
Reelection Incentives and Corruption: Revisiting
the Evidence with LLM-Classified Audit Reports∗

Ricardo Dahis
Monash University

Martin Mattsson
NUS

Nathalia Sales
PUC-Rio

May 13, 2025

Abstract

Reliable data on corruption are notoriously difficult to obtain. In this paper, we
extend and reanalyze corruption data from Brazilian municipalities. We extend
the data by employing a Large Language Model (LLM) to systematically classify
2,197 corruption audit reports. We first show that correlations between the LLM-
generated corruption measures and manually coded assessments are comparable
to correlations among the manual datasets themselves, highlighting both the rel-
ative reliability of the LLM classification and the inherent subjectivity involved
in quantifying corruption from textual sources. Using this expanded corruption
dataset, we revisit key findings in the literature about the impact of reelection in-
centives on corruption. Our results support previous findings in the literature that
reelection incentives reduce corruption, although the result is only statistically sig-
nificant for one out of three measures of corruption. Furthermore, we document
significant heterogeneity in the effect over time and investigate several explana-
tions for these empirical patterns, including changing composition of politicians
and increasing probability of legal penalties.

∗We thank participants at theMWZText-as-DataWorkshop for comments. We thank Claudio Ferraz,
Joana Naritomi, and Juan Rios for thoughtful suggestions. André Guimarães and Guilherme Soares
provided excellent research assistance. Financial support was provided by the National University of
Singapore. Any errors are our own.
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1 Introduction

Corruption is a serious problem across the world and it is especially severe in low-
and middle-income countries (Svensson, 2005). Several approaches have been pro-
posed to combat it, including increasing thewages of potentially corrupt officials (VanRi-
jckeghem and Weder, 2001), reducing corruption opportunities by decreasing regula-
tion and thus removing opportunities for corrupt behavior (Rose-Ackerman, 1998), im-
proving both top-down and local-level monitoring (Olken, 2007; Björkman and Svens-
son, 2010), and implementing new technologies such as “e-governance” (Banerjee et al.,
2020). To the extent that voters value honesty, reelection incentives would also be a
strong force against corruption (Ferraz and Finan, 2008, 2011).

However, a major challenge in evaluating anti-corruption measures is the limited
availability of reliable corruption data (Olken, 2007; Olken and Pande, 2012).1 To ad-
dress these concerns, researchers have developed more direct measures of corruption.
One widely used data source is the audit reports generated by Brazil’s Random Au-
dits Anti-Corruption Program, introduced in 2003 by the Controladoria Geral da União
(CGU). These reports have been extensively used to quantify corruption in academic
research (Ferraz and Finan, 2008, 2011; Brollo et al., 2013; Avis et al., 2018; Colonnelli
and Prem, 2022; Ash et al., 2025).

A key challenge in using audit reports is the infeasibility of manually reading and
quantifying corruption findings across a large number of documents. In this paper,
we leverage a Large Language Model (LLM) to analyze 2,197 audit reports (~185,000
pages), extending previous manual efforts. To improve readability for the LLM, we
employ Retrieval-Augmented Generation (RAG) to extract relevant contextual infor-
mation from each report. This extracted information is then fed into OpenAI’s GPT-4.
By supplying the model with the appropriate context, we enable it to answer specific
questions regarding the audit findings, including whether corruption-related irregu-
laritieswere identified, the proportion of audited resources associatedwith corruption,
and the number of corruption cases.

Using this approach, we construct a new dataset on corruption covering all audit
reports of Brazilian municipalities audited between 2003 and 2015. We compare this
dataset with three manually coded sources: the 2003-2004 audit reports coded by Fer-
raz and Finan (2011), the 2003-2009 audit reports coded by Brollo et al. (2013), and a
CGU-managed dataset documenting irregularities found in audits from 2005 to 2015.
Comparing the LLM’s corruption assessments with manually coded data, we find cor-
relations in the share of audited resources where corruption was identified ranging
between 0.44 and 0.47. These correlations are similar to those observed among the

1A common approach to measuring corruption relies on perception-based indicators, such as Trans-
parency International’s Corruption Perceptions Index (CPI). However, these surveys may be signifi-
cantly biased by respondents’ beliefs and characteristics (Olken, 2009).
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manually coded datasets, which range from 0.48 to 0.71.2
We then apply the empirical strategy developed by Ferraz and Finan (2011) to our

dataset and estimate the impact of reelection incentives on corruption. In Brazil, may-
ors can serve a maximum of two consecutive terms, meaning only first-term mayors
face reelection incentives. We compare first-term and second-term mayors while con-
trolling for a wide range of observable characteristics. Our findings provide evidence
that reelection incentives reduce corruption, supporting previous literature. However,
our estimated effect sizes are smaller and more precisely measured than those in the
original study, and the effect is statistically significant for only one of the three corrup-
tion measures.3 Additionally, alternative datasets from Brollo et al. (2013) and CGU
further support our findings with estimates that are smaller and mostly statistically
insignificant.

Differences in corruption estimates across datasets can largely be attributed to tem-
poral variations in the effects of reelection incentives. When focusing on the 2003-2004
period, as studied by Ferraz and Finan (2011), all three datasets available for this pe-
riod confirm that reelection incentives reduce corruption. However, for the three sub-
sequent electoral terms for which we are the first to carry out an analysis, we find near-
zero effects from 2005 to 2012, followed by large and significant effects from 2013 to
2015.4

This raises the question: Why did reelection incentives cease to deter corruption be-
tween 2005-2012, only for their effects to reappear in 2013? We explore four potential
explanations. First, newly elected mayors in 2000 may have been particularly honest
due to increased political competition, as that election was the first to allow mayoral
reelection. With many incumbents running for a second term, new candidates faced
stronger opponents, potentially leading to the election of higher-quality, less corrupt
first-term officials. However, we do not find evidence in favor of the hypothesis that
corruption levels are different when first-term mayors ran against an eligible incum-
bent.

Second, first-term mayors may have become more corrupt over time relative to
second-term mayors. For instance, the rise of a new political party recruiting large
numbers of candidates with weaker screening processes could contribute to this pat-
tern. To test this hypothesis, we examine whether the rise of the Workers’ Party (PT)
in the 2004 and 2008 elections played a role. While first-term mayors are generally
less corrupt, we find that PT-affiliated first-term mayors between 2005 and 2012 ex-

2While we use manually encoded reports to validate our methodology, we do not rely on prior en-
codings to “train” the LLM. Thus, our methodology does not depend on pre-existing manually encoded
audit reports, eliminating concerns about in-sample vs. out-of-sample validation.

3For one of the threemeasures, we can reject the original paper’s point estimate at the 95% confidence
level.

4The Brollo et al. (2013) and CGUdatasets confirm the pattern of near-zero effects from 2005 onward.
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hibited higher corruption levels than other first-term mayors. This partially explains
the declining gap between first- and second-term mayors in that period, though it is
statistically significant only in the dataset from Brollo et al. (2013).

Third, the increasing number of legal actions against corrupt officials may have
gradually overshadowed reelection incentives as a deterrent. Since both first- and
second-term mayors face legal consequences, their corruption levels may have con-
verged over time. Consistent with the findings from Avis et al. (2018), we show that
the likelihood of prosecutionwithin five years of electionwas higher formayors elected
in 2004 and 2008 than for those elected in 2000, before declining significantly for those
elected in 2012. Thus, this is a likely contributing factor to the decline and reemergence
of reelection incentives as an important deterrent to corruption.

Finally, it is possible that second-termmayors increasingly pursued state or national
political careers, motivating them tomaintain cleaner records despite lacking reelection
incentives. However, empirical evidence does not support this hypothesis.

Our paper contributes to two strands of the corruption literature. First, we advance
efforts to measure corruption (Olken, 2007), particularly through random audits (Cu-
neo et al., 2023). Previous research has relied onmanual coding of audit reports (Ferraz
and Finan, 2008, 2011; Brollo et al., 2013; Avis et al., 2018; Colonnelli and Prem, 2022).5
We introduce an innovative approach using LLMs to encode audit reports, offering
an automated, cost-effective, and scalable methodology that can be applied in other
settings.

Second, we contribute to the literature on the political determinants of corruption.
Ferraz and Finan (2011) argue that mayors with reelection incentives misappropriate
27 percent fewer resources than those without such incentives. Bobonis et al. (2016)
find that corruption is lower inmunicipalities audited just before elections, though they
observe no lasting effects in subsequent audits.6 Axbard (2024) shows that convictions
of corrupt officials reduce future corruption through a deterrence effect in the Philip-
pines. Our findings underscore how the factors shaping measured corruption evolve
over time, potentially obscuring the effects of electoral incentives.7

5Recent studies have usedmachine learning to detect corruption out-of-sample. For example, Ash et al.
(2025) applied machine learning to municipal budgets and outcomes from Brollo et al. (2013), finding
that a machine-guided audit strategy could detect nearly twice as many corrupt municipalities at the
same audit rate. Colonnelli et al. (2022) used CGU audit encodings and municipal characteristics to
predict corruption, highlighting financial development and human capital as key predictors. Our goal,
in contrast, is to generate new ground truth data.

6A related body of research examines the direct impact of corruption audits and transparency ini-
tiatives. Ferraz and Finan (2008) show that exposing audit results significantly influenced the electoral
prospects of incumbent mayors in 2004, reducing their likelihood of reelection by 17% when corruption
was detected. Avis et al. (2018) find that being audited increased the probability of subsequent legal
action by 20 percent and led to an 8 percent reduction in future corruption.

7Existing literature indicates that the effects of term limits can differ across periods. Building on
the findings in Besley and Case (1995) about the fiscal impact of gubernatorial term limits in the U.S.,
Besley and Case (2003) document that these effects have shifted significantly over time. Initially, they
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The rest of the paper proceeds as follows. Section 2 provides background informa-
tion on Brazil’s anti-corruption program and reviews data from previous encodings
of audit reports. In Section 3 we present the methodology used to construct our cor-
ruption measures and compare our measures with previous manual classifications.
Section 4 presents the identification strategy for the empirical exercise and the main
findings. Section 5 tests various explanations for why the effects vary over time. Sec-
tion 6 concludes.

2 Background

2.1 The Random Audits Anti-Corruption Program

In 2003 the Brazilian federal government created the Controladoria Geral da União
(CGU), tasked with promoting transparency, preventing corruption, and enforcing
integrity in public administration. As the primary oversight body, the agency is re-
sponsible for monitoring and auditing the utilization of public funds across various
government agencies.

An important initiative introduced shortly after the CGU’s creation was the Pro-
grama de Fiscalização por Sorteios Públicos. This initiative used a lottery to randomly se-
lect municipalities with populations under 500 thousand inhabitants to audit their use
of federal funds. Over 13 years, the program conducted 40 lotteries and 2,197 audits
across 1,910 municipalities. After 2015, the program was reformulated to include both
random and non-random audits. For this reason, we restrict our analysis to the first 40
lottery rounds held between 2003-2015.

Once a municipality was selected to be audited, the CGU gathered information on
all federal funds transferred to the municipal government in that political term and in
some cases in the previous term. CGU auditors were then sent to the municipality to
examine accounts and documents, as well as to evaluate the existence and quality of
public infrastructure projects and the provision of public services.

The detailed inspections conducted by CGU auditors resulted in comprehensive
reports detailing the extent of corruption andmismanagement. The reports range from
30 to 200 pages and are on average 85 pages long. These reports were submitted to the
CGUheadquarters after approximately oneweek of inspections and a fewmonths later
the summaries of the main findings were made available to the public online on CGU
webpage.8

find that governors spent and taxed more when they could not stand for reelection. However, with data
extended to the mid-1990s, this effect weakened and even reversed. Alt et al. (2011) explain this shift
as a “competence effect,” emerging from changes in the structure of term limits across states, as many
states moved from single-term to two-term limits, allowing voters to retainmore competent incumbents.

8The summaries can be found at https://auditoria.cgu.gov.br/.
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2.2 Previous Encodings of Audit Reports

Given the limited availability of data on corruption, CGU’s audit reports quickly
became a popular source of data on corruption. In quantitative social science the audits
were first used by Ferraz and Finan (2008). In this and subsequent papers, the reports
were turned into quantitative data by manually encoding each report. Subsequently,
a series of other papers used this classification as a basis and/or developed their own
corruption classification (Ferraz and Finan, 2011; Brollo et al., 2013; Avis et al., 2018;
Colonnelli and Prem, 2022; Ash et al., 2025).

To validate the corruption data encoded by LLM, we use the data from Ferraz and
Finan (2011) (henceforth, FF) and Brollo et al. (2013) (henceforth, Brollo et al.).9 The
former manually classifies reports from 2003 to 2004 (lotteries 2 to 11), covering the
2001-2004 term, whereas the latter covers reports from 2003 to 2009 (lotteries 2 to 29)
covering the period from 2001 to 2009. See Table 1 for an overview of the data used.

FF’s main measure of corruption is the total amount of resources where some cor-
ruption was found, expressed as a share of the total amount of resources audited. We
follow this convention and use this variable as our main benchmark when validating
the encoding generated by the LLM. Additionally, we use two other variables provided
by FF — a binary variable for if any corruption was found and the number of corrup-
tion cases. Similarly, Brollo et al. construct a continuous indicator, the ratio between
the funds involved in the irregularities and the total amount audited, and a binary vari-
able, whether any irregularity was found or not. The reports do not formally describe
if an irregularity should be considered evidence of corruption or not. Therefore, Brollo
et al. divide potential corruption cases into general (broad) irregularities, that could
also be “interpreted as bad administration rather than as overt corruption”, and severe
(narrow) irregularities, where there is clearer evidence that an act of corruption took
place.

One caveat of these reports is the possibility to audit resources transferred in the
preceding political term, especially when the audit was held at the beginning of the
current term. For instance, an audit held in 2005 may contain audits of resources trans-
ferred to the municipality in 2004. Therefore, we exclude the first two audits in the
2005 and 2010 mayoral terms from our analysis in Section 3.2, as a large share of the
resources audited in these reports will be resources administered by the previous mu-
nicipal government.10

In addition to the two mentioned data sources, we also gather data from the CGU,
9Data from FF are available in their replication package. Data from Brollo et al. can be found on

Brollo’s website. We appreciate their efforts in making their data accessible.
10Brollo et al.’s classify corruption by municipality-term instead of by municipality-audit. This is im-

portant to keep in mind when comparing Brollo et al.’s data and data encoded by the LLM, as further
explained in Appendix B.
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provided under the Law on Access to Public Information (LAI). This dataset contains
a list of all identified irregularities for each municipality between 2006 and 2015 (lot-
teries 20 to 40). They are classified as administrative, medium, or serious irregulari-
ties. However, even the serious irregularity definition considers amore comprehensive
classification of corruption than those from FF and Brollo et al. Beyond the corruption
categories considered by them, CGU also codes cases of mismanagement as serious
irregularities.11

3 Classifying Corruption Audit Reports with LLMs

3.1 The LLM Framework

Previous attempts to classify corruption based on audit reports, while valuable,
span various timeperiods and employdifferingmanual encodingmethods. As a result,
there has been no unified classification framework across all 40 lotteries. This limita-
tion is unsurprising given the large number and length of the reports. Over the 13-year
period, 2,197 audits generated approximately 185,000 pages of reports. Manually an-
alyzing all these documents would require significant time and multiple individuals,
introducing variability due to subjective interpretations of corruption. In this section,
we propose an alternative method to systematically interpret these reports.

To construct our corruption measures, we use a Retrieval-Augmented Generation
(RAG) process to extract pertinent contextual information from the texts and apply it
using OpenAI’s GPT-4, a leading Large LanguageModel (LLM). In standard question-
answering (QA) systems without RAG, models rely only on training data. Conversely,
RAG enables models to incorporate additional context provided at query time, gener-
ating more accurate and contextually relevant responses.

Our framework operates as follows. First, all PDFs are converted to text files and
divided into smaller text “chunks,” maintaining overlap between chunks to preserve
context. Next, each text chunk is transformed into embeddings—numerical representa-
tions of text—and stored in a vector database.12 Text chunkswith similar semantic con-
tent have similar embedding vectors. When a query is made, the algorithm compares
the embedding of the question with stored embeddings, assigning similarity scores.
The most similar chunks are selected as context for generating responses.

This entire process is managed using LangChain, an open-source framework for
developing LLM applications.13 Specifically, the process involves the following four

11For instance, the lack of creation of the Municipal Commission for the Eradication of Child Labor
is considered a serious irregularity. In another example, the absence of mapping/diagnosis of areas of
risk and social vulnerability is considered a serious irregularity.

12We use Chroma, an open-source database, to store embeddings (https://docs.trychroma.com).
13We used version 0.0.349, available as of January 2024. LangChain documentation is available at
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steps. First, we input the question. Second, we transform the question into embed-
dings. Third, we compare the question’s embeddingswith all embeddings in the vector
database. Fourth, we select the two most similar vectors.

Following FF’s definitions of corruption, we posed five questions to GPT-4 about
each audit report.14 The first three questions address the monetary value identified in
each corruption category: diversion of funds, overinvoicing, and procurement irregu-
larities. The fourth question queries the total number of cases across these categories.
Questions were originally posed in Portuguese, with English translations available in
Appendix A.1. For responses to questions 1 to 3, we extract corruption values, discard-
ing duplicates to avoid double counting.15 These values are summed to determine the
total corruption amount per report.

We define a binary corruption indicator equal to one if the total corruption amount
is positive, and zero otherwise. The corruption case count is directly derived from the
fourth question, which asks about the total number of cases. Finally, to compute the
share of resources identified as corrupt, we asked an additional question regarding the
total federal funds audited. The response serves as the denominator for our primary
variable:

Share corrupt LLM =
Diversion of funds+Overinvoicing+ Procurement irregularities

Total funds audited (1)
To further refine the outputs from the LLM, we conducted manual verifications

based on explicit rules detailed in Appendix A.3, including illustrative examples.

3.2 Comparing LLM and Manual Classifications

In this section, we elaborate on our encoding of audit reports and compare it to three
manually encoded datasets described in Section 2.2. Table 1 compares the coverage of
our LLM-generated dataset to the manually classified data. Our dataset uniquely cov-
ers the entire 2003-2015 period, while others have more limited coverage, constraining
direct comparisons. Our period encompasses resources from four political terms au-
dited along thirty-five lotteries. In line with FF, we exclude from our sample the pilot
lottery, which audited only five municipalities. Additionally, we excluded four lotter-
ies conducted within the first six months of each political term, as documented in the
Appendix B. It is noteworthy that the frequency of lotteries was initially higher, with
seven occurring in the first year. The frequency was then reduced to just one lottery
per year from 2012 until 2015.
https://python.langchain.com/docs/get_started/introduction.

14We set GPT-4’s “temperature” to zero, ensuring direct responses and avoiding creative interpreta-
tions.

15A single case might simultaneously qualify as procurement irregularity and overpricing, appearing
in multiple answers.
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As in FF, we quantify corruption in three ways: the “share of corruption” variable
described in Equation 1, the number of irregularities, and a binary variable for if there
was any evidence of corruption in the report. The Brollo et al. data lack the number
of irregularities found, preventing a direct comparison for this measure. Similarly, the
CGU dataset lacks detailed monetary values, preventing a direct comparison for the
“share of corruption” variable.

Table 2 displays the correlations between our LLM-generatedmeasures and the cor-
responding variables in other datasets. The correlation of the “share of corruption”
between our LLM dataset and FF’s dataset is 0.47. Correlations with Brollo et al.’s nar-
row and broad definitions are 0.45 and 0.44, respectively, suggesting substantial con-
sistency. These correlations fall just below the range observed among manually coded
datasets (0.48 to 0.71). The imperfect correlations among manually coded data under-
score the inherent subjectivity and complexity of classifying corruption.

Summary statistics for LLM-encoded variables, presented in Table 3, closely resem-
ble manually encoded datasets. According to LLM encoding, 77% of reports show at
least one corruption instance. Restricting to the initial 11 lotteries, this percentage is
70%, between the 79% reported by FF and 67% in Brollo et al.’s broad measure. Over
all audits analyzed by Brollo et al., our findings align closely with their broad corrup-
tionmeasure (75% vs. 78%). Similarly, when restricting the time period to that covered
by the CGU data, our estimate is similar to the CGU data (82% vs. 78%).

On average, our LLM-generated dataset finds that 2.3%-3.4% of audited resources
involve corruption (fund diversion, overpricing, procurement fraud), depending on
the period considered. FF and Brollo et al.’s broad measure estimate slightly higher
shares (6.3% and 5.2%, respectively), with the narrow measure by Brollo et al. being
lower (2.1%). Our LLM-based estimates consistently fall within this range.

The average number of corruption cases per report from 2003 to 2015 in our dataset
is 1.21. When compared directly to equivalent audits, this is lower than FF’s average
(0.96 vs. 1.93) and notably lower than CGU data (1.32 vs. 7.07). The high number of
cases in CGU data confirms earlier concerns about overly broad classifications, some-
times including cases of mismanagement as corruption.

4 Reelection Incentives and Corruption

4.1 Empirical Strategy

In this Section, we apply our extended corruption data to reassess a key finding in
the literature, which is that mayors facing reelection are less corrupt than those not
eligible for reelection. Following Ferraz and Finan (2011), we test whether reelection
incentives affect the level of corruption in a municipality using the following OLS re-
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gression:
Corruptionml = βFirstTermml + γZml + Statem + αl + εml (2)

where Corruptionml is a measure of corruption in municipality m as reported in an
audit from lottery l. FirstTermml indicates whether themayor is in their first term, while
Zml represents a set of controls accounting for the mayor’s observable characteristics.16
The terms Statem and αl respectively denote state and lottery fixed effects, and εml is
the error term.

We also estimate a close election regression discontinuity (RD) to account for any
unobserved municipal determinants of corruption that may differ between first and
second-termmayors. We comparemunicipalities where incumbentmayors barelywon
the election, thus serving as second-term mayors in the following term, to municipali-
tieswhere the incumbent barely lost the election and thuswas replaced by a newmayor.
This setting provides a quasi-random assignment of municipalities with a first- versus
second-term mayor. The main hypothesis supporting the use of the RD is that if an
election is competitive enough, who wins it is as good as random.

To estimate the effect of reelection on corruption, we subset the data, including
only mayors associated with a vote margin whose absolute value is sufficiently close
to zero. The optimal distance to use as bandwidth is defined according to the mini-
mum squared error (MSE) criteria (Calonico et al., 2014). The following local linear
regression is then used:

Corruptionml = τFirstTermml+λ0MVml+λ1FirstTermmlMVml+γZml+StateFEm+αl+εml

(3)
where Corruptionml is the corruption outcome, FirstTermml is the indicator for first-
termmayors, and Zml is a vector of mayors characteristics, as before. The terms Statem
and αl, as before, respectively denotes state and lottery fixed effects. The term MVml

represents the candidate’s margin of victory. It is specified as the difference between
the vote share of incumbent mayor minus the vote share of the challenger receiving
the largest number of votes. This measure is therefore less than zero in municipalities
where the incumbent was not reelected and a newmayor was elected, and greater than
zero otherwise. We weigh the regression using a triangular kernel.

4.2 Results

The main finding from FF’s paper is that mayors with reelection incentives misap-
propriate 27 percent fewer resources than those without reelection incentives. We in-
vestigate if this result holds when using our extended LLM classified data. Table 4 and
Figure 1 present the estimates from the OLS regression specified in Equation 2, span-

16Mayor’s characteristics are age, gender, education, and party afilliation.
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ning the complete audits period from 2003 to 2015. All estimates include controls for
mayoral characteristics, such as education level, gender, and age, as well as indicators
for lotteries and state, accounting for any state-specific or lottery-specific unobservables
that might have affected corruption.

Table 4 shows the first set of results using LLM data. Our preferred specification is
presented in the even columns. Column 2 suggests that municipalities where mayors
are eligible for reelection exhibit a 4.7 percentage point decrease in the likelihood of
having a case of corruption detected when compared to municipalities with mayors in
their second term. Surprisingly, this effect is smaller and statistically insignificant for
the number of corruption cases and the share of corruption, themain outcome variable
presented by FF.

In Figure 1 we visualize a comparison of the estimated effect size using all four
encodings of the data. We conducted the regression described in Equation 2 on vari-
ables that have been divided by their own mean value, so that the coefficients can be
interpreted as a percentage change of the variable mean. This normalization allows
for a direct comparison of the magnitudes of the coefficients. The figure uses all avail-
able data from each dataset and is therefore comparing estimates generated from data
spanning different time periods for each dataset.

The figure shows that the coefficients from our LLM-generated data on the num-
ber of corruption cases and the indicator for if any corruption was found are similar in
direction and magnitude to the coefficients in FF original paper.17 However, the coeffi-
cient of “Share corrupt”, is considerably smaller and statistically significantly different
from the estimate using FF’s data. In addition, the coefficients from the CGU’s and
Brollo et al.’s data deviate significantly from those estimated using FF data, with the
exception of the variable “Any narrow corruption” which is the only variable for which
we find a negative and statistically significant effect in these two encodings of the data.

As a robustness test, we estimate the same regressions restricting the samples to
include only reelected mayors. As pointed out by FF, if elections serve to select the
most able politicians, and ability and corruption are positively correlated, we need to
compare second-term mayors with the set of first-term mayors who are reelected in
the subsequent election — those presumed to have greater political skills. The nor-
malized coefficients are displayed in Figure C.2. Overall, the coefficients do not exhibit
substantial differences from those presented in Figure 1.

To understand if the difference in results are due to differences in the data encoding
or if they reflect differences in the time periods covered, we then narrow our analysis
to audits conducted between 2003 and 2004. For these audits we have data from FF,
Brollo et al. as well as our own LLM encoding. Figure 2 presents the normalized coef-
ficients restricted to that period and shows that we successfully replicate the primary

17When we use FF’s data we successfully replicate the findings of their paper.
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finding presented in FF when using the same audit reports. While certain variables
lack statistical significance, all coefficients point in the expected direction, indicating
that first-term mayors were indeed less corrupt during the 2001-2004 term. Thus, the
differences in the results for different encoding of the data presented in Figure 1 can to
a large extent be explained by differences in the estimated effect across different time
periods.

Figure 3 presents evidence on how the magnitude of the difference between first-
and second-term mayors change over time. During the 2001-2004 term, two of the
three LLM encoded variables indicate that first-term mayors were associated with less
corruption than second-term mayors. This effect is also apparent in the 2013 term.
However, we observe no difference between first and second-term mayors from 2005
to 2012. A similar pattern is observed for Brollo et al.’s corruption measures, as shown
in Appendix Figure C.1. In Section 5, we discuss and test alternative explanations that
could account for the change over time.

Finally, we assess the effects of reelection incentives using elections in which the
incumbents won or lost by a narrow margin. The RD outlined in Equation 3 provides
quasi-random assignment of first-term and second-term mayors across these compet-
itive elections, eliminating potential confounds. The sample is conditioned on the in-
cumbents who ran for reelection in each election. Table 5 presents the point estimates
for the LLM’s measures spanning all terms. All columns are estimated using the MSE
optimal bandwidth (Calonico et al., 2014). In the Appendix C, we also provide ro-
bustness using half and double the optimal bandwidth. All specifications include the
controls used previously: mayor’s characteristics, party affiliation, state, and lottery
fixed effects.

The coefficients estimated using the RD specification are all negative but small and
statistically indistinguishable from zero. However, results are also statistically indistin-
guishable from the main results presented in Table 4. In Figure 4, we depict the results
graphically. Similar results, using the data encodings by FF and Brollo et al., are shown
in Appendix Table C.5 and Appendix Figures C.3 and C.4.

5 Mechanisms for Changes in the Importance of Reelec-
tion Incentives

What factors might explain the large negative effects between 2003-2004 and 2013-
2015, and the absence of an effect during the 2005-2008 and 2009-2012mayoral terms, as
shown in Figure 3? We test and discuss four potential explanations that could be acting
to change the results in the two terms from 2005 to 2012 and later between 2013-2015.
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5.1 Differences Across Cohorts

One hypothesis follows from differences across cohorts. The Random Audits Pro-
gram started in 2003, thus auditing resources from the political term that began in
2001.18 Coincidentally, this cohort was the first generation of second-term mayors, as
the 2000 election was the first to allow reelection at the municipal level. Naturally, bar-
ring any irregularities with the electoral court, all mayors who held office from 1997
to 2000 were eligible to run again. This means that many of the newly elected mayors
in 2000 had faced, and won against, an incumbent politician running for reelection.
If winning in this environment of increased political competition correlates with the
quality of elected officials, first-term mayors elected in 2000 may have been of higher
quality and potentially less corrupt than those who were in their second-term and had
been initially been elected without facing an incumbent eligible for reelection. This
could explain the larger difference between the first and second term mayors during
the 2001-2004 period, as in later periods there were no such difference between first
and second term mayors. To test this hypothesis, we estimate the following equation:

Corruptionml = βFirstTermml+θ(FirstTermml×Incumbent Eligibleml)+γZml+Statem+αl+εml

(4)
The termof interest lies in the interaction between FirstTermml and Incumbent Eligibleml.

As in previous equations, FirstTermml is an indicator variable for whether the mayor in
their first-term in municipality m during lottery l. The term Incumbent Eligibleml is an
indicator variable for whether the incumbent was eligible to run again for the office
when the current mayor was elected. In the case of the 2000 election, by definition, all
incumbent mayors were eligible because they were all serving their first term. In sub-
sequent elections, only those who were in their first term were eligible for reelection.

We report results in Table 6, with a focus on the dependent variable “Any corruption
(LLM)”, which exhibited significant results in Table 4. In Column 1 we present the
results of Equation 4. We find that the interaction coefficient is positive, but small in
magnitude, and statistically insignificant. This suggests that differences in political
competition during the election of first- and second-term mayors in the 2000 election
cannot explain the large difference between these mayors in terms of corruption in the
2003-2004 audits.

5.2 Candidate Screening

Asecond hypothesis is that the emergence and rapid growth of a newpolitical party
led to an influx of new mayoral candidates, potentially reducing the effectiveness of
candidate screening processes. To explore this possibility, we examine the impact of

18There are few cases related to the 1997 term, according to Ferraz and Finan (2011).
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the rise of the Workers’ Party (PT) in the 2004 and 2008 elections. The PT’s victory
in the 2002 national election, where their presidential candidate won, significantly in-
creased the party’s prominence in local politics. This surge in popularity doubled the
number of PT-affiliated mayors, as shown in Figure C.5. To satisfy local demand for
PT candidates, the party may have hastily recruited new candidates, who could have
been more prone to corruption and therefore reduced the difference in corruption be-
tween first- and second-term mayors during this period.19 To formally investigate this
hypothesis, we estimate the following equation:

Corruptionml = βFirstTermml+θ(FirstTermml×Workers’ Partyml)+γZml+Statem+αl+εml

(5)
The main coefficient of interest is θ, which measures the difference in the effect on

corruption of being a first-term mayor from the Workers’ Party (PT) and of other par-
ties. The term Workers’ Partyml is an indicator variable, assigned the value one if the
mayor at municipalitymwas a PTmember during the lottery l. The explanation above
would imply a positive θ.

The results are presented in Table 6. We also report the results of a joint test that con-
siders both interactions. We start by studying audits from the full time period available
between 2003 and 2015. In Columns 2 we estimate a negative and statistically insignif-
icant coefficient of about −0.028. The same is true in Column 3 when we separately
estimate a coefficient for the incumbent being eligible to run for office.

Considering that the party’s growth primarily occurred during the 2004 and 2008
elections, in Columns 4 and 5 we restrict the sample to the 2005-2012 period. In this
case, the coefficients for Workers’ Party’s first-term mayors are positive and of consid-
erable magnitude, although still statistically insignificant. In the Appendix, we present
similar regressions results using Brollo et al.’s “Any narrow corruption” measure (Ta-
ble C.6). Coefficients for Workers’ Party first-term mayors are substantially larger and
statistically significant, suggesting that changes in party composition among first-term
mayors may partially explain the lack of effect between 2005-2012.

5.3 Legal Penalties as a Deterrent

Another possible explanation is that a rising frequency of legal actions against pub-
lic officials has gradually diminished the importance of reelection incentives as a de-
terrent to corruption. As illustrated in Figure C.9, convictions of current and former

19Around the same period, in 2005, the Mensalão scandal brought significant negative attention to
PT, uncovering a widespread corruption scheme involving bribes paid to congressmen in exchange for
political support. This scandal severely damaged the party’s reputation and resulted in the conviction
of multiple officials.
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mayors increased steadily from 2000 to 2013 before declining thereafter.20 Since both
first- and second-term mayors face these legal consequences, the distinction in corrupt
behavior between the two groupsmay have decreased over time. Supporting this inter-
pretation, Figure 5 shows that the probability of prosecution within five years after an
election was higher for mayors elected in 2004 and 2008 compared to those elected in
2000. Notably, this probability significantly declined for mayors elected in 2012, indi-
cating a decrease in enforcement intensity. This could potentially explain why reelec-
tion incentives reemerged as an important determinant of corruption in this period.

The importance of potential legal action as a deterrent for corruption is consistent
with the findings in Avis et al. (2018). They argue that the effects of audits are mostly
due to increasing perceived nonelectoral costs of engaging in corruption.

5.4 Reelection Incentives in National Politics

We also examine whether any changes have occurred that altered incentives for
second-term mayors or their parties. For example, an increased tendency for second-
term mayors to pursue national-level politics could heighten their incentives to main-
tain a clean reputation and thus reduce corruption. Tables C.7 and C.8 show the per-
centage of second-termmayors running for or holding higher political office over time.
The term “2 years later” refers to the first national or state election after the municipal
election in which the mayor was reelected, meaning that those elected to higher posi-
tions would not complete their mayoral term. Conversely, “6 years later” refers to the
second subsequent national or state election.21

The data indicate that 1.5% of second-termmayors elected in 2000 ran for higher of-
fice within two years, with only 0.7% successfully elected. Additionally, 12.7% ran for
higher office after completing their mayoral terms, with 4.8% elected. However, we ob-
serve no significant increase in second-termmayors pursuing or attaining higher office
either two or six years later. Indeed, the percentage of second-term mayors running
in national elections remains stable from 2000 to 2004 and declines in 2008, while the
percentage successfully elected to higher positions decreased in 2004, 2008, and 2008.

To further investigate this, we explore whether reelection incentives from the per-
spective of political parties have changed by examining party turnover in subsequent
elections. Table C.9 shows that the proportion of second-term mayors whose parties
retained power in the following election remained unchanged between 2000 and 2004
and decreased in 2008.

20The peaks in convictions observed in 2005, 2009, and 2013 correspond to years immediately fol-
lowing the conclusion of mayoral terms, periods when prosecution likelihood typically increases. Fig-
ure C.10, which specifically highlights convictions resulting in electoral penalties, exhibits a similar
trend.

21Municipal and national elections in Brazil occur every four years but are staggered by two years.
State elections align with national elections.
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6 Conclusion

In this paper, we introduce a novel approach to measuring corruption by leverag-
ing a Large Language Model (LLM) to analyze random audit reports from Brazilian
municipalities audited between 2003 and 2015. Our methodology is automated, cost-
effective, scalable, and adaptable to other contexts. When comparing our data to ex-
isting manually encoded datasets, we find similar, albeit low, correlations between the
main variables. We show that manually encoded data have correlations significantly
below one, indicating a degree of subjective evaluation in interpreting the audit reports
and highlighting the difficulty inherent to classifying corruption from text.

We revisit the well-known evidence by FF, that mayors facing reelection incentives
misappropriate fewer resources. Our results confirm this finding, but we estimate
smaller and more precisely measured effects. Additionally, we provide evidence us-
ing alternative datasets that consistently support a diminished effect size across both
OLS and RD estimations.

Our analysis highlights notable heterogeneity over time. Initially, our results align
closely with FF’s findings, showing clear evidence that reelection incentives curb cor-
ruption. However, this effect declines substantially during the 2005-2012 period, before
reemerging strongly in the 2013 term. We investigate several possible explanations for
these fluctuations, such as cohort differences due to increased political competition in
the 2000 election, the rise of the Workers’ Party, increased legal actions against corrupt
officials, and changing incentives related to second-term mayors’ political ambitions.
Among these, we find some support for the explanations that new party dynamics,
specifically the rise of the PT party, and rising threat of legal penalties for corruption
contributed to changes in the importance of reelection incentives. Conversely, we find
limited empirical support for other hypotheses, including shifts in political competition
in 2000 and second-term mayors’ ambitions for higher office.

This paper contributes to both the measurement of corruption and the understand-
ing the political determinants of corruption. Our findings underscore the complexity of
electoral incentives, highlighting how the interplay of political, legal, and institutional
factors evolves over time, shaping the effectiveness of different mechanisms to reduce
corruption. Future research could further refine the methodologies used for process-
ing text data and given the rapid rate of improvement in LLM technology, we expect
future iterations of our algorithm to generate even more accurate results. This could
allow us to delve deeper into the evolving political and institutional determinants of
corruption within local governments.
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7 Tables and Figures

Table 1: Summary Data

FF Brollo et al. CGU LLM

Lotteries 2-11 (2003-2004) ✓ ✓ ✓

Lotteries 12-20 (2004-2006) ✓ ✓

Lotteries 20-29 (2006-2009) ✓ ✓ ✓

Lotteries 30-40 (2009-2015) ✓ ✓

Corruption amount as a share of audited resources ✓ ✓ ✓

Number of irregularities related to corruption ✓ ✓ ✓

Dummy whether any irregularity was found ✓ ✓ ✓ ✓

Note: This table provides an overview of the coverage of various sources of corruption data
utilized in this paper. Additionally, the table displays the availability of each measure of
corruption. For each range of available lotteries and variables, we mark them with a check.
Variables from Brollo et al. (2013) are divided into broad and narrow irregularities as ex-
plained in Section 2.2.
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Table 2: Data Correlations
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Share corrupt (FF) 1.00 0.71 0.48 0.47 . . . . .
Share broad (Brollo et. al.) 0.71 1.00 0.65 0.44 . . . . .
Share narrow (Brollo et. al.) 0.48 0.57 1.00 0.45 . . . . .
Share corrupt (LLM) 0.47 0.44 0.45 1.00 . . . . .
Any corruption (FF) . . . . 1.00 0.59 0.31 0.35 .
Any broad (Brollo et. al.) . . . . 0.59 1.00 0.57 0.25 0.31
Any narrow (Brollo et. al.) . . . . 0.31 0.57 1.00 0.20 0.29
Any corruption (LLM) . . . . 0.35 0.25 0.20 1.00 0.07
Any serious irregularity (CGU) . . . . . 0.31 0.29 0.07 1.00

Note: This tables presents the pair-wise correlations between the LLM variables and manu-
ally coded variables from Ferraz and Finan (2011), Brollo et al. (2013), and CGU. Addition-
ally, we present the pair-wise correlations between all variables used as reference. These
variables span different periods, as illustrated in Table 1. For that reason, we can not calcu-
late the correlation between “Any serious irregularity” and “Any corruption (FF)”.
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Table 4: The Effect of Reelection Incentives on Corruption (2003-2015)

Any corruption (LLM) Share corrupt (LLM) Number of cases (LLM)
(1) (2) (3) (4) (5) (6)

Mayor in first term -0.0338∗ -0.0468∗∗ -0.0022 -0.0015 -0.0277 -0.1514
(0.0200) (0.0202) (0.0030) (0.0031) (0.1181) (0.1152)

Mayor Characteristics No Yes No Yes No Yes
Lottery Dummies No Yes No Yes No Yes
State Dummies No Yes No Yes No Yes
Party Dummies No Yes No Yes No Yes
Mean 0.7687 0.7682 0.7691 0.7686 0.7558 0.7556
Observations 1,894 1,885 1,893 1,884 1,626 1,620

Note: This table presents the impact of reelection incentives on three corruption metrics:
the probability of finding a corruption case, the proportion of audited resources associated
with corruption, and the number of detected corruption cases. Each column displays the
results from the OLS regression presented in Equation 2, where the respective corruption
measure is regressed on an indicator variable denoting whether the mayor is in their first
term. The even numbered columns include controls to Mayor’s characteristics and party
affiliation, as well as state and lottery intercepts. Mayor’s characteristics are age, gender
and education. This estimate includesmunicipalities audited from lotteries 2 to 40, with the
exception of lotteries 15, 16, 28, and 38 —excluded due to their occurrence within the first
six months of a political term (see Appendix B for further explanation). The period from
2003 to 2015 spans the four political terms with audited resources. The last term, however,
does not consider the final year (2016), as the last available lottery (40) was conducted in
2015. Heteroscedasticity robust standard errors are displayed in parenthesis. P-values: *
0.10 ** 0.05 *** 0.01
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Table 5: The Impact of Reelection Incentives on Corruption, RD

Share corrupt Any corruption Number of cases
(1) (2) (3)

Mayor in first term -0.004 -0.074 -0.085
(0.012) (0.076) (0.335)

Robust 90% CI [-.024 ; .036] [-.245 ; .195] [-1.073 ; .888]
Kernel Type Triangular Triangular Triangular
BW Type CCT CCT CCT
BW 0.162 0.165 0.224
Observations 1025 1026 877

Note: This table presents the coefficients from the RD regression specified in Equation 3.
We evaluate the impact of reelection incentives on three corruption metrics: the probability
of finding a corruption case, the proportion of audited resources associated with corrup-
tion, and the number of detected corruption cases. All columns include controls to Mayor’s
characteristics and party affiliation, as well as state and lottery intercepts. Mayor’s charac-
teristics are age, gender and education. We include municipalities audited from lotteries 2
to 40 if the mayor ran for reelection. As in the previous cases, we excluded lotteries 15, 16,
28, and 38 due to their occurrence within the first six months of a political term (see Ap-
pendix B for further explanation). The BW Type indicates that theMSE optimal bandwidth
was used (CCT). The BW parameter reports the respective bandwidth for each regression.
Heteroscedasticity robust standard errors are displayed in parenthesis. P-values: * 0.10 **
0.05 *** 0.01
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Table 6: Alternative Explanations

Any corruption (LLM)
2003-2015 2003-2015 2003-2015 2005-2012 2005-2012

(1) (2) (3) (4) (5)
Mayor in first term -0.0536* -0.0471** -0.0518* -0.0165 -0.0242

(0.0276) (0.0208) (0.0283) (0.0273) (0.0319)
First x Incumbent eligible 0.0090 0.0088 0.0126

(0.0270) (0.0271) (0.0297)
First x Workers’ Party -0.0276 -0.0275 0.0734 0.0740

(0.0807) (0.0809) (0.0902) (0.0901)
Mayor Characteristics Yes Yes Yes Yes Yes
Lottery Dummies Yes Yes Yes Yes Yes
State Dummies Yes Yes Yes Yes Yes
Party Dummies Yes Yes Yes Yes Yes
Mean 0.7679 0.7687 0.7679 0.8086 0.8082
Observations 1,883 1,894 1,883 1,118 1,116

Note: This table presents the coefficients from OLS regressions specified in Equations 2,
4, and 5. All columns include controls to Mayor’s characteristics and party affiliation, as
well as state and lottery intercepts. Mayor’s characteristics are age, gender and education.
Columns 1 and 2 are derived from Equations 4 and 5, respectively, while Column 3 includes
both interactions together. These regressions consider all terms, except for the final year
(2016), as the last available lottery (40) was conducted in 2015. Finally, in Columns 4 and
5, we estimate Equation 5 and the combination of 4 and 5, respectively, only for the middle
terms. Heteroscedasticity robust standard errors are displayed in parenthesis. P-values: *
0.10 ** 0.05 *** 0.01

24



Figure 1: Overall Effects of Reelection Incentives on Corruption (All Available Years)
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Normalized Coefficients

Note: This figure depicts the coefficients from the OLS regression outlined in Equation 2.
All coefficients are normalized by dividing it by the outcome variable mean. All standard
errors are heteroscedasticity-robust. We estimate the impact of reelection incentives on cor-
ruption using all available measures obtained from LLM, FF and Brollo et al.’s dataset. All
regressions include controls to mayor’s characteristics and party affiliation, as well as state
and lottery intercepts. Mayor’s characteristics are age, gender and education. For each vari-
able, we plot its source in parentheses. The regressions include different time coverage. Es-
timates using LLM variables includes data from 2003 to 2015 (lotteries 2 to 40). We exclude
lotteries 15, 16, 28, and 38 due to their occurrence within the first six months of a political
term (see Appendix B for further explanation). Brollo et al.’s variables includes data from
2003 to 2009 (lotteries 2-29), while CGU variables includes data from 2005 to 2015 (lotteries
20 to 40). For both Brollo et al.’s and CGU data, the analysis is restricted to observations
within the same term. Confidence intervals are displayed at the 90% level.
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Figure 2: The Effect of Reelection Incentives on Corruption (2003-2004)
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Normalized Coefficients

Note: This figure depicts the coefficients from the OLS regression outlined in Equation 2.
All coefficients are normalized by dividing it by the outcome variable mean. All standard
errors are heteroscedasticity-robust. We estimate the impact of reelection incentives on cor-
ruption using all available measures obtained from LLM, FF and Brollo et al.’s dataset. The
regressions are restricted to lotteries 2 to 11, thus including only years 2003 and 2004, in
the first term in which reelection was allowed at the municipal level. All regressions in-
clude controls to Mayor’s characteristics and party affiliation, as well as state and lottery
intercepts. Mayor’s characteristics are age, gender and education. For each variable, we
plot its source in parentheses. The CGU variables are not included in this figure due to
the absence of data prior to lottery 20 (See Table 1 for detailed information on data cover-
age).Confidence intervals are displayed at the 90% level.
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Figure 3: The Effects of Reelection Incentives on Corruption Over Time (LLM)
(a) Share corruption
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Note: This figure presents the coefficients from the OLS regression specified in Equation
2. All regressions include controls to Mayor’s characteristics and party affiliation, as well
as state and lottery intercepts. Mayor’s characteristics are age, gender and education. The
results are broken down by term. Estimates includes data from 2003 to 2015 (lotteries 2
to 40). We exclude lotteries 15, 16, 28, and 38 due to their occurrence within the first six
months of a political term (see Appendix B for further explanation). Each term spans a
four-year period. The last term, however, does not consider the final year (2016), as the last
available lottery (40) was conducted in 2015. Confidence intervals are displayed at the 90%
level.
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Figure 4: The Effects of Reelection Incentives on Corruption (LLM), RD
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Note: The figure shows the proportion of audited resources associated with corruption
(Panel 4a), the indicator for detected corruption (Panel 4b) and the number of detected
corruption cases (Panel 4c) by the margin of victory for incumbents who ran for reelection.
The gray lines denote the confidence intervals for fitted lines at the 90% level. All regres-
sions use the optimal bandwidth according to the minimum squared error (MSE) criteria
(Calonico et al., 2014). We restrict the observations, such that only mayors associated with
a vote margin within the interval of the optimal bandwidths are considered.
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Figure 5: Probability of Any Conviction
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Note: This figure presents the percentage of mayors who have at least one conviction for
cases initiated between one and five years after taking office. We limit the analysis to a
five-year period to allow for a more accurate comparison, as there is typically a delay in
registering cases in the Cadastro Nacional de Justiça system (see Table C.10). We also exclude
cases that took seven or more years to resolve. Each line represents a political term. The
variable “Years Since Elected” denotes the difference between the filling year and the elec-
tion year. For mayors elected more than once, we use the first election. We exclude cases
where an individual was convicted prior to taking office as mayor, as well as cases where
the conviction year precedes the filing year, as this is inconsistent with the standard process
and likely indicates an error.
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A Data Construction

A.1 Corruption Definition and LLM Queries

Regarding the definition of corruption, both Ferraz and Finan (2011) and Brollo
et al. (2013) consider corruption to be cases in which there is diversion of funds, over-
invoicing of goods and services, or illegal procurement practices. Specifically, diver-
sion of resources may be any irregularity involving the embezzlement of public funds,
such as resources that simply “disappear” from municipal bank accounts or incom-
plete service (unfinished construction, for example) and goods that were supposedly
paid for but not delivered. In turn, over-invoicing are classified when there is evidence
that goods and services were purchased at a value above market price. Finally, irregu-
larities related to procurement involve any manipulation of the procurement process,
simulation of the call for bids, use of fake receipts, and contracts being awarded to a
friendly/politically connected firm or non-existing firms.

Following these definitions, we asked the LLM three different questions to identify
the value of corruption in each category (questions 1-3). We also asked about the num-
ber of cases across all categories — question 4. Additionally, we asked a fifth question
to determine the total amount of resources audited to calculate the share of corruption
in each audit. All questions were asked in Portuguese, and their English translations
are provided below:

1. Does the report mention cases of diversion of funds? If yes, what are the amounts
diverted? End the response with: “The total diverted was” followed by the cor-
responding value.

2. Does the report mention cases of overpricing or excessive billing? If yes, what are
the amounts? End the response with: “The total overpriced was” followed by the
corresponding value.

3. Does the report mention cases of fraud or serious irregularities in procurement
processes? If yes, what is the value of the fraud? End the response with: “The
total fraud was” followed by the corresponding value.

4. How many cases of diversion of funds, overpricing, or fraud in the procurement
process are mentioned in the report? End the response with “Total cases:” fol-
lowed by the corresponding value.

5. What is the total value, in R$, of the audited resources? End the response with
’The total audited was’ followed by the corresponding value.

As the information on the total audited value is typically presented within the ini-
tial pages and does not require much interpretation, we employ a slightly different
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algorithm than the one detailed in Section 3.1. In order to extract the values, we simply
transform the pdfs into text files and split only the first eight pages into smaller chunks.
Then, we input these chunks directly into the GPT-4 prompt and ask the question.
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A.2 Challenges in Using LLMs

Although LLMs provide a prominent framework to transform text into data, there
are still some challenges with building a question-answering (QA) system, especially
over large documents. The first obstacle lies in the token limits imposed on LLMs,
which constrain the amount of context that can be provided. For instance, many docu-
ments exceed the capacity of 8,000 token contexts offered by GPT models. As a result,
the standard practice consists of splitting the document into chunks, calculating a sim-
ilarity score between those chunks and the query using embeddings, and then use the
highest-scoring chunks as context for the query. This is the RAG process described in
the previous section.

Another significant challenge arises from the fact that documents, such as PDFs,
are naturally structured with different pages, tables, sections, and text indentation.22
Therefore, there is great difficulty in creating robust prompts and chunking strategies
that responds well to the variability among documents.

More specifically, building a RAG system involves determining the ideal chunk size
for the documents processed by the retriever. The determination of the ideal chunk
size involves considering various factors, including the characteristics of the data, the
limitations of the retriever model, and the computational resources available (Farenas,
2024). In addition to size, splitting the document into chunks entails additional deci-
sions. For instance, determining the degree of overlap between them and selecting the
number of top scoring chunks to be considered by the LLM.

The study by Liu et al. (2024) offers insights on how well LLMs use longer context.
The research evaluated a range of open and closed-source language models, including
OpenAI’s GPT-3.5-Turbo, across two distinct tasks: multi-document question answer-
ing and key-value retrieval. They observe that optimal performance is often achieved
when relevant information is located at the beginning or end of the input context. How-
ever, performance significantly degradeswhenmodels need to access relevant informa-
tion embeddedwithin themiddle of long contexts. This suggests that current language
models struggle to leverage information within extended input contexts.

22This is very clear in the case of audits reports. Over the years and across municipalities, there is a
lot of variation in how the reports are structured.
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A.3 Manual Verifications Based on LLM Responses

To enhance the quality of our data, we conducted several manual verifications on
Share corrupt llmm,l. We created four rules to flag the valueswe should check carefully:

1. The denominator falling below the 1st percentile and above the 99th percentile of
the distribution.

2. The fraction falling above the 99th percentile of the distribution.

3. The fraction is equal to zero

4. The fraction is not equal to zero but the total corruption value is less thanR$500.00

Overall, instances where Question 5 did not accurately capture the total audited
valuemainly occurred due to formatting issues. For instance, in the case of Peritiba, SC,
in lottery 5, there was a table indicated the total audited resources as R$ 1,271,260.02,
whereas our algorithm only captured R$ 1.27. Another example is observed in São João
dasMissões, MG, in lottery 2, where the returned value was 0 because this information
appeared beyond the defined 8-page interval in the algorithm, within a figure on page
12. Additionally, there were cases where the algorithm failed to return the total value
because it was not explicitly stated in the report. However, we managed to obtain it
by summing up the audited values for each program. In total, we identified 44 obser-
vations where the values obtained via LLM fell below the 1st percentile or above the
99th percentile. We manually inspected all these observations, and 25 cases required
corrections.23

Regarding the remaining rules, within 2,197 observations, we have 22 cases flagged
by rule number 2, 913 cases flagged by rule number 3 and 56 cases flagged by rule num-
ber 4. After we inspected the denominator using the first rule, we went to analyze the
numerator. Given that we have a large number of cases flagged under these rules, we
developed amethod to investigate them, which is completely based on LLM responses.

Our code extracts values from responses that follow the expressions ‘The total di-
verted was’, ‘The total overpriced was’ and ‘The total fraud was’. However, there are
answers in which the value appears as undefined but they indicate suspicious cases.
The example below illustrates this.24

LLM responses: Example 1

“The report mentions a case of irregularity in procurement, where medicines pur-
chases were made through tender waiver in an amount higher than that set in Law

23Wealso expanded the interval to lookmore cases (those above 98th percentile) and all the additional
values were correctly obtained by our algorithm.

24The response was translated to English.
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No. 8,666/93. However, the report does not specify the exact value of this irregularity.
Therefore, I cannot conclude with ’Total fraud was’ followed by a value as the report
does not provide that information.” (Onça de Pitangui-MG, lottery 6)

Although the model does not provide a specific value, it does mention a case where
the procurement law was not respected. In such cases, we conduct a search for associ-
ated keywords in the reports to retrieve the value. On the other side, if all the answers
are generic such as: “The report does not mention any case of diversion of funds. The
total is R$ 0,00.”, we accept the zero value. By doing this analysis, we reduced the
number of observations with zero corruption from 913 to 512.

We used the same logic to investigate observations flagged by rules 2 and 4. High
percentages of corruptionmay arise from errors in the denominator, what we deal with
the investigation of very low audited resources, or from overestimation of corruption
value. In these cases, we checked whether the values mentioned in the responses were
consistent with the values present in the report. From the 22 observations falling above
the 99th percentile, we fixed 11.

Finally, we investigated corruption values under R$500. Some of these cases were
wrongly assigned by our algorithm, particularly in cases related to overpricing. For ex-
ample, it occasionally extracted a unitary price instead of the total overpricing amount.
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A.4 Addressing Inconsistencies in Data

Corruption Measures

Adifference between our corruptionmeasures and thosemanually coded by FF and
Brollo et al, as well as data provided by the CGU, lies in the level of aggregation used
to identify corruption. In their data, corruption is identified by lottery and political
term. The political term is given by the year in which the resources associated with the
corruption were transferred, instead of the audit year.

A limitation of our algorithm is the inability to identify the year in which the re-
sources involved in corruption were transferred. For example, if an audit from lottery
15, held in 2005, found a corruption case involving resources transferred in 2004, our
model can not attribute it to either 2004 or 2005 — two different political terms. Oc-
casionally, information about the year of resource transfer is presented as a tag named
“extension of exams”. However, in some cases, this information is provided as a range,
such as from January/2004 toAugust/2005 (See Figure C.7). While precise information
may occasionally be present within the text, extracting it would introduce additional
complexity and noise into our model’s inquiries. In addition to ask about the corrup-
tion value we would need to ask about the year the referred resource was transferred.
We opt then to identify the corruption at the level of municipality-lottery.

In order to compute the correlation between LLM and Brollo et al.’s variables, we
aggregate the share of broad and narrow corruption by lottery andmunicipality. Simi-
larly, for the indicator variables “Any Broad” and “AnyNarrow”, we take themaximum
by lottery and municipality. The same logic is applied to “Some serious irregularity”,
generated from CGU data.

Regarding the data generated from the LLM, we excluded lotteries where audits
occurred within the first six months of each term, as most of the resources in such case
may refer to the preceding political term. This encompasses four lotteries: 15, 16, 28,
and 38. Unfortunately, we can not rule out the possibility that a corruption is wrongly
associated even when the audit occurs latter in the term. Brollo et al.’s findings indi-
cate that 63% of detected corruption cases involve irregularities that occurred during
the same term as the audit, rather than in previous terms. These within-term cases
also exhibit a higher average share of audited resources classified as corruption (5.4%
compared to 3.1% in earlier-term cases).

Elections Data

Regarding elections data, we find a correlation of 0.97 between our variable and FF
indicator for mayors in their first term. This near-perfect correlation is slightly reduced
due to the poor quality of the 1996 election data25 The differences in this variable arise

25The main source was the TSE harmonized data provided by Data Basis, but we also supplemented
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from twomain sources: missing candidate names or identifiers in 1996, whichmakes it
difficult to determine their status in 2000, and cases where the mayor did not complete
their term (e.g., due to death) and the vice mayor took over and was subsequently
re-elected.

If no information was available for 1996 but the 2000 mayor ran for re-election in
2004, we assumed they were in their first term in 2000. If no information was available
for either 1996 or 2004, we conducted Google searches to verify the information. Lastly,
in cases where the original mayor did not complete their term—due to reasons such as
death—and the vice mayor assumed office and was later re-elected, we categorized
these cases as second-term mayors.

it with TSE original data for the 1996 election.
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B CNJ Data

Data on the convictions ofmayors formisconduct in public officewas obtained from
the Cadastro Nacional de Condenações Cíveis por ato de Improbidade Administra-
tiva e Inelegibilidade. This dataset, managed by the Cadastro Nacional de Justiça (CNJ),
records individuals convicted of misconduct in public office, including their names,
the filing date, conviction date, and registry date. It also details the type of irregular-
ity, the court responsible for the conviction, and the individual’s position at the time of
prosecution. The dataset covers all convicted officials up to 2023.

Our analysis focuses on cases where the convicted individual was a current or for-
mer mayor. Between 2000 and 2023, this amounts to 9,450 convictions involving 4,179
mayors. These data were then matched with electoral data using individuals’ names.
This process successfully linked 81% of the observations (convictions), allowing us to
determine whether a mayor was convicted during their time in office or afterward.
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C Tables and Figures

Table C.1: The Effect of Reelection Incentives on Corruption by Term

2001-2015 2001-2004 2005-2008 2009-2012 2013-2015
(1) (2) (3) (4) (5)

Panel A: Any corruption LLM

Mayor in first term -0.0450** -0.0635* 0.0284 -0.0781** -0.3034***
(0.0209) (0.0370) (0.0400) (0.0383) (0.0915)

Mean 0.7682 0.6960 0.7909 0.8320 0.7890
Observations 1,885 658 636 482 109
Panel B: Share corrupt LLM

Mayor in first term -0.0022 -0.0055 -0.0025 0.0077* -0.0391*
(0.0033) (0.0065) (0.0063) (0.0044) (0.0198)

Mean 0.0269 0.0342 0.0249 0.0211 0.0197
Observations 1,884 658 636 481 109
Panel C: Number of cases LLM

Mayor in first term -0.1984 -0.3138* -0.1403 0.0163 -1.0410**
(0.1212) (0.1794) (0.3062) (0.2085) (0.4795)

Mean 1.1815 0.9779 1.5057 1.1290 0.8932
Observations 1,620 588 526 403 103

Mayor Characteristics Yes Yes Yes Yes Yes
Lottery Dummies Yes Yes Yes Yes Yes
State Dummies Yes Yes Yes Yes Yes
Party Dummies Yes Yes Yes Yes Yes

Note: This table presents the impact of reelection incentives on three corruption metrics:
the probability of finding a corruption case (Panel A), the proportion of audited resources
associated with corruption (Panel B), and the number of detected corruption cases (Panel
C). We displays the results from the OLS regression presented in Equation 2, where the
respective corruption measure is regressed on an indicator variable denoting whether the
mayor is in their first term. The first column covers all four political terms with audited
resources, while the subsequent columns break down each term individually. All columns
include controls to Mayor’s characteristics and party affiliation, as well as state and lottery
intercepts. Mayor’s characteristics are age, gender and education. This estimate includes
municipalities audited from lotteries 2 to 40, with the exception of lotteries 15, 16, 28, and 38
—excluded due to their occurrence within the first six months of a political term (see Ap-
pendix B for further explanation). Heteroscedasticity robust standard errors are displayed
in parenthesis. P-values: * 0.10 ** 0.05 *** 0.01
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Table C.2: The Effect of Reelection Incentives on Corruption using Brollo et al.’s data
(2003-2009)

Any corruption Any narrow corruption Share corrupt Share narrow corrupt
(1) (2) (3) (4) (5) (6) (7) (8)

Mayor in first term 0.0112 -0.0010 -0.0422 -0.0523∗ -0.0012 0.0015 -0.0054 -0.0026
(0.0232) (0.0223) (0.0279) (0.0267) (0.0059) (0.0061) (0.0038) (0.0042)

Mayor Characteristics No Yes No Yes No Yes No Yes
Lottery Dummies No Yes No Yes No Yes No Yes
State Dummies No Yes No Yes No Yes No Yes
Party Dummies No Yes No Yes No Yes No Yes
Mean 0.7830 0.7823 0.4697 0.4705 0.0525 0.0522 0.0213 0.0214
Observations 1,401 1,392 1,401 1,392 1,336 1,327 1,337 1,328

Note: This table reports the effects of reelection incentives on the probability of finding a
corruption case and the share of resources found to involve corruption. Broad corruption
includes irregularities that could also be interpreted as bad administration rather than as
overt corruption, and narrow corruption includes severe irregularities. We regress each
corruption measure on an indicator variable for whether the mayor is in his first term, as
specified in Equation 2. The even numbered columns include controls to Mayor’s charac-
teristics and party affiliation, as well as state and lottery intercept. Mayor’s characteristics
include the age, gender, education, and party affiliation. We restrict the analysis to obser-
vations within the same term, excluding corruption associated with resources transferred
in previous political terms (see Appendix B for further explanation). The period from 2003
to 2009 indicates the years with audits. Heteroscedasticity robust standard errors are dis-
played in parenthesis. P-values: * 0.10 ** 0.05 *** 0.01
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Table C.3: The Effect of Reelection Incentives on Corruption using CGU data
(2005-2015)

Number of serious occurrences Any serious occurrences
(1) (2) (3) (4)

Mayor in first term 0.7717 0.5642 -0.0019 -0.0203
(0.5628) (0.4982) (0.0261) (0.0258)

Mayor Characteristics No Yes No Yes
Lottery Dummies No Yes No Yes
State Dummies No Yes No Yes
Pary Dummies No Yes No Yes
Mean 7.0850 7.0850 0.7842 0.7842
Observations 1,117 1,117 1,117 1,117

Note: This table reports the effects of reelection incentives on the number of irregularities as-
sociated with corruption and on the probability of finding a serious occurrence. We regress
each corruption measure on an indicator variable for whether the mayor is in his first term,
as specified in Equation 2. The even numbered columns include controls to Mayor’s char-
acteristics and party affiliation, as well as state and lottery intercept. Mayor’s characteristics
include the age, gender, education, and party affiliation. We restrict the analysis to obser-
vations within the same term, excluding corruption associated with resources transferred
in previous political terms (see Appendix B for further explanation). The period from 2005
to 2015 spans the three political terms with audited resources. The last term, however, does
not consider the final year (2016), as the last available lottery (40) was conducted in 2015.
Heteroscedasticity robust standard errors are displayed in parenthesis. P-values: * 0.10 **
0.05 *** 0.01
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Table C.4: The Impact of Reelection Incentives on Corruption, RD Robustness

Share corrupt Any corruption Number of cases
(1) (2) (3) (4) (5) (6)

Mayor in first term 0.005 -0.005 -0.034 -0.098∗ -0.063 -0.083
(0.015) (0.009) (0.107) (0.058) (0.464) (0.253)

Robust 90% CI [-.033 ; .048] [-.031 ; .019] [-.359 ; .258] [-.25 ; .072] [-1.081 ; 1.28] [-.718 ; .726]
Kernel Type Triangular Triangular Triangular Triangular Triangular Triangular
BW Type .5CCT 2CCT .5CCT 2CCT .5CCT 2CCT
BW 0.081 0.325 0.083 0.331 0.112 0.449
Observations 1025 1025 1026 1026 877 877

Note: This table presents the coefficients from the RD regression specified in Equation 3.
We evaluate the impact of reelection incentives on three corruption metrics: the probability
of finding a corruption case, the proportion of audited resources associated with corrup-
tion, and the number of detected corruption cases. All columns include controls to Mayor’s
characteristics and party affiliation, as well as state and lottery intercepts. Mayor’s charac-
teristics are age, gender and education. We include municipalities audited from lotteries
2 to 40 if the mayor ran for reelection. As in the previous cases, we excluded lotteries 15,
16, 28, and 38 due to their occurrence within the first six months of a political term (see
Appendix B for further explanation). The BW Type specifies whether half of the MSE opti-
mal bandwidth (.5CCT) or twice the MSE optimal bandwidth (2CCT) was used. The BW
parameter reports the respective bandwidth for each regression. Heteroscedasticity robust
standard errors are displayed in parenthesis. P-values: * 0.10 ** 0.05 *** 0.01
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Table C.5: The Impact of Reelection Incentives on Corruption, RD
(FF and Brollo et al.)

Share corrupt Any corruption Share corrupt Share narrow corrupt Any corruption Any narrow corruption
(1) (2) (3) (4) (5) (6)
FF FF Brollo et al. Brollo et al. Brollo et al. Brollo et al.

Mayor in first term -0.022 -0.083 -0.001 0.003 -0.003 -0.086
(0.025) (0.091) (0.017) (0.011) (0.083) (0.087)

Robust 90% CI [-.064 ; .07] [-.257 ; .192] [-.04 ; .031] [-.015 ; .029] [-.225 ; .227] [-.292 ; .193]
Kernel Type Triangular Triangular Triangular Triangular Triangular Triangular
BW Type CCT CCT CCT CCT CCT CCT
BW 0.194 0.222 0.167 0.184 0.159 0.206
Observations 318 318 752 753 781 781

Note: This table presents the coefficients from the RD regression specified in Equation 3.
We evaluate the impact of reelection incentives on the share of audited resources associated
with corruption and on the probability of finding a corruption case. Columns 1 and 2 refer
to FF measures and include data from 2003 to 2004 (lotteries 2-11), while Columns 3-6
refer to Brollo et al. measures, thus including data from 2003 to 2009 (lotteries 2-29). Our
analysis is restricted to mayors who pursued reelection. All columns include controls to
Mayor’s characteristics and party affiliation, as well as state and lottery intercepts. Mayor’s
characteristics include age, gender and education. The BW Type indicates that the MSE
optimal bandwidth was used (CCT). The BW parameter reports the respective bandwidth
for each regression. Heteroscedasticity robust standard errors are displayed in parenthesis.
P-values: * 0.10 ** 0.05 *** 0.01
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Table C.7: Mayors Holding a Political Office After Second Term

2000 2004 2008 2012 2016
mean/sd mean/sd mean/sd mean/sd mean/sd

Second term mayors elected 2 years later 0.007 0.006 0.005 0.003 0.004
(0.085) (0.079) (0.070) (0.056) (0.065)

Second term mayors elected 6 years later 0.048 0.033 0.030 0.023 0.043
(0.213) (0.180) (0.172) (0.150) (0.203)

Observations 2074 1285 2037 1254 1167

Note: This table presents the percentage of second-term mayors who were subsequently
elected to higher office. The years listed in columns indicate the election year when the
mayor was reelected. The term “2 years later” refers to the first national/state election fol-
lowing the municipal election in which the mayor was reelected. The term “6 years later”
refers to the second national/state election following the municipal election in which the
mayor was reelected.

Table C.8: Mayors Running for Political Office After Second Term

2000 2004 2008 2012 2016
mean/sd mean/sd mean/sd mean/sd mean/sd

Second term mayors running 2 years later 0.015 0.017 0.010 0.009 0.013
(0.123) (0.130) (0.101) (0.093) (0.113)

Second term mayors running 6 years later 0.127 0.125 0.095 0.097 0.143
(0.333) (0.330) (0.294) (0.296) (0.350)

Observations 2074 1285 2037 1254 1167

Note: This table presents the percentage of second-termmayors running for higher office in
subsequent elections. The years listed in columns indicate the election yearwhen themayor
was reelected. The term “2 years later” refers to the first national/state election following
the municipal election in which the mayor was reelected. The term “6 years later” refers to
the second national/state election following the municipal election in which the mayor was
reelected.
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Table C.9: Parties Remaining in Office

2000 2004 2008 2012 2016
mean/sd mean/sd mean/sd mean/sd mean/sd

Percentage of second term mayors
whose parties stayed in power in the next election 0.209 0.209 0.197 0.176 0.230

(0.407) (0.407) (0.398) (0.381) (0.421)
Percentage of second term mayors
whose parties returned to power two elections later 0.152 0.213 0.251 0.189 .

(0.359) (0.409) (0.434) (0.392) (.)
Observations 2098 1294 2063 1264 1177

Note: This table presents the percentage of second-term mayors whose parties remained in
power in the subsequent election or returned to power 4 years later. The years listed in the
columns indicate the election year when the mayor was reelected.

Table C.10: Summary Statistics - Convictions

Mean Sd Min Max N
Difference between conviction and filling year 6.488 3.627 0 22 7,471
Difference between registration and filling year 7.763 3.947 0 23 7,471
Difference between filling and election year 8.256 3.641 0 26 7,471

Note: The filing year refers to the year when the legal process was initiated. The conviction
year is the year in which the court issued the conviction. The registry year is the year the
case was entered into the Cadastro Nacional de Justiça system. This analysis considers cases
filed between 2000 and 2023. We exclude cases where the individual was convicted before
taking office as mayor. Additionally, we exclude cases where the conviction year is earlier
than the filing year, as this deviates from the expected process and likely indicates an error.
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Figure C.1: The Effects of Reelection Incentives on Corruption Over Time
(Brollo et al.)
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Note: This figure presents the coefficients from the OLS regression specified in Equation
2. All regressions include controls to Mayor’s characteristics and party affiliation, as well
as state and lottery intercepts. Mayor’s characteristics are age, gender and education. The
results are broken down by term. We restrict the analysis to observations within the same
term, excluding corruption associatedwith resources transferred in previous political terms
(see Appendix B for further explanation). Estimates includes data from 2003 to 2009 (lot-
teries 2-29). Each term spans a four-year period, with the exception of 2009, which includes
only the first year due to the last available lottery (29) being conducted in that year. Confi-
dence intervals are displayed at the 90% level.
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Figure C.2: Overall Effects of Reelection Incentives on Corruption
Only Reelected Mayors (All Available Years)
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Note: This figure depicts the coefficients from theOLS regression outlined in Equation 2. All
coefficients are normalized by dividing it by the outcome variablemean. All standard errors
are heteroscedasticity-robust. We estimate the impact of reelection incentives on corruption
using all available measures obtained from LLM, FF and Brollo et al.’s dataset. We restrict
the sample to consider only reelected mayors. All regressions include controls to Mayor’s
characteristics and party affiliation, as well as state and lottery intercepts. Mayor’s charac-
teristics are age, gender and education. For each variable, we plot its source in parentheses.
The regressions include different time coverage. Estimates using LLM variables includes
data from 2003 to 2015 (lotteries 2 to 40). We exclude lotteries 15, 16, 28, and 38 due to
their occurrence within the first six months of a political term (see Appendix B for further
explanation). FF’s data cover the 2003-2004 time period. Brollo et al.’s data are from 2003
to 2009 (lotteries 2-29), while CGU data are from 2005 to 2015 (lotteries 20 to 40). For both
Brollo et al.’s and CGU data, the analysis is restricted to observations within the same term.
Confidence intervals are displayed at the 90% level.
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Figure C.3: The Effects of Reelection Incentives on Corruption (FF)
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Note: The figure shows the share of audited resources involving corruption by themargin of
victory for incumbents who ran for reelection in 2000. The grey lines denote the confidence
intervals plotted for fitted lines at the 90% level. The regression used the optimal bandwidth
according to the minimum squared error (MSE) criteria (Calonico et al., 2014). We restrict
the observations, such that only mayors associated with a vote margin within the interval
of the optimal bandwidths are considered.
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Figure C.4: The Effects of Reelection Incentives on Corruption (Brollo et al.)
(a) Share broad corruption
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Note:The figure shows the share of audited resources involving corruption (Panels C.4a and
C.4b) the indicator for detected corruption (Panels C.4c and C.4d) by the margin of victory
for incumbents who ran for reelection. The grey lines denote the confidence intervals for
fitted lines at the 90% level. All regressions use the optimal bandwidth according to the
minimum squared error (MSE) criteria (Calonico et al., 2014). We restrict the observations,
such that only mayors associated with a vote margin within the interval of the optimal
bandwidths are considered.
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Figure C.5: Percentage of Worker’s Party (PT) Mayors Over Time
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Note: This figure depicts the percentage of elected mayors and first-term mayors affiliated
with the Worker’s Party over time. The x-axis represents the municipal election years.

Figure C.6: Example of Total Audited Amount

Note: This figure shows a table detailing the total audited amount for the Municipality of
Irauçuba-CE, audited during the third lottery.
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Figure C.7: Example of Exam Extension Information

Note: This figure provides an example of how information on exam extensions is presented.
The example is from the Municipality of Apiúna-SC, audited during the eighteenth lottery.

Figure C.8: Example of Fraud

Note: This figure illustrates an example of a fraud case detected in the audit report for the
Municipality of Irauçuba-CE, audited during the third lottery.
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Figure C.9: Convictions by Filling Year
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Note: This figure shows the distribution of convictions by filling year. The data is sourced
from the Cadastro Nacional de Justiça, filtered to include only convictions of current and for-
mer mayors. The filing year refers to the year the legal process was initiated. We exclude
cases where the conviction year is earlier than the filing year, as this deviates from the ex-
pected process and likely indicates an error. The decrease in the number of observations
for 2018 is partly due to the lengthy registration process, as detailed in Table C.10.
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Figure C.10: Convictions with Electoral Penalty by Filling Year
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Note: This figure shows the distribution of convictions associated with electoral penalties,
by filling year. The data is sourced from the Cadastro Nacional de Justiça, filtered to include
only convictions of current and former mayors. The filing year refers to the year the legal
process was initiated. We exclude cases where the conviction year is earlier than the filing
year, as this deviates from the expected process and likely indicates an error. The decrease
in the number of observations for 2018 is partly due to the lengthy registration process, as
detailed in Table C.10.
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