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Resumo
Este artigo estuda a relação entre a contratação pública e o financiamento privado de
campanhas políticas sob uma perspectiva diferente em relação à literatura existente.
Enquanto a maioria dos estudos se preocupa com o fenômeno do favoritismo a agentes
politicamente conectados na alocação de contratos governamentais, nós investigamos como
as doações de empresas para campanhas políticas respondem a resultados de procedimentos
licitatórios. Usando dados sobre licitações municipais ocorrendo no estado de São Paulo,
Brasil, no contexto do setor de engenharia e construção, empregamos uma estratégia de
descontinuidade de regressão para identificar o efeito de se ganhar um contrato adicional
sobre os resultados de doação das empresas. Encontramos que a probabilidade de doar
aumenta de 5 a 10 pontos percentuais após uma empresa vencer seu primeiro contrato.
Também mostramos que esse efeito é mais forte e concentrado naqueles contratos de maior
valor, e não restrito a um grupo específico de municípios dentro do estado. Os resultados
sobre contratos incrementais (ou seja, ganhar uma segunda, terceira ou quarta licitação),
no entanto, são inconclusivos.

Palavras-chave: Compras Públicas Municipais, Contribuição de Campanha, Licitações.



Abstract
This paper studies the relationship between public procurement and private funding of
political campaign under a different perspective with respect to the existing literature.
While most studies are concerned with the phenomenon of favoritism in the allocation of
government contracts to politically connected agents, we investigate how firms’ donations
to political campaigns respond to the outcomes of competitive procurement procedures.
Using data on municipal tenders taking place the state of São Paulo, Brazil, in the context
of the engineering and construction sector, we employ a regression discontinuity strategy
to identify the effect of winning an additional contract on firms’ donation outcomes. We
find that the probability of donating increases by 5 to 10 percentage points after a firm
wins its first contract. We also show that this effect is stronger and concentrated in those
contracts of higher value, and not restricted to a specific group of municipalities within
the state. Results on incremental contracts (i.e. winning a second, third or fourth tender),
however, are inconclusive.

Keywords: Municipal Procurement, Campaign Contributions, Government Contracts.

JEL Classification: D22, H57
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1 Introduction

The relationship between private funding of political campaigns and important
aspects of policy making, such as the allocation of government contracts, has been the
focus of much research in the fields of political economy and political science alike. On
that matter, a substantial amount of empirical works presents evidence suggesting that
politically connected firms can often obtain favoritism in public procurement allocation,
particularly via campaign contributions (Witko, 2011; Boas et al., 2014; Titl and Geys,
2019; Baltrunaite, 2020; Ricca et al., 2020). In addition, other studies investigate the
economic and welfare repercussions associated with favoring of certain private agents
by the public sector. They find that this phenomenon can often lead to less productive
firms being contracted, lower quality of public goods and inefficiencies in public spending
(Mironov and Zhuravskaya, 2016; Lehne et al., 2018; Titl et al., 2021). Also, firm-level
political connections can often be a substitute to innovation and deter productivity growth
(Akcigit et al., 2023).

A relevant share of these works estimate how firms’ donations to political campaigns
affect the allocation of public contracts to firms in the post-election period. A common
empirical strategy to identify the desired impacts in these studies is to employ close-
elections regression discontinuity designs, by comparing the allocation of contracts to firms
that donated to marginal winners of electoral races versus to the ones that donated to close
runner-ups (Boas et al., 2014; Arvate et al., 2016). Importantly, these works essentially
focus on a causal nexus going from corporate donations to procurement outcomes. To
our knowledge, however, there are no studies investigating the opposite direction in this
relationship. In this paper, we intend to fill this gap in the literature by analysing how
firm donations are affected by prior allocation of government contracts.

In particular, we investigate the role played by the outcomes of public procurement
procedures on firms’ decisions of how much to donate to political campaigns. To do so, we
leverage information from bidding procedures in the context of Brazil’s most populous
and economically relevant state, São Paulo. Using data gathered from the state’s Audit
Court (TCE–SP), we build a database of tenders taking place between January, 2018
and October, 2020, a month prior to that year’s local elections. Importantly, these are
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contracts signed by agencies of the public administration at the municipal level1. At this
stage, we focus on the contracting of engineering/construction goods and services, a sector
particularly interesting to our analysis due to the relatively higher size of contract values
and the close interaction between many of these firms with the public administration
(Colonnelli and Prem, 2022).

One key feature of this data is that, for each procedure, we have access to information
on the identity of competing firms and the prices bid by them. In light of this, we turn
attention to two competitors only, within any given tender: the winner and the one
that bid the lowest price outside of the winner’s (i.e. the runner-up). This allows us to
employ a regression discontinuity strategy by restricting the analysis to procedures where
the margin of difference between winner and runner-up firms is smaller than a given
threshold. Intuitively, for this subsample of “close-contracts”, a firm being the winner or
finishing second is plausibly uncorrelated with other confounding factors. In that way, a
RD approach can identify the causal effect of being awarded a contract for the cases where
both competing firms bid very similar prices. It is noteworthy, though, that lowest price is
not the sole criterium that decides the allocation of public contracts in Brazil. Depending
on various circumstances, like the type of good/service being contracted and the estimated
price, other factors can play a role in deciding which offer wins the auction. With that in
mind, we implement a fuzzy RDD, as prices do not perfectly assign the winner across our
sample.

Our main outcome of interest is firms’ contributions to political campaigns. We look
for donations made by firms competing in our sample of contracts to candidates running
for municipal offices (mayor and city councilor) within the state of São Paulo in the 2020
election. In that sense, one can access candidates’ various sources of revenue, which are
made available to the general public by Brazil’s Superior Electoral Court (TSE). There is,
however, one caveat. In September, 2015, a Supreme Court ruling prohibited firms from
financing electoral campaigns, a decision that would be later be reinforced by the approval
of Law 13.165/2015 by the Brazilian parliament. Contributions coming from individuals,
however, are still legal. We therefore turn attention to those donations made individually
by firm partners. We gather information on companies’ ownership structure from Receita
Federal’s Sócios dataset, which lists the identity of partners of formal businesses operating
in Brazil, and match it with individual donations data obtained from TSE to build this
1 Thorstensen and Giesteira (2021) compute municipal purchases in Brazil to represent about a quarter

of total government procurement in Brazil, 3% of the country’s GDP between 2002 and 2019.
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alternative outcome variable.

In our main estimating sample, we impose additional restrictions that curtail the
problem of firms appearing simultaneously as winners and losers of separate contracts,
leading to cross-contamination of control and treatment groups. We keep in the final sample
only those tenders for which the remaining firms won either zero or a single contract in
the whole sample2. We argue this procedure eliminates the issue of cross-contamination
without harming our identification strategy. It also implies that we identify a causal effect
of gaining a single contract, as opposed to zero. That is, the treatment we deal with here
refers to a change from zero to one municipal contract awarded.

We begin our analysis by presenting evidence that suggests the existence of a positive
impact of winning a government contract on the donating behavior of firms’ partners. Our
RD estimates indicate a statistically significant effect of a firm being awarded a government
contract on both the probability of their owners donating to an electoral campaign in the
following local election (2020) and the log of the amount donated. These impacts are of
substantial size, especially if compared to the average donating behavior of firms in the
control group. For instance, we estimate a 8-9 percentage point increase in the probability
of a firm contributing to campaigns, which is about 9 times the likelihood of a control firm
contributing in our sample (0-1%). Importantly, the estimated treatment effect is robust to
bandwidth selection and the inclusion of firm-level controls and municipality fixed effects.

Moreover, we conduct a few additional exercises in order to assess possible di-
mensions of heterogeneity. Thereby, we find that contracts that reward higher amounts,
with value above the median of the distribution of contract sizes, are the main drivers of
the effect, with smaller sized ones mattering little to firms’ donating decisions. We also
obtain evidence that the phenomenon studied here is not concentrated in a small set of
highly populated municipalities within the state of São Paulo. In that sense, estimates for
subsamples of contracts being signed at municipalities in the upper and lower half of the
distribution of population size are of similar magnitude, even though the former case is
more precisely estimated.

In addition, we try alternative sample restrictions, aiming to compute intensive
margin impacts. Here, when mentioning intensive margin, we refer specifically to variation
2 While this adjustment necessarily means that firms in the treatment group appear only once in the

final estimating sample, it can be that some control firms appear more than once. This, however, is
not very frequent in our setting. For instance, in the case of tenders decided by a margin smaller than
1%, only a single firm appears more than once in the control group.
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on the treatment variable. That is, we aim to differentiate a treatment consisting of a
change from zero to one public contract awarded, to other treatments, wherein firms that
already have won a positive number of contracts are awarded one more. To deal with this
issue, we shift attention to procedures whose marginal loser has been awarded, instead of
zero, a positive number (c > 0) of other contracts, with the marginal winner being awarded
one contract more (c + 1), i.e. that specific procedure being included in the sample. Hence,
we expect that the only difference between firms competing for a contract in this sample
is that one was exogenously assigned to it, while the other was not. That way, for a set
of sample restrictions defined by the parameter c ∈ {1, 2, 3}, we compute the intensive
margin treatment parameter of winning c + 1 contracts instead of c. In summary, due to
a drastic loss of sample size entailed when imposing these new restrictions, our results
on this matter are not conclusive. In order to curtail such an issue, we pool together all
samples indexed by c ∈ {1, 2, 3}, where c is the number of contracts won by the losing
firm in that particular tender, and estimate the RD coefficient in that new pooled sample.
This parameter should yield a type of weighted average of the intensive margin treatment
effects. Although the magnitude and signal of the coefficient are somewhat similar to the
baseline case, we find it to be statistically insignificant. Hence, we take these results as
evidence that winning the first contract appears to be more relevant to explaining firms’
donating behavior than obtaining a second, a third or fourth.

To finalize, we complement these results by putting to test the validity of the
RD identification assumptions. We make the argument that manipulation of the running
variable is unlikely to play a relevant role, particularly when it comes to our specific setting.
Besides, we present evidence of how the distributions of some important pre-treatment
covariates behave at the discontinuity. While it is true that the majority of selected
covariates seem to vary smoothly around the cutoff and all but one estimated coefficient
are statistically insignificant, the fact that some of them display somewhat high magnitudes
still warrant a certain degree of care before categorically confirming the causal nature
of our results. In that regard, more work is necessary in order to fully comprehend the
implications of these findings.

Our work contributes to a number of different literature strands. First and foremost,
we add to the substantial body of work that investigates political connections and favoritism.
In that sense, this phenomenon can occur through a multitude of dimensions. For instance,
Fouirnaies and Hall (2018) argue that campaign contributions can be strategically used
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by specific interest groups to obtain access to important political players and shape the
political agenda. Likewise, Faccio et al. (2006) show that politically connected companies
are more likely to receive financial assistance. The one dimension closest to our setting,
though, refers to the allocation of public contracts. And empirical evidence in that matter is
rather robust. Baltrunaite (2020) and Ricca et al. (2020) explore electoral reforms imposing
bans on corporate contributions in the contexts of Lithuania and Brazil, respectively, to
measure favoritism in the allocation of government contracts. The former finds that the
probability of a donating firm winning a procedure falls by 5 percentage points following the
reform, while the latter demonstrates that payment times of contracts awarded to campaign
donors increased after the ban. Both results are consistent with the idea of connected
firms getting special treatment from elected officials prior to the reforms. Similarly, Boas
et al. (2014) employ a close election RDD for candidates running for federal legislative
offices in Brazil, and estimate that donating to candidates from the ruling government
party that marginally win their races positively affects the total value of contracts awarded
to firms. Other papers find similar results for the US (Goldman et al., 2013) and Czech
Republic (Titl and Geys, 2019). A related strand of works analyse the economic and
welfare repercussions associated with the phenomenon described above (Mironov and
Zhuravskaya, 2016; Lehne et al., 2018; Titl et al., 2021). They mostly find that favoring of
politically connected firms can lead to resource misallocation. Importantly, these studies
are mainly concerned with the phenomenon of elected officials favouring their corporate
donors. As we’ve said before, we contribute to these works by presenting evidence of
a different sort of effect. That is, the allocation of government contracts affecting how
much firms choose to contribute to political campaigns. This particular question is largely
unexplored in the current literature3. We aim to fill this gap by providing estimates on
how engineering/construction sector firms’ donating behavior changes as a response to
winning public contracts within the state of São Paulo, Brazil.

Besides that, our article also relates to a parallel strand that assesses the effects
of public purchases on firm dynamics. Papers in this literature claim that government
purchases can function as important demand shocks that positively impact firm growth
(Ferraz et al., 2015; Lee, 2021) and improve performance during periods of crises (Goldman,
2020). Much like them, our work also leverages plausibly exogenous variation in the
3 The only work that we have found to discuss such a channel is Titl and Geys (2019), which employs

a difference-in-differences strategy to study favoritism in the allocation of government procedures in
the Czech Republic. The authors briefly provide evidence ruling out a “reverse causality" argument,
through which firms’ donations could be affected by prior procurement allocation.
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firm-level allocation of public sector purchases, but analyse its effects on a different set of
outcomes, more related to the political economy intricacies stemming from the relation
between the public sector and private agents.

This work also fits within a relatively novel research agenda that leverages rich
municipal procurement data. In that sense, a recent paper by Dahis et al. (2023) compiles
information from state Audit Courts in Brazil (TCEs) to create a unified dataset on
municipal procurement and budget execution covering more than half of the country’s
municipalities and about 40% of its population (MiDES – Microdados de Despesas de
Entes Subnacionais). Structurally, this compiled dataset is very similar to ours, as it
provides information, at least for tenders in some specific municipalities, on the list of
firms competing for it. One advantage of our data is that we observe the bids made by
each firm, which we use to construct the running variable. At the beginning of this work,
we had no knowledge regarding the existence of MiDES dataset, since it had not been
published yet. As we move forward with this research topic, we intend to put effort into
exploring the richness of MiDES dataset, as an alternative to the one we’ve used so far, as
it covers a substantially greater number of municipalities.

The paper proceeds with 5 more chapters, apart from this introduction. Chapter 2
details the institutional framework that regulates government procurement in Brazil, the
importance of the engineering/construction sector and specificities regarding the country’s
electoral cycle and the financing of political campaigns. Chapter 3 discusses the data used
for the main empirical analyses. Chapter 4 exposes the empirical setting and identification
strategy employed. Chapter 5 describes the main set of results, extends the findings
towards possible dimensions of heterogeneity, and discusses the validity of the identifying
assumptions. Chapter 6 concludes.



16

2 Institutional Background

2.1 Public Procurement and the Engineering Sector

The institutional framework that governed public procurement in Brazil during
the period of our sample of contracts was established by Law 8.666/19931. This setting, in
summary, has defined the procedures to be acquiesced by public entities all over the country
when contracting goods and services from private suppliers. In general terms, the existence
of such a regulatory system serves the purpose of guaranteeing higher levels of efficiency
and quality to public spending, by establishing objective and impersonal criteria to be
attended by the public administration when purchasing from other parties. By restricting
the discretionary power of public administrators, these sets of rules and requirements
are mechanisms designed to prevent resource misallocation and corruption. These rules
apply not only to direct administration bodies, but also to special funds, agencies, public
foundations, public and mixed capital companies and other entities controlled directly or
indirectly by the Union, states, Federal District and municipalities.

The process as a whole is divided into several stages. Following the release of the
public notice (Edital de Licitação) – a document that establishes the entirety of the ruleset
to be applied in a specific procedure – all interested firms must register as participants.
In order to be qualified as a potential contender, they must adhere to the financial and
technical standards established by the notice. These conditions are later evaluated at the
qualification phase. Firms then submit their offers to the public entity; these offers are
judged according to the criteria prescribed in the notice. A decision is then made and the
victor must go through a final conference of documents, to check for the adherence (or
lack thereof) of the necessary standards.

In this paper, we look at contracts signed by public entities that operate at the
municipal level, within the state of São Paulo. These include not only city halls, but
also other branches of the public administration such as municipal departments, public
1 As of April, 2023, public procurement in Brazil is regulated solely by Law 14.133/21. Although there

are several novelties brought by the new legislation, they are of minor importance to the design of our
research. These consist mostly of the definition of new modalities, as well the extinction of others and
the setting of new judgement criteria – the details of which we won’t explore in greater detail.
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companies and other agencies.

At this stage, our work focuses solely on the engineering and construction sector.
This sector is particularly interesting for our analysis, as it is widely known for the frequent
interaction between firms and government entities and, more so, the high exposure to local
corruption, as reported by Colonnelli and Prem (2022). Moreover, another reason to look
in greater depth into the relationship between the allocation of government contracts and
the funding of political campaigns specifically when it comes to construction/engineering
firms is that contract values are on average much larger, if compared to the cases of other
sectors that are similarly classified as “government dependent".

2.2 Municipal Elections and Campaign Finances

The electoral cycle in Brazil is comprised of two distinct types of elections, each
separated by a two year period. These can be general elections, in which people gather to
vote for representatives to occupy federal and state level offices, in both Executive and
Legislative branches, or local elections, wherein the allocation of offices at the municipal
level is decided. In this paper, we pay closer attention to municipal elections, happening
once every four years, through which the mayors and city councils are chosen by voters of
each of the country’s 5.568 municipalities. More specifically, we leverage information on
the donations that took place in the context of elections in the places from which we draw
our sample of contracts, i.e. São Paulo’s 645 different municipalities.

There are four main sources of funding of political campaigns in Brazil. Public
transfers guaranteed by the Fundo Partidário assure the continuous functioning of political
parties and, together with resources from the Fundo Eleitoral, which are made available
solely during election times, comprise the two main public sources of funding of political
campaigns in the country. Furthermore, candidates may receive donations from individuals
(Pessoas Físicas) and can also spend their own resources to finance their campaign activities.
In our empirical setting, we’ll take a deeper look at the behavior of these donations coming
from citizens, notably those partners of firms that were awarded a public contract in the
years prior to the 2020 election.

When it comes to the funding of political campaign, Brazilian legislation obliges all
revenue sources to be publicly disclosed. That said, in a ideal empirical setting, we would
observe the total amount donated directly from firms to candidates. Since 2015, however,
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with the implementation of Law 13.165/2015 following a previous decision by the Supreme
Court, firms are not allowed to donate to politicians’ electoral campaigns. Donations made
by individuals, however, are still permitted. In this context, we turn attention to firms’
partners donations as a proxy to what the firm itself would have donated, were it allowed
to do so by the legal framework.

Of course, the fact that we use partners donations as our main outcome of interest
may suggest a possible limitation of our study, to the extent that we may not be observing
the entire set of contributions de facto occurring. That is, one can think that firms’
donations may appear not only through owners and partners but also via their relatives
and/or other off the books means. Indeed, while this is truly an important concern, we
argue that it would likely attenuate our estimates. The logic behind this reasoning is
simple: it is natural to think that donors are more likely to “hide" their contributions
if they were the recipients of government contracts in the past. If that is so, we should
expect the positive impacts estimated to be, in fact, attenuated, as the instances where
contract winners contribute through ways we do not observe would be more frequent than
the cases in which donations are concealed by the losers.
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3 Data

As mentioned before, our work’s main empirical analyses focuses on the state of
São Paulo, the largest and most economically relevant in Brazil. We draw attention to
contracts signed between public entities at the municipal level and firms operating in the
engineering/construction sector, an industry widely known for its intrinsic relationship
with countrywide public administration (Colonnelli and Prem, 2022). Our data on public
contracts is gathered from the São Paulo State Accounting Offic. We have information on
every contract that underwent a bidding procedure between 2018 and October, 2020 – one
month prior to the 2020 elections.

Importantly, for each of these contracts, we have access to a list of all qualified
firms and the prices offered by them (bids), among other variables such as the type of
product/service to be acquired and the municipality where it takes place. Within the
database, a contract (tender procedure) is usually indexed by two variables: the contracting
public entity and a procedure number. There is, in addition, a third variable that plays a
role in how we define a contract in the context of our empirical analyses. In some cases, a
tender might be divided into batches; that is, separate categories of goods/services to be
purchased by the public entity. For those procedures that list different winning firms for
each of these batches, we consider the batches themselves as separate contracts. Hence,
we are left with a set of contracts with information on the identity of competing firms,
their bids and the winning party. With that being said, we restrict our sample to those
contracts where a single winner can be found listed among the qualified firms, and also
with a minimum of two competing firms qualified to the final bidding stage.

Moreover, we make use of Brazil’s Federal Revenue Office (Receita Federal) data
on firms’ ownership structures (Sócios dataset), alongside with Superior Electoral Court
(TSE) information on the 2020 election campaign finances to determine the amount
donated by each firm in our sample to candidates in the São Paulo state 2020 municipal
elections. The former dataset lists, for the universe of formal businesses operating in Brazil
as of September 2020, all partners and their respective names and fiscal identification
numbers (CPF). The latter contains information on individual donations made to political
campaigns in the 2020 election, as informed by campaigns to the electoral courts. We
observe the total amount contributed by each individual donor, and the recipients of these
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donations.

In that sense, we match the list of donors to that of firm owners to determine the
amount donated by firms’ associates/partners in the 2020 election. This is necessary due to
the fact that – as previously mentioned – since 2015 firms cannot donate directly to political
campaigns. Therefore, we turn our attention to partners’ donations as the main outcome
of interest. Here, we are faced with the issue that Receita Federal’s Sócios dataset does not
fully display a partner’s CPF. In fact, the information it contains omits the first three and
last two digits of the CPF, making it insufficient to properly identify an individual. To
deal with this issue, we use full names as an auxiliary variable in the matching procedure.
That is, we only consider as a match those observations that contain not only the same
“partial" CPF, but also identical names. We acknowledge this is an extremely conservative
matching criterium, as it leaves open the possibility of some partners in our sample being
left out of the final pool of donors, when in reality they did donate. Conversely, however,
an upside of our choice is the fact that it is impossible for there to be a “false positive"
match – that is, a non-donor being treated as a donor.

Apart from that, data from Relação Anual de Informações Socias (RAIS) and the
Brazilian Statistics and Geography Institute (IBGE) are leveraged to be used as firm and
municipality level controls.
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4 Empirical Strategy

In order to evaluate the effects of winning a government contract on firms’ donations,
we employ a regression discontinuity strategy, by focusing on close contracts. Here, it
is important to note that we are deeming the percentage distance in firms’ bids as the
main measure of how closely decided the allocation of a contract was. It is notewhorthy,
however, that prices are not the sole criterium employed to decide the allocation of public
procurement in Brazil. As we’ve anticipated, all the details of the decision-making process
are always established by the public notice. Unfortunately, we do not have access to
these notices and, therefore, cannot properly observe the criteria adopted in each contract.
Nevertheless, it appears to be the case that lowest prices was the deciding factor in a
substantial part of the sampled contracts, and we provide further evidence of that going
forward.

Furthermore, in our main exercises, within any given contract, we restrict attention
only to the two competitors that bidded the lowest prices. That is, we adjust our sample
so as to keep only observations from contract winners and “runners-up". Hence, for each
contract, our estimating sample contains observations from the firm listed as the procedure’s
winner and the firm that bidded the lowest price outside of that winner. Summary statistics
for this sample can be found on column “Full Sample" of Table 1.

Given the fact that prices do not perfectly determine contract allocation, we
implement a fuzzy RDD, with the running variable defined as the relative percentage
difference in the bids of the winner and runner-up. Since these are reverse auctions, we
multiply the difference by -1; that way, positive values of the running variable should be
associated with those companies that bid the lowest price in their respective tenders.

Zi = −
(

bidi − bid−i

bidwinner

)
(4.1)

A causal interpretation for the estimated parameter relies on the assumption that
the allocation of a winner is as good as random in those contracts for which the difference
in bids between first and second place is sufficiently small (smaller than a given bandwidth).
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Importantly, our strategy can be summarized by the equation system specified below:

Winneri = α0 + α11{Zi ≥ 0} + α2Zi + α3Zi × 1{Zi ≥ 0} + X′γ + νi (First Stage)

Yi = β0 + β11{Zi ≥ 0} + β2Zi + β3Zi × 1{Zi ≥ 0} + X′γ + ϵi (Reduced Form)

with Y being an outcome of interest, Z defined as in (1) and X being a vector of controls,
which are included in some complementary exercises, though not in the main specification.
These consist on municipality fixed effects and a variety of firm-level covariates, such as
number of partners/workers and contributions made in previous election years. Under
standard RD and IV assumptions, the parameter β1/α1 identifies a local average treatment
effect at the cutoff point (Z = 0).

We compute the estimations using Calonico et al. (2015) rdrobust package, which
by default implements a data-driven algorithm to optimally select the RD bandwidths.
However, in our case, we opt to manually input the bandwidth to be used, as the selected
ones are unreasonably high1 . We report our main results using values of 1% and 0.5%, but
provide evidence that the estimations are robust to other reasonable bandwidth choices.

There is, however, one final complication to be addressed. Since we are looking at
firms competing for the allocation of public purchases over time, we should expect many
of them to have taken part in multiple procedures during our sample period. That, on its
turn, leads to the issue of some firms appearing simultaneously in treatment and control
groups, damaging the interpretation of the coefficient, a problem also discussed in Ferraz
et al. (2015). To deal with this, we make one final adjustment to our estimating sample.
Specifically, we focus on those close contracts for which the two remaining competing
firms won either zero (in the runner-up’s case) or one single (in the winner’s case) contract
throughout the period covered by the dataset. That is, we restrict our final estimating
sample to look solely at those marginally decided procedures such that both competing
firms have not been awarded any other contract. On one hand, the restriction imposing
that the “runner-up" firm can’t have been awarded any contract at all assures that the
firms in control group can never appear as treated2, and vice-versa. On the other, by
imposing that the winning firm of any contract in our final sample must have had a single
contract awarded to it (i.e., that specific tender that we are keeping in the final sample)
ensures a greater degree of comparability between control and treatment group. Ideally,
1 They assume values of around 15% - 17%, depending on the outcome variable.
2 Notice, however, that we cannot assure that in this final sample, all runner-up firms have never been

allocated a public contract prior to the beginning of our sample.
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in this sample, the single difference between the two remaining firms competing for any
given tender – that is, control and treated firms – is that the winner was (exogenously)
assigned that one public contract. Ultimately, this also means that the causal parameter
we estimate here refers to changing the number of awarded contracts from zero to one,
which is effectively an extensive margin effect. While the main set of results are presented
taking into account these restrictions, in some of the robustness checks we relax and/or
change some of them.

Summary statistics regarding the final estimating sample can be found on Table
1, on the “RD Sample" column, as well as statistics for those contracts that fit within
the selected bandwidths of 1% and 0.5%. Moreover, Figure 1 displays the distribution of
the running variable along our final RD sample. The upper panel plots the distribution
of these values along the entire sample3, while the lower panel considers values for the
pool of contract winners only. Importantly, notice that there exists a substantial mass
of closely-decided contracts: 218 – more than half – out of a total of 406 contracts were
decided by a difference of less than 5% between the winner’s and runner up’s bids4. Not
only that, it becomes clear from analysing the lower panel that, indeed, lowest price
appears to play a major role in deciding the winner of government contracts, reinforcing
the strength of the first-stage in our fuzzy RD specification.

3 Notice that the distribution of the running variable for the whole sample is symmetrical by construction.
To see this, consider any given tender with competing firms i and −i. Clearly, from equation 4.1 it is
always the case that Zi = −Z−i.

4 See Table 12.
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5 Results

In this section, we detail the paper’s main results. We first present evidence
suggesting that being awarded a government contract seems to positively affect the
probability of donating in the following election. We estimate this effect to be large
(an increase of about 9 percentage points) and robust to alternative bandwidth choices
and inclusion of controls. Additional exercises indicate that this effect appears to be
concentrated in the allocation of contracts of higher value, and not restricted to a specific
group of municipalities within the state of São Paulo. We also compute estimates for
intensive treatment effects, by changing the way the final sample restriction is constructed.
Results on this matter, though, are inconclusive, due to the great loss of statistical power
entailed from the sample size reduction originated from the changes made to the original
sample restriction.

Furthermore, we make a case against the presence of running variable manipulation
by the observational units and conduct a number of balance tests in order to check the
validity of the RD identifying assumptions in our particular empirical setting. They suggest
that we should exercise caution before unequivocally asserting that the primary evidence
is of a causal nature.

5.1 Main Results

Table 2 contains the main results of the estimations for the causal effects identified
by our fuzzy RDD. We take into consideration two outcomes of interest: the dummy that
signals whether or not a firm donated to a political campaign in the 2020 elections and
the log of the total amount donated. Evidently, when it comes to the latter case, we are
faced with the issue that the natural log is not defined at zero. Thus, we instead make the
common approach of transforming the log of the outcome to a function that is properly
defined at zero and behaves similarly to the natural log for large values of Y . In that sense,
we report the estimates for three separate transformations1 of the second outcome: adding
one prior to taking the log (ln(1 + Y )), taking the inverse hyperbolic sine (arcsin(Y )) and
1 Chen and Roth (2024) point out the issues with these sort of transformations, specifically that

coefficients in these settings should not be interpreted as percentage changes.
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the level of donations itself (Y ). In Table 2 below, the second column shows the effect on
the transformed log of the value donated. Results for the other specifications of the second
outcome can be found in Tables 13, 14. Standard errors are clustered at the municipality
level.

As can be seen, we estimate large and, at least for the 1% bandwidth, significant
effects of winning a government contract on donations from firm owners to political
campaigns. Due to our sample restrictions detailed previously, the treatment we deal with
here consists of a change from 0 to 1 public contracts won. Hence, this evidence suggests
that, indeed, firms donate more, and more often, after winning a contract. Moreover, the
effects appear to be substantial, specially when taking into account the control group
means: an increase of around 9 percentage points in the probability of a firm donating,
about eight times the size of the control group average.

Table 3 extends the results above by considering a specification with the inclusion
of municipality fixed effects. Notice that the point estimates remain largely unchanged,
with a decrease in the residual variance leading to more precisely estimated effects.

These estimates are also robust to bandwidth selection. Figure 2 and 3 below plot
the estimated effects and their respective 90% confidence intervals against a variety of
choices of bandwidths2. Notice that in almost all of them, the coefficients are significant at
10%. Moreover, it appears to slightly increase its size the tighter our bandwidth choice is.

5.2 Heterogeneity and Extensions

5.2.1 The role of Contract Sizes

Thus far, we have shown evidence that winning a government contract seems to
positively impact the political contributions from firm owners. That said, it might be
interesting to know how this effect relates to the value of contracts being awarded. For
instance, one might intuitively think that contracts of higher value induce the bulk of the
estimated increase in donations.

In order to assess this possibility, we conduct the following exercise. First, we
divide our original RD sample in two separate halves according to the median value of
2 In the figures, we plot the coefficients and confidence intervals derived from the estimation with the

inclusion of municipality fixed effects
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the distribution of contract values – which is R$ 147,000.00 in our main sample – and
then proceed to estimate the same specification as before for these two separate datasets.
It is important to mention that, already in the main setting, we are faced with the
problem of there being a very small number of donors in the observations falling within
the RD bandwidth. Naturally, this procedure entails a substantial loss in sample size, thus
aggravating even more the aforementioned issue, which could, on its turn, diminish the
precision of our estimates. In order to curtail this issue, we opt to impose bandwidths
marginally more flexible than the ones we have used so far.

Table 4 below displays the estimated effects for bandwidths of 2% and 1%. Notice
that only coefficients for the sample of contracts with values above the median are
significant. More than that, also the magnitude of these coefficients is much greater in the
case of procedures that award a larger value to its winner. Clearly, this evidence suggests
that not every contract matters. In fact, larger contracts are the ones that play a deciding
role in influencing firm partners decisions to contribute to electoral campaigns.

To corroborate this evidence, we show how these coefficients behave over a variety
of bandwidth choices. Figure 4 plots these estimates and their respective 90% confidence
intervals. Notice that for all bandwidths, we estimate a positive and significant effect for
the sample of contracts whose value is above the median of R$147,000.00. On its turn, the
coefficients for the complementary sample of are indistinguishable from zero through and
through.

5.2.2 Population Size

Another potentially interesting topic regarding our research setting is the relation-
ship between population size and the magnitude of the effect across municipalities. There
are a number of potential mechanisms that could lead to a stronger causal link between
the allocation of public contracts and firms’ campaign contributions in either larger or
smaller municipalities. For instance, one might think that the lack of fiscalization and
oversight in smaller cities might bring about an environment more propitious to corruption
and the emergence of quid pro quo arrangements between the public sector and private
agents. Others may argue, instead, that we should expect that the allocation of government
contracts in larger, more profitable cities, is more likely to influence donations from firm
owners. In that sense, we conduct a similar exercise as the one in the previous section, in
order to check if the estimated effect is concentrated in any specific group of municipalities.
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We gather data from IBGE and, again, divide our main sample into two subgroups
according to the population of the places where each procedure occurred. We perform
the exact same exercise as before, i.e., we break up the sample of contracts using the
median number of inhabitants of municipalities in our sample (45,298) as a cutoff, and
then estimate the same main specification in those two separate samples. That way, we
effectively pool together only the most relevant and dynamic cities together, apart from
the rest, and can assess how the estimates behave in each separate sample. Results are
displayed in Table 5 and Figure 5.

Importantly, notice that, while it is true that the effect is only statistically significant
in larger cities, the magnitude of coefficients in both samples are very close to each other. If
anything, the coefficient estimated for municipalities below the population median appear
to be slightly bigger. Thus, we find it difficult to point out any sort of prevalence of the
effect in one group of municipalities over the other. Instead, we take these findings as
evidence that the phenomenon we analyse in this paper seems to occurs independently of
population size.

5.2.3 Intensive Margin Treatments

Until now, we have concerned ourselves mainly with how a change from zero to one
public contract awarded to firms affects the amount their owners contribute to politicians
in the following electoral campaigns. The very nature of the sample restriction imposed
implies that all the results computed thus far concern a sort of extensive margin treatment.
There are, however, a number of reasons as to why one should also care about intensive
margin treatments. Understanding effects of this nature might also help to think more
clearly about the mechanisms at play. In this section, we attempt to derive a few lessons
about how firms react to winning an additional procedure to a pool of existing contracts
signed with the public administration at the municipal level.

In order to study these effects, we alter the sample adjustment made in the main
exercises. In particular, we change the restriction imposed in a way such that the resulting
sample of contracts reflects a setting appropriate to the identification of intensive margin
treatment effects. Simply put, consider a positive number of contracts c > 0. We argue
that in a sample of procedures such that all competing firms were awarded either c or
c + 1 total contracts, it is possible to identify the causal effects of interest under standard
RD assumptions. The basis for this argument is that, within any given marginally decided
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procedure in this sample – under the RD identifying assumptions that assure that the
allocation of a winner is exogenous at the cutoff – competitors are similar except for the
fact that one was assigned as the victor and the other was not. It is worth mentioning
that the sample adjustment conducted in the main exercises, which we used to estimate
an extensive margin treatment, is just a particular case (c = 0) of the one proposed in this
section. Likewise, this also eliminates the possibility of firms appearing in both treatment
and control groups, as all treated and control observations must have c + 1 and c contracts
won, respectively.

That said, by fixing a given c, we can estimate the impact on firms donations of a
treatment consisting of winning c + 1 contracts instead of c. Table 6 displays these results
for c ∈ {1, 2, 3}, and compares them to the extensive margin scenario (c = 0).

Notice that coefficients are only significant for the baseline case. Unfortunately,
this evidence seems rather inconclusive: due to loss of statistical power associated with
a low number of observations remaining after the new imposed restrictions, we cannot
confirm categorically the existence of a positive impact on firms’ campaign contributions
stemming from the third and fourth contracts, even though their estimated coefficients
are even larger than the baseline case.

In order to address the issue expressed above, we try an alternative exercise. This
time, instead of treating procedures indexed by c separately, we pool them together in
the same sample. Then, the resulting data consists of tenders whose runner up firms were
awarded any number between one and three contracts throughout the coverage period,
with the winner being awarded one more than the loser. We estimate the same fuzzy RDD
specification as before. The idea is that the identified parameter is a weighted average of
the intensive margin treatment effects of a firm winning an additional tender to a stock of
c contracts, with c ∈ {1, 2, 3}.

Table 7 displays the results for the baseline case (c = 0), the sample pooling
together the intensive margin cases (c ∈ {1, 2, 3}), and also a mixture of the intensive
with the extensive margin samples (c ∈ {0, 1, 2, 3}). Importantly, notice that coefficients
for the “Intensive Only” column are not statistically significant, even though they display
magnitude similar to the baseline ones. This evidence leads us to believe that winning the
first contract is more relevant to explaining the donating behavior of firms than incremental
changes in the stock of contracts awarded. However, we do not entirely rule out that
further tenders have a positive impact on campaign contributions, as even with the pooling
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adjustment, the sample size is still substantially smaller than the baseline case. Thus, it
might be simply a problem of lacking statistical power.

5.3 Discussing Manipulation, Covariate Smoothness and Controls

In this section, we discuss the validity of the identification assumptions in the
context of our particular framework. First off, it is often the case in RD research designs
that authors check for discontinuities in the running variable density at the cutoff point.
Tests such as the one proposed by McCrary (2008) aim to assess the presence of these
jumps, whose existence is often associated to manipulation of treatment assignment by
observation units. In our empirical setting, however, the absence of running variable
discontinuities at the cutoff point holds by construction, since it is symmetrical with
respect to the two firms competing for a given contract, as can be seen in the upper panel
of Figure 1.

This, however, does not entirely rule out the possibility of manipulation by firms.
One could consider the prospect of firms coordinating their offers across different bidding
procedures, with the goal of sharing their values and obtaining a surplus relative to the
competitive scenario. If, for instance, the same firms compete for multiple contracts and
have access to competitors’ bids, they could collude so that in a given procedure, one firm
bids a price marginally lower than the other, while in another, the inverse occurs. Clearly,
a situation like this would be harmful to our identification strategy.

Nevertheless, we believe that collusion of this nature is unlikely to occur in our
setting. Firstly, because the institutional framework that regulates public purchases in
Brazil prohibits firms from accessing offers made by competitors. They must remain sealed
until the official date of their opening. Still, this does not totally rule out the cases in
which firms communicate their bids through unofficial channels. Even so, we argue that
collusion between firms is particularly unlikely to happen in our main RD sample. That is
because we are dealing with procedures such that the losing firm can’t have won a single
contract throughout the covered period. This is important because most situations of
coordination, such as the one exemplified previously, involve firms sharing the awarding of
different contracts, which cannot happen in our restricted sample.

Another fundamental assumption to derive a proper causal interpretation from
our RD exercises refers to the behavior of pre-treatment data. In that sense, we conduct
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exercises in order to assess the distribution of covariates and test for the presence of
discontinuities at the cutoff point. Ideally, firms competing in close contracts are similar
in observable and unobservable variables except for the fact that one of them was awarded
the contract, an assignment strongly (but not perfectly) explained to the running variable.
By conducting some of these exercises, we are able to check if this is indeed true, at least
when it comes to observable characteristics.

That being said, we turn attention to two different categories of firm-level covariates.
First, we look at workforce and ownership structure metrics. We use data from RAIS 2016
– hence prior to the beginning of our sample period – to compute the number of employees
working at a firm by the end 2016 and the total amount paid in wages in December of
that year. Apart from that, we also derive the number partners of a given firm, leveraging
information from Receita Federal’s Sócios dataset. Secondly, we examine previous patterns
of political campaign contributions, by recovering firm donations made to candidates in
municipal elections prior to the 2020. Evidently, one should expect these to be unaffected
by contracts awarded after 2018.

Essentially, we conduct the same estimations as the ones used in the main set of
results, changing the outcome variable accordingly. This allows us to check if the discon-
tinuity in the assignment variable also generates a discontinuity in these predetermined
covariates. Table 8 displays the results of these balance exercises for the first set of variables.
Panel A exhibits the RD coefficients taking as outcomes firms’ total number of partners.
The first column considers both individuals (Pessoas Físicas) and other companies, while
the second counts only individuals. Panel B does the same, taking as outcomes the number
of people working at the firm at the end of December, 2016, and the total amount paid in
wages in that same month. Notice that none of the coefficients are statistically significant.
It is true, however, that the coefficients in Panel B are particularly large, in comparison
to the average of losing firms. This indicates that there might be some sort of selection
happening at the discontinuity, which would definitely be an issue with regards to our
identification assumption. Specifically, it appears to be the case that marginal winners are
slightly smaller firms, in terms of the number of workers and wage bill.

Apart from balance tests, we also include these same covariates, i.e. firms’ total
number of workers, wage bill, and partners (total number and individuals only), as controls
in the main specification, and analyse how the estimated effects of interest react to it.
Table 9 shows the new coefficients following the inclusion of the four variables above as
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controls, in comparison with the baseline case. We take some comfort in the fact that
coefficients do not seem to be affected by these changes at all.

Having said that, we now bring to the fore a different category of covariates. In
summary, we look at contributions made by firms in our main sample to candidates running
for office in municipal elections prior to 2020. As we’ve mentioned, Brazilian municipalities
hold local elections once every four years. Here, we compute the amounts donated by firms
in the 2016, 2012 and 2008 races. Importantly, one should keep in mind that the decision
to ban corporate donations came in 2015. Hence, for the 2012 and 2008 races, companies
were still allowed to donate, and, therefore, we can observe the donations made by firms
directly, and don’t need to necessarily look for their partners’ contributions.

Table 10 presents the coefficients of the main RD specification, taking the donations
from each of these previous campaigns as outcomes. More specifically, the outcome here is
the dummy of whether or not a firm contributed to any candidate in the respective year.
Indeed, there appears to be no statistically significant difference between marginal winners
and losers of contracts in our sample with respect to their donations in 2016 and 2008.
We find it puzzling, however, that the coefficient taking 2012 donations as the outcome is
positive and of similar magnitude to the effect we estimate for 2020.

To complement, we include these donation dummies as controls in the original
specification and check how coefficients are affected. Table 11 displays the results. Notice
that, again, the inclusion of these covariates as controls in the main specification does not
affect the estimated effect at all.

Taken together, these results point out that we must take special care before
categorically making causal claims about the nature of the main result presented in this
paper. While it is true that the distributions of most covariates we’ve tested for are actually
smooth around the cutoff, the magnitude of some coefficients estimated in this section
might be an indicator of the existence of selection towards determined firm characteristics,
even in close contracts. Even so, we’ve shown that the main effects are, at the very least,
robust to the inclusion of these covariates as controls in the regression specification.
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6 Conclusion and Final Remarks

In this paper, we investigate the role played by the allocation of municipal con-
tracts in determining campaign contributions by firms, in the context of the engineer-
ing/construction sector in the state of São Paulo, Brazil, a topic yet largely unexplored in
the current literature. We present evidence suggesting that winning a contract positively
impacts the probability of a firm donating in the following election. Results are largely
robust to different bandwidth choices and inclusion of controls. These findings contribute
to a number of different literature strands, in particular the works that analyse the rela-
tionship between private funding of political campaigns and policy making, specially when
it comes to the allocation of public purchases. We do this by leveraging a unique dataset,
starting from 2018, that contains information for all bidding procedures on the identity of
competing firms, their bids, the good/service contracted, among other variables.

As was previously mentioned, we believe this article proposes a research question
that up until now has stayed on the sidelines of the political economy literature. With that
being said, we believe that more research is needed in order to strengthen the findings
made so far and to address other related questions. For instance, it is still unclear to us
what possible mechanisms can be relevant to determining the channels through which
the effects analysed take place. Furthermore, our analysis so far is concentrated in a
very particular context, i.e. municipalities in the state of São Paulo contracting from
engineering/construction firms. We believe a broader approach would be required if one
is to understand the topic at hand to its fullest extent. Further steps are also needed in
order to better comprehend the results of the covariate balance tests we obtained in the
previous chapter. Nevertheless, we believe this paper takes important empirical steps to
delineate the causal link going from the allocation of public contracts to private funding
of electoral campaigns.
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APPENDIX A – Tables and Figures

Table 1 – Summary Statistics

Full Sample RD Sample Bandwidth
1% 0.5%

Panel A: Observations
Contracts 11,220 406 87 46
Firms 4,024 795 170 91
Panel B: Contract values (R$)
Mean 5,794,611 2,551,070 944,256 1,204,588
Median 305,083 147,000 165,452 212,809
Panel C: Donations
% Donated 2.76 3.02 2.91 3.30
Mean donation 272.43 211.46 125.00 181.32
Mean donation (conditional) 9,876.11 7,004.75 4,300.00 5,500.00
Median donation (conditional) 3,000.00 3,500.00 4,000.00 5,000.00

Notes: This table provides summary statistics for the full sample, the final “RD Sample" (i.e.
observations from contracts whose remaining competing firms won either zero or one procedure
during the sample period) and also the observations whose running variable value fits within
the bandwidths of 1% and 0.5% respectively. Panel A displays the number of contracts and
competing firms for each of these samples. Panel B presents statistics on the value of contracts.
Panel C displays information on donations.
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Table 2 – Main Results

Donated ln(Value Donated)

Winner 0.086* 0.091 0.694* 0.730
(p-value) (0.074) (0.117) (0.069) (0.124)

Mean Control Group 0.011 0 0.095 0

Bandwidth 0.010 0.005 0.010 0.005
Effective Sample Size 174 92 174 92

Notes: This table provides estimates for the treatment effect identified by the main specification,
expressed in equations First Stage and Reduced Form, i.e. the effect of winning a government
contract. The first two columns report the impacts on the probability of a firm donating to an
electoral campaign in the 2020 election, and the last two report impacts on the log of firms’
donations in that same year – for bandwidths of 1% and 0.5%. The third line computes the
average of the respective outcome variable for observations in the estimating sample’s control
group, i.e. losing firms. Standard errors are clustered at the municipality level.* Significant at
10%; ** Significant at 5%; *** Significant at 1%.

Table 3 – Main Results – Municipality Fixed Effects

Donated ln(Value Donated)

Winner 0.086** 0.091** 0.694** 0.73**
(p-value) (0.019) (0.042) (0.018) (0.047)

Mean Control Group 0.011 0 0.094 0

Bandwidth 0.01 0.005 0.01 0.005
Effective Sample Size 176 92 176 92
Municipality Fixed Effects Yes Yes Yes Yes

Notes: This table provides estimates for the treatment effect identified by the main specification,
expressed in equations First Stage and Reduced Form, i.e. the effect of winning a government
contract, with the inclusion of municipality fixed effects. The first two columns report the impacts
on the probability of a firm donating to an electoral campaign in the 2020 election, and the last
two report impacts on the log of firms’ donations in that same year – for bandwidths of 1% and
0.5%. The third line computes the average of the respective outcome variable for observations
in the estimating sample’s control group, i.e. losing firms. Standard errors are clustered at the
municipality level.* Significant at 10%; ** Significant at 5%; *** Significant at 1%.
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Table 4 – Contract Size Heterogeneity

Donated ln(Value Donated)

Panel A: Above Median

Winner 0.099*** 0.110** 0.802*** 0.886**
(p-value) (0.010) (0.017) (0.008) (0.014)

Mean Control Group 0.013 0 0.081 0

Effective Sample Size 160 112 160 112

Panel B: Below Median

Winner -0.009 0.013 -0.073 0.109
(p-value) (0.301) (0.265) (0.301) (0.265)

Mean Control Group 0.017 0.032 0.141 0.268

Effective Sample Size 118 62 118 62

Bandwidth 0.02 0.01 0.02 0.01
Municipality Fixed Effects Yes Yes Yes Yes

Notes: This table provides estimates for the treatment effect identified by the main specification,
expressed in equations First Stage and Reduced Form, i.e. the effect of winning a government
contract, with the inclusion of municipality fixed effects, for two separate subsamples, based on
the contract size. Panel A displays the estimates on a sample of firms competing for contracts
whose value is above the “RD Sample" median. Panel B displays the estimates on a sample
of firms competing for contracts whose value is below the “RD Sample" median. The first two
columns report the impacts on the probability of a firm donating to an electoral campaign in
the 2020 election, and the last two report impacts on the log of firms’ donations in that same
year – for bandwidths of 2% and 1%. The third line in each panel computes the average of the
respective outcome variable for observations in the estimating sample’s control group, i.e. losing
firms. Standard errors are clustered at the municipality level.* Significant at 10%; ** Significant
at 5%; *** Significant at 1%.
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Table 5 – Population Heterogeneity

Donated ln(Value Donated)

Panel A: Above Median

Winner 0.068** 0.080** 0.595** 0.688**
(p-value) (0.016) (0.033) (0.016) (0.031)

Mean Control Group 0.011 0.018 0.094 0.148

Effective Sample Size 176 112 176 112

Panel B: Below Median

Winner 0.082 0.097 0.594 0.713
(p-value) (0.183) (0.248) (0.185) (0.247)

Mean Control Group 0.020 0 0.128 0

Effective Sample Size 102 62 102 62

Bandwidth 0.02 0.01 0.02 0.01
Municipality Fixed Effects Yes Yes Yes Yes

Notes: This table provides estimates for the treatment effect identified by the main specification,
expressed in equations First Stage and Reduced Form, i.e. the effect of winning a government
contract, with the inclusion of municipality fixed effects, for two separate subsamples, based on
municipality population size. Panel A displays the estimates on a sample of firms competing
for contracts in municipalities with population higher than the “RD Sample" median. Panel
B displays the estimates on a sample of firms competing for contracts in municipalities with
population lower than the “RD Sample" median. The first two columns report the impacts on
the probability of a firm donating to an electoral campaign in the 2020 election, and the last
two report impacts on the log of firms’ donations in that same year – for bandwidths of 2%
and 1%. The third line in each panel computes the average of the respective outcome variable
for observations in the estimating sample’s control group, i.e. losing firms. Standard errors are
clustered at the municipality level.* Significant at 10%; ** Significant at 5%; *** Significant at
1%.
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Table 6 – Intensive Margin Results

Donated ln(Value Donated)

Baseline Intensive Margin Baseline Intensive Margin
c = 0 c = 1 c = 2 c = 3 c = 0 c = 1 c = 2 c = 3

Winner 0.073** -0.038 0.219 0.142 0.593** -0.44 1.511 0.983
(p-value) (0.012) (0.246) (0.159) (0.177) (0.011) (0.202) (0.145) (0.177)

Mean Control Group 0.014 0.041 0 0 0.107 0.384 0 0

Bandwidth 0.02 0.02 0.02 0.02 0.02 0.02 0.02 0.02
Effective Sample Size 278 98 44 42 278 98 44 42
Municipality Fixed Effects Yes Yes Yes Yes Yes Yes Yes Yes

Notes: This table provides baseline (extensive margin) and intensive margin treatment effect
estimates for the impacts of winning an additional government contract, with the inclusion of
municipality fixed effects. Columns are indexed by their value of c, which indicates the number of
contracts won by firms in the control group throughout the sample coverage period. The first four
columns report the impacts on the probability of a firm donating to an electoral campaign in the
2020 election, and the last four report impacts on the log of firms’ donations in that same year –
for a bandwidth of 2%. The third line computes the average of the respective outcome variable
for observations in the estimating sample’s control group, i.e. losing firms. Standard errors are
clustered at the municipality level.* Significant at 10%; ** Significant at 5%; *** Significant at
1%.
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Table 7 – Intensive Margin – Pooled
Donated ln(Value Donated)

Baseline Intensive Only All Baseline Intensive Only All
c = 0 c ∈ {1, 2, 3} c ∈ {0, 1, 2, 3} c = 0 c ∈ {1, 2, 3} c ∈ {0, 1, 2, 3}

Winner 0.073** 0.062 0.067*** 0.593** 0.334 0.476***
(p-value) (0.012) (0.209) (0.002) (0.011) (0.364) (0.007)

Mean Control Group 0.014 0.022 0.017 0.107 0.205 0.146

Bandwidth 0.02 0.02 0.02 0.02 0.02 0.02
Effective Sample Size 278 184 462 278 184 462
Municipality Fixed Effects Yes Yes Yes Yes Yes Yes

Notes: This table provides baseline (extensive margin) and intensive margin treatment effect
estimates for the impacts of winning an additional government contract, with the inclusion
of municipality fixed effects. Columns “Intensive Only" and “All" pool together the samples
indexed by their value of c, which indicates the number of contracts won by firms in the control
group throughout the sample coverage period. The first three columns report the impacts on
the probability of a firm donating to an electoral campaign in the 2020 election, and the last
three report impacts on the log of firms’ donations in that same year – for a bandwidth of
2%. The third line computes the average of the respective outcome variable for observations
in the estimating sample’s control group, i.e. losing firms. Standard errors are clustered at the
municipality level.* Significant at 10%; ** Significant at 5%; *** Significant at 1%.
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Table 8 – Balance – Workers and Partners

Panel A: Number of Partners
All Partners Individuals only

Winner 0.040 -0.051 -0.175 -0.344
(p-value) (0.883) (0.875) (0.357) (0.111)

Mean Control Group 1.862 1.826 1.793 1.783

Panel B: Workers and Wages
Workers Wage Bill (Dec/16)

Winner -8.419 -13.784 -19,596.863 -28,630.924
(p-value) (0.797) (0.731) (0.768) (0.731)

Mean Control Group 16.931 24.826 38,719.881 55,318.206

Bandwidth 0.010 0.005 0.010 0.005
Effective Sample Size 174 92 174 92

Notes: This table provides treatment effect estimates for the main RD specification taking as
outcome variables firm-level workforce and ownership structure metrics – for bandwidths of 1%
and 0.5%. Panel A displays the estimates on firms’ total number of partners and individual
partners only. Panel B displays the estimates on the number of registered workers and the total
amount paid in wages in December, 2016. The third line in each panel computes the average
of the respective outcome variable for observations in the estimating sample’s control group,
i.e. losing firms. Standard errors are clustered at the municipality level.* Significant at 10%; **
Significant at 5%; *** Significant at 1%.
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Table 9 – Controls – Workers and Partners

Donated ln(Value Donated)

Baseline 0.086** 0.091** 0.694** 0.73**
(p-value) (0.019) (0.042) (0.018) (0.047)

Workers/Partners Controls 0.084** 0.09** 0.683** 0.723**
(p-value) (0.017) (0.043) (0.017) (0.048)

Mean Control Group 0.011 0 0.094 0

Bandwidth 0.010 0.005 0.010 0.005
Effective Sample Size 176 92 176 92
Municipality Fixed Effects Yes Yes Yes Yes

Notes: This table provides estimates for the treatment effect identified by the main specification,
expressed in equations First Stage and Reduced Form, i.e. the effect of winning a government
contract, with the inclusion of municipality fixed effects. The first two columns report the impacts
on the probability of a firm donating to an electoral campaign in the 2020 election, and the
last two report impacts on the log of firms’ donations in that same year – for bandwidths of
1% and 0.5%. The “Baseline" line reports the coefficient for a specification without controls,
while the“Workers/Partners Controls" line reports treatment effect estimates for a specification
with the inclusion of firms’ total number of workers, wage bill, and partners (total number and
individuals only) as controls. The fifth line computes the average of the respective outcome
variable for observations in the estimating sample’s control group, i.e. losing firms. Standard
errors are clustered at the municipality level.* Significant at 10%; ** Significant at 5%; ***
Significant at 1%.
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Table 10 – Balance – Contributions in Previous Elections

2016 2012 2008

Coefficient 0.018 -0.025 0.092** 0.100** 0.009 -0.007
(p-value) (0.408) (0.115) (0.028) (0.045) (0.145) (0.350)

Mean Control Group 0.046 0.043 0.034 0.000 0.011 0.000

Bandwidth 0.010 0.005 0.010 0.005 0.010 0.005
Effective Sample Size 174 92 174 92 174 92

Notes: This table provides treatment effect estimates for the main RD specification taking
as outcome variables firms’ donations in previous elections – for bandwidths of 1% and 0.5%.
Columns are indexed by election years and each display the coefficient on firms’ probability of
donating to electoral campaigns in that specific year. The third line computes the average of the
respective outcome variable for observations in the estimating sample’s control group, i.e. losing
firms. Standard errors are clustered at the municipality level.* Significant at 10%; ** Significant
at 5%; *** Significant at 1%.

Table 11 – Controls – Contributions in Previous Elections

Donated ln(Value Donated)

Baseline 0.086** 0.091** 0.694** 0.73**
(p-value) (0.019) (0.042) (0.018) (0.047)

Previous Donations Controls 0.089** 0.097** 0.729** 0.773**
(p-value) (0.016) (0.038) (0.014) (0.043)

Mean Control Group 0.011 0 0.095 0

Bandwidth 0.010 0.005 0.010 0.005
Effective Sample Size 174 92 174 92
Municipality Fixed Effects Yes Yes Yes Yes

Notes: This table provides estimates for the treatment effect identified by the main specification,
expressed in equations First Stage and Reduced Form, i.e. the effect of winning a government
contract, with the inclusion of municipality fixed effects. The first two columns report the impacts
on the probability of a firm donating to an electoral campaign in the 2020 election, and the last
two report impacts on the log of firms’ donations in that same year – for bandwidths of 1%
and 0.5%. The “Baseline" line reports the coefficient for a specification without controls, while
the“Previous Donations Controls" line reports treatment effect estimates for a specification with
the inclusion of dummies of whether or not firms donated in the 2016, 2012 and 2008 elections as
controls. The fifth line computes the average of the respective outcome variable for observations
in the estimating sample’s control group, i.e. losing firms. Standard errors are clustered at the
municipality level.* Significant at 10%; ** Significant at 5%; *** Significant at 1%.
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Table 12 – Summary Statistics – Broader Bandwidths

Full Sample RD Sample Bandwidth
5% 2%

Panel A: Observations
Contracts 11,220 406 218 139
Firms 4,024 795 427 272
Panel B: Contract values (R$)
Mean 5,794,611 2,551,070 1,214,375 700,792
Median 305,083 147,000 148,600 150,000
Panel C: Donations
% Donated 2.78 3.02 2.34 2.57
Mean 272.43 211.46 81.44 118.29
Mean (conditional) 9,876.11 7,004.75 3,477.70 4,596.29
Median (conditional) 3,000.00 3,500.00 1,954.00 4,000.00

Notes: This table provides summary statistics for the full sample, the final “RD Sample" (i.e.
observations from contracts whose remaining competing firms won either zero or one procedure
during the sample period) and also the observations whose running variable value fits within the
bandwidths of 5% and 2% respectively. Panel A displays the number of contracts and competing
firms for each of these samples. Panel B presents statistics on the value of contracts. Panel C
displays information on donations.

Table 13 – Effect on Value Donated – Transformations

Log IHS Level

Winner 0.694* 0.730 0.754* 0.793 332.94* 304.63
(p-value) (0.069) (0.124) (0.070) (0.123) (0.068) (0.225)

Mean Control Group 0.094 0 0.102 0 45.455 0

Bandwidth 0.010 0.005 0.010 0.005 0.010 0.005
Effective Sample Size 176 92 176 92 176 92

Notes: This table provides estimates for the treatment effect identified by the main specification,
expressed in equations First Stage and Reduced Form, i.e. the effect of winning a government
contract, on different transformations of the value donated by firms. The first two columns report
the impacts on the (transformed) log of firms’ donations in the 2020 election, the third and fourth
two report impacts on the inverse hyperbolic sine of firms’ donations in that same year, while
the last two refer to the level of donations itself – for bandwidths of 1% and 0.5%. The third
line computes the average of the respective outcome variable for observations in the estimating
sample’s control group, i.e. losing firms. Standard errors are clustered at the municipality level.*
Significant at 10%; ** Significant at 5%; *** Significant at 1%.
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Table 14 – Effect on Value Donated – Transformations – Broader Bandwidths

Log IHS Level

Winner 0.402* 0.593* 0.436* 0.644* 276.08 322.71*
(p-value) (0.079) (0.051) (0.079) (0.051) (0.119) (0.079)

Mean Control Group 0.081 0.106 0.090 0.117 21.51 33.63

Bandwidth 0.05 0.02 0.05 0.02 0.05 0.02
Effective Sample Size 436 278 436 278 436 278

Notes: This table provides estimates for the treatment effect identified by the main specification,
expressed in equations First Stage and Reduced Form, i.e. the effect of winning a government
contract, on different transformations of the value donated by firms. The first two columns report
the impacts on the log of firms’ donations in the 2020 election, the third and fourth two report
impacts on the inverse hyperbolic sine of firms’ donations in that same year, while the last two
refer to the level of donations itself – for bandwidths of 5% and 2%. The third line computes the
average of the respective outcome variable for observations in the estimating sample’s control
group, i.e. losing firms. Standard errors are clustered at the municipality level.* Significant at
10%; ** Significant at 5%; *** Significant at 1%.
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Figure 1 – Running Variable Distributions

Notes: This figure plots distributions of the running variable for two groups of observations. In
the upper panel, the histogram refers to all observations contained in the “RD Sample". In the
lower panel, only the winner of each of the contracts in the “RD Sample" are considered.
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Figure 2 – Varying Bandwidth Choice (1-10%)

Notes: This figure plots the estimated coefficients for the treatment effect of winning a government
contract against selected RD bandwidths varying between 1% and 10%, and their respective 90%
confidence intervals. The upper panel plots the impacts on the probability of a firm donating to
an electoral campaign in the 2020 election, while the lower panel plots the impacts on the log of
firms’ donations in that same year. The specification used contains municipality fixed effects.
Standard errors are clustered at the municipality level.
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Figure 3 – Varying Bandwidth Choice (0.1 - 1%)

Notes: This figure plots the estimated coefficients for the treatment effect of winning a government
contract against selected RD bandwidths varying between 0.1% and 1%, and their respective 90%
confidence intervals. The upper panel plots the impacts on the probability of a firm donating to
an electoral campaign in the 2020 election, while the lower panel plots the impacts on the log of
firms’ donations in that same year. The specification used contains municipality fixed effects.
Standard errors are clustered at the municipality level.
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Figure 4 – Contract Size Heterogeneity – Varying Bandwidth Choice

Notes: This figure plots the estimated coefficients for the treatment effect of winning a government
contract against selected RD bandwidths varying between 1% and 10%, and their respective
90% confidence intervals, for two separate subsamples, based on contract size. The upper panel
plots the impacts on the probability of a firm donating to an electoral campaign in the 2020
election, while the lower panel plots the impacts on the log of firms’ donations in that same year.
The specification used contains municipality fixed effects. Standard errors are clustered at the
municipality level.
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Figure 5 – Population Heterogeneity – Varying Bandwidth Choice

Notes: This figure plots the estimated coefficients for the treatment effect of winning a government
contract against selected RD bandwidths varying between 1% and 10%, and their respective 90%
confidence intervals, for two separate subsamples, based on municipality population size. The
upper panel plots the impacts on the probability of a firm donating to an electoral campaign
in the 2020 election, while the lower panel plots the impacts on the log of firms’ donations in
that same year. The specification used contains municipality fixed effects. Standard errors are
clustered at the municipality level.
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