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Abstract

Audits provide one of the most effective ways to measure as well as mitigate cor-
ruption. However, audits can be biased along many different dimensions, so corruption
researchers need a framework to assess audit data quality. I respond to this need by
developing a three-pillar framework emphasizing: 1) the audit institution’s political
independence; 2) the absence of distributional, group-level biases, such as toward par-
ticular ethnicities or opposition-party politicians; and 3) the lack of implementation
or dosage biases across similar types of audits. I demonstrate the utility of the frame-
work by collecting and analyzing a massive new dataset of subnational audits without
random assignment from India, Mexico, Honduras, and Guatemala. Using a regression
discontinuity design based on party alignment and various other regression methods,
I find that the audit data are mostly unbiased along the aforementioned dimensions.
Especially given the lack of governments conducting randomly assigned audits of their
subnational units, the new audit data and framework proposed in this paper are crucial
for advancing knowledge about corruption and how to combat it.
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Since the publication of Mauro’s (1995) seminal study around 30 years ago, empirical

scholarship on governmental corruption has primarily relied on perceptions data.1 That is

a grave problem for knowledge and theory creation, as corruption perceptions often differ

markedly from actual corruption levels (Olken, 2009). The halo effects, construct validity

challenges, and questionable error structures inherent to perceptions data constitute only a

few reasons why (see Appendix A).

More recently, analysts have used many more objective measures of corruption, among

which audits stand out as perhaps the most promising of the perceptions data alternatives.

Corruption is a multifaceted, complex, and clandestine phenomenon that is hard to de-

fine,2 but audits capture that complexity. Not only do audits capture many of the objective

corruption measures in the literature (e.g., procurement flags, abnormal asset growth, and

political connections),3 but they also capture fraud, theft, nepotism, obstruction, and more.

Consequently, audits also outperform experience-based measures in terms of scope and con-

tent validity, including Transparency International’s (2021) Global Corruption Barometer,

websites like ipaidabribe.com, and the World Bank’s (2021) Enterprise Surveys. Given that

audits are specific to individuals or institutions, audit also overcome the level-of-analysis

problems that plague most research using perceptions data (see Gingerich, 2013a).

To date, scholars using audit data have focused mostly on the randomly assigned Brazil-

ian municipal audits of federal transfer fund spending.4 On the one hand, these data from

1So many studies rely on corruption perceptions data that it is impossible to mention them all here, but some
of the most pertinent ones include Mauro (1995) on growth; Gerring and Thacker (2004, 2005), Kunicová
and Rose-Ackerman (2005), and Lederman, Loayza and Soares (2005) on institutions; and Treisman (2000,
2007) on culture, economic development, and democracy.

2“The misuse of public office for private gain” is perhaps the most common definition of corruption, but
Rose-Ackerman and Palifka (2016) provide more context and explain the various forms of corruption.

3Procurement: See, for example, Bandiera, Prat and Valletti (2009), Mironov and Zhuravskaya (2016), and
Fazekas, Cingolani and Tóth (2018). Asset declarations: See, for example, Eggers and Hainmueller (2009)
and Fisman, Schulz and Vig (2014). Political connections: See, for example, Fisman (2001), Faccio (2006),
and Fisman and Wang (2015).

4Bobonis, Cámara Fuertes and Schwabe (2016), Buntaine et al. (2018), Chong et al. (2015), Arias, Balán,
Larreguy, Marshall and Querub́ın (2019), Arias, Larreguy, Marshall and Querub́ın (2019), Arias et al.
(2022), Larreguy, Marshall and Snyder (2020), Ajzenman (2021), Chu et al. (2021), and Berliner and
Wehner (2022) are, to my knowledge, the only studies using audits outside of Brazil—aside from those on
one-off programs, such as Di Tella and Schargrodsky (2003), Olken (2007, 2009), Nikolova and Marinov
(2017), and De La O, González and Weitz-Shapiro (2023).
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Brazil are useful because they overcome endogeneity problems and allow for causal estima-

tion when used as an independent variable. In turn, scholars have used these Brazil data to

produce many useful findings.5 On the other hand, the Brazil data are not as useful as a

dependent variable: each of the audit lotteries/waves has different fiscal focuses (e.g., health,

education, agriculture),6 so the data are not fully comparable across waves.

Fortunately, some other countries disseminate subnational audit data relevant for cap-

turing corruption, but the data are often not immediately useful for researchers. Notably,

the data are mostly not available in machine-readable format, and researchers need a frame-

work to assess the validity of these data. That is especially accurate when the audits are

not randomly assigned, which is the case for all countries outside of Brazil for the 2002-2015

period.7 On that score, an in-person interview with one of the heads of the supreme audit

agencies whose data I use for the empirical analysis in this paper reveals that there is a

significant lack of policy interest for conducting randomly assigned audits.8

In this paper, I address both of the above challenges by not only proffering new, open-

source, audit-derived corruption data but also a new framework to validate their use for

causal inference. The framework’s first pillar concerns whether the audit agency has de facto

political independence and a legal (de jure) basis for it to be credible. Second, given that

most countries’ audit agencies have discretion to perform risk-based audits based on relevant

vulnerabilities, the frequency, selection, or distribution of audits must not exhibit bias toward

any group. In most countries, political rivals—especially opposition-party politicians selected

in close elections—will be the most salient group, but hometown or ethnic biases might be

relevant for some countries as well. Third, the most credible audit data will also be able

to empirically show fairness in the implementation or dosage of each audit. For example,

5See, for example, Ferraz and Finan (2008), Ferraz, Finan and Moreira (2012), Melo, Pereira and Figueiredo
(2009), Pereira and Melo (2015), Timmons and Garfias (2015), Bologna and Ross (2015), Bologna (2016,
2017), Cavalcanti, Daniele and Galletta (2018), Funk and Owen (2020), and Colonnelli and Prem (2022).

6For example, lottery/wave 21 focuses on “housing, sanitation and urban planning”, whereas lottery/wave
22 focuses on “agricultural organizations, energy, and environmental management”. See link here.

7See Ferraz and Finan (2018) and Odilla and Rodriguez-Olivari (2021) for more on Brazil’s randomized audit
program and its termination in 2015.

8Interview held December 5, 2023.
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opposition-party politicians must not be subject to more stringent audits than those sharing

the same party as the executive.

I demonstrate the utility of my framework by collecting and analyzing a massive, new,

micro-level dataset of subnational audits without random assignment from India, Mexico,

Honduras, and Guatemala. Given that Pillar 1 on political independence involves using

data from the World Bank’s ranking audit institutions as well as my own supplemental

qualitative analysis, I begin empirical testing with Pillar 2 on the audit distributions. To

test the unbiasedness of the latter, I use a regression discontinuity design (RDD) based

on party alignment as well as count regression models. For Pillar 3 on audit dosage, I

complements RDDs and count models with survival analysis. With the potential exception

of ethnic biases analysis,9 I find that the audits mostly do not exhibit biases according

to the above framework. Especially because audits are one of the most effective tools to

tackle corruption (Gans-Morse et al., 2018; Lagunes, 2021), the new data and framework

proposed in this paper provide an essential toolkit for researchers, governments, NGOs, and

development institutions.

1. New Subnational Audit-Based Corruption Data

To address the dearth of political corruption studies employing audit data outside of

Brazil (see Table 1), I collected new subnational audit data from Mexico, India, Honduras,

and Guatemala. I selected these cases not only due to data availability and language fa-

miliarity but also because they are members of the International Organization of Supreme

Audit Institutions (INTOSAI), which has 195 full member countries as of 2021. I focused on

INTOSAI members because it has specific provisions in its Mexico and Lima Declarations

regarding audit independence and data transparency for its member countries (INTOSAI,

1977, 2007). By the same token, almost no INTOSAI member countries make their subna-

tional audits easily accessible to citizens or researchers.10

9See Section 2.2.2
10Obtaining and cleaning the data involved considerable work (see Appendices for codebooks).
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Table 1: New Data and Existing, Publicly-Available Subnational Audit Data

Panel A: Audit Data
New Data (My Contribution) Others

Honduras Guatemala Mexico India Brazil China Puerto Rico South Africa Uganda
Administrative unit Municipal Municipal Municipal State Municipal Prefecture Municipal Municipal District
Funds covered All All Federal only All Federal only All All All All
Years covered 2002-2018 2004-2019 2007-2018 2004-2021 2003-2015 2006-2016 1987-2005 2007-2015 2013-2014
Number of audits 900 3,350 3,211 1,496 2,200 2,940 326 X 111
Audited annually % 21% 88% 11% 100% 3% 79% 23% X 100%
Sector/Fund details No No Yes Yes Yes No No No No
Sub-sector details No No No Yes No No No No No
Department details No No No Yes No No No No No
Sub-sector observations n/a n/a n/a 9,248 n/a n/a n/a No No
Department observations n/a n/a n/a 15,499 n/a n/a n/a No No
Infractions Yes Yes Yes Yes Yes Yes Yes No Yes
Details of infractions Yes No Yes Partial Yes Yes Yes No Yes
Money stolen/missing No Yes Yes Yes Yes Yes No No No
Follow-up data No No No Yes No No No No No
Whistleblower complaints No Yes No No No No No No No
Charges filed No Yes Yes No No No No No No
Money audited No No Yes Partial Yes No No No No
Money outside audit No No Yes No Yes No No No No
Matching election data Yes Yes Yes Yes Yes No Yes No Yes

Panel B: World Bank Supreme Audit Institution (SAI) Independence Scores

Country Score Effective
Rank

Constitution
SAI Head

Appointment
Transparency

Financial
Autonomy

Audit
Types

Operational
Autonomy

Staffing
Audit

Mandate

Audit
Scope

Autonomy

Information
Transparency

Audit
Report

Obligation
South Africa 10/10 1/16 1 1 1 1 1 1 1 1 1 1
Brazil 9/10 3/16 1 0.5 1 1 1 1 1 1 1 0.5
China 9/10 3/16 1 1 0.5 1 1 0.5 1 1 1 1
Mexico 9/10 3/16 1 0.5 1 1 1 0.5 1 1 1 1
Uganda 9/10 3/16 0.5 1 0.5 1 1 1 1 1 1 1
Guatemala 8.5/10 4/16 1 0.5 0.5 1 1 0.5 1 1 1 1
India 8.5/10 4/16 1 0.5 1 1 1 0.5 1 1 0.5 1
Honduras 7/10 7/16 0.5 0.5 1 1 0.5 0.5 1 0.5 0.5 1

Note: See Gurazada et al. (2021) for more on the World Bank ranking of audit agencies, which receive scores of 0, 0.5, and 1.0 for each indicator.
See Appendix B for the Honduras codebook; Appendix C for the India codebook; Appendix D for the Guatemala codebook; Ferraz and Finan (2018)
for more on the Brazil data; Chu et al. (2021) for more on the China data; Bobonis, Cámara Fuertes and Schwabe (2016) for more on the Puerto
Rico data; Berliner and Wehner (2022) for more on the South Africa data; and Buntaine et al. (2018) for more on the Uganda data. Chong et al.
(2015), Arias, Balán, Larreguy, Marshall and Querub́ın (2019), Arias, Larreguy, Marshall and Querub́ın (2019), Arias et al. (2022), Larreguy, Marshall
and Snyder (2020), and Ajzenman (2021) also use audit data from Mexico, but they focus exclusively on audits from one specific fund related to
infrastructure. The Mexico codebook in Appendix E provides more details on the 17 different Mexican funds included in the present analysis.
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Figure 1: Maps of Subnational Corruption Data by Administrative Unit

(a) Mean Infractions in Guatemala, 2004-2019 (b) Mean Infractions in Honduras, 2002-2018

(c) Mean Infractions in Mexico, 2007-2018 (d) Mean Infractions in India, 2004-2018

Note: In India, infractions refer to Observations. Gray space in Mexico indicates that no audit was under-
taken, and gray space in Honduras indicates that no audit was undertaken or no data were available.
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Panel A of Table 1 summarizes the new audit data advanced in this paper. The audit

data from Guatemala, Honduras, and Mexico correspond to the municipal level, whereas

those from India correspond to the state level. The scope of the Guatemalan, Honduran,

and Indian audits is quite broad, covering all potential municipals expenses. By contrast,

the Mexican municipal audits examined in this study follow those from the highly-studied

ones in Brazil and are more limited in scope, pertaining only to federal funding. Unlike

existing papers using the Mexican audits,11 which only focus on audits of one infrastructure

fund, the present study examines audits from 17 different funds.

With respect to the geographical coverage of the audits, all of the countries in the

new dataset provide higher annual shares of audited subnational units than Brazil (3%).12

Similarly, none of the sample countries restrict audits to smaller municipalities above certain

population thresholds like in Brazil. However, Honduras (21%) and Mexico (11%) audited

lower shares of their municipalities each year than Puerto Rico (22%),13 China (79%),14

South Africa (100%), and Uganda (100%). All of the countries provide long time-series of

data except Uganda, for which Buntaine et al. (2018) only provide one fiscal year of data.

In terms of the specific types of corruption data included in the new audit dataset,

three out of the four countries provide details on either the count of infractions and/or

the amount of misappropriated/stolen money detailed in the audits. Both Mexico and

Guatemala have data on the charges filed. India is the only country that provides the audit

data by department and sub-sector details, and it is also the only country that provides

panel data on audit follow-up. These follow-up data are particularly crucial: if researchers

11See Chong et al. (2015), Arias, Balán, Larreguy, Marshall and Querub́ın (2019), Arias, Larreguy, Marshall
and Querub́ın (2019), Arias et al. (2022), Larreguy, Marshall and Snyder (2020), and Ajzenman (2021).

12Calculation: 1, 881/(5, 568∗12) = 2.8%. Note that there are 5,568 municipalities in Brazil; the randomized
audit program lasted effectively for 12 years (2003-2014), as the final year (2015) only had very few audits;
and 1,881 unique municipalities had been selected for audit through 2014 (Colonnelli and Prem, 2022,
699).

13Calculation: 326/(78∗19) = 22%. Note: Bobonis, Cámara Fuertes and Schwabe (2016) provide full results
for 326 unique municipalities, spanning 1987-2005 (5 elections), and there are 78 municipalities in Puerto
Rico.

14Calculation: 2, 940/(339 ∗ 11) = 79%. Note that Chu et al. (2021) provide data for 2,940 reports across 11
years, and there are 339 prefectures in China.

6



Michael Denly Measuring Corruption Using Governmental Audits: A New Framework and Dataset

are to learn what reduces corruption, then it is necessary to know the conditions under which

politicians and bureaucrats take action to reduce corruption after they are alerted to it.

2. A New Framework

Three pillars underpin my new framework for discerning the utility of audit-related cor-

ruption data—regardless of whether they are randomly assigned. The first pillar concerns

the political independence of the audit agency. The second pillar focuses on the frequency,

selection, and distribution of audits, and whether they are subject to political, ethnic, or

other types of biases. The third and final pillar pertains to potential biases in audit imple-

mentation or dosage. I describe each of these pillars in turn.

2.1. Pillar 1: Political Independence

For audit agencies to produce credible corruption data, they must enjoy political inde-

pendence to pursue unbiased auditing and have a legal basis for it. Political independence

ostensibly has a de facto self-enforcing, norms component to it (see Weingast, 1997). How-

ever, it is the de jure, legal basis for independence that makes an agency’s commitment to

unbiased auditing credible (see North and Weingast, 1989; Acemoglu, Johnson and Robin-

son, 2005). In particular, an audit agency’s independence is most credible when it enjoys

protections from the executive branch and is its own institutional veto player,15 which is

most often necessary to specify in the constitution (INTOSAI, 2019).

To date, there is only one index from the World Bank that measures the independence

of different countries’ supreme audit institutions (Gurazada et al., 2021). Besides constitu-

tional protection, the World Bank SAI Index defines independence on the basis of 9 other

criteria: appointment process transparency for the SAI head; financial autonomy; audits

type diversity; operational autonomy; staffing; mandate to decide on audit scope; access to

records and information; and audit report rights and obligations. Each SAI then receives

15Tsebelis (2002, 2) defines a veto player as the actor(s) who must agree for a policy to change.

7
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a final 0-10 score, ranging from 10 (only South Africa and Seychelles) to 2.5 (only Chad).

Given that there are 16 different scores in the SAI index, the SAIs of Mexico, Guatemala,

India, and Honduras all have effective ranks above the average (see Panel B of Table 1).

Additionally, only Honduras’ SAI has a rank that is not equal to or simply one half point

below that of Brazil. Overall, the independence of the audit institutions whose data this

paper is advancing is relatively strong. I support this conclusion with my own qualitative

assessment of each country in the sample’s supreme audit institution in Appendix F as well.

2.2. Pillar 2: Frequency, Selection, and Distribution of Audits

Pillar 2 of the framework concerns the frequency or selection of audits, which must not

exhibit biases toward any particular group. Among these potential biases, ethnic, hometown,

and political rivalry biases are likely most relevant (Chu et al., 2021; Seim and Robinson,

2020). Political rivalry biases can refer to any faction or individual with interests that do not

coincide with a country’s veto players or selectorate. However, in most countries, political

rivalry biases pertain to opposition party politicians and their districts. That is especially

the case when these opposition party politicians win their elections in close races.

Although many observers imply that random assignment immediately solves this second

pillar, some forms of random assignment are more credible than others,16 and there is an

even more significant problem with random assignment for audits: no SAIs are currently

undertaking randomized audits of subnational audits since those in Brazil ended in 2015.

Along those lines, given that SAIs are mostly undertaking risk-based audits at bureaucrats’

discretion, quantitative analysis of the respective audit distributions is necessary. If all units

(e.g., states, municipalities) in a sample do not receive the same number of audits for the

given time interval, then it is necessary to estimate the conditional mean of the number

of audits received.17 When doing so, it is useful to take into account demographics such

16For example, complete randomization, block randomization, and stratified sampling are more credible than
simple random assignment (see Gerber and Green, 2012).

17It is possible to estimate the conditional mean via numerous methods. I provide examples in Section 1
below.
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as population (more populated places will generally have more vulnerable revenue), past

corruption (either lags or cumulative sums), and revenue amounts.

Regardless of what estimations of the conditional means show, it is necessary to comple-

ment these analyses with a regression discontinuity design (RDD) when examining partisan

bias. Specifically, the latter needs to follow the setup of Brollo and Nannicini (2012),18

examining whether co-partisanship or party alignment between the executive and lower-

level government units predicts audit frequency or selection after close elections. The RDD

not only allows for quasi-causal estimation but is particularly relevant because countries’

presidents may wish to use their control of the bureaucracy to target audits at electorally

vulnerable opposition-party politicians. If either the conditional mean estimates or those of

the RDD consistently demonstrate targeting at a particular group, then the data are likely

biased.

2.2.1. Are Guatemalan Municipal Audits Politically Biased?

Below, I use the Guatemalan audit data to demonstrate how to examine their distribu-

tion for political bias, and Appendix G contains the relevant analyses for the other sample

countries. Each year, the Guatemalan Comptroller General (CGC, Contraloŕıa General de

Cuentas) audits circa 310 of Guatemala’s 340 municipalities (see Figure 2a).19 Even though

there is not much variation in which municipalities the CGC audits each year, there is a

potential for audit distribution bias across the four-year electoral terms. I thus analyze that

potential bias by electoral term and start with the RDD given potential endogeneity pres-

sures as well as the vulnerability of electorally-competitive areas to audit distribution bias.

Following Brollo and Nannicini (2012) and Marshall (2023), the parameter of interest for the

18Note: In Brollo and Nannicini’s (2012) RDD setup, the treatment is alignment (or non-alignment for the
opposition party), and the running variable is the margin of victory for the aligned or unaligned/opposition
party.

19This pattern starts in 2007. From 2004-2006, the Comptroller General undertook much fewer audits.
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Figure 2: Main Results: Guatemala’s Municipal Audit Distribution

(a) Number of Audits Conducted by Year
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sharp RDD is a compound local average treatment effect, τ :

τ = E[a(aligned,it) − a(unaligned,it)|MVit = 0]

τ = limMV ↓0 E[ait|MVit = h ≥ mv > c]− limMV ↑0 E[ait|MVit = −h ≤ mv < c]
(1)

where ait reflects the number of audits conducted in the aligned/unaligned municipality i in

the most recent electoral term t; the running variable, MVit, is the margin of victory for the

aligned/unaligned mayor i in the most recent electoral term t; c corresponds to the cutoff

for MVit, which is zero and defines the aligned and unaligned mayor treatment; and ±h

correspond to the upper and lower limits of an automatically derived, optimal close-election

bandwidth for MV , which I estimate using Calonico, Cattaneo and Titiunik (2014).

I use local polynomial regression to estimate τ as follows:

τ = µaligned − µunaligned

µaligned = argmin
h0,...,hp

n∑
i=1

1 (h ≥ MVit > c)
(
ait − h0 − h1 (MVit − c)− h2 (MVit − c)

2
)
W

(
MVit − c

h

)

µunaligned = argmin
h0,...,hp

n∑
i=1

1 (−h ≤ MVit < c)
(
ait − h0 − h1 (MVit − c)− h2 (MVit − c)

2
)
W

(
MVit − c

h

)
(2)

where W represents a triangular weight;20 and µaligned and µunaligned are the weighted least

squares estimates for the respective aligned and unaligned intercepts. Following Gelman and

Imbens (2019), I use second-order polynomial fits to allow for some potential non-linearity

but avoid potential bias-variance trade-offs that can occur with higher-order polynomials. I

also cluster the standard errors at the municipality level per Bartalotti and Brummet (2017).

Overall, the RDD results suggest that party alignment does not predict the number of

audits that municipalities receive in each electoral term. More specifically, Figure 2c does not

have a discontinuous jump in the number of audits received between aligned and unaligned

opposition parties. The absence of sorting, as evidenced by the passing of the McCrary

20Triangular weights put more emphasis on observations near the as-if randomly assigned cutoff and thus
are theoretically better for causal inference purposes. However, weight choice usually does not significantly
alter estimates (Cattaneo, Idrobo and Titiunik, 2019, 36).
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(2008) density test in Figure 2d, further supports these results.

The above RDD results are useful both from causal and substantive perspectives, but

they are not sufficient. The bandwidth restrictions for the RDD entails a focus on subsample

of the observations, so I supplement the RDD results with a Poisson count model of the form

below, with standard errors clustered by municipality:

log (λit) = β0 + β1alignmentit + β2controlsit (3)

The controls are now necessary given the lack of random assignment in alignment. As shown

in Figure 2b, alignment, past corruption (lagged infractions and log amounts attached to

those infractions), and demographics (population) are all similarly poor predictors of how

many audits a municipality receives in a given electoral term. Like Honduras, Guatemala

also does not have political variation at the department (state-equivalent) level, so it is

possible to analyze mayor-president party alignments without including department-level

political controls.

2.2.2. Are Honduran Municipal Audits Ethnically Biased?

Another potential bias is ethnic bias, which I examine using data from Honduras,

where there is significant ethnic conflict. To obtain data on ethnicity, I compiled data on the

percent of indigenous peoples living in each municipality from the 2013 Honduran census.

The groups included in my count were the Garifuna, Lenca, MayaChorti, Miskito, Nahua,

Tawahka, and Tolupan peoples. I also included the census category of “other” indigenous

peoples. Unfortunately, yearly panel data on ethnic compositions do not exist in Honduras.

Accordingly, I ran a cross-sectional Poisson regression similar to Equation (3), using the

indigenous peoples’ share of each municipality’s total population in 2013 as the main inde-

pendent variable and the total number of audits received for all available periods (2002-2018)

as the dependent variable. As control variables, I added the (log) population in 2013, the

poverty rate in 2013 (measured via unmet basic needs), and the mean of party alignment

12
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Table 2: Does Ethnicity Predict Audits in Honduras?

(1) (2) (3) (4)
No. of Audits No. of Audits No. of Audits No. of Audits

Indigenous peoples (%) 0.272∗∗∗ 0.289∗∗∗ 0.315∗∗∗ 0.316∗∗∗

(0.081) (0.084) (0.093) (0.095)

Population (log) 0.031 0.019 0.020
(0.047) (0.045) (0.045)

Poverty rate -0.324 -0.319
(0.218) (0.218)

Party Alignment (mean) -0.019
(0.136)

Constant 1.095∗∗∗ 0.801∗ 1.108∗∗∗ 1.112∗∗∗

(0.034) (0.447) (0.429) (0.430)
Observations 298 298 296 296

Standard errors clustered by municipality in parentheses.

Note: Cross-sectional Poisson regression.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

(given that the audits took place across multiple terms). In all specifications in Table 2, I

find that municipalities with higher shares of indigenous peoples are more likely to receive an

audit, indicating potential ethnic bias. By the same token, interviews with Honduran govern-

ment officials consistently indicated that areas with higher shares of indigenous populations

tend to have lower capacity and were less likely to submit required paperwork on time. It

is thus feasible that these municipalities with higher shares of indigenous populations have

higher corruption risks, making the supreme audit institution’s risk-based auditing decisions

justifiable—especially in the context of a limited budget.

2.3. Pillar 3: Implementation/Dosage

The framework’s third pillar on implementation/dosage concerns whether all units in

the sample—municipalities, politicians, etc.—receive audits that are similarly stringent. If,

for example, politicians aligned with the president receive less stringent audits than those

given to opposition party politicians, then it is difficult to assert that the audit process is fair.

13
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By the same token, it is necessary to note that some more stringent types of audits, such as

forensic audits, may be necessary to complement financial or compliance audits under some

circumstances (e.g., a whistleblower complaint).

In many ways, the third criterion on implementation/dosage is the hardest to verify

and might be the easiest to ignore. Not coincidentally, I did not find a single published

study that attempted to examine audit implementation/dosage in detail. One reason is

likely that not every country will have the requisite quantitative data on the number of

auditors sent to a place, audit duration, the amount of money audited as percent of the

total, etc. For this reason, some very skilled qualitative researchers may be able to uncover

relevant biases through ethnographies or qualitative interviews, though it may be difficult

to overcome Hawthorne effects or social desirability bias concerns.

2.3.1. Do Opposition Mayors Receive More Stringent Audits in Honduras?

Table 3: Survival Analysis: Does Party Alignment Affect the Implementation of Audits?

(1) (2) (3) (4) (5) (6)
Cox Exponential Weibull Gompertz Log-Normal Log-Log

Party Alignment 0.440 0.587 0.497 0.470 -2.632 -3.170
(0.316) (0.381) (0.347) (0.332) (1.957) (2.260)

Population (log) 0.505*** 0.607*** 0.546*** 0.522*** -3.869*** -3.959***
(0.0961) (0.131) (0.111) (0.103) (0.647) (0.743)

Constant -19.22*** -11.63*** -10.24*** 79.08*** 79.60***
(1.662) (1.437) (1.334) (6.620) (8.312)

p (log) -1.907***
(0.0275)

Gamma -0.953***
(0.0201)

Sigma (log) 2.565***
(0.0670)

Gamma (log) 1.854***
(0.0477)

Constant -19.22*** -11.63*** -10.24*** 79.08*** 79.60***
(1.662) (1.437) (1.334) (6.620) (8.312)

Clustered, robust standard errors in parentheses; *** p<0.01, ** p<0.05, * p<0.1
Note: All specifications contain term fixed effects.

14



Michael Denly Measuring Corruption Using Governmental Audits: A New Framework and Dataset

Unlike the audit data from other countries examined in this paper, Honduras’ TSC

does not have fixed timetables for its audits, but it does provide start and end dates for each

audit. It is thus possible to analyze whether party alignment affects whether opposition

municipalities receive audits that are longer and, presumably, more stringent. A potential

challenge is that the start and end dates often only differ by one day, and the audits often

last for multiple years, indicating that only the audit start dates are meaningful for analysis.

Irrespective of these potential challenges, Table 3 examines potential partisanship-

related duration biases in audit intensity through Cox, Exponential, Weibull, Gompertz,

Log-Normal, and Log-Logistic regression. I use these various functional forms because it

is too difficult to theorize about the correct functional form of survival models (Blossfeld,

Golsch and Rohwer, 2007). Regardless of what the most accurate functional form may be,

all of the models yield the same result: partisanship does not affect the duration of audits,

as evidenced by the lack of statistical significance and coefficient for party alignment switch-

ing between positive and negative. Appendix H.1 provides further technical specifics of the

survival analyses.

2.3.2. Do Opposition Mayors Receive More Intense Audits in Mexico?

Mexico’s data provide provides another method of assessing potential implementa-

tion/dosage biases. For each audit, Mexico’s ASF provides the amount of money in Mexican

pesos in the audit sample as well as the overall amount of money that it could have audited.

If membership in an opposition party predicts a higher share of funds audited, it suggests

that opposition parties are receiving more stringent audits. As results from Figure 3 sug-

gest, that does not appear to be the case for Mexico. Both the linear regression model and

regression discontinuity approach reach the same conclusion.
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Figure 3: Mexico’s Audit Implementation/Dosage

(a) Panel Linear Regression Model (b) RDD Results (3-Way Alignment)

3. Discussion and Broader Applicability of the Frame-

work

Table 4: Overview of Results

Country Independence Distribution Dosage Caveats

Guatemala Yes Yes Yes

Honduras Yes Yes Yes Low budget and potential ethnic bias.

India Yes Yes Yes

Mexico Yes Yes Yes Limited ASF mandate and budget.

Table 4 provides an overview of the results discussed in the previous section as well

as the supplemental analyses in the Appendix. All of the countries in the sample have

sufficient legal independence from the executive branch on paper, thereby fulfilling the first

pillar of the framework. Empirical analyses suggest no political biases, but there do appear

to be potential ethnic biases in Honduras—even though interview evidence suggest that the
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patterns are likely justifiable given capacity challenges. The framework’s third pillar on audit

implementation/dosage is perhaps the most difficult to analyze. Nevertheless, the relevant

quantitative measures on audit duration in Honduras and share of money audited in Mexico

do not suggest any potential biases. By the same token, it is worth noting that the present

analysis focuses only on available data, none of the SAIs examined provide accessible data

on auditor sanctions or hometown biases (see Chu et al., 2021),21 and there may be some

additional implementation/dosage challenges that only a skilled interviewer or ethnographer

could uncover.

As more SAIs release their subnational data and thereby fulfill their INTOSAI mem-

bership obligations (see INTOSAI, 1977, 2007), the above framework will prove particularly

useful for governmental audit data from both more democratic and authoritarian countries.

I mention authoritarian countries, because single-party authoritarian regimes such as China

also conduct subnational audits (e.g., Chu et al., 2021), and the framework’s pillars relating

to independence and implementation/dosage remain particularly relevant for such countries.

Going forward, future research may wish to examine the relevance of the present article’s

framework for state-owned enterprise (SOE) audits.

4. Conclusion

Audit data do not provide the only objective alternative to measuring corruption with

perceptions data. For example, scholars have convincingly measured corruption using data

on political connections,22 procurement,23 asset declarations,24 taxes,25 and customs duties.26

However, audit data standout from the above measures for a simple reason: audits reveal a

21Even transparency requests to India and Honduras’ SAIs did not yield any data on auditor sanctions.
22See, for example, Fisman (2001), Faccio (2006), and Fisman and Wang (2015)
23See, for example, Bandiera, Prat and Valletti (2009), Mironov and Zhuravskaya (2016), Fazekas (2017),
Fazekas, Cingolani and Tóth (2018), Baltrunaite (2020), Broms, Dahlström and Fazekas (2019), and
Fazekas and Kocsis (2020).

24See, for example, Eggers and Hainmueller (2009) and Fisman, Schulz and Vig (2014).
25See, for example, Khan, Khwaja and Olken (2016) and Naritomi (2019).
26See, for example, Fisman and Wei (2004, 2009), Sequeira and Djankov (2014), and Rijkers, Baghdadi and
Raballand (2017).
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greater diversity of corrupt activities. Ghost firms, theft, nepotism, fraud, violations related

to all of the above measures, and many other types of corruption are all within the purview

of audits.

The challenge with audit-related corruption measures to date is that, with very few

exceptions,27 scholars have focused almost exclusively on the municipal audit data from

Brazil. The numerous Brazil studies using these data as an independent variable have

produced some very useful causal findings, notably due to the random assignment of audits

to individual municipalities. Nevertheless, the external validity of these studies remains

a question due to the unique nature of Brazil’s anti-corruption program, the program’s

termination in 2015, and the fact that no other country randomly audits all of its subnational

units. With respect to the latter, interviews with the head of one of the supreme audit

agencies whose data I used in this paper suggests that randomly assigned audits are not of

great interest to policymakers. In particular, supreme audit agencies assign audits based on

risk-based criteria, which preclude random assignment.

Overall, the new data and framework advanced in this paper will help analysts under-

take sophisticated analyses of corruption across the world. In the process, researchers will

use perceptions-based data less, rely more on other countries besides Brazil, account for bi-

ases in corruption data and, in turn, better understand the diverse causes and consequences

of corruption.

27See footnote 4.
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Fazekas, Mihály. 2017. “Red Tape, Bribery and Government Favouritism: Evidence from
Europe.” Crime, Law and Social Change 68(4):403–429.
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Kunicová, Jana and Susan Rose-Ackerman. 2005. “Electoral Rules and Constitutional Struc-
tures as Constraints on Corruption.” British Journal of Political Science 35(May):573–606.

Kurtz, Marcus J. and Andrew Schrank. 2007a. “Growth and Governance: A Defense.”
Journal of Politics 69(2):563–569.

Kurtz, Marcus J. and Andrew Schrank. 2007b. “Growth and Governance: Models, Measures,
and Mechanisms.” Journal of Politics 69(2):538–554.

Lagunes, Paul. 2021. The Eye and Whip: Corruption Control in the Americas. New York:
Oxford University Press.

Langbein, Laura and Stephen Knack. 2010. “The Worldwide Governance Indicators: Six,
One, or None?” Journal of Development Studies 46(2):350–370.

Larreguy, Horacio, John Marshall and James M. Snyder. 2020. “Publicizing Malfea-
sance: When Media Facilitates Electoral Accountability in Mexico.” Economic Journal
130(631):2291–2327.

Lederman, Daniel, Norman V. Loayza and Rodrigo R. Soares. 2005. “Accountability and
Corruption: Political Institutions Matter.” Economics and Politics 17(1):1–35.

Magnusson, Leandro M. and Yashar Tarverdi. 2020. “Measuring Governance: Why Do
Errors Matter?” World Development 136:105061.

Marshall, John. 2023. “Can Close Election Regression Discontinuity Designs Identify Effects
of Winning Politician Characteristics?” American Journal of Political Science .

Mauro, Paolo. 1995. “Corruption and Growth.” Quarterly Journal of Economics 110(3):681–
712.

McCrary, Justin. 2008. “Manipulation of the Running Variable in the Regression Disconti-
nuity Design: A Density Test.” Journal of Econometrics 142(2):698–714.

McMann, Kelly, Daniel Pemstein, Brigitte Seim, Jan Teorell and Staffan I. Lindberg. 2022.
“Assessing Data Quality: An Approach and An Application.” Political Analysis 30(3):426–
449.
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Appendix A Measuring Corruption with Observational,

Perception-Based Data

Corruption entails “the misuse of public office for private gain”,28 and many analysts

define the phenomenon to be much broader (e.g., Gingerich, 2013b; Mungiu-Pippidi, 2015).

Irrespective of how one defines corruption, though, one thing is certain: by its very nature,

corruption is a clandestine activity, so it is very difficult to measure.

The International Country Risk Guide (ICRG), Transparency International (Corrup-

tion Perceptions Index-CPI), and the World Bank (Control of Corruption score-Worldwide

Governance Indicators) constructed the first widely-available corruption measures. Each of

these indexes embarked on measuring corruption by aggregating and re-scaling survey data

from businesspeople. Over time, as more data became available, Transparency International

and the World Bank greatly diversified the data from which they constructed their corruption

measures (e.g., Kaufmann, Kraay and Mastruzzi, 2011, 225). In the process, the measures

gained significant conceptual intention,29 which is especially useful because corruption is

multidimensional concept with experience-near and experience-distant meanings.30

Although development of the perceptions indexes represented major steps forward in

terms of measuring corruption, they never were ideal for theory development and testing

(Hollyer, 2018). ICRG developed its index for the purposes of helping businesses make de-

cisions about corruption risks related to foreign investment, so the measure is necessarily

limited in terms of content validity.31 Among its many limitations, Transparency Interna-

tional CPI data are not suitable for over time comparisons, which severely limit scholars

28This is probably the most-commonly accepted definition of corruption. For more on the definition of
corruption, see, for example, Rose-Ackerman and Palifka (2016).

29Intention is a synonym for connotation, meaning the “ensemble of characteristics and/or properties asso-
ciated with, or included in, a given word, term, or concept” (Sartori, 1984, 24).

30“Experience-distant concepts are ones that specialists of one sort or another. . . employ to forward their
scientific, philosophical, or and practical aims. Experience-near concepts, in contrast, are one[s] that
someone might himself naturally and effortlessly use to define what he or his see, feel, think, imagine, and
so on, which he would readily understand when similarly applied by others (Schaffer, 2016, 2).”

31“Content validity assesses the degree to which an indicator represents the universe of content entailed in
the systematized concept being measured” (Adcock and Collier, 2001, 537).
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ability to use them for theory (Andersson and Heywood, 2009, 758). The World Bank’s

Control of Corruption score is perhaps the the most sophisticated of the three measures and

is suitable for over time comparisons. Still, the measure uses questionable error structures,32

has limited construct validity,33 and suffers from information leakage,34 halo effects,35 and

content opacity (Kurtz and Schrank, 2007a,b; Langbein and Knack, 2010; Thomas, 2010;

Bersch and Botero, 2014; Gisselquist, 2014; Hollyer, 2018; Magnusson and Tarverdi, 2020).36

Information leakage, halo effects, content opacity, questionable error structures, and

low construct validity are very problematic from the perspective of theory and knowledge-

building (Hollyer, 2018). All of these deficits are related, too. For example, when participants

respond to survey questions about corruption, it is difficult for them to exclude extraneous

information and concepts that may overlap such as democracy (Hollyer, 2018). Along these

lines, Kurtz and Schrank (2007a,b) show that countries’ growth trajectories cloud survey

respondents’ answers on governance-related questions. Such problems compound as percep-

tions indexes include more sources, too, which not only complicates measure error structures

but also makes the precise scope of perception-based measures necessarily opaque. With

opaque measures, it is impossible to precisely verify the degree of construct validity: that

is, whether concepts measure what they are supposed to measure (Trochim, 2006; Thomas,

2010). Which begs the question: how can a measure without construct validity be useful

for theorizing? In short, its ability to do so is very limited, especially when investigating

32By “questionable error structures”, I mean that the Worldwide Governance Indicators aggregate multiple
measures that are drawn from the same sources but assume that errors are independent across those
sources. As Magnusson and Tarverdi (2020) demonstrate, allowing for cluster dependence among the
errors leads to substantively different conclusions in at least two prominent studies.

33Construct validity concerns whether the concepts measures what it is supposed to measure (Trochim,
2006). In particular, the Worldwide Governance Indicators have trouble with a component of construct
validity called discriminant validity. It concerns whether measures are not associated with measures that
they are not supposed to be associated with. The Worldwide Governance Indicators lack discriminant
validity because the correlation among indicators is so high that one may ask whether they are really
different (Langbein and Knack, 2010; Thomas, 2010).

34Information leakage refers to when a survey taker’s perspective on one phenomenon is influenced by
something else.

35Halo effects specifically refer to when positive effects about something color or influence a person’s opinion
in a positive way about something else.

36Kurtz and Schrank (2007a,b) also critique the Worldwide Governance Indicators for systematic measure-
ment error, sampling bias, and cultural biases, but those critiques are less convincing nowadays, particularly
since Kaufmann, Kraay and Mastruzzi (2011) have included more sources and countries.
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proximate and endogenous phenomena like democracy and corruption.

More recently, scholars have developed useful, Bayesian-based improvements to the

perception indexes (Bersch and Botero, 2014; Standaert, 2015; Coppedge et al., 2020).37

The most sophisticated of these measures is that of the Varieties of Democracy (V-Dem)

Project, which relies mainly on expert coding and performs very highly in terms of reliability

and validity (McMann et al., 2022). Nevertheless, any index relying on perceptions-based

measures and expert coding cannot fully overcome the aforementioned mentioned trade-offs,

because they still exist—albeit to a smaller degree (Hollyer, 2018, 118, 128).

37The benefits and drawbacks of Bayesian statistics as compared to their frequentist counterparts greatly
exceed the scope of this paper. In brief, the Bayesian measurement models of corruption such as Bersch
and Botero (2014), Standaert (2015), and McMann et al. (2022) allow for less missing data, incorporation
of priors, and are more attuned to measuring intractable, unobservable concepts like corruption (Fariss,
Kenwick and Reuning, 2020).
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Appendix B Honduran Audits Codebook

B.1 Honduran Audit Data

Unlike the other SAIs described above, Honduras’ SAI (El Tribunal Superior de Cuen-

tas) does not provide detailed lists of audit infractions. Instead, it only provides the actual

municipal audits reports. Accordingly, a large team of research assistants and I inspected

each infraction in every available report for corruption using a typology loosely based on

the World Bank’s (2016) Anti-Corruption Guidelines (see Table B2). Given that the World

Bank’s (2016) Anti-Corruption Guidelines are primarily designed for sanctioning companies,

we supplemented their primary categories of bribery, collusion, fraud, obstruction, and coer-

cion with the additional categories of theft, nepotism, cronyism, and grand corruption (see

Table B2).

Not all mismanagement is corruption, though. To distinguish between corruption and

mismanagement, the team and I only classified instances under any of the above categories

of corruption when there was clear intent from the perpetrators. Especially in developing

country contexts, bureaucrats often lack training and equipment (e.g., computers), and these

impediments can lead to mismanagement and clerical errors that are distinct from corrup-

tion.38 Against this backdrop, the dataset entails a count of the total number of infractions

as well as the number of corrupt infractions meeting the definitions in Table B2. Appendix

B provides further details about these data and their coding procedure.

B.2 Variables in the Honduran Audits Dataset

38In interviews that I conducted in Honduras in 2016, I learned from comptrollers in multiple municipalities
that they often had to drive somewhere else to enter required audit information into computers connected
to the Internet. In turn, the cumbersome process also yielded clerical errors that would sometimes show
up in audits as accounting inconsistencies.
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Table B1: Variables in the Dataset

Variable Definition
unique number Unique identifier for the municipal audit. On occassions where

an audit is divided into an “A” and “B”, we merge the “A” and
“B” into one audit based on the unique list of infractions with-
out double counting. The dataset also only includes municipal
audits, not audits of state-owned enterprises taking palce in spe-
cific municipalities.

municipio Municipality where the audit took place.
departamento Department (state/province equivalent) where the audit took

place.
audit start date Date when the audit started.
audit end date Date when the audit ended.
audit duration Duration in days of the audit.
total infractions Total number of infractions in the audit.
corrupt infractions Total number of infractions in the audit.
severity infractions Severity of infractions in the audit. These qualitative assess-

ments take the form of an ordinal score from 1 (not severe) to 7
(high severity).
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B.3 Finding and Cataloging the Municipal Audit Reports

To access the PDF files with the municipal audit reports, visit https://www.tsc.gob.hn/web/,

and click on “Informes de Auditoŕıas”.

Next, click on “Informes de Auditoŕıas”, and select the respective departamento (depart-

ment).
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Now, go to to the respective audit and save it in the Google Drive. Note: the Tribunal

Superior de Cuentas (Supreme audit agency) organizes the audits by their end date.

Finally, before entering the audit on the Google Sheet with the relevant details, make sure
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that the audit is not already there. We do not want any duplicates. You can spot any

duplicates, in particular, by the audit start and end dates.

B.4 Coding Process for the Municipal Audit Reports

Generally, each audit report opens up with a declaration of what the auditor covers in his

report. A table of contents follows and can sometimes be helpful in pinpointing where

infractions are located. However, it’s better to review each individual page to ensure each

infraction is accounted for.

Skimming through the document, you will start to notice numbered lists. These are often
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the infractions that the auditor will provide further detail on in the coming pages. Said

infractions are then supplemented with a recommendation from the auditor. The screenshot

below captures what an infraction looks like within a report:

Copy and paste the Caps locked infraction alongside the brief paragraph description into the

“Original Spanish Infractions” column on the Google Sheet.
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After pasting the infraction and its description into the Google Sheet, include the page

number of the infraction at the end of the pasted statement. Please translate each infraction,

and classify each infraction according to the typology of Table B2. Note that it is important

to consider whether the audit report indicates corrupt intent. Often, intent is very difficult

discern. When the intent is unclear, we generally do not classify the infraction as corrupt.

The only exception is if the infraction is so egregious that it could not be construed as other

than corrupt behavior. Regardless, we separately count the overall number of infractions as

well as the number of corrupt infractions. Additionally, we make a ordinal, 1-7 assessment

of the severity of the infractions in each audit.

Because of the assessments regarding the corrupt behavior are challenging, all reports were

reviewed by a senior coder. In some more difficult cases, a third coder performed a final

review.
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Table B2: Typology of Corrupt Activities

Term Definition
Bribery “Offering, giving, receiving or soliciting, directly or indirectly, of anything

of value to influence improperly the actions of another party” (World Bank,
2016, 3). Also, we can think of corruption simply as the abuse of public office
for private gain. Don’t forget to code the use of agents/intermediaries or
shell/suspicious companies here.

Fraud “Any act or omission, including a misrepresentation, that knowingly or reck-
lessly attempts to mislead, a party to obtain a financial or other benefit or to
avoid an obligation” (World Bank, 2016, 3). This includes fraudulent contract
management: that is, “fraudulent implementation including misrepresentation
of goods, works, and services as having been delivered according to specifica-
tions” (World Bank, 2010). You see these types of things in fraudulent invoices
(e.g., overcharging), not completing the work that you say you did, govern-
ment supervising officials signing-off on poor quality work.

Obstruction “(i) deliberately destroying, falsifying, altering or concealing of evidence ma-
terial to the investigation or making false statements to investigators in order
to materially impede an audit or investigation into allegations of a corrupt,
fraudulent, coercive or collusive practice; and/or threatening, harassing or in-
timidating any party to prevent it from disclosing its knowledge of matters
relevant to the investigation or from pursuing the investigation, or (ii) acts
intended to materially impede the exercise of the state or an auditor’s con-
tractual rights of audit or access to information” (World Bank, 2016, 3).

Coercion “impairing or harming, or threatening to impair or harm, directly or indirectly,
any party or the property of the party to influence improperly the actions of
a party” (World Bank, 2016, 3).

Collusion “an arrangement between two or more parties designed to achieve an im-
proper purpose, including to influence improperly the actions of another party”
(World Bank, 2016, 3). Here we must count specification rigging: tailoring a
procurement tender so that only 1 firm is qualified to win. Another important
thing to count here is bid-rigging: this is usually when firms work together in
an oligopolistic manner to keep bid prices low. Alternatively, what they do
is one firm agrees to not bid on the contract, but one firm agrees to subcon-
tract out arrangements downstream in the contract cycle. This is what we call
splitting. This includes insider information sharing.

Theft embezzlement of funds not covered under “fraud”.
Nepotism Hiring of family members.
Cronyism Hiring of friends.
Grand
corruption

“Collusion among the highest levels of government that involves major public
sector projects, procurement, and large financial benefits among high-level
public and private elites” (Bauhr and Charron, 2018).
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Appendix C Indian Audits Codebook

C.1 Indian Audit Data

In contrast to the SAIs of Guatemala and Mexico, the Comptroller and Auditor General

(CAG) of India does not provide comprehensive audit information at the municipality or

Gram Panchayat level each year. However, the CAG does make available a wealth of panel

audit data at the state level. These data notably include disaggregated information at the

sector, receipt, and department levels (see Table 1).

The main challenge with the Indian audit data is that, similar to Honduras, the CAG

does not provide the data in tabular format. A large team and I thus extracted the data

from the individual audits reports, which usually span hundreds of pages in length. As the

Codebook below describes, the data contain information on the number of infractions and

amounts of stolen/misappropriated money. The CAG disaggregates these data into larger

Inspection Reports (IR) and more specific paragraphs (infractions) within those IRs.

Perhaps of most interest to researchers is that the data include information on the extent

to which state governments resolve the infractions and return the stolen/misappropriated

money from year-to-year (see Appendix C). Past research already indicates that audits are

perhaps the most effective tool in reducing corruption (Gans-Morse et al., 2018), but these

new data will help researchers better understand the conditions under which audits them-

selves are most effective at reducing corruption. Such information will be crucial for advanc-

ing scholarly knowledge about corruption, because anti-corruption tools are only effective if

corrupt actors take remedial action in response to them.

C.2 Dataset Overview and Scope

This section provides an overview of the dataset. Although the CAG undertakes yearly

audits of states, local bodies, and union territories, the present dataset only covers state-

level audits. By state, the CAG also conducts various types of audits each year: compliance,
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financial, and performance. We attempted to code all of these types of audits, but compliance

and performance audits do not have similar formats to facilitate consistent coding, so the

present dataset focuses on financial audits.

The first year for which audit reports are publicly available on the CAG website is 2001.

The present dataset thus starts in 2001. To date, we have coded all available audit reports

through 2021.

The CAG conducts its annual state-level audits by sector. Accordingly, the primary

the unit of analysis for this dataset is the state-sector-year. By each state-sector-year, the

main dataset of the dataset provides users with data on the:

1. Number of outstanding Inspection Results (IRs). This is an aggregate-level measure

of the number of cases/investigations related to a set of irregularities that are not

immediately resolved.

2. Number of outstanding audit observations/paragraphs. This is a disaggregated mea-

sure of the total number of irregularities in the outstanding IRs. “Observations” and

“paragraphs” are used interchangeably throughout the reports.

3. Amount of revenue involved in crore. This is a measure of the monetary value of the

irregularities. A crore corresponds to 10,000,000 rupees.

The dataset also provides for a more disaggregated view of the audit data at the subsector,

department, and receipts levels. Similar to the data on the main dataset, the department-

level data consists of data on the number of outstanding Inspection Results (IRs), number

of outstanding audit observations, and amount of revenue involved in crore. The receipts

data correspond to a more disaggregated view of the department-level data.

The subsector level provides the most disaggregated view of the data, including the

ability to track the evolution of audit infractions over time. As Appendix C.3 describes,

there are data on the:

1. Number of Inspection Results (IRs) at opening .
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2. Number of audit observations/paragraphs at opening .

3. Amount of revenue involved in crore at opening .

4. Number of additional Inspection Results (IRs).

5. Number of additional audit observations/paragraphs.

6. Amount of additional revenue involved in crore.

7. Number of Inspection Results (IRs) at clearance .

8. Number of audit observations/paragraphs at clearance .

9. Amount of revenue involved in crore at clearance .

10. Number of Inspection Results (IRs) at closing .

11. Number of audit observations/paragraphs at closing .

12. Amount of revenue involved in crore at closing .

Some of the subsector-level audits do not provide the same level of detail. Instead, they

simply provide data on the:

13. Number of pending Inspection Results (IRs).

14. Number of pending audit observations/paragraphs.

C.3 Variables in the Indian Audit Datasets

Table C1: Variables in the Main Dataset

Variable Definition
state State where the audit took place.
year Year that the audit finalized.
IR pending Total number of Inspection Reports (IRs)/investigations

pending for settlement.
outstanding observations Total number of infractions in the audit.
revenue involved Amount of revenue involved in the irregularities in crore.

Note: one crore is 10,000,000 rupees.
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Table C2: Variables in the Department Dataset

Variable Definition
state State where the audit took place.
department Department within the state where the audit took place.
year Year that the audit finalized.
outstanding IRs Total number of Inspection Reports (IRs)/investigations

pending for settlement.
outstanding observations Total number of infractions in the audit.
revenue involved Amount of revenue involved in the irregularities in crore.

Note: one crore is 10,000,000 rupees.

Table C3: Variables in the Receipts Dataset

Variable Definition
state State where the audit took place.
department Department within the state where the audit took place.
nature receipt Area/subject of the receipt.
year Year that the audit finalized.
outstanding IRs Total number of Inspection Reports (IRs)/investigations

pending for settlement.
outstanding observations Total number of infractions in the audit.
revenue involved Amount of revenue involved in the irregularities in crore.

Note: one crore is 10,000,000 rupees.
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Table C4: Variables in the Subsector Dataset

Variable Definition
state State where the audit took place.
sector Sector where the audit took place.
subsector Economic sector where the audit took place.
year Year that the audit finalized.
IR opening Total number of Inspection Reports (IRs)/investigations

pending for settlement at audit opening.
paragraphs opening Total number of paragraphs/irregularities pending for set-

tlement at audit opening.
moneyvalue opening Money value of the paragraphs/irregularities in crore at

audit opening. Note: one crore is equivalent to 10,000,000
rupees.

IR addition Total number of additional Inspection Reports
(IRs)/investigations pending for settlement during
this audit.

paragraphs addition Total number of additional paragraphs/irregularities pend-
ing for settlement during this audit.

moneyvalue addition Money value of the additional paragraphs/irregularities in
crore at audit opening. Note: one crore is equivalent to
10,000,000 rupees.

IR clearance Total number of cleared Inspection Reports
(IRs)/investigations that were pending settlement at
audit opening.

paragraphs clearance Total number of cleared paragraphs/irregularities were
pending settlement at audit opening.

moneyvalue clearance Money value of the cleared paragraphs/irregularities in
crore that were pending settlement at audit opening. Note:
one crore is equivalent to 10,000,000 rupees.

IR closing Total number of Inspection Reports (IRs)/investigations
pending for settlement at audit closing.

paragraphs closing Total number of paragraphs/irregularities pending for set-
tlement at audit closing.

moneyvalue closing Money value of the paragraphs/irregularities in crore at
audit closing. Note: one crore is equivalent to 10,000,000
rupees.

IR pending Total number of Inspection Reports (IRs)/investigations
pending for settlement at audit closing.

paragraphs pending Total number of paragraphs/irregularities pending for set-
tlement at audit closing.
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C.4 Coding Procedure

The procedure for coding the audits differs slightly by sector. Most audits, however,

follow the Revenue sector.

C.4.1 Revenue and All Sectors

main dataset. Code the three values of the column of the most recent date. In the table

below, code the values in the June 2010 column:

Department Dataset. Code the name of the state, report number, page number, depart-

ment names found in column 2, year of the report audited, and the three numerical values

found in columns 4-6. For department rows that have multiple numerical values, add the

values together. For example, the Finance (Taxation) department has three values for the

Number of Outstanding IRs, so add the values of 152, 8, and 68 to get the total.

Subsector dataset. Code the state, the report number, page number table, year the report
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was published, the general sector (in this case the Revenue sector), the economic sector

(indicated in the below sentence - Finance (Taxation) Department), year audited (column

1), and all of the numerical values. For the year audited (column 1), we only input the

second year out of the range.

Notes. The table below would be coded in the subsector dataset. The relevant information

found in the main dataset would fill columns A-G. For column H, you would put the “year

of issue of Inspection Reports”. The 3rd column in this table would go in IR opening

(Column I) and paragraphs opening (Column J). The 4th column in this table would be

coded as IR addition and paragraphs addition. The “Total” column in the table below

would not be coded. The 6th column in the table below would be coded as IR clearance

and paragraphs clearance. The last column in this table would be coded as IR pending and

paragraphs pending. There may be multiple of these tables in the report, so code all of

them.
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C.4.2 Assessment, Levy and Collection of Major and Minor Mineral Receipts

The table below would be coded in the subsector dataset. The only column that

would be coded is “Amount Accepted” because we are only interested in the number of

cases that were recognized as legitimate by the government. The cases would be coded as

paragraphs opening (Column I) and the amount would be coded as moneyvalue opening

(Column J). If necessary, convert the money amount to crore.
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C.4.3 Civil Sector, Commercial Sector, Civil and Commercial Sector

main dataset. This sector does not have a table suited for the main dataset.

Departments and Receipts Tabs. The table below would be coded under the Department

Dataset.

The above table would be coded in both the departments and the receipts tabs. The

only columns that would be coded are those under “Positions of IRs not settled at the end of

March 2006” because we are only interested in outstanding IRss. For the department tabs,

the name of the department would be the bolded term and the subterms would be added

up. For the receipts dataset, each individual row (sales tax, professions tax, etc.) would be

a receipt.
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Subsector dataset. Below are examples of tables that would be coded under the subsector

dataset.

C.4.4 Collection of Motor Vehicles Taxes, Fees, and Fines

main dataset. The table below would be coded under the main dataset.

Subsector dataset. In the table below, code the values in the IR opening, paragraphs opening,

and moneyvalue opening columns respectively. If necessary, convert lahks or rupees to crore.
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C.4.5 Economic Sector

main dataset. This sector does not have a table suited for the main dataset.

Department Dataset. Below is a unique table that could arguably be coded in either

the department or subsector dataset. As a team, we collectively decided to code it in the

department dataset. More specifically, we decided to code 15 rows for the 15 departments

with the year 2004 as the year audited. Then, we repeated those 15 rows five more times to

input the data from years 2005, 2006, 2007, 2008, and 2009.

Receipts and Subsector datasets. There are no tables suited for the receipts and sub-

sector coding.
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C.4.6 Mahatma Gandhi National Rural Employment Guarantee Scheme

These two tables would not be coded because we are only interested in departments,

not districts.

C.4.7 Non-Public Sector Undertakings

The table below would be coded in subsector. The year audited would be the year in

the very top row.
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C.4.8 State Finance Sector

Department Dataset. The tables below would be coded in the departments dataset. As

before, make sure to convert all currency values into crore.

Similarly, the tablse below would be coded in the department dataset. They are relevant
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because the shows paragraphs/infractions as well as money amounts. When coding the table

below, you would disregard rows 1-20: they are too low-level. Only focus on the last row,

total.
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Subsector. The table below would be coded under the subsector dataset. The IRs and

Paragraphs would go in “IR pending” and “paragraphs pending”, respectively.

C.4.9 Taxes and Duties Sector

main dataset. The table below would be coded under the main dataset with the totals

added up. For IR pending the number would be 2732 (919 + 891 + 922), for outstand-

ing observations the number would be 5865 (1936 + 1944 + 1985), and for revenue involved

the number would be 540.78 (178.58 + 173.54 + 188.66).

Department Dataset. For departments, code the name of the state, report number, page
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number, department names found in column 2, year of the report audited, and the three

numerical values found in columns 4-6. For department rows that have multiple numerical

values, add the values together.

Receipts Dataset. Using the same table above, code the name of the state, report number,

page number, department names found in column 2, nature of receipts found in column 3,

year of the report audited, and the three numerical values found in columns 4-6. The receipts

dataset is meant to indicate the breakdown of the departments’ values that we added together

in the department dataset. If the department and receipts dataset’s values are the same,

code it as is.

Subsector dataset. Code the state, the report number, page number table, year the report

was published, the general sector, the economic sector, year audited , and all of the numerical

values. For the year audited (column 1), we only input the second year out of the range.

C.4.10 Transport and Infrastructure

Code the table below under the department dataset.
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C.4.11 Union Territory Finances

Department Dataset. The table below would be coded under the department dataset.

We would only code the total number of cases and the total amount for each department.

The number of cases would go in outstanding observations and the amount would go in

money involved. Make sure to convert the lakhs to crore, if necessary.
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Similarly, the table below would be coded under the department dataset. The number

of IRs would go in outstanding IR and the number of paragraphs would go in outstand-

ing observations.

Subsector dataset. Code the table below under subsector. Code the state, the report

number, page number table, year the report was published, the general sector, the economic

sector, year audited, and all of the numerical values. For the year audited (column 1), we

only input the second year out of the range.
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Appendix D Guatemalan Audits Codebook

D.1 Overview and Scope

This section provides an overview of the Guatemalan audit dataset. It covers data

on infractions (sancciones), lists of charges (pliegos de cargos/formulación de cargos), and

whistleblower complaints (denuncias). For each of these variables, there is both a count and

amount of money in Guatemala.

D.1.1 Guatemalan Audit Data

The Guatemalan audit data cover all municipality expenses for circa 320 of the country’s

338 municipalities from 2004-2019. As Table 1 shows, the audits yield data on infractions

(sancciones), whistleblower complaints (denuncias), and charges filed (informes/pliegos de

cargos). For each of these categories, the data provide not just a count of these categories

but also the amount of stolen/misappropriated money associated with them, which I deflated

to constant 2013 Quetzales. Appendix D provides a full codebook of these data.

D.2 Variables in the Dataset

D.3 Coding Process

The Guatemalan audits do not require a complicated coding process. Coders can simply

access the audits from the website of the Comptroller General of Accounts (Contraloŕıa

General de Cuentas), which is the supreme audit agency of Guatemala. Here is a screenshot

of the yearly 2007 report.
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Table D1: Variables in the Guatemalan Audits Dataset

Variable Definition
department Department (province/state equivalent) where the

audit took place.
municipality Municipality where the audit took place.
year Year that the audit finalized.
infractions Number of infractions in that year’s audit(s).
infractions amount Amount of stolen or misappropriated money asso-

ciated with the infractions in that year.
charges filed Number of charges filed.
charges filed amount Amount of stolen or misappropriated money asso-

ciated with the charges filed.
whistleblower complaints Number of whistleblower complaints filed in that

year.
whistleblower complaints amount Amount of stolen or misappropriated money asso-

ciated with the whistleblower complaints filed in
that year.

Some of the yearly reports, such as that of 2014 (below), are organized by department (i.e.,

state equivalent).

Other years, including 2016 (below), have two reports per year. To obtain yearly totals by
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municipality, I simply added the infractions, charges filed, whistleblower complaints, and

their corresponding amounts. As stipulated above, I do not include
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Appendix E Mexican Audits Codebook

E.1 Mexican Audit Data

Each municipality in Mexico can receive an audit from either the federal supreme audit

agency (ASF, la Auditoŕıa Superior de la Federación) or the respective state-level audit-

ing entity (EFSE, las Entidades de Fiscalización Superior Estatales).39 However, the EFSEs

often lack independence from powerful state governors, consistent budgets, standardized pro-

cedures, and the ability to trigger disciplinary proceedings, so the effectiveness EFSE audits

in combating corruption is limited (OECD, 2017; Zachary and Spaniel, 2020). Accordingly,

the present study relies on the more neutral ASF audits (see also Section ??). The ASF

reports to the Mexican Chamber of Deputies.

Similar to the randomized Brazilian municipal audits first examined by Ferraz and Finan

(2008) that now comprise the basis for much knowledge on patterns of local-level corruption,

the ASF audits only pertain to the municipal use of federal funds. Table E2 provides a

breakdown of these audits by fund type, and Figure 1c shows the territorial reach of these

audits—with gray areas indicating that the municipality did not receive an audit. To date,

existing studies using these data by Larreguy, Marshall and Snyder (2020) and Ajzenman

(2021) focus exclusively on audits of the Fund for Municipal Social Infrastructure (FISM, el

Fondo de Infraestructura Social Municipal), which comprise circa 26% of the audits in the

present dataset. It thus adds significant corruption data for researchers to exploit.

Although the ASF audits in this dataset only pertain to the municipal use of federal

funds, the ASF has a great diversity of audits and takes many different types of actions after

these audits (see Tables E3 and E4). Appendix E provides a full codebook of the Mexican

audits dataset.

Table E2 provides a breakdown of the ASF audits by fund type. The ASF also under-

takes a great diversity of audits and takes many different types of actions after these audits

39EFSEs are also called las Entidades de Fiscalización Superior Locales (EFSLs).
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Table E2: ASF Audits Conducted by Fund/Expenditure Category (2007-2018)

Fund/Expenditure Category Count Percent
1 Fund for Strengthening the Boroughs of Mexico City’s Social In-

frastructure
1313 27.84

2 Fund for Municipal Social Infrastructure 1263 26.78
3 Fund for Strengthening the Boroughs of Mexico City 789 16.73
4 Fund for Subsidizing Public Security for the Boroughs of Mexico

City
524 11.11

5 Federal Investments in Municipalities 492 10.43
6 Evaluation System for Performance of Federal Spending 81 1.72
7 Fund for Strengthening of Municipal and State Infrastructure 78 1.65
8 Fund for Paving, Sporting Infrastructure, Public Lighting, and Re-

habilitation of Educational Infrastructure for the Boroughs of Mex-
ico City

54 1.14

9 Municipal Institutional Development Trust Fund 35 0.74
10 Compliance with Law of Financial Discipline 31 0.66
11 Fund for Sporting Infrastructure 18 0.38
12 Regional Development Projects 16 0.34
13 Fund for Culture 14 0.30
14 Fund for Paving and Municipal Development 6 0.13
15 Funds from Branch 33 and Their Unspent Balances 1 0.02
16 Habitat Fund 1 0.02
17 Youth Power Program 1 0.02

(see Tables E3 and E4).
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Table E3: Types of ASF Audits (2007-2018)

Audit Type Count Percent
1 Financial and Compliance 3667 77.74
2 Compliance 354 7.50
3 Financial Compliance with Performance Focus 252 5.34
4 Financial Compliance 202 4.28
5 Compliance and Performance 134 2.84
6 Performance 97 2.06
7 Physical Investment 6 0.13
8 Forensic 5 0.11

Table E4: Types of ASF Audit Actions (2007-2018)

Actions Count Percent
1 Recommendation 12321 45.85
2 Statement of Financial Irregularities with Presumed Intent 5345 19.89
3 Punitive Noncompliance with Regulations 4854 18.06
4 Financial Irregularity with Required Compensatory Action 1689 6.29
5 1481 5.51
6 Request for Clarification 418 1.56
7 Performance Recommendation 391 1.46
8 Tax Evasion or Financial Regulatory Noncompliance with Pre-

sumed Intent
222 0.83

9 Report of Crime 150 0.56

E.2 Variables in the Dataset

Table E5: Variables in The Dataset

Variable
Definition

state State where the audit took place.
municipality Municipality where the audit took place.
year Year that the audit finalized.
audit dummy municipality audited dummy variable.
audit count times municipality audited (all funds).
infractions total number of infractions (all funds).
log money missing Log amount of stolen/misappropriated money (previ-

ously deflated to constant 2013 Mexican pesos.)
money missing Amount of stolen/misappropriated money in constant

2013 Mexican pesos.
money sample Amount of money audited in constant 2013 Mexican

pesos.

Continued on next page
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Table E5: Variables in the Dataset – continued
Variable Definition
money sample share Share of audited money as a percent of the total.
money universe Amount of potentially auditable money in constant

2013 Mexican pesos.
audit compliance Number of compliance audits.
audit compliance and perf Number of compliance and performance audits.
audit financial and compli Number of financial and compliance audits.
audit financial compliance Number of financial compliance audits.
audit fin compli with perf Number of financial compliance with performance fo-

cus audits.
finding fin irreg payback Number of definitive financial irregularities with re-

quired compensatory actions.
audit forensic Number of forensic audits.
audit performance Number of performance audits.
audit physical investment Number of physical investment audits.
finding perf rec Number of definitive financial irregularities with re-

quired compensatory action.
finding noncompliance Number of instances of punitive noncompliance with

regulations.
finding recommendation Number of audit recommendations.
finding crime Number crime reports.
finding clarification Number of requests for clarifications.
finding fin irreg Number of statements of financial irregularities with

presumed intent.
finding none Number of audits without any infractions.
finding tax evasion fin irreg Number of instances of tax evasion or financial regula-

tory noncompliance with presumed intent.
fund branch33 unspent Number of audits regarding unspent funds from branch

33.
fund culture Number of Culture Fund audits.
fund eval perf fed spend Number of audits concerning the evaluation system for

the performance of federal spending.
fund fed inv muni Number of audits concerning federal investments in

municipalities.
fund fism Number of audits concerning the Fund for Municipal

Social Infrastructure.
fund habitat Number of audits concerning the Habitat Fund.
fund law finan discipline Number of audits concerning the law for financial dis-

cipline.
fund muni institution dev Number of municipal institutional development trust

fund audits.

Continued on next page
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Table E5: Variables in the Dataset – continued
Variable Definition
fund muni state infras Number of fund for municipal and state infrastructure

audits.
fund paving muni dev Number of fund for paving and municipal development

audits.
fund pub goods cdmx Number of fund for paving, sporting infrastructure,

public lighting, and rehabilitation of educational in-
frastructure for the boroughs of Mexico City audits.

fund region dev Number of regional development project audits.
fund security cdmx Number of fund for subsidizing public security for the

boroughs of Mexico City audits.
fund strength cdmx Number of fund for strengthening the boroughs of

Mexico City audits.
fund social infras cdmx Number of fund for strengthening the boroughs of

Mexico City’s social infrastructure audits.
fund sport infras Number of fund for sporting infrastructure audits.
fund youth power Number of fund for youth power audits.
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Appendix F Qualitative Independence Analyses

F.1 Honduras

The Supreme Tribunal of Accounts (TSC, Tribunal Superior de Cuentas) is the insti-

tution responsible for government audits in Honduras. Articles 205, 222-227, and 240 of the

Honduran Constitution and the Organic Law of the TSC (2002, revised 2011) provide the

legal basis of the TSC (see Elkins et al., 2014). Overall, its legal basis is strong. Notably, the

TSC reports to Congress, not the President, so the chance that any one individual can as a

veto player for the TSC is low. That is especially the case because the Organic Law of the

TSC specifically stipulates that the TSC head is not eligible for reelection after serving the

initial term; staff are prohibited from political participation, except voting; and numerous

politicians, including the President, are not eligible to be a member of the TSC (El Congreso

Nacional de Honduras, 2002).40 From an operational autonomy perspective, the TSC’s inde-

pendence is similarly robust. The Organic Law of the TSC supersedes all other laws, except

those in the Constitution, so the TSC can engender compliance with its operations, and

the Organic Law grants the TSC broad scope to do so (El Congreso Nacional de Honduras,

2002).

The TSC also has a very comprehensive staff code of ethics, containing hundreds of

articles regarding professionalism, conflict of interests, bribery, nepotism, collusion, and other

impediments to unbiased auditing (Tribunal Superior de Cuentas de Honduras, 2018). All

violators of the code of ethics needs to answer to the TSC’s Probity and Ethics Committee,

which has the authority to conduct investigations. These investigations can also be quite

broad given that the code of ethics specifically references the Code of Ethical Conduct of

Public Servants, the Code of Conduct Regulations Ethics of the Public Servants, and the

Regime of the Career of the Officials and Employees of the TSC (Tribunal Superior de

40Other politicians who are not eligible to be part of the TSC include the Secretaries of State, the members of
the Board of Directors of the National Congress, the Judges of the Supreme Court of Justice, the Attorney
General of the Republic, the members of the National Elections Court, the Superintendent of Concessions
and Licenses, the Attorney General of the Republic, and the National Commissioner of Human Rights (El
Congreso Nacional de Honduras, 2002, Article 16).
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Cuentas de Honduras, 2018).

The one area where the autonomy of the TSC is weaker pertains to its budget. Per

the Law of Municipalities, the TSC is supposed to receive a budget akin to one percent of

municipal revenues in the previous year (El Congreso Nacional de Honduras, 2011). In 2011,

the government revised the Organic Law of the TSC in order to allow for contributions from

various other sources as well, including foreign aid. However, according to author interviews

with various mayors as well as a TSC transparency request response, the budget is a recurring

a challenge in Honduras more broadly, and the TSC is no exception.

F.2 Guatemala

Guatemala’s SAI, the Comptroller General of Accounts (CGC, Contraloŕıa General

de Cuentas), is the institution responsible for audits in Guatemala. Articles 232-236 of

Guatemala’s 1985 Constitution provides the basis for the office’s independence and ability

to audit all uses of public funds throughout the country (see Elkins et al., 2014). Notably,

these articles stipulate that Congress, not the President, elects the Comptroller General

of Accounts (Controlador de Cuentas) to non-renewable, four-year terms. Removing the

Comptroller General of Accounts is also uniquely within the purview of the Congress. It

can only remove the Comptroller General of Accounts by majority vote only for reasons

pertaining to “negligence, crime, and lack of aptitude.” The Organic Law of the CGC

further supports the provision elaborated in the Constitution, too (Contraloŕıa General de

Cuentas de Guatemala, 2002).

F.3 Mexico

Mexico’s SAI, the Supreme audit agency of the Federation (ASF, Auditoŕıa Superior

de la Federación), receives its charter directly from Articles 74, 79, and 113 of the Mexican

Constitution (see Elkins et al., 2014). Technically, the ASF is part of the Chamber of

Deputies, so it does not report to the President. Despite being part of the Chamber of
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Deputies, the “Constitution grants the ASF technical, managerial, and functional autonomy”

(OECD, 2017, 18). Mexico’s ASF also has an extensive Integrity Policy, comprising a code

of ethics, code of conduct, and directives on conflicts of interest (Auditoŕıa Superior de la

Federación de México, 2013). The one more challenging area pertains to the budget, which

prevents the ASF from conducting more audits (OECD, 2017).

F.4 India

There is a plethora of legislation that legally protects the independence of the CAG

and its Auditor General, who serves a term of six years. The relevant legislation protecting

the Auditor General from political interference dates back to Audits and Accounts Order of

1936, which the Companies Act of 1956 and Duties, Powers, and Conditions (DPC) Act of

1971 reinforce. Articles 148-151 of the Indian Constitution further protect the independence

of the CAG (see Elkins et al., 2014). Although the president appoints the Auditor General

after nomination from the Prime Minister, the Parliament determines the salary and office

requirements of the Auditor General. Additionally, the process for removing the Auditor

General is akin to that of a Supreme Court Justice, and the Auditor General is not eligible

for further political office after his or her term at the CAG ends. Given that the constitution

grants the Auditor General even more autonomy in terms of day-to-day operations, it is

clear that the Auditor General has significant legal independence from the executive branch

to carry out unbiased auditing.

The CAG also has an extensive auditor code of ethics, emphasizing integrity, inde-

pendence, objectivity, impartiality, confidentiality, and competence as key ethical principals

(Comptroller and Auditor General of India, 2012). When combined with the similarly broad

CAG Regulations on Audits and Accounts, Auditing Standards, and Audit Quality Manage-

ment Framework (Comptroller and Auditor General of India, 2015, 2017, 2020), it is clear

that professional auditors can conduct audits to their full extent without issues of missing

information or other hindrances.
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Appendix G Additional Political Biases Analyses

G.1 Frequency, Selection, and Distribution of Audits (Mexico)

Mexico’s ASF does not audit all of Mexico’s 2,454 municipalities each year (see Figure

1c). Instead, the ASF conducts risk-based audits, which are decided upon by the ASF plan-

ning commission in consultation with the Chambers of Deputies. According to an analysis

by the OECD (2017), the decision process is robust, but it is still useful to undertake relevant

quantitative tests of potential biases. In this Latin American context, partisanship is the

most relevant bias to examine.

In contrast to Guatemala and Honduras, for which electoral term regressions are more

appropriate to discern potential patterns of partisan biases in audits, year-wise regressions

are more appropriate for Mexico. The reason is that, at least until 2016,41 some of Mexico’s

mayoral, gubernatorial, and presidential elections did not take place on the same calendar.

Essentially, the electoral term is not as meaningful to examine alignment patterns in countries

without general elections on the same calendar, which included Mexico until 2018.

41For more on the relevant electoral reform, see Motolinia (2021).
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Figure 4: Main Results: Mexico’s Municipal Audit Distribution

(a) Municipalities Receiving Audits by Year (b) Logit Model with Municipality and Year FE

(c) RD Results (Year)
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Also unlike Guatemala and Honduras, Mexico has governors from different political

parties. It is necessary to account for that state-level political variation in quantitative anal-

yses, because it could confound empirical estimates. Against this backdrop, the logit model

depicted in Figure 4b controls for all types of coalitional party alignment configurations, in-

cluding those of mayor-president, mayor-governor, governor-president, and mayor-governor-

president.42 Additionally, because of the limited territorial reach of the ASF audits (see

Figure 1c), I supplement the municipal-level regressions with ones at the state level. As

shown in Figure 5, none of the alignment configurations predict greater or lower numbers of

audits.

Figure 5: Does Alignment Predict More Audits at the State Level?

(2-way) Mayor-President Alignment

3-way Alignment

(2-way) Mayor-Governor Alignment

-.005 0 .005
Dependent Variable: Times Audit in Electoral Term

Note: Estimations contain state and year fixed effects. Standard errors are clustered at the state level.

42All of these alignment patterns are coalitional, not always direct, because many mayors run on multi-party
coalitions in Mexico. Following Benton (2019), I assign the alignment status on the basis of whether one
party in the coalition is aligned, which is a germane coding decision because the aligned party is generally
the most powerful one in each coalition.
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In the corresponding regression discontinuity design model using three-way party align-

ment in Figure 4c,43 there is a slight jump on the right-side of the plot, indicating that

aligned municipalities are more likely to receive an audit. That jump, however, is not sta-

tistically significant, and the McCrary (2008) density test in Figure 4d does not pass. It is

thus difficult to conclude that there is any partisan bias in the audit distribution.

G.2 Frequency, Selection, and Distribution of Audits (Honduras)

The TSC performs numerous audits of both municipalities and state-owned enterprises

each year. However, as compared to the SAIs from other countries examined in this paper,

the TSC undertakes relatively few municipal audits. Honduras has 298 municipalities but

only in 2002—when the TSC became a formal SAI—did the country start more than 200

audits in a year (see Figure 6a). Since then—and particularly over the course of Juan

Orlando Hernandez’s two-term presidency (2014-present)—the number of municipal audits

undertaken by the TSC has dropped steadily. A caveat is that many audits take place over

the course of multiple years, and the final reports from the audits only become available years

after the audits ends. Accordingly, the number of audits during the Hernandez Presidency

will increase slightly as the TSC releases more multi-year audits reports on its website.

Nevertheless, Honduras’ relative paucity of municipal audits compared to Guatemala and

Mexico is still significant.

In terms of the relationship between political rivalry and auditing decisions, the logit

model in Figure 6b shows that partisan motivations are not driving which municipalities

receive audits each electoral (presidential) term. I focus on results by electoral term, not the

year, given both the low audit frequency and the fact that Honduras’ General Elections take

place every four year on the same timetable for most positions. I also only examine mayor-

president party alignments because Honduras’ president appoints governors from his/her own

party, so there is no relevant political variation at the department (state/province-equivalent)

level.

43Note: results are similar for the other alignment configurations.
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Figure 6: Main Results: Honduras’ Municipal Audit Distribution

(a) Audits Started by the TSC Over Time

2002 (start)

2014−2018

2010−2014
2002−2006

2006−2010

0

100

200

300

400

Flores Maduro Zelaya/Micheletti Lobo Hernandez

Presidential Term

A
u

d
it
s
 
S

t
a

r
t
e

d

(b) Logit Model with Municipality and Term FE

Party Alignment

Population (Log)

-30 -20 -10 0 10 20
Dependent Variable: Whether Selected for Audit in Electoral Term

(c) RD Results (Term)

0
.5

1
1

.5
A

u
d

it
e

d
 i
n

 E
le

c
to

ra
l 
T

e
rm

-100 -50 0 50 100
Vote Margin: Unaligned Municipalities (Left) vs. Aligned Municipalities (Right)

Sample average within bin Polynomial fit of order 2

(d) McCrary Density Plot for RDD

0
.0

1
.0

2
.0

3
.0

4
D

e
n

s
it
y

-50 0 50 100
Vote Margin: Unaligned Municipalities (Left) vs. Aligned Municipalities (Right)

point estimate 95% C.I.

App-48



Michael Denly Measuring Corruption Using Governmental Audits: A New Framework and Dataset

Consistent with the framework detailed in Section 2, I run a regression discontinuity

design along the lines of Brollo and Nannicini (2012) as well. It uses random variation

in close elections—using an automatically derived bandwidth following Calonico, Cattaneo

and Titiunik (2014)—to assess whether party alignment between the president and mayors

is driving auditing decisions. Overall, I find the same pattern in Figure 6b and Figure 6c:

party alignment does not affect auditing decisions. As shown in Figure 6d, the regression

discontinuity analysis passes the McCrary (2008) density test, too, so random variation in

close elections is smoothly distributed, and there are no signs of electoral fraud that could

skew the results.

G.3 Frequency, Selection, and Distribution of Audits (India)

Each year, India’s CAG publishes audit reports for all of India’s 29 states on its website.

Accordingly, analysts can use these state-level audits data from India without concern of

distributional bias along political, ethnic, or hometown lines.

Appendix H Additional Implementation/Dosage Anal-

yses

H.1 Honduras

This section provides an overview of the data and survival methods used to test whether

partisan affiliation affected the intensity or dosage of the municipal audits undertaken by

Honduras’ Supreme audit agency (Tribunal Superior de Cuentas, TSC).

H.1.1 Data for Survival Analysis

Before conducting the actual survival analysis, it was necessary to transform data de-

scribed in Section B.1 and Appendix B into municipality-day format. Honduras has general

elections for its president, congress, governors, and mayors every four years in November,
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and there is approximately a two-month delay between the elections and when the politicians

take office in late January. As Table H6 shows, the presidential terms start around January

27-28, leaving most of the month of January under the mandate of the previous presidents.

Although that is less than one month of the year, those 27-28 days are very significant. For

example, all 247 audits under Flores’ tenure started between January 25-27, 2002.

In total, expanding the 935 audits that the TSC started from January 25, 2002 -

December 31, 2018 resulted in a final dataset of 1.8 million observations. These 1.8 million

correspond to the fact that Honduras has 298 municipalities, there are 17 years of available

data, and there are 365 days per year in which municipalities could receive a new audit.

Table H6: Electoral Term Start Dates and Audits by Term

President Electoral Term Dates Audits Started
Flores 1/27/1998-1/27/2002 247
Maduro 1/28/2002-1/27/2006 132
Zelaya/Micheletti 1/28/2006-1/27/2010 372
Lobo 1/28/2010-1/27/2014 150
Hernandez 1/28/2014-present 150

Note: Zelaya/Michelletti corresponds to the fact that Honduras had a promisory coup in 2009, during which
Michelettti took over for Zelaya and offered to have new elections and not run in them (Bermeo, 2016).
Because Micheletti was from the same party as Zelaya, and Micheletti only served for 9 months, these can
be considered as part of the same term.

H.1.2 Survival/Event History Methods

In this paper, I employ a diverse array of event-history models, including the semi-

parametric Cox regression as well as parametric Weibull, Gompertz, Exponential, Log-

Normal, and Log-Logistic models. Of these methods, my preferred event-history specification

is the multi-episode semi-parametric Cox proportional hazards model:

Lp =
∏
k∈D

∏
i∈ϵk

exp
(
A(k)(ti)α

(k)
)∑

l ∈ R(ti)exp
(
A(k)(ti)α(k)

) (4)

“where A(k)(t) is the vector of covariates, specified for the transition to destination state
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k, α(k) is the vector of associated covariates, and R is the risk set” (Blossfeld, Golsch and

Rohwer, 2007, 225). In my case, the risk set corresponds to not being under audit (the

origin) and the destination state (being under audit), which can happen more than once.

Since there is no intercept in the Cox model, the baseline hazard absorbs the constant. I

adjudicate ties with the Breslow method.

I prefer the semi-parametric Cox model to the other event-history ones because I have

no specific predictions concerning the time dependence, I have no particular theory concern-

ing how time duration impacts the model, and I am more interested the effects and their

direction than time. Given these limitations, it is difficult to hypothesize about the utility

of any parametric model for my data. As Blossfeld, Golsch and Rohwer (2007) emphasize,

theoretical conjectures about the particular functional form of event-history models are very

challenging.

Many analysts would argue that it is necessary to test the proportionality assumption

of the Cox model, and choose a parametric model in the case of nonproportionality. In my

case, the proportionality assumption is most certainly violated. That is largely a function

of having to disaggregate the data to the municipality-day level, which enlarged my dataset

to more than 1.8 million observations with unequal groups sizes.

H.2 Guatemala

Guatemala’s CGC does not provide quantitative data for assessing audit implementa-

tion/dosage.

H.3 India

CAG audits take place on a fiscal year timetable that starts in April and ends the

following in March. Because all audits follow this timetable, there is no obvious concern

regarding the potential time implementation/dosage of the audits. There are similarly no

ostensible concerns regarding the scope of implementation/dosage of the audits.
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