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1. Introduction

“No politics at work” has long been a standard policy among private sector corporations
around the world. Yet times are changing, and firms and employees are becoming more and
more open about their political views, often embracing politics as part of their culture. The
majority of Americans report that they talk about politics at work (Global Strategy Group, 2020)
and anecdotal evidence suggests that companies may take actions against employees because of
their political views (Grind and Hagey, 2018). Indeed, partisan affiliation is considered an
important element of an individual’s social identity (Green et al., 2002), and can trigger feelings
of animosity towards people with different political views (Iyengar et al., 2019).

Rather than being confined to the political arena, partisan animus could affect behavior
in apolitical domains, and particularly in settings, like labor markets, which feature frequent
personal interactions. For example, employers might prefer workers who share their political
views, either because of taste-based discrimination (Becker, 1957), or because differences in
political views within the firm may lead to lower productivity.1 On the other hand, workers
might view interacting with co-partisans as a valuable amenity, or they might similarly be
averse to sharing the workplace with co-workers and business owners of different political views.

Empirical evidence on the role of politics in the labor market remains virtually non-existent,
mainly due to the difficulty of linking data on individual political views to micro-data on firms
and workers. As a result, several fundamental questions remain unanswered: does one’s political
views influence job choice and hiring decisions? Is politics a determinant of wages? How does
politics shape firm choices and labor market outcomes?

In this paper, we aim to fill this gap by means of a new dataset we assembled linking millions
of business owners and workers to information on their political affiliation. We study the full
Brazilian formal labor market over the 2002-2017 period. Our first contribution is to bring
together three main sources of data. We start by augmenting the RAIS matched employer-
employee data from the Ministry of Labor with data on the identity of all business owners, which
we obtain through a mix of public and confidential datasets. We then merge both workers and
owners to the registry of individuals affiliated with a political party maintained by the Superior
Electoral Court. Party affiliation can be considered as a signal of strong and visible political
views, with unaffiliated individuals likely having somewhat milder views on politics. We find
that 11.7% of owners and 8% of workers in the private sector are affiliated with a political party.
Business owners are significantly more likely to belong to a right-wing or center party, while
workers are equally split across the political spectrum.

The dataset we assemble has three key advantages. First, we can observe individual political
views, as measured by partisan affiliation, for the entire set of workers and business owners in a
major economy. Second, we are able to create a owner-firm-worker matched dataset, which allows
us to study multiple types of labor market interactions. Third, we can observe an extremely rich
set of individual- and job- level covariates, so that we can control for a wide set of observable
characteristics in our analysis (such as workers’ and owners’ demographics, location, industry,
1See, for instance, Hjort (2014) for a study of how ethnic diversity affect productivity within the firm.
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and occupation), and so that we can benchmark our politics estimates with those of well-
established determinants of labor market outcomes, namely gender and race.

We start with motivating evidence in the spirit of a large literature on discrimination in hiring.
We find that the larger the existing share of workers from a given political party in a firm, the
more likely the firm is to hire workers from that party. Additionally, a firm with an owner of a
given party is more likely to hire new workers from that party.

Building on this evidence, we exploit the granularity of our data and employ a dyadic regres-
sion approach where we construct billions of worker-worker and worker-owner dyads within all
industry-municipality markets.2 We use this approach to (i) estimate the level of political segre-
gation in the workplace, studying whether and to what extent workers of the same party work in
the same firm, and (ii) estimate the level of assortative political matching between workers and
firms, studying whether and to what extent workers of a given party tend to work for business
owners of the same party. The key advantage of our dyadic approach is that it allows us to
address the concern that assortative criteria are often correlated, by controlling for an extensive
set of workers’, workplaces’, and owners’ characteristics that are likely to correlate with both an
individuals’ political affiliation and her labor market choices. In addition, this framework allows
us to directly benchmark the role of politics with that of other demographics that are shared
among workers and between workers and business owners.

We establish two main facts. First, there is a large degree of political segregation in the
workplace: relative to the baseline sample probability of working in the same firm, a politically
affiliated worker is between 6.3% and 10.8% more likely to work with a co-partisan rather than
with someone from a different party. Second, we find a massive degree of assortative political
matching between workers and business owners: politically affiliated workers are between 139%
and 176% more likely be employed by a co-partisan owner than by one affiliated with a different
party. Moreover, we find shared partisan affiliation to be a stronger driver of employment
outcomes than shared gender or race, despite the large estimates we uncover in the same context.3

While our results show that the degree of political segregation in the workplace is substantial,
we do not observe significant time trends in the estimates during our study period.

We then investigate potential mechanisms that can explain these findings using a regression
framework that jointly describes the worker-worker and worker-owner matching. We find no
evidence that workers of the same party cluster together in firms whose owner is unaffiliated or
affiliated with a different party. This result suggests that our results on workplace segregation are
unlikely to be driven by workers’ preferences for working with co-partisan co-workers. Similarly,
it seems unlikely that business owners are hiring workers of the same party to increase cohesion
among workers, and in turn productivity. If these were the primary mechanisms, we would
expect to see political segregation among workers irrespective of the political affiliation of the
business owners. Instead, we find large and significant political segregation estimates only for
2See Fafchamps and Gubert (2007) and Fafchamps and Jean-Louis (2012) for the application of a dyadic regression
in the context of risk-sharing networks and participation in community-based organizations.
3The role of shared gender and race in the workplace has recently been studied by Giuliano et al. (2009), Giuliano
et al. (2011), Benson et al. (2019), and Morchio and Moser (2020).
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workers employed by firms whose owner is affiliated with the party of the majority of the workers.
In sum, our evidence suggests that the main driver of political segregation in the workplace is
the owners’ preference for workers of the same political party.

In the final part of the paper, we investigate how workers’ and owners’ political affiliation
affect wages. We estimate highly saturated regressions that allow us to compare wages of
observationally identical individuals working in the same occupation in the same firm at the
same point in time. We uncover a substantial wage premium for workers who belong to the
same political party of the business owner. Relative to their unaffiliated co-workers, these
workers earn 3.6% higher wages. This “political wage premium” is significantly larger than the
wage premium associated with sharing the same gender (1.6%) or race (1%) of the owner. We
also find a significant, albeit smaller, wage penalty associated with being affiliated with a party
that is different from the owner’s party, with these workers earning on average 1.6% less than
their unaffiliated co-workers. When we further restrict the comparison to co-workers employed
in the same occupation, we continue to find a significant political wage premium, even if smaller
in magnitude, suggesting that at least part of these wage differentials stems from the assignment
of workers to different positions within the firm. The political wage premium is present across all
main occupational categories of managers, white collar, and blue collar workers. Interestingly,
politically affiliated workers suffer a 1.2% wage penalty in firms whose owner is unaffiliated,
further pointing to the fact that the association between political affiliation and wages crucially
depends on the type of owner the worker is matched to.

In interpreting these sets of results, it is important to emphasize that our current analysis
is descriptive in nature. That is, it is interesting to dig deeper into why we observe these em-
ployment and wage patterns in the data. Our findings may be in line with a story according to
which workers are more productive when matched to business owners with the same political
views. Alternatively, an owner may use her political network to identify workers who are bet-
ter, independently of observable characteristics. Additionally, the results may be explained by
taste-based discrimination, with business owners discriminating in favor of workers who share
their same partisan affiliation. In work in progress, we are collecting new data and performing
additional tests to shed light on these important economic channels, which have different impli-
cations. Among the various next steps, a significant part of our focus is also on disentangling
how much what we are capturing is about partisanship per se, or rather about broader views
of the world, or differences in social identities, which happen to be well summarized by one’s
partisan affiliation.

Our paper contributes to several strands of literature. First, we speak to the recent growing
literature on the importance of politics across apolitical realms, which focuses on the U.S. and
that is recently reviewed by Iyengar et al. (2019). Individual political views seem to matter
in product markets for both sellers (Michelitch, 2015) and buyers (Panagopoulos et al. (2016),
McConnell et al. (2018)), as well as for friendship and dating choices (Huber and Malhotra,
2017). A recent stream of papers show that partisan affiliation also affects financial decisions
(Kempf and Tsoutsoura (2018), Ke (2019), Evans et al. (2020), Dagostino et al. (2020)). Two
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experiments indicate that partisanship matters in labor markets. Gift and Gift (2015) use an
audit design where CVs with partisan cues are randomly sent either to a highly conservative
or a highly liberal U.S. county, finding that minority partisan affiliations are statistically less
likely to obtain a callback than candidates without any partisan affiliation. McConnell et al.
(2018) conduct an experiment with freelance editors on an online platform and show that study
workers request systematically lower reservation wages when the employer shares their political
stance. In addition to these studies, the role of politics in private organizations has recently
attracted attention also in the psychology and organizational behavior literature, as illustrated
in the review by Swigart et al. (2020). Our paper contributes to this body of work by identifying
how individual politics shapes firm behavior and a range of labor market outcomes over a long
time period and across all possible sectors and all managerial, white collar, and blue collar
occupations. In fact, to our knowledge, ours is the first paper matching government registries of
workers, business owners, and party members, likely because of the difficulty of accessing and
linking these types of sensitive data in the U.S. and in most other countries. Using rich micro-
data that combine multiple administrative sources is crucial to be able to disentangle different
mechanisms and to estimate precise economic magnitudes, which can then be interpreted in
light of and benchmarked with other well-established patterns in the labor market such as those
of race and gender.

We also contribute to a vast literature on discrimination in labor markets, dating back to the
theoretical contribution of Becker (1971) on employers’ taste-based discrimination, and Phelps
(1972) and Arrow (1973) on statistical discrimination. A large body of empirical work has
investigated the role of employers’ discrimination in hiring and compensation decisions (see for
instance, Altonji and Pierret (2001), Bertrand and Mullainathan (2004), Black et al. (2006),
Fryer et al. (2013), and Altonji and Blank (1999) for a review of an earlier literature), and its
impact on performance (Glover et al., 2017). A number of recent papers focus specifically on
the matching between managers’ and workers’ race or gender, showing their relevance for hiring
and promotions (Giuliano et al. (2009), Giuliano et al. (2011), Kunze and Miller (2017), Benson
et al. (2019), Cullen and Perez-Truglia (2019)). Besides confirming in our data the relevance of
shared gender and race between employers and employees for employment and pay decisions,
our paper highlights how the match/mismatch in partisan affiliation between employers and
employees may represent an additional important source of labor market discrimination. In
this sense, our paper is linked to the work studying how social and ethnic ties affect economic
outcomes.4 Relatedly, we speak to a large literature on labor market segregation (Bayard et al.
(2003), Hellerstein and Neumark (2008), Åslund and Skans (2010), Hellerstein et al. (2011),
Dustmann et al. (2016)). To our knowledge, ours is the first paper to identify the link between
politics and workplace segregation.

We are not the first to explore the broad link between politics and labor outcomes. Most
papers looking at individual politics focus on the the public sector (see Xu (2018) and Colonnelli
4Recent examples include Hjort (2014), Fisman et al. (2017), Fisman et al. (2018), Hjort et al. (2019), Fisman
et al. (2020b), and Fisman et al. (2020a).
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et al. (2020), for example, and the review by Finan et al. (2017)). There is also a smaller set
of studies that connect politics to private labor markets. However, such studies focus on the
careers of politicians or the connections of workers to politicians through family or corporate
ties, such as the work by Cingano and Pinotti (2013), Fafchamps and Labonne (2017), Folke
et al. (2017), and Bertrand et al. (2018). Our study takes a more comprehensive approach by
studying the role of individual political views, as proxied by party registration, in driving labor
market outcomes independently of direct connections to politicians in power.

Finally, we contribute to the literature on the importance of firms’ employment and wage
setting policies to explain pay differentials between socio-demographic groups. Card et al. (2018)
provides a comprehensive summary of this strand of literature, which for the most part relies
on matched employer-employee data structures similar to ours. In Brazil, Alvarez et al. (2018)
provide a comprehensive picture of earnings inequality over most of our sample period, while
Gerard et al. (2018) and Morchio and Moser (2020) study the role of race and gender in explaining
wage gaps and sorting patterns in the labor market. Our results underline how employment and
wage setting policies are at least in part driven by firms’ owners’ preferences for employees
who share their same partisan affiliation, which may have important aggregate implications
when considering that nearly 10% of the population is formally registered with a political party
during our study period.

This paper is organized as follows. In Section 2 we describe the data creation. In Section 3
we provide a brief descriptive analysis of the data. Section 4 illustrates the findings on political
segregation in the workplace. Section 5 presents the results on the political wage premium.
Section 6 concludes.

2. Data

We assemble a new longitudinal dataset on the political affiliation of the near-universe of
private sector workers and business owners across Brazil, combining information from four main
sources. We use administrative matched employer-employee data from the Relação Anual de
Informações Sociais (RAIS). Data on the identity of business owners come from the Receita
Federal do Brazil (RFB) and the Cadastro Nacional de Empresas (CNE). Finally, the Tribunal
Superior Eleitoral (TSE) gives information all individuals registered with a political party. In
this section we discuss these data sources in more details and how we match the datasets together.
We subsequently present various descriptive facts about the role of political partisanship among
workers and business owners.

2.1. Workers: RAIS Dataset. Our source of data for workers in the private sector is RAIS, an
administrative matched employer-employee dataset managed by the Ministry of Labor (MTE).
RAIS provides information on the universe of workers in the formal private sector, and it is
widely considered to be a high-quality census of employed workers (Dix-Carneiro, 2014). Unique
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individuals’ (available starting in 2002) and employers’ tax identifiers allow for tracking of in-
dividuals over time and across employers.5 Importantly, we only keep firms operating in the
private sector.

We construct a yearly panel of workers in the private sector for the period 2002-2017.6 RAIS
contains rich information on the jobs (wage, number of hours worked, specific occupation, type
of contract, and length of the employment spell, among other details), the firm (sector, munici-
pality), and the worker’s demographics (gender, date of birth, education, race, nationality).7

After standard data cleaning steps, the panel dataset includes 82,472,322 unique workers,
for a total of 584,741,033 year-worker observations, and 6,091,184 unique firms, for a total of
36,048,521 year-firm observations.

2.2. Owners: RFB and CNE-MDIC Datasets. An important contribution of our paper is
to match the RAIS data to a new dataset on company registration and business ownership in
Brazil. Specifically, we obtain two datasets for this purpose. The primary dataset is the official
federal registry of firms maintained by the Receita Federal do Brazil (RFB). All firms are required
to register in the RFB in order to obtain their tax identifier, namely the Cadastro Nacional de
Pessoas Juridicas. At the time of registration, it is a requirement to list all individual and
corporate owners with any stake in the company, together with the total capital commitment.
Given our focus on political affiliation, we focus on individual owners and disregard corporate
ones.

The RFB data contain information on all owners of firms that are active in the formal sector
as of the year in which we obtained the data (i.e., 2019), together with the date in which each
owner started having a stake in the firm. Additionally, for firms that closed during the 2002-2019
period, we are able to observe the identity of all owners at the time the firm closed. In other
words, the limitation of the data is that it does not allow us to identify owners who left a firm
before 2019 (for firms that are active in 2019), or before the firm closed (for firms that became
inactive before 2019). Given the extremely limited turnover among owners of a firm, we do not
think this limitation is too severe.

The ownership structure of a firm in RFB consists of a set of business associates (socios)
or of a unique individual, the latter case being that of “individual entrepreneurs” and “micro-
entrepreneurs.” There are 11,234,541 unique business associates (owning a total of 7,540,882
firms), 7,782,961 unique individual entrepreneurs (owning a total of 7,851,679 firms), and 9,550,881
5RAIS allows to observe both the firm and the establishment an individual is associated with. In our analysis, we
consider the establishment as the unit of comparison (for example, when defining coworkers or when measuring
wage premia within the organization). As discussed later, the ownership data obviously always refer to the firm,
and so all establishments of a firm are owned by the same business owners. In the text, for simplicity, we’ll
therefore use the term “firm” even if we refer to the “establishment.”
6Following standard practices using RAIS, such as in Menezes-Filho et al. (2008) and Colonnelli and Prem (2020),
we keep the highest paying job of the worker whenever a worker is employed by more than one firm in a given
year.
7Workers’ occupations are classified into 2,511 categories by the Classificação Brasileira de Ocupações 2002
(CBO), while sectors follow the Classificação Nacional de Atividades Economicas (CNAE), which include 1,329
industries in its most granular breakdown.
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unique individual micro-entrepeneurs (owning a total of 9,864,231 firms). For all these individ-
uals, we can observe either the individual tax identifier (CPF) or a combination of the full
name and a subset of the tax identifier, which allow us to match individual owners to the other
individual datasets with a high degree of accuracy.

In addition to the above set of business owners, approximately 10% of firms in RFB remain
uncategorized and provide no individual identifier for their owners. While a small issue, con-
sidering that these firms only make up a small percentage of employment once the data are
matched to RAIS, we alleviate this issue by complementing the RFB dataset with an additional
data source.

Specifically, we complement the RFB data with a second confidential source of ownership
information, namely the Cadastro Nacional de Empresas (CNE), which is managed by the the
Ministério da Indústria, Comércio Exterior e Serviços (MDIC) and is subject to regular checks
over time by state officials. The CNE aggregates all the ownership details obtained by each
state at a time of a company registration with their respective state. In fact, all companies in
Brazil are required to register both with the federal government (through RFB) and with the
state government (through CNE), thus providing us with a way to ensure high quality data
on business ownership dynamics that span the full Brazil, which helps to alleviate the issue of
having only snapshots of the data in RFB.8 The data is recorded by each state for every year,
and cover the period 2002-2017. The CNE data contain information on a total of 19,045,762
owners and 16,239,551 firms.9

2.3. Party Members: TSE Party Registration Dataset. Data on all individuals regis-
tered as party members of a Brazilian political party come from the Tribunal Superior Eleitoral
(TSE).10 The data contain the name of all current and past party members over the 2002-2017
period, with information on the date of registration, municipality, party, and voter registration
number. For individuals who end their registration with a party, we also observe the date of
de-registration. We additionally match party members to the TSE Voter Registration Records
using the voter registration numbers, to obtain information on their date of birth, which helps
us achieve a high quality match between the TSE data and RAIS.

Registration with a party is open to all eligible voters. Every party has its own registration and
membership rules, with some parties requiring registration fees and payments of monthly dues,
while other parties allowing a simple online registration. Registered individuals can typically
participate in party activities and campaigning, and can vote to choose the party candidates. As
of 2017, about 12% of the voting age population was affiliated with a party. Party affiliation can
be interpreted as a signal of an individual’s strong and visible political views, with unaffiliated
individuals likely having somewhat milder views on politics.
8The data was obtained in October 2018 through a FOIA-like transparency request to the Ministério da Indústria,
Comércio Exterior e Serviços.
9Unfortunately, the CNE data also has minor issues, due to imperfect reporting by some states in the earlier
periods. Hence, we cross-check with each other and combine CNE and RFB to create what we deem to be the
most reliable dataset on business ownership in Brazil.
10Throughout the paper, we use the terms “party registered” and “party affiliated” interchangeably.
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There are 18,425,484 individuals who are members of a political party at some point over
the 2002-2017 period, for a total of 225,452,560 year-individual observations. While politics in
Brazil is quite fragmented, as it is characterized by a large number of parties (35 over the period
of our study), the top 7 parties account for almost 70% of all party members. In parts of our
analysis, we categorize specific parties into Left-Wing, Center, or Right-Wing. Appendix Table
A1 shows the distribution of members across parties .

2.4. Matching Workers, Owners, and Party Members. We match data on workers, own-
ers, and party members using a combination of tax identifiers, full name, date of birth, and
municipality. Full details of the matching are reported in Appendix Table A2.

Our starting dataset is RAIS. We use firm tax identifiers to match the firms in RAIS to those
in the ownership datasets RFB and CNE, thus creating a owner-firm-worker matched dataset.
This allows us to observe, for each year, the links between individual employees and individual
business owners in Brazil. We find at least one owner for 96.3% of the 36,048,521 firm-year
observations in RAIS, corresponding to 92.2% of all worker-year observations. 4.7% of workers
also appear as owners of a firm at some point over the sample period, while 43.6% of owners
also appear as workers at some point over the sample period (either of their own firm or of a
different firm). Crucially, for the subset of owners who also appear as workers, we observe the
full set of demographic characteristics collected in RAIS.11

After RAIS is augmented with ownership information, we match all workers and owners of
firms appearing in RAIS to the party registration dataset.12

Table 1 presents summary statistics for the firms in our sample. The typical firm in RAIS
is relatively small: the median number of workers and owners is 3 and 1, respectively, with
an average of 16.2 workers and 1.62 owners. A minority of firms employ workers in managerial
positions (on average, there are 0.87 managers per firm), the median number of workers employed
in a white collar position below managerial ones is 2, and the median number of blue collar
workers is 1. While the median Brazilian firm is quite small, the size distribution is significantly
right skewed, with a right tale of larger firms (the firm at the 90th percentile employs 21 workers).
However, ownership is quite concentrated in all firms, with the firm at the 75th percentile of the
distribution of number of owners having only 2 owners.

3. Descriptive Analysis

In this section we take a first look at the data we assembled to motivate the relevance of
politics as a determinant of labor market outcomes.
11To avoid double counting, we consider owners who also appear as workers of their firm solely as owners.
12As mentioned earlier, key to achieve a high matching quality is the addition of the date of birth (using the voter
records) to the TSE data on party members, which contain the full names. In some of the matching steps, we also
rely on the municipality of the firm associated to the owner or worker to improve accuracy. The unmatched set
of party members may be workers of the public sector (which we drop from the analysis) or individuals operating
in the informal sector.
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3.1. How Widespread is Partisan Affiliation in the Labor Market? We match 11.7%
of owners and 8% of workers to the party registration data. 34% of firm-years have at least one
party registered worker, and 16% of firm-years have at least one party-registered owner. Out of
the total number of years in which they appear in the data, the average worker is affiliated for
84% of the years, and the average owner is affiliated for 91% of the years. Importantly, changes
of partisan affiliation over the sample period are rare for both workers and owners, with only 6%
of workers and 8% of owners being affiliated with more than one party from 2002 to 2017. This
suggests that partisan affiliation can be interpreted as a measure of persistent political views,
at least over the 16 years period covered in our data.

Table 2 reports the results from regressions aimed at identifying how politically affiliated
workers (columns 1 and 2) and owners (columns 3 and 4) differ from their respective counterparts
in the economy. We find that both workers and owners that are politically affiliated are on
average more likely to be highly educated, older, and male, but they are less likely to be white.
Among workers, we also find that politically affiliated ones are more likely to occupy upper level
positions in the firm (managers or white collar) rather then blue collar ones.13

As shown in Figure 1, there is substantial geographic variation in the degree of affiliation
of workers and firm owners. The top panel of Figure 1 shows the geographical distribution of
workers, while the bottom panel shows the distribution of owners. A quick glance at both figures
suggests a higher concentration of politically affiliated workers in the poorer regions of Brazil.
Notice that although we match 11.7% of owners and 8% of workers to the party registration
data, the majority of the municipalities in our dataset (which we will use to define labor markets
in our analysis) have a much larger share of workers and owners that are politically affiliated.

In Figure 2, we report the distribution of politically affiliated workers and business owners by
sector and political orientation.14 In the top panel, we can see that certain sectors are charac-
terized by a higher concentration of politically affiliated individuals. Indeed, heavily regulated
sectors like Transport/Utilities/Communication and Construction have higher shares of both
workers and owners who are registered party members, relative to other sectors, such as the
non-tradable ones of Services and Trade. In the bottom panel of Figure 2 we instead show how
owners and different types of workers differ in their political leaning across the Left/Center/Right
spectrum. Perhaps not surprisingly, we find that owners are more likely to be members of con-
servative parties relative to workers (especially blue collar and white collar ones, rather than
managers). Yet, workers seem to be quite evenly distributed across left-wing, right-wing, and
centrist political parties.

3.2. Preliminary evidence on political segregation. To motivate the study of politics in
the labor market, we start by investigating whether the political affiliation of a firm’s new hires is
associated to the political affiliation of the firm’s current workforce, and to the political affiliation
of the firm’s owner.
13Notice that, while we observe them for all workers, we can only observe socioeconomic and demographic char-
acteristics for the owners that are also matched to RAIS at any point in the 2002-2017 period.
14The classification in sectors follows the 7-digit split adopted by Dix-Carneiro (2014).



POLITICS AT WORK 10

We start by showing whether a worker is more likely to be hired by a firm that employs a
higher share of workers belonging to her same party. We focus on the sample of firms that hire
at least one worker in a given year, and we estimate the following equation:

(3.1) yfpt “ αpt ` βSf,p,t´1 ` γDf,p,t´1 `X
1

ftδ ` εfpt

where yfptm is the share of workers from party p among all new hires in firm f in year t, and
Sf,p,t´1 is the share of workers from party p employed in the firm in year t´1.15 The parameter
of interest β identifies the impact of having a higher share of workers from a given party on the
probability that the firm hires a larger share of workers from that specific party. We also control
for the share of workers from a party other than p employed in the firm in year t´ 1 (Df,p,t´1),
so as to capture the degree to which the firm employs affiliated workers, irrespective of their
political party. The matrix Xft includes controls for the share of new hires that belong to a
specific gender, racial, age, and educational group. Finally, we include party-year fixed effects
(αpt) to control for overall party popularity in a given year.

The results are shown in Panel A of Table 3. The specification in column 1 indicates that a 10
percentage points increase in the share of workers from a given party in the firm is associated with
a 60 percent increase in the share of new hires that are from that party, relative to the sample
mean of the dependent variable. In columns 2 and 3, we show that the estimates are robust to
estimating a more stringent specifications which include party-year-municipality fixed effects, or
party-year-municipality-industry fixed effects, exploiting only variation within a municipality,
or within an industry in a municipality.

We find a similar pattern when studying how the probability of being hired depends on the
partisan affiliation of the business owner, as illustrated in Panel B of Table 3.16

To sum up, we uncover two facts. First, the larger the existing share of workers from a given
party in a firm, the more likely the firm is to hire new workers from that party. Second, a firm
with an owner of a given party is more likely to hire new workers from that party.

While this type of analysis is typical of studies of discrimination in the labor market (see, for
example, Benson et al. (2019)), it suffers from a few shortcomings. First, it does not allow us
to adequately control for workers’ and owners’ characteristics that may be correlated with both
political affiliation and employment decisions. For instance, if a party attracts more support
from women, and women cluster in specific workplaces, failing to control for gender may lead us
to confound the role of partisan affiliation with that of gender. Second, this firm-level analysis
describes only the relevance of partisan affiliation for hiring patterns, and cannot provide a
complete picture of the extent of political segregation in the workplace. Third, we would like to
understand whether the extent of political segregation in the labor market stands out relative
to the extent of workplace segregation along other shared demographic characteristics, such as
gender and race. The framework used in this section does not allow us to directly benchmark
15Note that each firm-year observation is multiplied by the number of parties in Brazil.
16Throughout the paper, for the minority of firms with more than one owner and with owners who are affiliated
with different parties, we define the firm’s owners’ partisan affiliation as the partisan affiliation of the majority of
the owners.
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the role of politics with that of other demographics that are shared between workers, or between
workers and owners. Fourth, the analysis does not allow us to pin down the main reasons why
politics matters in the workplace. For instance, the results in Panel A Table 3 may merely
stem from the findings in Panel B of Table 3: in other words, the fact that workers tend to be
politically segregated may be entirely be driven by employers’ preferences for employing workers
who share their political affiliation.

In the next section, in order to paint a more detailed picture of the role of politics as a driver
of workers’ and employers’ choices, we employ an empirical framework that allows us to a large
extent to address these shortcomings.

4. Political Segregation in the Workplace: a Dyadic Regression Approach

In this section we exploit the granularity of our data and employ a dyadic regression approach
to estimate the extent of political segregation in the workplace.17 We start by describing whether
and to what extent a worker is more likely to be employed by a firm that employs a large share
of workers with her same political affiliation. We then investigate the extent of assortative
political matching between workers and firms, namely we ask whether a worker belonging to
a given political party is more likely to work for a firm whose owner is from her same party.
Finally, we combine both analyses to disentangle whether the patterns of political segregation
in the workplace that we observe are primarily driven by workers’ or owners’ preferences.

4.1. Political Segregation Among Workers. We describe the extent of political segregation
among workers with the following series of dyadic regressions. For each year between 2002 and
2017, we divide Brazil in M labor markets indexed by m. We define a labor market as a 2-digit
CNAE industry code within a municipality.18 In each labor market, we observe Nm workers.
We create a matrix with all possible pi, jq worker-worker dyads within the market. For each
year, we obtain a dataset with

řM
m“1Nm ˆ pNm ´ 1q{2 dyads, which we use for the estimation

of the following equation:

(4.1) yijm “ αm ` β
SPSPij ` β

DPDPij ` β
OOij `

ÿ

c

γcSXc
ij ` εijm

where yijm is an indicator taking value one if i and j work in the same firm, SPij is an indicator
taking value one if i and j belong to the same party, DPij is an indicator taking value one if i
and j belong to a different party, Oij is an indicator taking value one if only one between i and
j is affiliated to a party. The case in which neither i nor j are affiliated with a political party is
the excluded category. We include market fixed effects (αm), effectively comparing only dyads
within the same market. In all regressions, we cluster standard errors at the market level, to
allow for arbitrary correlation of the residuals within a labor market.
17This approach has been used to test for assortative matching in risk-sharing networks (Fafchamps and Gubert,
2007) and in community-based organizations (Fafchamps and Jean-Louis, 2012). More recently, Huber and
Malhotra (2017) use a dyadic approach to test for the presence of political assortative mating using data from an
online dating site.
18There are 99 2-digit CNAE industry codes.
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The estimates from equation 4.1 allow us to measure the extent of political segregation among
workers. The linear combination ∆pSP,DP q “ βSP ´βDP measures the differential probability
that a politically affiliated employee works with someone from the same party rather than with
someone from a different party.

The extent to which we observe segregation along party lines among politically affiliated
workers can be further decomposed as the sum of two components: the extent to which politically
affiliated workers work with co-partisan rather than with unaffiliated workers (∆pSP,Oq “
βSP ´ βO), and the extent to which politically affiliated workers work with unaffiliated workers
rather than with workers of different parties (∆pO,DP q “ βO ´ βDP q. Since ∆pSP,DP q “
∆pSP,Oq ` ∆pO,DP q, political segregation will be higher when (i) a worker who is party
affiliated is more likely to work with a worker from the same party than with an unaffiliated
worker, and (ii) a worker who is party affiliated is more likely to work with a worker who is not
affiliated than with a worker from a different party.

The key advantage of a dyadic approach is that it allows us to address the concern that
assortative criteria are often correlated. In our context, we can control for an extensive set of
workers’ and workplaces’ characteristics that are likely to correlate with both an individual’s
political affiliation and with the choice of workplace. We include a set of indicators SXc

ij which
turn to one if i and j share the same demographic characteristic c. Specifically, we control for
shared gender, race, age, educational level, experience, and occupation.19 By controlling for this
wide set of covariates, we can investigate the role of co-partisanship, net of any effect of these
other shared demographic characteristics on the probability of working together. Additionally,
we leverage our measures of gender and racial segregation (the coefficients on “shared gender”
and “shared race”) as benchmarks to which we can compare the extent of political segregation
in the labor market. Importantly, by exploiting only variation within a municipality-industry,
we are also controlling for the geographic and industry clustering in partisan affiliation.

Because of the massive size of the data, we estimate one regression for each year between
2002 and 2017. Additionally, computational constraints force us to use only a subset of the
data available in each year for this specific analysis.20 In any given year, we restrict the sample
used for estimation in two ways. First, we drop the top 1% of markets, based on the number of
workers. Second, we sample a random 5% of dyads in each market.21

19While for gender and race we consider a “male”-“female” and “white”-“non-white” dychotomy, for the other
variables we create groupings of values: specifically, we create 7 age brackets (ă25, (25-30], (30-35], (35-40], (40,45],
(45,50], ą50), 4 educational levels (less than middle school, complete middle school, complete high school, more
than high school), 5 brackets of experience, and 10 occupation groups (using the first digit of the the Classificação
Brasileira de Ocupações 2002 code). Each indicator c takes value one if the dyad pi, jq falls in the same group of
that characteristic.
20The full set of observations for 2002 and 2014 (the years with the lowest and highest number of dyads) would
be approximately 5.4 trillions and 19.6 trillions, respectively.
21In Appendix Table A3 we show that this restriction does not affect our results. We estimate our equations in
the 75% of markets for which, given their size, we can use the full sample of dyads, and we show that we obtain
the same results as those obtained by drawing a random 5% sample. This is not surprising given that a 5% sample
of dyads still involves between 376,251,912 and 860,299,968 observations, depending on the year, as the basis of
our estimation.
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We present the results graphically in Figure 3. The top panel shows the point estimates
and 95% confidence intervals of ∆pSP,DP q, ∆pSP,Oq, and ∆pO,DP q. The bottom panel
shows a comparison between ∆pSP,DP q and the effect of shared gender and shared race on the
probability that employees pi, jq work in the same firm. All estimates are normalized by the
baseline sample probability that a dyad works in the same firm. The full set of estimates of
equation 4.1 are reported in Appendix Table A4.

The estimates of ∆pSP,DP q are shown in red in panel A of Figure 3. The estimates show
a significant degree of political segregation in the Brazilian workforce: relative to the baseline
probability of working in the same firm observed in the sample, depending on the year, a
politically affiliated worker is between 6.3% and 10.8% more likely to work with a co-partisan
rather than with someone from a different party. The grey estimates of ∆pSP,Oq show that the
probability of observing two co-workers of the same party is 10-15% higher than the probability
of observing a match between an affiliated and an unaffiliated worker. Interestingly, as shown
in the black estimates of ∆pO,DP q, it is slightly more likely to observe a match between two
workers of different parties than between one affiliated and one unaffiliated worker.

In sum, the estimates show that, conditional on two workers being politically affiliated, the
likelihood of observing them in the same firm is significantly higher if they belong to the same
party. The extent of political segregation among workers is only marginally reduced by the fact
that an affiliated worker is somewhat more likely to work in a firm with other affiliated workers,
irrespective of which party they belong to. Finally, while the degree of political segregation
in the workplace is substantial, we do not observe significant trends in the estimates over the
2002-2017 period.

In panel B of Figure 3, we benchmark the role of politics with that of race and gender. This
exercise allows us to gauge the relevance of politics as a determinant of labor market sorting.
The point estimates show a significant degree of segregation along gender and racial lines. Even
within the same municipality and industry, and after controlling for an extensive list of additional
demographics, two workers sharing the same gender are 5.7-7.4% more likely to work in the same
firm. The corresponding effect of shared race is of 3.5-6%. Perhaps strikingly given the well-
established importance of racial and gender segregation in various labor markets, the relevance
of politics as a driver of segregation appears even higher than that of gender and race: in eleven
of the sixteen years in the period under study, sharing the same partisan affiliation increases the
probability of working together by significantly more than sharing the same gender or race.

4.2. Assortative Political Matching Between Workers and Owners. We now move to
describe the extent of assortative political matching between workers and owners. We use a
similar dyadic regression approach as the one used in the previous subsection. For each year
between 2002 and 2017, and for each municipality-industry labor market m, we create a matrix
with all possible worker-firm pi, fq dyads. Defining Nm and Fm as the number of workers and
firms observed in market m, for each year, we obtain a dataset with

řM
m“1NmˆFm dyads which
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we use to estimate the following specification:

(4.2) yifm “ αm ` β
SPSPif ` β

DPDPif ` β
OWOWif ` β

OOOOif `
ÿ

c

γcSXc
if ` εifm

The dependent variable yifm is an indicator taking value one if worker i is employed by firm f .
The indicators SPif , DPif , OWif , and OOif turn to one, respectively, if i belongs to the same
political party as the owner of firm f , if i belongs to a different party than the owner of f , if
i is politically affiliated but f ’s owner is not, if f ’s owner is politically affiliated but i is not.
The case in which neither i nor f ’s owner are affiliated with a political party is the excluded
category. We include market fixed effects (αm), comparing only dyads within the same market,
and we cluster standard errors at the market level.

Using the estimates from equation 4.2, we are interested in the linear combination ∆pSP,DP q “
βSP ´βDP , which measures the differential probability that a politically affiliated worker is em-
ployed by a firm whose owner belongs to her same party, rather than by a firm whose owner
belongs to a different party. This differential probability can be further decomposed as the sum
of (i) ∆pSP,OOq “ βSP´βOO, namely the extent to which a politically affiliated owner employs
workers of her same party rather than unaffiliated workers, and (ii) ∆pOO,DP q “ βOO ´ βDP ,
namely the extent to which a politically affiliated owner employs unaffiliated workers rather
than workers of a party different from her own.22

Similarly to our analysis in section 4.1, we include the set of indicators SXc
if , which turn to

one if worker i and f ’s owner share the same demographic characteristic c. We do not control
for experience and occupation, as these variables cannot be defined for firm owners, but we
additionally include worker’s occupation fixed effects and we control for a continuous measure
of a worker’s experience.23

Once again, given the dimensionality of the data, we need to focus only on a subset of the
data for computational reasons, even though the restrictions are milder considering that there
are significantly fewer owners than workers. Specifically, we drop the top 1% of markets, based
on the number of dyads, and we sample a random 25% of dyads in each market.24

We present the results graphically in Figure 4. The top panel shows estimates and 95% con-
fidence intervals of ∆pSP,DP q, ∆pSP,OOq, and ∆pOO,DP q, while the bottom panel presents
a comparison between ∆pSP,DP q and the effect of shared gender and shared race on the prob-
ability that i works in firm f . All estimates are normalized by the baseline sample probability
22Equivalently, ∆pSP,DP q can be decomposed as the sum of ∆pSP,OW q (the extent to which a politically
affiliated worker is employed by an owner of her same party rather than by an unaffiliated owner) and ∆pOW,DP q
(the extent to which a politically affiliated worker is employed by an unaffiliated owner rather than by an owner
of a different party).
23Importantly, we include in the estimation only firms owned by the 43.6% of owners who also appear as workers
in RAIS at some point over the sample period (either employed in their own firm or in a different firm), since only
for these owners we have information on race, education and age. We also estimated our results using the full
set of owners, and only controlling for an indicator for shared gender (which we have for all the owners), finding
largely the same results.
24In Appendix Table A5 we show that this restriction does not affect our results.
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that yifm equals one. The full set of estimates of equation 4.2 are reported in Appendix Table
A6.

The estimates of ∆pSP,DP q are shown in red in panel A of Figure 4. We find a considerable
degree of assortative political matching between workers and firms’ owners. Relative to the base-
line probability in the sample, depending on the year, a politically affiliated worker is between
139% and 176% more likely be employed by a co-partisan owner than by an owner affiliated
with a different party. This effect stems from a large estimate of ∆pSP,OOq: conditional on
firm f ’s owner being politically affiliated, the firm is more likely to employ workers belonging to
the owner’s same party, rather than unaffiliated workers. The likelihood of observing politically
affiliated owners employing workers who are affiliated with a different party is instead limited.
As was the case for the results in the previous subsection, we again do not observe significant
trends in the estimates over the 2002-2017 period.

In panel B of Figure 4, we benchmark the role of politics with that of race and gender. There
is a significant degree of positive assortative matching between owners and workers along gender
and racial lines, which is consistent with the studies of Giuliano et al. (2009), Giuliano et al.
(2011), and Benson et al. (2019). While the effects are large in magnitude (a 13.7-25.4% effect
for gender, and a 5.6-8.2% effect for race), the relevance of partisan affiliation as assortative
matching criterion is significantly higher.

In sum, the results from this and the previous subsection indicate the presence of a previously
unexplored important channel of segregation in the the labor market, namely individual political
preferences.

4.3. Disentangling Workers’ and Owners’ Preferences. In this subsection, we combine
the results of the previous two dyadic analyses to shed light on the relative importance of
workers’ and owners’ preferences in determining the political segregation in the workplace we
just established. There are three main mechanisms that may explain the findings of the previous
sections.

First, irrespective of the owner’s political affiliation, a worker may have a preference for
working in a firm that employs many workers of her same party. This preference for co-partisan
co-workers would be consistent with the findings of Figure 3. We call this the workers’ preference
for co-partisan co-workers mechanism.

Second, irrespective of her own partisan affiliation, an owner may prefer to employ several
workers of a given party, if she believes it would increase team cohesion and productivity. This
would be consistent with the findings of Figure 3. We call this the owners’ preference for political
team cohesion mechanism.

Third, an owner of a given partisan affiliation may have a preference to hire workers of her
same partisan affiliation, either because of bias, or because she believes the ideological matching
between employers and employees would increase productivity. This would be consistent not
only with the findings of Figure 4, but also with those of Figure 3: if an owner is more likely to
hire a worker of her same party, there will be more and more firms with a politically homogeneous
workforce. We call this the owners’ preference for co-partisan workers mechanism.
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In order to investigate these mechanisms, we need a framework that allows for the simulta-
neous analysis of the matching among workers as well as between workers and firms. To do
so, we combine the frameworks of the previous two sections. Specifically, for each year between
2002 and 2017, and for each industry-municipality labor market m, we create a matrix with
all possible worker-worker-firm pi, j, fq triads. For computational reasons, while we consider all
firms in a market, we focus only on workers who are affiliated with a party. Defining Nm and Fm

as the number of affiliated workers and the number of firms observed in market m, respectively,
for each year we obtain a dataset with

řM
m“1Nm ˆ pNm ´ 1q{2ˆ Fm triads. We then estimate

the following specification:

yijfm “ αm ` β11pworkeri “ workerj “ ownerf “ pAq`

` β21pworkeri “ workerj “ pA , ownerf “ pBq`

` β31pworkeri “ workerj “ pA , ownerf “ Hq`

` β41pworkeri “ ownerf “ pA , workerj “ pBq`

` β51pworkeri “ pA , workerj “ pB , ownerf “ Hq`

` γcSXc
ij ` εijfm

(4.3)

where yijfm is an indicator taking value one if both worker i and worker j are employed in
firm f . The model includes a full set of dummies for each of the possible combination of i, j,
and owner of firm f ’s political affiliation. For instance, the first dummy in the model takes value
one if workers i and j and the owner of firm f all belong to the same party (party A). Similarly,
the fifth dummy in the model takes value one if i and j belong to two different parties (parties
A and B), while the owner of firm f is unaffiliated. The excluded category captures the case in
which i and j belong to two different parties (parties A and B), and the owner of firm f belongs
to a third, different party (party C).25

In Figure 5 we plot five sets of point estimates, normalized by the baseline mean of yijfm,
which can help us shed light on the underlying mechanisms.26 Specifically, we plot the estimates
of β1 in red, which show that in a firm whose owner belongs to party A there is a 57-63% higher
probability of observing two workers of party A than one worker of party B and one worker of
party C. The estimates in green are the estimated linear combinations of β1´β4, and they show
that, in a firm whose owner belongs to party A, there is 47-61% higher probability of observing
two workers of party A than one worker of party A and one worker of party B.

These results are in line with all three of the mechanisms described above: all mechanisms
predict that we are more likely to observe co-partisan workers being employed in the same firm.
However, both the workers’ preference for co-partisan co-workers and the owners’ preference for
political team cohesion mechanisms predict that this should be true irrespective of an owner’s
25As in the previous results, we include a set of indicators SXc

ij , which turn to one if i and j share the same
demographic characteristic c, and we cluster standard errors by market m. For computational reasons, for each
year, we drop the same top 1% of markets of the dyadic analysis in section 4.1 and we sample a random 5% of
triads in each market.
26Appendix Table A7 presents the full set of estimated coefficients.
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political affiliation, while the owners’ preference for co-partisan workers mechanism predicts
that we should observe a higher likelihood of observing co-partisan workers only in firms whose
owner also belongs to that same party. To test these predictions, we plot two additional sets of
point estimates. The gray series shows the estimates of β2, which capture the extent to which, in
a firm whose owner belongs to party A, we are more likely to see two workers of party B rather
than one worker of party B and one worker of party C. The black series shows the estimated
linear combinations of β3 ´ β5, which captures whether in a firm whose owner is unaffiliated
we are more likely to see co-partisan workers than workers of different parties. These estimated
effects are almost always small in magnitude and statistically insignificant.27

In sum, consistent with the owners’ preference for co-partisan workers mechanism, the sig-
nificant political segregation among workers described in Figure 3 is found only in firms whose
owner is affiliated with the party of a majority of her workers. That is, we do not find much ev-
idence that workers sort to firms with other co-partisans because of their preferences for specific
co-workers, or because of owners’ preference for political team cohesion.

5. The Political Wage Premium

In this section, we ask how workers’ and owners’ partisan affiliations affect wage setting.

5.1. Political Owners and Workers. We start by examining average wage differentials for
affiliated versus unaffiliated workers, and in firms with affiliated versus unaffiliated owners,
irrespective of any ideological matching between workers and firm owners. We measure wages as
the total yearly wages earned by the worker in the given job, which are obtained multiplying the
average monthly wage reported in RAIS by the total number of months the individual worked
in the firm in that given year.

To investigate whether firms whose owner is politically affiliated exhibit a wage premium
relative to other firms, we estimate the following model:

(5.1) logwifmt “ αmt ` β
PPft `X

1

imtγ ` εifmt

where logwifmt is the log wage for individual i working in firm f in market m and year t, Pft

is an indicator equal to one if the owner of firm f is politically affiliated in year t, αmt are
market-year fixed effects, and worker-level demographic controls X 1

imt include age fixed effects,
gender, race, education, and tenure in the firm (in months).

The first two columns of Table 4 show that there is essentially no wage premia paid by
firms owned by politically affiliated owners. In the first column, we include industry by year
by municipality fixed effects, while in the second column we also interact these dummies with
occupation fixed effects. While in the first case, the 0.006 coefficient is marginally significant,
the statistical significance disappears in the latter case. This first look at the data indicates that
27The estimates of β3 ´ β5 are insignificant in all years, while the estimates of β2 are insignificant in 2002, 2007
and 2012, while they are significant in 2017, which may suggest that these channels may have become somewhat
more relevant in recent years.
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worker wages do not differ on average depending on whether firm owners are registered party
members or not.

Another interesting question is whether politically affiliated workers earn different wages than
unaffiliated ones. For this purpose, we estimate a wage equation similar to 5.1, where we
substitute Pft with Pit, where the latter is an indicator equal to one if worker i is politically
affiliated in year t. We report the results in columns 3-6 of Table 4. When controlling only
for industry by year by municipality fixed effects (column 3), we uncover a wage penalty for
affiliated workers of 1.6%. This estimate remains statistically significant even when adding finer
sets of fixed effects to the estimation. The more stringent specification is in column 6, where
we compare workers within a firm-occupation cell. In this case, we find a wage penalty of 0.7%
relative to unaffiliated workers.

5.2. Estimating the Political Wage Premium for Co-partisans. The central question of
our wage analysis is whether the political matching between workers and firm owners affects
wage premia within the firm. To this end we specify and estimate the following wage equation:

(5.2) logwifmt “ αft ` β
SPSPif ` β

DPDPif ` β
OWOWif `

ÿ

c

γcSXc
if `X

1

imtγ ` εifm

where we add separate indicators SPif , DPif , and OWif , which are defined in Section 4. We
include firm-year fixed effects αft, restricting the comparison to workers of the same firm, and
absorbing any time-series variation in wages. We additionally control for the same set of indica-
tors SXc

if included in equation 4.2, which turn to one if worker i and f ’s owner share the same
demographic characteristic c. Finally, we include the worker-level version of the demographic
controls (X 1

imt). Standard errors are clustered at the firm level.
The coefficients βSP and βW P capture wage differentials in firms whose owner is politically

affiliated. Specifically, βSP measures the average wage difference between workers of the same
party of the owner and their unaffiliated co-workers in the same year. Similarly, βDP measures
the average wage difference between workers of a different party than the owner and their
unaffiliated co-workers in the same year. The coefficient βOW measures any wage differential in
firms whose owner is unaffiliated, between affiliated and unaffiliated workers.

The results from estimating equation 5.2 are presented in column 1 of Table 5. In firms with
politically affiliated owners, we find a substantial wage premium for workers who belong to the
same political party of the owner. Relative to their unaffiliated co-workers, these workers earn
3.6% higher wages. This “political wage premium” is significantly larger than the wage premium
associated with sharing the same gender (1.6%) or race (1%) of the owner.

We also find a significant, albeit smaller, wage penalty associated with being affiliated with a
party that is different from the owner’s party, with these workers earning on average 1.6% less
than their unaffiliated co-workers. Interestingly, politically affiliated workers suffer a 2.1% wage
penalty in firms whose owner is unaffiliated, further pointing to the fact that the association
between political affiliation and wages crucially depends on the type of owner the worker is
matched to.
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We repeat the analysis in column 2 of Table 5 by substituting firm-year fixed effects with
firm-year-occupation fixed effects, further restricting the comparison to co-workers employed in
the same occupation. While the estimated coefficients shrink by about one third, suggesting that
part of these wage differentials stem from assignment of workers to different positions within the
firm, their magnitude is still significant. That is, we find a political wage premium of 2.4% for
co-partisan workers. We find a similar pattern of results with respect to the other coefficients
in the regression, highlighting the robustness of our findings.

Finally, to further investigate the source of the political wage premia we observe, we conduct
the analysis focusing on different categories of workers, depending on their position in the or-
ganizational hierarchy of the firm. We report the results in columns 3, 4, and 5 of Table 5.
Importantly, we find that the political wage premium is present across all main occupational
categories of managers (column 3), white collar workers (column 4), and blue collar workers
(column 5), with a relatively larger wage premium for white collar employees. What stands out
is the significantly larger wage penalty for managers belonging to a political party different than
the owner’s.

6. Conclusion

In this paper, we document a new set of stylized facts about the role of politics in the labor
market. We use labor market data on the near-universe of private sector workers and business
owners in Brazil over the 2002-2017 period, matched to information on individual political
affiliation. Using a dyadic regression approach, which allows to control for an extensive set
of workers’, workplaces’, and owners’ characteristics that are likely to correlate with both an
individuals’ political affiliation and with employment decisions, we document that workplaces
are politically homogeneous: workers of the same party work together, and business owners of a
given party are more likely to employ workers of the same party. We show that these patterns
are mainly driven by business owners’ preferences for workers of their own party, rather than by
workers’ preferences for co-partisan co-workers. We also document the existence of a political
wage premium, as workers of the same party of their business owner are paid significantly more
than other workers.

In interpreting these sets of results, it is important to emphasize that our current analysis
is descriptive in nature. That is, it is interesting to dig deeper into why we observe these em-
ployment and wage patterns in the data. Our findings may be in line with a story according to
which workers are more productive when matched to business owners with the same political
views. Alternatively, an owner may use her political network to identify workers who are bet-
ter, independently of observable characteristics. Additionally, the results may be explained by
taste-based discrimination, with business owners discriminating in favor of workers who share
their same partisan affiliation. In work in progress, we are collecting new data and performing
additional tests to shed light on these important economic channels, which have different impli-
cations. Among the various next steps, a significant part of our focus is also on disentangling
how much what we are capturing is about partisanship per se, or rather about broader views
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of the world, or differences in social identities, which happen to be well summarized by one’s
partisan affiliation.

In sum, our paper highlights the importance of politics in shaping labor market outcomes,
a topic that is becoming more and more salient in recent years, which saw a large increase in
political polarization around the world (Boxell et al., 2020). Moreover, the substantial degree
of segregation along political lines in the labor market might have important implications for
political polarization itself. Fears about the presence of echo chambers have been primarily as-
sociated with online interactions, with both online news consumption and interactions on social
media deemed more likely to expose people to a homogeneous set of political views (Sunstein
(2001), Sunstein (2017)). Sunstein (2001) draws a distinction between online interactions and
traditional face-to-face interactions, like those in workplaces. We provide evidence that work-
places may well contribute to the emergence of echo chambers, if workers and owners with similar
political views cluster in the same firms.
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Figure 1. The Geography of Political Affiliation

A. Share of workers affiliated

B. Share of owners affiliated

Notes: The figure shows the share of affiliated workers (Panel A) and affiliated owners (Panel B) across
Brazilian municipalities over the period 2002-2017.
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Figure 2. Politics in the Labor Market - Distribution by sector and
political orientation
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Notes: Panel A shows he share of politically affiliated workers and owners by sector of their firm. Panel
B shows the distribution of workers and owners’ political orientation. Statistics calculated over the 2002-
2017 period. See Appendix Table A1 for the categorization of Brazilian parties as Left/Center/Right.
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Figure 3. Political Segregation in the Workplace
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Notes: The top panel shows the point estimates and 95% confidence intervals of ∆pSP,DP q, ∆pSP,Oq,
and ∆pO,DP q. The bottom panel shows and a comparison between ∆pSP,DP q and the effect of shared
gender and shared race on the probability that employees pi, jq work in the same firm. All estimates are
normalized by the baseline sample probability that a dyad works in the same firm. Confidence intervals
are based on standard errors clustered at the market level. See section 4.1 and equation 4.1 for details of
the estimation.
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Figure 4. Assortative Political Matching Between Workers and Owners
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Notes: The top panel shows the point estimates and 95% confidence intervals of ∆pSP,DP q, ∆pSP,OOq,
and ∆pOO,DP q. The bottom panel shows a comparison between ∆pSP,DP q and the effect of shared
gender and shared race on the probability that i works in firm f . All estimates are normalized by the
baseline sample probability that i works in firm f . Confidence intervals are based on standard errors
clustered at the market level. See section 4.2 and equation 4.2 for details of the estimation.
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Figure 5. Disentangling Workers’ and Owners’ Preferences
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Notes: The figure shows the point estimates and 95% confidence intervals of β2, β1´ β4, β2, and β3´ β5
from equation 4.3. All estimates are normalized by the baseline sample probability that i works with j
in firm f . Confidence intervals are based on standard errors clustered at the market level. See section
4.3 and equation 4.3 for details of the estimation.
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Table 1. Summary Statistics on Workers and Owners

(1) (2) (3) (4) (5) (6)
Mean Std. dev. p25 Median p75 Firm-Years

Num. Workers 16.20 263.18 2 3 9 36,048,521
Num. Owners 1.62 1 1 1 2 34,712,023
Num. Managers 0.87 41.82 0 0 0 36,048,521
Num. White Collar 7.35 188.89 1 2 4 36,048,521
Num. Blue Collar 7.86 114.81 0 1 3 36,048,521
Avg. Pay 473.92 2433.54 316.50 396.00 515.00 36,046,375
% Workers College (or higher) 0.18 0.26 0.00 0.03 0.29 36,048,060
% Workers High School 0.66 0.31 0.50 0.67 1.00 36,048,060
% Workers Less than HS 0.17 0.25 0.00 0.00 0.27 36,048,060
% Workers Male 0.56 0.35 0.29 0.60 0.91 36,048,521
% Workers White 0.69 0.35 0.50 0.83 1.00 35,974,998
Avg. Workers’ Age 34.07 7.73 28.77 33.26 38.46 36,048,521

Notes: The table presents summary statistics for the 36,048,521 firm-years in our sample, covering the period
2002-2017. Num. Workers is the total number of workers in the firm. Num. Owners is the number of owners
in the firm, for the firm-years in which we find at least one owner. Num. Managers/Num. White Collar/Num.
Blue Collar is the total number of workers in the firm that are employed in managerial/white collar/blue collar
occupations. Avg. Pay is the average pay of the firm’s workers. % Workers College (or higher)/% Workers High
School/% Workers Less than HS is the share of workers in the firm whose highest level of education is college or
higher / high school / less than high school. % Workers Male is the share of workers in the firm who are male.
% Workers White is the share of workers in the firm who are white. Avg. Workers’ Age is the average age of the
workers in the firm.
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Table 2. Who Are the Party Members?

Dep Var: =1 if party registered
(1) (2) (3) (4)

Workers Workers Owners Owners

College (or more) 0.015*** 0.014*** 0.019*** 0.015***
(0.000) (0.000) (0.000) (0.000)

High School 0.016*** 0.014*** 0.017*** 0.015***
(0.000) (0.000) (0.000) (0.000)

Age 0.004*** 0.004*** 0.005*** 0.005***
(0.000) (0.000) (0.000) (0.000)

Male 0.019*** 0.018*** 0.054*** 0.053***
(0.000) (0.000) (0.000) (0.000)

White -0.003*** -0.002*** -0.009*** -0.008***
(0.000) (0.000) (0.000) (0.000)

Manager 0.007*** 0.008***
(0.000) (0.000)

White Collar 0.009*** 0.007***
(0.000) (0.000)

Pay (in log) -0.006*** -0.006***
(0.000) (0.000)

Observations 575,089,635 574,658,654 22,396,544 21,996,953
Mean D.V 0.0803 0.0803 0.135 0.133
Municipality-Year FEs Yes No Yes No
MunicipalityYear-Industry FEs No Yes No Yes

Notes: Column 1 and 2 present the results from a regression of an indicator equal to one if a worker is registered
with a party in that year on an indicator equal to one if the worker’s highest level of education is college or more
than college, an indicator equal to one if the worker’s highest level of education is high school, the worker’s age,
an indicator equal to one if the worker is male, an indicator equal to one if the worker is white, an indicator equal
to one if the worker is employed in a managerial occupation, an indicator equal to one if the worker is employed in
a white collar occupation, the worker’s pay per hour. Each observation is a worker-year. Column 3 and 4 present
the results from a regression of an indicator equal to one if an owner is registered with a party in that year on a
set of variables for the owner’s education, age, gender, race, defined as in columns 1 and 2. Each observation is
an owner-year, only for the subset of owners for which we have demographic characteristics. Results in columns 1
and 3 include municipality-year fixed effects, while results in columns 2 and 4 include municipality-year-industry
fixed effects. Standard errors in parentheses clustered by individual. ***p ă 0.001, **p ă 0.05, *p ă 0.1
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Table 3. Co-partisan Workers and Owners and Hiring Probability

Dep. var: Share of hires from party p at t
(1) (2) (3)

Panel A: Share of Co-partisan Workers
Share employees party p at t´ 1 0.038*** 0.026*** 0.023***

(0.000) (0.000) (0.000)

Observations 127,162,805 127,140,363 123,368,231
R-squared 0.007 0.023 0.078
Mean Dep. Var. 0.0064 0.0064 0.0063

Panel B: Co-partisan Owner
Owner from party p at t 0.017*** 0.013*** 0.012***

(0.000) (0.000) (0.000)

Observations 190,539,671 190,526,896 185,828,384
R-squared 0.006 0.021 0.072
Mean Dep. Var. 0.0065 0.0065 0.0064

Party*Year FEs Yes No No
Party*Year*Mun FEs No Yes No
Party*Year*Mun-Industry FEs No No Yes

Notes: Panel A presents estimates from equation 3.1. Panel B presents estimates from a version of equation 3.1.
in which the variable Share employees party p at t´ 1 (the share of employees of party p employed in the firm in
the previous year) is replaced with Owner from party p at t (an indicator taking value one if the firm’s owner is
from party p). Standard errors in parentheses clustered by firm. ***p ă 0.001, **p ă 0.05, *p ă 0.1
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Table 4. Wage Premia for Politically Affiliated Workers and Owners

(1) (2) (3) (4) (5) (6)
Affiliated Owner

Premium Affiliated Worker Premium

Affiliated 0.006* 0.006 -0.016*** -0.010*** -0.013*** -0.007***
(0.003) (0.004) (0.001) (0.001) (0.001) (0.000)

Observations 534,321,209 528,414,499 534,321,209 528,414,499 525,754,903 497,819,599
R-squared 0.522 0.606 0.522 0.606 0.658 0.759
Number of Workers 79,007,264 78,866,162 79,007,264 78,866,162 78,533,546 77,380,648
Number of Firms 5,891,692 5,841,368 5,891,692 5,841,368 4,482,035 4,164,304
Industry*Mun*Year FE Yes No Yes No No No
Industry*Mun*Year*Occ FE No Yes No Yes No No
Mun*Year*Firm FE No No No No Yes No
Mun*Year*Firm*Occ FE No No No No No Yes

Notes: Columns 1 and 2 of the table present estimates from equation 5.1, with Affiliated being an indicator equal
to one if the firm’s owner is politically affiliated. Columns 3, 4 and 5 of the table present estimates from a version
equation 5.1, with Affiliated being an indicator equal to one if the firm’s owner is politically affiliated. Standard
errors in parentheses clustered by firm. ***p ă 0.001, **p ă 0.05, *p ă 0.1
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Table 5. The Political Wage Premium

(1) (2) (3) (4) (5)
White Blue

All Workers Managers Collar Collar

Same party 0.036*** 0.024*** 0.012** 0.023*** 0.015***
(0.003) (0.002) (0.006) (0.003) (0.002)

Different party -0.016*** -0.009*** -0.039*** -0.009*** -0.003***
(0.002) (0.001) (0.002) (0.002) (0.001)

Only worker -0.021*** -0.012*** -0.048*** -0.015*** -0.004***
(0.001) (0.001) (0.002) (0.002) (0.000)

Same gender 0.016*** 0.015*** 0.019*** 0.015*** 0.012***
(0.001) (0.001) (0.002) (0.001) (0.001)

Same race 0.010*** 0.005*** 0.012*** 0.005*** 0.002***
(0.001) (0.001) (0.002) (0.001) (0.000)

Same educ 0.061*** 0.024*** 0.034*** 0.027*** 0.005***
(0.002) (0.001) (0.005) (0.002) (0.001)

Same age -0.006*** -0.004*** 0.012*** -0.001 -0.012***
(0.001) (0.001) (0.002) (0.002) (0.001)

Observations 292,613,319 279,023,490 13,105,174 123,379,577 136,834,366
R-squared 0.677 0.775 0.832 0.799 0.711
Number of Workers 61,713,097 60,557,279 4,014,681 34,025,393 35,071,000
Number of Firms 2,553,492 2,368,963 367,066 1,722,004 1,407,767
Mun*Year*Firm FE Yes No No No No
Mun*Year*Firm*Occ FE No Yes Yes Yes Yes

Notes: The table presents estimates from equation 5.2. Columns 1 and 2 estimates the equation on the sample of
all workers. Columns 3-5 restrict the sample to workers employed in a managerial, white collar, and blue collar
occupation. Standard errors in parentheses clustered by firm. ***p ă 0.001, **p ă 0.05, *p ă 0.1 :
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APPENDIX
Appendix A.1. Additional Results

Table A1. Distribution of Party Members, and Left/Center/Right
Party Categorization

Party Name Acronym % of members
Panel A: Left
Workers Party PT 9.90
Democratic Labor Party PDT 8.01
Brazilian Socialist Party PSB 3.57
Popular Socialist Party PPS 3.15
Communist Party of Brazil PCdoB 2.09
Green Party PV 1.97
National Mobilization Party PMN 1.39
Socialism and Freedom Party PSOL 0.41
Solidarity SD 0.26
Republican Social Order Party PROS 0.13
Brazilian Communist Party PCB 0.11
Unified Socialist Workers Party PSTU 0.10
Free Homeland Party PPL 0.08
Brazilian Women’s Party PMB 0.04
Party of the Workers’ Cause PCO 0.02
Sustainability Network REDE 0.02

Panel B: Center
Brazilian Democratic Movement MDB 16.24
Brazilian Social Democracy Party PSDB 9.21
Brazilian Labor Party PTB 8.05
Forward AVANTE 1.02
Social Democratic Party PSD 0.76

Panel C: Right
Progressive Party PP 9.75
Democrats DEM 7.67
Liberal Party PL 5.07
Christian Social Party PSC 2.22
Progressive Republican Party PRP 1.44
Brazilian Republican Party PRB 1.44
Liberal Social Party PSL 1.25
Christian Labor Party PTC 1.11
Christian Democracy DC 1.01
Humanist Solidarity Party PHS 0.92
We can PODE 0.78
Brazilian Labor Renewal Party PRTB 0.70
Patriot PATRI 0.10
New Party NOVO 0.01
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Table A2. Matching of Workers and Owners to Party Registration
Data: Matching Steps

Matching Steps Matched (total) Matched (%)
Step 1: perfect by name - DOB - municipality 5,736,086 49.14
Step 2: perfect by name - DOB - state 2,551,645 21.86
Step 3: perfect by name - DOB 628,524 5.38
Step 4: perfect by name - year birth - month birth - municipality 62,211 0.53
Step 5: perfect by name - year birth - day birth - municipality 47,332 0.41
Step 6: perfect by name - month birth - day birth - municipality 45,243 0.39
Step 7: perfect by name - year birth - month birth - state 72,556 0.62
Step 8: perfect by name - year birth - day birth - state 39,212 0.34
Step 9: perfect by name - month birth - day birth - state 77,673 0.67
Step 10: perfect by name - year birth - municipality 112,651 0.97
Step 11: perfect by name - year birth - state 179,829 1.54
Step 12: perfect by name - municipality 572,574 4.91
Step 13: perfect by name - state 479,858 4.11
Step 14: fuzzy by name, blocking on DOB - municipality 715,539 6.13
Step 15: fuzzy by name, blocking on DOB - state 352,064 3.02
All matched (unique individuals) 11,672,997 100
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