheme we uncover. Our methodology does not address the (rather
plausible) possibility that tax evasion can also result from deals
made between randomly assigned inspectors, brokers, and/or im-
porters.49

VIII. WHO BENEFITS FROM CORRUPTION?

This section analyses which types of inspectors and brokers
participated in the corruption scheme and tries to shed light on
how much they gained by doing so.

VIII.A. Which Inspectors and Brokers Participated?

We start by assessing which types of inspectors participated
in the scheme by regressing the average share of declarations
handled by the inspector subject to significant excess interaction
on a number of inspector characteristics. The results are pre-
sented in Online Appendix Table A25, Panel A. Tenure is by far
the strongest predictor of handling declarations characterized by
excess interaction, but the effect is highly nonlinear: new inspec-
tors (the omitted category) have a significantly lower propensity
to handle declarations subject to excess interaction than more es-
tablished inspectors, and this association is robust to controlling
for inspector age (column (2)). There is some evidence that male
inspectors handle a larger share of declarations subject to excess
interaction, but the difference with their female colleagues is only
borderline statistically significant at the 10% level and loses sig-
nificance when controlling for age. For the subset of inspectors for
whom we have information on educational attainment, we find
that those with a management degree have a higher propensity
to handle declarations subject to excess interaction (column (3)).

Comparable estimates for brokers are presented in Online
Appendix Table A25, Panel B. Brokers based in Toamasina
handle a significantly higher share of declarations assessed by

49. These calculations do not take into account potential beneficial effects
of tariff discounts on future trade volumes: lower levels of taxes may encourage
imports in subsequent periods. More generally, customs administrations have the
dual objective of facilitating trade and collecting tax revenues and these objectives
may conflict with one another both in the short- and in the long-run because of
such dynamic effects.

D
ow

nloaded from
 https://academ

ic.oup.com
/qje/article/138/1/575/6695012 by U

trecht U
niversity Library user on 13 February 2024

https://academic.oup.com/qje/article-lookup/doi/10.1093/qje/qjac032#supplementary-data
https://academic.oup.com/qje/article-lookup/doi/10.1093/qje/qjac032#supplementary-data
https://academic.oup.com/qje/article-lookup/doi/10.1093/qje/qjac032#supplementary-data


618 THE QUARTERLY JOURNAL OF ECONOMICS

inspectors with whom they interact excessively. On average, the
share of declarations they handle that is subject to excess inter-
action is 5.9% higher than the average share of non-Toamasina
based brokers, and the difference is significant at the 10% level.
However, this association loses significance once we include a
dummy identifying brokers that import on behalf of only one
importer (column (2)) and when we control for the broker’s av-
erage share of all declarations and for broker tenure (column (3)).
Though none of the results are significant at conventional sig-
nificance levels, they suggest that brokers who serve only one
importer exhibit lower excess interaction. Brokers who have been
active for a longer period of time tend to have more declarations
subject to excess interaction.

Finally, for 20 inspectors who participated in the survey of
inspectors that we implemented in 2017, we are able to correlate
their views with the share of declarations they handled that were
subject to excess interaction. Online Appendix Table A26 shows
that inspectors with a higher share of declarations with excess
interaction report on average significantly higher overall job (but
not pay) satisfaction, report higher esprit de corps, and are much
more likely to claim that they know the most fraudulent firms.50

Taken together, the fact that excess interaction increases with
inspector tenure and that brokers based in Toamasina have a
higher propensity to handle declarations with excess interaction
points to the importance of establishing personal relationships
and private information acquisition.

VIII.B. How Are Tax Revenue Losses Distributed?

Unfortunately, our data do not allow us to identify how par-
ticipants in the corruption scheme divided the surplus generated
by tax savings associated with the scheme; it is thus not possible
to precisely pinpoint how much each participant gained, which
is furthermore complicated by the fact that officials in the IT de-
partment, the port manager, and importers likely have taken a
cut. Instead, we present estimates of the distribution of tax rev-
enue losses across inspectors and brokers by semester, ranking
inspectors and brokers in terms of their contribution to overall

50. Excess interaction is not significantly correlated with pay satisfaction,
views about the adequacy of training, discretion, perceived corruption (among bro-
kers, colleagues, and supervisors), punishment for unethical behavior, reporting
of threats by brokers, or meritocracy.
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revenue losses (with rank 1 assigned to the inspector or broker
with the highest revenue losses in a given semester), using our
preferred measure of counterfactual additional tax yield (calcu-
lated using external reference prices and correcting for potential
underreporting of quantities) if there had not been significant ex-
cess interaction.

Table V reports that on average an inspector collects $4.8 mil-
lion worth of tax revenue per semester (6% of total taxes collected
in the port per semester). Average tax revenue losses associated
with the unveiled corruption scheme equal $140,000 per inspector
per semester (3% of the revenues they collect). Yet this number
masks large heterogeneity across inspectors. In a typical semester,
the inspector accountable for the largest tax revenue losses incurs
$677,000 worth of losses—roughly four times the average loss. Yet
she also collects $6.5 million worth of taxes (or 8% of total taxes
collected in the port per semester). Hence, over the period con-
sidered, tax revenues collected by the “top” inspector would have
been 11% higher without the corruption scheme.

Despite fairly widespread participation of inspectors in the
scheme (documented in Table I), the tax losses associated with
participation in the corruption scheme are highly concentrated:
the “top” inspector accounts for roughly one-third of the total rev-
enue losses associated with the scheme in a given semester, the
“top” two inspectors jointly account for more than half (55%) of
all revenue losses, and the top three inspectors jointly account
for more than two-thirds of all revenue losses. These statistics at-
test to the granularity of tax evasion associated with the scheme;
if each semester the top three most corrupt inspectors had not
participated in the scheme, overall tax revenue collection in the
port would have been almost 2% higher (as opposed to 3% if none
of the inspectors had participated). The behavior of a select few
inspectors thus has macro-fiscal implications.

The concentration of tax revenue losses in the hands of a se-
lect few inspectors prompts the question as to why corruption was
neither detected nor sanctioned sooner. The answer to this ques-
tion may partly lie in the targeting of declarations subject to high
tax liability noted in Section V. Figure V, Panel A plots the tax
yield per declaration against the excess interaction share. If any-
thing, the relationship between tax yield and excess interaction
is positive. Inspectors with more excess interaction have higher
average (unconditional) tax yields per declaration, as is shown in
Online Appendix Figure A3. This helps explain why conventional
inspector performance metrics—such as total tax yield or average
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TABLE V
CONCENTRATION OF TAX REVENUE LOSSES BY SEMESTER

Rank per semester

Total taxes
collected

average per
semester

(US$)

Tax losses
average per

semester
(US$)

% Total
taxes

collected per
semester

% Total tax
losses per
semester

Panel A: By inspector
(ranked in terms of tax revenue losses, from largest to smallest, by semester)
Inspector rank (in a given semester)

1 6,491,683 677,109 8.2 32.8
2 6,552,940 499,588 8.0 22.4
3 5,901,505 324,983 7.2 13.4
4 5,663,769 265,376 7.3 10.5
5 4,890,071 180,883 6.1 7.4
Rank 6–10 (combined) 25,181,080 347,773 31.2 13.4
Rank 11 and

higher (combined)
23,764,220 5,242 31.9 0.2

Average per inspector per
semester

4,802,772 140,875 6.1 6.1

Panel B: By broker
(ranked in terms of tax revenue losses, from largest to smallest, by semester)
Broker rank (in a given semester)

1 1,734,389 514,420 2.3 24.2
2 3,294,547 353,191 4.0 16.2
3 2,237,922 288,914 2.7 12.7
4 3,059,864 239,310 4.0 10.6
5 3,671,714 186,521 4.8 7.7
Rank 6–10 combined 11,782,514 535,779 15.1 22.0
Rank 10–20 (combined) 13,552,180 182,819 17.1 6.5
Rank 21 and

higher (combined)
39,112,140 0 50.1 0.0

Average by broker per
semester

1,749,709 51,322 2.2 2.2

Panel C: Overall
Total per semester 78,445,268 2,300,954 100 2.9

Notes. Tax losses are calculated as the difference between the counterfactual tax yield collected in the
absence of significant excess interaction and actual tax yield. Counterfactual tax yield is calculated using
external reference prices (see Section III) taking into consideration underreporting of quantities (see Section
VII for details). Inspectors (brokers) are ranked each semester on the basis of their total tax revenue losses
(with rank 1 denoting the inspector with the highest tax losses), with ties arbitrarily split in the case of
nonparticipation in the scheme (we assume that inspectors (brokers) that do not participate in the scheme
do not contribute to tax losses associated with the scheme). To avoid having these arbitrary splits affect the
rankings, we assign to each of the nonparticipating inspectors the average tax yield of inspectors (brokers)
that did not participate in the scheme that semester. This effectively amounts to calculating the average over
all possible permutations of randomly assigned splits in the case of tie breaks. The statistics in this table
reflect averages across semesters (note that it is possible for a different inspector or broker to assume rank 1
in different semesters). The sample covers the period January 1, 2015 to November 17, 2017 (i.e., before the
delegated randomization intervention).
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(B)(A)

FIGURE V

Tax Yield and Excess Interaction Share

The graphs show weighted local polynomial plots (using the Epanechnikov ker-
nel function) of the tax yield per declaration (in US$) on the share of declara-
tions per inspector and semester that were subject to significant excess interac-
tion (see Section IV). Panel A combines all declarations, whereas Panel B dis-
tinguishes across high potential yield and low potential yield declarations. High
potential yield (low potential yield) declarations are those for which the hypotheti-
cal tax yield (if the declaration was valued using external reference prices) exceeds
$20,000 (is less than $20,000). The sample covers the period January 1, 2015 to
November 17, 2017 (i.e., before the delegated randomization intervention).

tax yield per declaration—may not obviously point to corruption.
In fact, based on tax revenue collection numbers alone, one might
be tempted to conclude that many of the inspectors with the high-
est excess interaction are top performers.

Figure V, Panel B reveals that this conclusion would be driven
by selection which masks important performance differences. Di-
viding declarations into “high potential yield” declarations (with
a hypothetical tax yield based on external reference prices ex-
ceeding $20,000) and “low potential yield” (all other declarations)
reveals that the association between the excess interaction share
and tax yield is clearly negative for high potential yield decla-
rations and nonexistent for other declarations. Inspectors with
more excess interaction collect substantially less tax revenue on
these high potential yield declarations. Yet their average tax yield
across all declarations is higher despite their inferior performance
simply because they attract a higher share of such high potential
yield declarations, as was shown in Figure IV, Panel E (recall
that declarations subject to excess interaction are significantly
more likely to be high potential yield declarations).51 The ability
of corrupt inspectors to appropriate lucrative declarations thus

51. Online Appendix Figure A4 plots the average inspection share of each in-
spector per semester against the share of declarations subject to excess interaction
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helps explain why they manage to collect more taxes on aver-
age despite turning a blind eye to undervaluation among some
of the most valuable declarations. Perversely, the inspectors who
are most implicated in the corruption scheme and responsible for
the largest revenue losses, presumably pocketing the largest il-
legal bribes, also exhibit nominally superior revenue collection
performance.

Tax revenue losses associated with the corruption scheme are
also very concentrated among a fairly limited set of brokers, as is
shown in Table V, Panel B. The broker accountable for the largest
revenue losses in a given semester on average pays $1.7 million
worth of taxes (or roughly 2.3% of the total taxes collected in our
sample in a given semester) but at the same time evades $514,000
worth of taxes. In other words, their total tax liability would be
29% higher without the corruption scheme. The top three brokers
in terms of their contribution to overall tax revenue losses account
for half of all revenue losses, the top five brokers account for 71.5%
of revenue losses associated with the scheme but only for 17% of
overall tax revenue.

IX. DID DELEGATED RANDOMIZATION OF INSPECTOR ASSIGNMENT

CURB CORRUPTION?

After presenting a preliminary version of this article to the
director general (DG) of customs, internal audits were launched
and a number of inspectors were either sanctioned for corrup-
tion or strongly encouraged to opt for voluntary retirement, and
the head of the IT department was suspended. The DG also de-
cided to reform the assignment of declarations to inspectors, by
delegating it to GasyNet. Using its own software, GasyNet ran-
domly assigned declarations to active inspectors. This delegated
randomization intervention provides us with a unique opportu-
nity to assess whether the excess interactions we document are
indeed the product of IT manipulation and hence to validate our
methodology to detect corruption. It simultaneously offers a case
study of the effectiveness of IT interventions to curb corruption
and reduce fraud.52

and shows that inspectors with more excess interaction assess a higher share of
high potential yield declarations.

52. However, note that the reform exploited in our analysis is not a natural
experiment and thus causal claims from its impact need to be taken with caution.
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FIGURE VI

Evolution of Nonrandom Assignment

The line with circles “Significant excess interaction, calibrated” depicts the share
of all import declarations that are characterized by significant excess interaction,
calculated using calibration methods (as explained in Section IV). The vertical
bar denotes the start of the delegated randomization intervention in which the
assignment of declarations to inspectors was delegated to GasyNet. Soon after this
start, the customs IT department managed to withhold several declarations from
the randomization process. The prevalence of these declarations is shown by the
line with crosses “Withdrawn from randomization.” The line with squares “Random
excess interaction, calibrated” refers to the share of randomized declarations that
are characterized by significant excess interaction, calculated using calibration
methods. The sample covers the period January 1, 2015 to November 17, 2018.

IX.A. Prevalence of Excess Interaction during Delegated
Randomization Period

The delegated randomization of inspector assignment started
on November 18, 2017 and led to the virtual disappearance of ex-
cess interaction, as shown in Figure VI, which plots the evolution
of the share of declarations characterized by significant excess
interaction after automatic assignment. While the prevalence of
excess interaction trended upward in the period preceding the
delegated randomization intervention, it suddenly and precipi-
tously fell to nearly zero after the start of delegated randomiza-
tion, indicated by the vertical bar in the graph. The delegated
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randomization intervention thus effectively eliminated excess in-
teraction between inspectors and brokers.

However, approximately four months after the start of the del-
egated randomization intervention excess interaction resurfaced,
plausibly driven by a new form of IT manipulation: the withhold-
ing of certain declarations from the delegated randomization. IT
department staff complicit in the corruption scheme figured out
a way to temporarily shut down the automatic notification that
GasyNet receives when a declaration is registered, thus prevent-
ing GasyNet from randomizing the inspector assignment of these
declarations. Approximately 7% of declarations (1,275 declara-
tions out of 17,736 declarations registered in the delegated ran-
domization period) were withheld from delegated randomization.
These declarations were readily identified by comparing the set
of declarations randomized by GasyNet to the set of declarations
that cleared customs daily. The set of declarations withheld from
delegated randomization likely includes declarations that were
not deliberately “targeted” to bypass the randomization. Disabling
the automatic notifications for some period implied that none of
the declarations registered during that period were randomized
by GasyNet, whether or not they were part of a corruption agree-
ment.53

The evolution of the withholding of declarations from dele-
gated randomization is depicted by the line with crosses in Fig-
ure VI and is remarkably similar to the evolution of significant
excess interaction. In fact, 36% of the declarations that were
withheld are characterized by significant excess interaction. Con-
versely, 63% of the declarations characterized by significant excess
interaction in the delegated randomization period were withheld
from randomization. Interestingly, nonrandom assignment is per-
sistent: for a given pairing of a broker with a particular inspector
the share of withheld declarations is correlated with past devi-
ations from random assignment, as shown in Online Appendix
Table A5, suggesting that withholding declarations from random
assignment reflects a continuation of corruption agreements.

53. The withholding of declarations subject to corruption agreements likely
involves coordination between brokers and customs IT department staff: they are
likely to agree on a particular time slot during which the delegated randomization
is temporarily shut down and the declaration is registered. However, other brokers,
who are not part of corruption agreements may also register declarations during
these time slots, which implies that not all declarations that are withheld from
delegated randomization are part of corruption agreements.
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To ascertain that IT manipulation is driving the excess inter-
action we conduct a simple placebo test: we calculate the preva-
lence of excess interaction for the subsample of declarations that
were randomized by GasyNet. Any excess interaction in this sub-
sample should be purely accidental. Indeed, there is hardly any
excess interaction in this subsample, as is shown by the line with
rectangles for “random excess interaction” in Figure VI. The only
period with some excess interaction is five to seven months af-
ter the start of the delegated randomization intervention, when
a number of inspectors went on repeated strikes (resulting in a
higher average workload, and possibly higher excess interaction
shares, for the remaining inspectors). Put differently, without by-
passing the delegated randomization, there would not have been
a resurgence of excess interaction between inspectors and bro-
kers. The patterns in Figure VI are very similar when based on
measures of excess interaction based on inspector-specific logit
models, as shown in Online Appendix Figure A5.

IX.B. Excess Interaction and Evasion Risk during the Delegated
Randomization Period

Declarations withheld from delegated randomization are
not only characterized by significantly higher excess interaction
shares but are also significantly more at risk of tax evasion on
average than declarations that were randomized by GasyNet, as
is shown in Table VI, Panel A, which replicates some of the key
specifications presented in Table II for the sample of withheld dec-
larations. They are subject to tax rates that are 8.8% higher, have
risk scores that are 1.2 points higher, are significantly heavier, and
exhibit 19.7% lower initial unit prices relative to median import
unit prices. These declarations exhibit 19.9% higher tax revenue
losses than similar declarations whose assignment to inspectors
was randomized by GasyNet. Random excess interaction (i.e., ex-
cess interaction in the sample of declarations whose assignment
was randomized by GasyNet) is not correlated with declaration
characteristics commonly associated with tax evasion, as is shown
in Panel B; all the R2’s are zero and none of the coefficients are
significant.

Even in the delegated randomization period, the excess inter-
action share is significantly correlated with declaration charac-
teristics associated with tax evasion risk, as is shown in Panel C,
which replicates Table II using the entire sample of declarations
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(randomized and withheld from randomization by GasyNet) in
this period. However, these correlations are entirely driven by dec-
larations withheld from randomization by GasyNet, as is shown
in Panel D, in which we interact the excess interaction share with
the dummy for being withheld from randomization. While being
withheld from randomization continues to significantly predict
tax evasion risk, the excess interaction share only has predictive
power when interacted with being withheld from randomization
(consistent with the results in Panel A). The declarations withheld
from randomization and cleared by inspectors with a higher excess
interaction share have significantly lower initial unit prices and
significantly higher initial tax revenue losses (Panel D, columns
(5) and (6)). This suggests the declarations withheld from ran-
domization by GasyNet that were targeted by corruption schemes
were assigned to certain “preferred” inspectors.

IX.C. Differential Treatment during the Delegated
Randomization Period

To evaluate the extent to which the IT manipulation during
the delegated randomization period reflects a continuation of cor-
ruption, Table VII examines whether inspectors treat the manip-
ulated declarations differently. The table replicates the specifica-
tions in Table III but uses different proxies for excess interaction.

Declarations that were withheld from delegated randomiza-
tion are cleared significantly faster than declarations that were
not, as shown in Panel A. The estimates also point to a reduced
likelihood of being reported fraudulent and lower value and tax
adjustments but these effects are not statistically significant. Dec-
larations withheld from delegated randomization exhibit signifi-
cant and substantial tax revenue losses of 17.5% on average, rel-
ative to other declarations, ceteris paribus.

Panel B shows that for the subsample of declarations ran-
domized by GasyNet, random excess interaction does not predict
how long inspectors take to clear goods, whether they will report
the declaration as being fraudulent, or change the value or the tax
yield. Random excess interaction is negatively correlated with tax
revenue losses, suggesting that it is linked to lower, not higher,
tax losses, in this sample of declarations randomized by GasyNet.

When we extend the sample by including withheld declara-
tions, excess interaction is again associated with significantly ac-
celerated clearance, significantly reduced fraud, lower value and
tax adjustments, and significantly higher tax revenue losses, as
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shown in Panel C. However, this preferential treatment is driven
by the declarations withheld from delegated randomization since
we did not observe these correlations in the sample of declarations
randomized by GasyNet analyzed in Panel B.

In Panel D we consider the entire sample of declarations and
include the excess interaction share, a dummy for being withheld
from delegated randomization, and the interaction between these
two measures. The coefficients on the interaction term are con-
sistently highly statistically significant. Preferential treatment
is most pronounced for declarations that are withheld from
delegated randomization and handled by inspectors who interact
excessively frequently with a given broker. Such declarations
are especially rapidly cleared, especially less likely to be deemed
fraudulent, are subject to significantly lower value and tax
adjustments, and as a result, exhibit higher tax revenue losses.

The preferential treatment by inspectors of declarations char-
acterized by excess interaction was thus enabled by manipulation
of the IT system. Our placebo tests show clearly that when dec-
larations are truly randomly assigned, there is hardly any ex-
cess interaction. Whatever accidental excess interaction nonethe-
less arises is not correlated with customs outcomes. By contrast,
declarations withheld from delegated randomization are associ-
ated with excess interaction and an increased risk of tax eva-
sion. They receive privileged treatment from inspectors, especially
when such inspectors are handling a significantly larger share of
a given broker’s declarations than would be expected had the as-
signment of declarations followed official rules. All in all, these
results corroborate our methodology to detect corruption and also
attest to the difficulties associated with dislodging systemic cor-
ruption.

An event study of the effect of the delegated randomization
on tax yield per declaration, shown in Online Appendix Figure A6,
is consistent with this interpretation. Tax revenues increased sig-
nificantly in the first few months of delegated randomization, but
these gains were not sustained.54

54. For the event study, we use a sample including six months before and
after the start of the delegated randomization and estimate an OLS regression
of log 1 plus tax yield per declaration on dummies that define the position of the
month relative to November 2017 as well as inspector, broker, source country,
HS2-product, and calendar month fixed effects.
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Online Appendix Table A24 (Panel B) presents estimates of
the costs of corruption during the delegated randomization period,
following a similar approach to that described in Section VII.55

According to our preferred estimates which calculate hypothetical
tax yield using prices reported by exporters, declarations that
were likely the object of corruption—notably those withheld from
randomization cleared by an inspector who interacted excessively
frequently with the broker registering them—would have yielded
an additional $11,223 in tax revenue. This represents a 129.8%
increase over actual tax yield. Aggregate tax yield in this period
would have been 2.6% higher had the randomization not been
undermined by a new form of IT manipulation. These back-of-
the-envelope estimates are crude and must be interpreted with
caution given the difficulties inherent in measuring hypothetical
tax yield and identifying deviant declarations.

X. CONCLUSION

Corrupt governance and limited state capacity to raise tax
revenue constrain development, yet surprisingly little is known
about the extent to which tax evasion is facilitated by (which)
bureaucrats. Evidence on effectiveness of reforms to remedy in-
stitutionalized corruption is also limited. These questions are es-
pecially pertinent for customs agencies in low-income countries,
which tend to be more reliant on tax revenues collected at the
border than developed countries, despite suffering higher levels
of evasion.

This article presents a new methodology to detect a specific
form of corruption between customs inspectors and customs bro-
kers, which we believe can be readily replicated in other contexts
in which random assignment is used to deter corruption. Our
approach is based on identifying deviations from random assign-
ment of import declarations to inspectors, which is prescribed by
official rules. Such deviations result in excessively frequent pair-
ing of brokers with the inspector(s) they are conspiring with.

55. We use estimates from regressions of hypothetical tax revenue losses on
the excess interaction share, a dummy for declarations being withheld, and their
interaction shown in Online Appendix Table A23. Tax revenue in the absence of
corruption is now calculated as T NC = T ∗ exp(β̂E ∗ ES + β̂P ∗ W F R + β̂EP ∗ ES ∗
W F R), where WFR is a dummy for declarations whithheld from randomization.
The details on this calculation are shown in Online Appendix C.

D
ow

nloaded from
 https://academ

ic.oup.com
/qje/article/138/1/575/6695012 by U

trecht U
niversity Library user on 13 February 2024

https://academic.oup.com/qje/article-lookup/doi/10.1093/qje/qjac032#supplementary-data
https://academic.oup.com/qje/article-lookup/doi/10.1093/qje/qjac032#supplementary-data
https://academic.oup.com/qje/article-lookup/doi/10.1093/qje/qjac032#supplementary-data


CORRUPTION IN CUSTOMS 633

Applying this methodology to Madagascar’s main port of Toa-
masina unveiled that 10% of declarations were handled by in-
spectors who were not randomly assigned, plausibly because of
manipulation of the IT system that assigns them. Nonrandomly
assigned declarations were shown to be subject to higher tax rates,
have higher potential tax yield, higher risk scores, and lower unit
prices than those reported for declarations containing the same
goods. Nonrandom assignment is thus associated with higher tax
revenue losses. Customs inspectors are shown to provide prefer-
ential treatment to these deviant declarations by clearing them
faster; being less likely to require value, weight, and tax adjust-
ments; and failing to identify fraud. Such corruption is costly; tax
yield for nonrandomly assigned declarations would have been 26%
higher in the absence of excess interaction between inspectors and
brokers. Overall tax revenues collected in Toamasina would have
been 3% higher in the absence of the corruption scheme unveiled
in this study. These tax losses are very concentrated among a
select few inspectors and brokers, whose propensity to engage in
corruption increases with tenure in the port. Paradoxically, inspec-
tors responsible for the largest tax revenue losses tend to collect
more tax revenue per declaration, because they manage to control
the assessment of the most lucrative declarations. Corruption is
thus positively correlated with (naive) measures of tax revenue
yield.

An intervention to curb corruption by having a third party
randomize inspector assignment validates our methodology as it
led to the temporary disappearance of excess interaction between
inspectors and brokers. It also triggered a novel form of IT manip-
ulation. While manipulation of inspector assignment was eventu-
ally weeded out with the help of improved IT infrastructure, our
results serve as a reminder that technology is not a panacea in
the fight against corruption. Rather, our results illustrate how IT
solutions can be captured by bureaucrats and economic operators
and serve as a conduit to corruption.
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SUPPLEMENTARY MATERIAL

Supplementary material is available at the Quarterly
Journal of Economics online.

DATA AVAILABILITY

Code replicating the tables and figures in this article can
be found in Chalendard et al. (2022) in the Harvard Dataverse,
https://doi.org/10.7910/DVN/DPO4BS.
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Raballand, and Bob Rijkers, “Does Better Information Curb Customs Fraud?,”
CESifo Working Papers 8371, 2020. https://dx.doi.org/10.2139/ssrn.3633656

Dincecco, Mark, and Nico Ravanilla, “The Importance of Bureaucrats in a Weak
State: Evidence from the Philippines,” available at SSRN 2773884 (2017).
http://dx.doi.org/10.2139/ssrn.2773884

Dutt, Pushan, and Daniel Traca, “Corruption and Bilateral Trade Flows: Extor-
tion or Evasion?,” Review of Economics and Statistics, 92 (2010), 843–860.
https://doi.org/10.1162/REST_a_00034

D
ow

nloaded from
 https://academ

ic.oup.com
/qje/article/138/1/575/6695012 by U

trecht U
niversity Library user on 13 February 2024

https://academic.oup.com/qje/article-lookup/doi/10.1093/qje/qjac032#supplementary-data
https://academic.oup.com/qje/article-lookup/doi/10.1093/qje/qjac032#supplementary-data
https://doi.org/10.7910/DVN/DPO4BS
https://doi.org/10.1146/annurev-economics-081919-041554
https://doi.org/10.3386/w17968
https://www.jstor.org/stable/2729979
https://doi.org/10.1016/j.jpubeco.2009.11.007
https://doi.org/10.1257/aer.99.4.1218
https://doi.org/10.1016/B978-0-444-10581-3.50016-1
https://doi.org/10.1162/qjec.2006.121.2.541
https://doi.org/10.7910/DVN/DPO4BS
https://doi.org/10.1111/dpr.12352
https://dx.doi.org/10.2139/ssrn.3633656
http://dx.doi.org/10.2139/ssrn.2773884
https://doi.org/10.1162/REST_a_00034


CORRUPTION IN CUSTOMS 635

Ferraz, Claudio, and Frederico Finan, “Exposing Corrupt Politicians: The Effects of
Brazil’s Publicly Released Audits on Electoral Outcomes,” Quarterly Journal of
Economics, 123 (2008), 703–745. https://doi.org/10.1162/qjec.2008.123.2.703

Finan, Frederico, Benjamin A. Olken, and Rohini Pande, “The Personnel Eco-
nomics of the Developing State,” in Handbook of Economic Field Experiments,
vol. 2, Abhijit Banerjee and Esther Duflo, eds. (Amsterdam: Elsevier, 2017),
Ch. 6, 467–514. https://doi.org/10.1016/bs.hefe.2016.08.001

Fisman, Raymond, and Shang-Jin Wei, “Tax Rates and Tax Evasion: Evidence
from ‘Missing Imports’ in China,” Journal of Political Economy, 112 (2004),
471–496. https://doi.org/10.1086/381476
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