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Abstract
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individuals. We leverage unique matched Brazilain employer-employee data with the named officers in the
Panama papers from the International Consortium of Investigative Journalists and a dynamic differences-
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economic crisis. Last, the comparison with our not-yet-treated those affected by the disclosure of the
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intervention and no changes in average compensation paid.
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1 Introduction

Tax evasion and avoidance have been extensively researched by the economic literature since the publication
of the seminal work of Allingham and Sandmo (1972). With globalization and the consequent increased
capital mobility across borders since the 1980s, issues related to evasion and avoidance on an international
level gathered the interest of policymakers and researchers (Saez and Zucman, 2019). The severity of the
situation became apparent with recent leaks from the International Consortium of Investigative Journalists
(ICIJ), such as the Panama Papers, which hold previously undisclosed confidential financial details on affluent
individuals and government figures. As the use of tax havens as tax planning tools became widespread among
the wealthy, research on international tax enforcement focused on these matters (Alstadsæter et al., 2018,
2019; Zucman, 2019, 2013). However, less attention has been given to the consequences of such international
issues and information disclosure beyond tax outcomes.

This paper aims to contribute to investigating whether the publication of the Panama Papers impacted
named individuals’ careers and associated labor market outcomes. This is a relevant question whose impact
is undetermined ex-ante. Although reputational consequences from peers and superiors could negatively im-
pact named individuals’ careers because they were caught in a potentially illegal and morally questionable
tax-planning scheme, this also could reveal that those persons present tax-minimizing abilities, well-regarded
in some industries. Alternatively, we can observe behavioral responses, in the sense that individuals act inde-
pendently of their colleagues. Individuals exposed to this information shock might shift income composition
between capital and labor to reduce the risk of being caught by the tax authority after the documents’ leak.
Or, they might face shame for their actions, affecting their labor market decision.

We start our analysis gathering all data leaked by the ICIJ (international Consortium of Investigative
Journalists) to identify all named individuals who resides in Brazil according to their documentation.1 Next,
we leverage comprehensive matched employer-employee data from the Ministry of Labor (RAIS) from 2010-
2018, containing information on all formally employed Brazilian residents, to build our treatment group, i.e.,
those that were named by the ICIJ and were found at least once in the formal Brazilian labor market. These
matched individuals have higher earnings, are better educated, are older, and are more likely to be male than
the average formally employed Brazilian. We focus the analysis on individuals reported in Panama papers
that occurred in 2016, which had a more considerable impact in the media. To investigate the effects on the
labor market, we focus on changes in earnings, job mobility, and participation in the formal market. We also
examined the possible impact on firms in which they were linked: the number of employees, average earnings,
earnings mass, and activity change.

Next, we build two main comparison groups. The first one (never-treated) is composed of (i) nearest-
neighbor matched units and (ii) high-earners units. The second one (not-yet-treated) is composed of
named individuals in the Pandora Papers (2021) found in RAIS up until 2018. We implement our dy-
namic differences-in-differences estimator to gauge the effects of being named in the Panama Papers on those
labor outcomes of interest and to study the possible channels that led to these effects by running a mechanism
checks.

The dynamic difference-in-differences estimator with our treated and control groups derived from the ICIJ
Leaks and RAIS data suggests that individuals in the 2016 leak enjoyed more career stability than matched
and high-earners never-treated groups, with an effect of between 20 to 24 p.p. of more job stability. The effect
carries on for all post-treatment periods. In particular, during the crisis that affected Brazil soon after the leak,
the comparison groups were likelier to leave the formal labor market than those under the intervention. The
null effects for the not-yet-treated comparison group (Pandora Papers-2021 but treated in 2016) regressions
suggest that the mechanism behind these results is behavioral rather than reputational. That is, coworkers
and superiors of those named are probably not the source of the observed outcome changes. Instead, those
named individual responses and behaviors seem to drive the effects. For the firm-level regressions, we find
effects for small companies. Those with at least one employee named in the Panama Papers employed fewer
individuals and exhibited lower payroll expenses, with no impact on activity, from 2016 to 2018.

This paper contributes to three strands of the literature. First, even though the outcomes studied here
are not directly related to taxation, the tax morale-related works can help us to understand our estimations
as “nonpecuniary motivations for tax compliance as well as factors that fall outside the standard, expected

1The ICIJ is a global network of more than 290 investigative journalists in 105 countries who collaborate on in-depth
investigative stories. The leaks employed in this work are the Panama (2016) and Pandora (2021) papers.
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utility framework” (Luttmer and Singhal (2014)). In our context, we posit that shaming and reputation
concerns coming from a tax-related public disclosure (the Panama Papers) have an effect beyond tax-related
outcomes, even when tangible consequences are not involved. In particular, Perez-Truglia and Troiano
(2018) find that increasing exposure to delinquency status leads to greater compliance among low-tax debt
individuals. Next, from an experiment in Slovenia using a naming-and-shaming list publication, Dwenger and
Treber (2018) concludes taxpayers reduce their tax debt to avoid shaming, particularly in industries where
reputational concerns are essential. Slemrod et al. (2022) examine how Pakistani programs of top taxpayers’
public disclosure of tax information promote tax compliance. Finally, as a counterpoint to the works cited
above, Fellner et al. (2013) deduce from a mailing experiment targeting potential TV license fee evaders
that “neither appealing to morals nor imparting information about other’s behavior enhances compliance on
aggregate”, even though the effect in compliance is positive and significant when detection threat is involved
in the mails’ content. Hence, literature suggests that evidence is mixed, to some extent, when we consider
social norms and compliance. In this study, we provide a new potential channel – the shame of being named
in the leaks – on how nonpecuniary and other factors outside the usual expected utility framework might
affect individual actions.

Second, as we have evidence that social and reputational concerns can affect individual decisions, we relate
to papers that explore the interplay between these concerns in other contexts, such as education (Bursztyn
et al., 2019), investment and consumption decisions (Bertrand and Morse, 2016), voting Bursztyn et al.
(2014); Enikolopov et al. (2020), and labor market (Bursztyn et al., 2017; Kosfeld and Neckermann, 2011;
Bradler et al., 2016). These instances are well summarized in Bursztyn and Jensen (2017). An issue raised by
the review is that we still do not have an extensive comprehension of the mechanisms underlying social image
concerns. In this work, we contribute by exploring the potential mechanisms behind the consequences of the
Panama Papers publication on the named individuals while providing another instance of the reputational
effects. We find that shame and moral concerns are not the main drivers of the changes in outcomes after
the Panama Papers intervention.

Last, our work contributes to the literature that explores ICIJ Leaks by considering that the Panama
Papers can also affect labor market outcomes. Our paper is intrinsically connected with Londoño-Vélez and
Ávila-Mahecha (2021), where the authors find that wealth tax evasion responds to the credible threat of
detection provided by the leak. In particular, those named in the disclosure became 27 p.p. more likely to
disclose offshore assets in a Colombian voluntary disclosure program than their counterparts, suggesting that
these individuals respond to exposure in such a tax-planning scheme. In Londoño-Vélez and Tortarolo (2022)
and Londoño-Vélez and Ávila-Mahecha (2022), the Panama Papers are complementary to the analysis. The
former states that the Panama Papers contributed to the success of Argentina’s highly successful tax amnesty
program in 2016, while the second concludes that Colombian taxpayers increased activity in tax havens as a
response to the reinstatement of wealth tax. Next, Ait Bihi Ouali (2019) finds that the fiscal scandal resulting
from the Panama Papers led to increased preferences for redistribution policies in the United Kingdom. In
Bayer et al. (2020), the conclusion is that offshore activity increases when governments become more enforcing
concerning fighting organized crime (by confiscating their proceeds). Finally, Schmal et al. (2023) suggests
that firms implicated in ICIJ Leaks try to hide wrongdoing and report more tax expenses after the exposure.
We contribute to this literature by evaluating another dimension for the Panama Papers’ effects: the labor
market.

This study is organized as follows. Section 2 presents the institutional context, both international and
Brazilian, involving the Panama Papers and national conjecture. Section 3 explains the data used in the
analysis (RAIS and ICIJ Leaks), as well as the method adopted to locate Panama Papers’ exposed individuals
in the labor market data. Section 4 discusses the empirical strategy employed for identification and the
potential mechanisms that could drive the effects. Section 5 shows the results. Finally, Section 6 concludes.

2 Institutional Setting

2.1 Tax evasion and avoidance

A common way of evading and avoiding taxes is offshoring in tax havens, which refers to individuals moving
assets and income to foreign jurisdictions where tax laws are more favorable, usually to minimize or avoid
paying taxes in their home country. This practice becomes more common the more we go up in the wealth
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distribution – a stylized fact often reminded by the literature (Londoño-Vélez and Ávila-Mahecha, 2021,
2018; Londoño-Vélez and Tortarolo, 2022; Piketty, 2007). In particular, Zucman (2013) points out that
“offshore accounts probably belong to very wealthy individuals, who play a key role in the long run evolution
of income distributions”. This issue is not negligible, as approximately 10% of world GDP is held in offshore
tax havens, equivalent to 8% of all household financial wealth (Alstadsæter et al., 2018). Although tax
havens are technically not illegal, their opaque structures make them ideal for money laundering and other
corruption schemes. Even putting aside the legal question, the issue still raises concerns about the morality
of tax avoidance. It highlights the disproportionate power that wealthy individuals have in deciding how
much tax they pay – a matter of ethical debate addressed by Saez and Zucman (2019).

Offshore tax evasion and avoidance become even more prominent when we consider the set of documents
leaked by the International Consortium of Investigative Journalists (ICIJ, 2013) containing information on
more than 810,000 offshore entities on over 200 countries and territories. This ICIJ data “strips away the
secrecy that cloaks companies and trusts incorporated in tax havens and exposes the people behind them.”
The database (which we refer to as ICIJ Leaks, or Leaks) consists of five massive leaks acquired by the ICIJ:
Offshore Leaks (2013), Panama Papers (2016), Bahamas Leaks (2016), Paradise Papers (2017), and Pandora
Papers (2021).

The Panama Papers was one of the first that caught the world’s attention, being awarded the Pulitzer
Prize in 2017. Its publication prompted reactions from both authorities and individuals, leading to the
creation of task forces, investigations, inquiries, and even the resignations of politicians occupying high
positions in several countries, including but not limited to Peru, Argentina, the United States, the United
Kingdom, Spain, and India. A prominent case related to the Panama Papers’ repercussions occurred in
Iceland, culminating in the prime minister’s resignation, whose name was present in the leak. Comparable
consequences for high-ranking officials also happened in Mongolia, Spain, and Pakistan. After 2016, as put by
Keen and Slemrod (2021), “prompted by both public pressure and their own need for revenue, governments
of the advanced economies have turned their attention to the problems of international taxation. They may
not be setting up blockades, but the G20 members now routinely speak of taking ‘defensive measures’ against
jurisdictions not complying with the new international tax standards being established.”

2.2 Brazil at the time of the Panama Papers

In Brazil, where this work focuses, the media was concerned with the illegalities associated with tax haven
offshoring2 (Reuters, 2016). This was mainly because many Brazilian residents named in the Panama Papers
were politicians already being investigated for corruption. At the time in Brazil, the number of Google
searches for the term “Panama papers” was higher than for “pedalada fiscal” (fiscal pedaling, Figure 1). The
latter relates to one of the main reasons behind the president’s impeachment in office at the time, Dilma
Rousseff, and coincidentally trended together with the Panama Papers, even though both were independent
and unrelated events. This suggests that Brazilians were more interested in learning about the Panama
Papers scandal than the motives behind the political turmoil.

The country’s delicate economic situation motivated the president’s impeachment. Brazil was facing
a crisis that started in 2015 and adversely affected the labor market. According to IBGE (2024) – the
national agency responsible for the official collection of statistical, geographic, cartographic, geodetic, and
environmental information – the unemployment rate was about 7.2% from 2012 to 2014, on average. In 2015,
it went to 8.6% and then to 11.6% in 2016. The average unemployment rate between 2016 and 2018 was
12.3%, reflecting the crisis. Together with the labor market, production was also impacted. Already showing
signs of fragility in 2014, when GDP grew only 0.5%, the economy shrunk 3.5% in 2015 and 2016 each and
only achieved a positive growth figure again in 2017, but still small in magnitude (1%).

Evidence points out three main causes for the Brazilian economic situation at the time. First, it is
argued that mismanagement of macroeconomic policy weighted on the negative figures mentioned above,
characterized mainly by fiscal and monetary neglect (de Holanda Barbosa Filho, 2017). Second, the growth
reduction in China prompted commodity devaluation and hurt the basis of Brazilian exports (Bonelli and
Veloso, 2016). Third, the political crisis combined with the Operation Car Wash investigations further
deteriorated the confidence of economic agents. In particular, the government coalition could not develop

2Check Appendix A for examples of Brazilian news’ front pages and articles.
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Figure 1: Google Trends in Brazil

Notes: Google trends results filtered for Brazil for the terms offshore leaks, Panama papers, paradise papers, Pandora papers,
and pedalada fiscal, from Jan/2013 to Dec/2021.

sufficient alliances with center-right parties, which prevented economic measures and laws from being passed
and disfavored President Rousseff’s position during the impeachment trial.

The topic of offshore tax avoidance and evasion remains relevant in the country and is not limited to the
ICIJ Leaks. Recently, the National Congress passed the law project PL 4173/2023, changing the taxation rules
on offshore earnings and exclusive funds – a policy aimed at wealthy individuals. Until now, all reported
overseas incomes were taxed when repatriated to Brazil. However, the new law to be applied suggests
switching to an annual collection scheme, taxing realized gains regardless of their jurisdiction. According
to the Ministry of Finance, offshore assets are valued at over R$ 1 trillion (US$ 200 billion approximately),
rarely taxed since earnings and profits are held outside the country and rarely repatriated. The potential
for tax collection, they argue, is over R$ 20 billion (US$ 4 billion) between 2024 and 2026 (Câmara dos
Deputados, 2024).
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3 Data

For the labor characteristics of individuals, we use the Relação Anual de Informações Sociais (RAIS), an
administrative database provided by the Ministério do Trabalho e da Previdência (MTE) – the Brazilian
ministry of labor and social security – since 1975. The RAIS is the official matched employer-employee
data, containing yearly identified information about firms and formal workers filled out by employers up to
2018. Some of its contents include municipality of residence, type of activity by the National Classification of
Economic Activities (CNAE) code, type of occupation by the Brazilian Classification of Occupations (CBO)
code, earnings, birth year, gender, social security number (CPF), firm identifier (CNPJ), etc. We restrict the
RAIS panel to include only 2011 to 2018 in our analysis.

We also leverage the ICIJ Leaks to identify the tax planning individuals. The data contains information on
individuals (Officers) that are part of the Pandora Papers (2021), Paradise Papers (2017), Panama Papers
(2016), Offshore Leaks (2013), and other investigations. Some of its contents are the individuals’ names,
source identifier (which leak the officer was named in), country of residence, etc. In this study, we use
the Panama Papers to construct the treated group and the Pandora Papers to construct a not-yet-treated
comparison group. These choices are particularly convenient given the available period of RAIS (up until
2018) and given that the number of Brazilian residents from these two leaks that could be mapped in RAIS
is similar (See Table 2).

3.1 Finding Officers in RAIS

This subsection explains the procedure adopted to match the Officers in the RAIS data. We need to be
careful when merging this data since the only identifier we have from the leaks is the name, which brings
some problems: standardization and homonyms. To deal with the first, we standardize the strings from RAIS
and Officers by removing accents, special characters, double spaces, upper cases, mr. and mrs. (relatively
common in the Leaks), etc. The problem becomes more intricate when dealing with homonyms, mainly
because we still have Type I and II errors, even when filtering all non-unique names out of RAIS.

Type I occurs when we get false positive matches between RAIS and Officers. That is, we have a unique
name with correspondence common to both data, but it does not refer to the same person. This is because
not all Officers residing in Brazil participate in the formal labor market, i.e., they do not have signed job
contracts. This means that they do not appear in RAIS. To deal with the issue, recall the stylized fact that
most of the wealth held in offshore tax havens belongs to those in the top portion of the wealth distribution
(Alstadsæter et al., 2018; Londoño-Vélez and Tortarolo, 2022; Londoño-Vélez and Ávila-Mahecha, 2021).
Assuming wealth positively correlates with labor market earnings for employed individuals, a solution for
the Type I error is filtering RAIS to include only those who receive a monthly wage over a certain threshold.
Naturally, this reduces the amount of data available to join, and we lose some Officers. On the other hand,
we decrease the probability of homonym occurrence and false positives since we assume that those who own
assets in tax havens are likely to be high-earners. Hence, our tradeoff is between correct matches and sample
size: the greater we set the earnings filter, the more Officers we lose, but the matches are more likely to be
correct.

In the main analysis, we set the earnings threshold to be R$ 10,000 (values of Dec/2022), but the regression
results are robust to other thresholds of 0, 5,000, 20,000, and 50,000 and are available in Appendix B. The
number of officers in RAIS between 2011 and 2018 is 257, who have appeared on the panel for at least one
year. We denote the RAIS panel data filtered with labor market earnings over R$ 10,000 as RAIS 10k,
likewise for other filter values (RAIS 5k, RAIS 20k, and RAIS 50k). We can check the procedure results in
Table 1. The Complete Officers data refers to the bulk of all ICIJ Leaks (Panama, Pandora, Paradise, etc).
Officers BR are the named individuals who reside in Brazil. Officers BR Panama are Brazilian residents who
appeared in the Panama Papers. The remaining ones are the results after joining Officers BR Panama with
RAIS 0k, RAIS 10k, RAIS 20k, and RAIS 50k, respectively. From here onward, we omit the ”Officers BR”
part when we refer to those. For instance, ”Officers BR Panama 10k” becomes ”Panama 10k.”

Next, we have the possibility of Type II error (false negative), referring to the matches we lose either
because of the method mentioned above (earnings and homonym filters) or other reasons, such as abbreviated
names, lack of middle name, and misspellings. For the latter motives, we perform fuzzy matching to map
Officers in RAIS, and since results are similar and robust to the usual perfect-match approach, we leave to
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Table 1: Data sizes & matches

Data source n

Complete Officers data 517,111
Officers BR 3,537
Officers BR Panama 1,668
Officers BR Panama 0k 392
Officers BR Panama 5k 327
Officers BR Panama 10k 273
Officers BR Panama 20k 187
Officers BR Panama 50k 100

Notes: n refers to the number of individual observations associated with each data. Complete Officers data is the whole ICIJ’s
raw data, containing the names, country of residence, leak source, and other non-sensitive details of firms and individuals asso-
ciated with an entity in a tax haven, either as an owner or partner. Officers BR is the same as Complete Officers data but is fil-
tered to Brazilian residents. Officers BR Panama is the same but further filtered to the Panama Papers leak only. Officers BR
Panama xk refers to the data constructed by matching the individuals from the ICIJ to RAIS filtered for earnings above R$ x
(of Dec/2022) and removing homonyms. Officers BR Panama 10k is in bold because it is the data we use for the main analysis.

the Appendix C.

4 Empirical Strategy

In this paper, we discuss whether individuals who appear in the Panama Papers (i) face reputational con-
sequences from its disclosure and are ashamed of their involvement in such scandal, exhibiting behavioral
responses; and (ii) shift income sources from capital to labor because of the increased risk of being caught
by the tax authority after the documents’ leak.

The consequences of being caught in tax planning schemes such as those from the ICIJ are complex as
ambiguity surrounds them. On the one hand, the leaked documents may indicate the tax planning skills of
those exposed, which can be well-regarded and valuable in specific industries, such as in accounting, law, and
consulting segments – illustrated by the common practice among wealthy individuals and corporations to
employ entire teams of professionals specialized in minimizing tax debt. Additionally, some are sympathetic
to the “starve the beast” political motto when it comes to public finance, whose one of the main points is
to push for less tax revenue to governments to limit their distorting influence on the economy (Keen and
Slemrod, 2021; Institute for Policy Innovation, 2016). In this sense, involvement in the Panama Papers could
lead to positive labor market outcomes for the named.

On the other hand, the use of tax havens has a questionable moral standing and is typically frowned
upon even if it is not illegal. This is evident in how the media covers the topic (New York Times, 2016) and
popular opinion on the matter. As put by De Rijcker (2023), there is a ”prevalence of negative sentiment,
closely linked to emotions such as anger, disgust, distrust, outrage, and shock” regarding the Panama Papers
discussions on Twitter. Hence, coworkers and superiors of those named in the leaks could disapprove of their
offshore entities, negatively impacting their reputation.

Additionally, shame from appearing in the Panama Papers alone could induce behavioral responses, which
explains why authorities worldwide use name-and-shaming methods to achieve policy goals. In Perez-Truglia
and Troiano (2018), the authors point out the many instances where governments employed shaming penalties
to reduce tax delinquencies in Argentina, Croatia, El Salvador, Greece, Mexico, Canada, Portugal, Spain,
New Zealand, the United Kingdom, Italy and India. In many of these, the measure adopted is publicizing
tax delinquency through online lists and newspapers and through other less discrete methods3. In the ICIJ
Leaks case, the rationale is similar, albeit not related to tax compliance: a list of tax evaders and planners
was publicized online, and thus, we can expect behavioral responses from named individuals related to labor
market outcomes.

3In Bangalore, drummers are hired to visit homes of tax evaders and bang the drum if they refuse to pay.
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Besides social implications, those in the leaked documents could also react in ways not associated with
their reputation. For instance, since the ICIJ Leaks can be accessed by anyone, including tax authorities,
named persons may repatriate their assets and adjust their tax filings to avoid legal trouble or investigation.
This is particularly relevant for Brazil, as the country introduced a voluntary disclosure program in 2016,
which allowed residents to disclose unreported funds and assets from legal sources without facing harsh
consequences, having the perfect opportunity to adjust their tax bills with the Brazilian tax authority (Receita
Federal) at that time. This adjustment could result in lower earnings from assets previously hidden in tax
havens. Consequently, those not part of the formal labor market (i.e., did not receive wages because they did
not have signed job contracts) may become active and start receiving wages to compensate for this income
drop from the relocation of assets. In a way, they are worse off than before the leak because of increased
formal work obligations but still compensate for the income drop, to some extent, from adjusting offshore
assets with the tax authority.

Considering the potential mechanisms described above, we employ the differences-in-differences estimator
with individual and time-fixed effects to identify the causal effects of being named in the Panama Papers
disclosure on labor market outcomes. We reasonably claim that the leaks are exogenous events (as in Londoño-
Vélez and Ávila-Mahecha (2021); Schmal et al. (2023)), and assuming that our comparison groups are suitable,
satisfying the parallel trends assumption, the differences in outcomes after treatment can be attributed to the
Panama Papers. Thus, the estimated event-study ATT equation for the diff-in-diff is: ARMANDO INCLUIR
A REGRESSÃO DO DYNAMIC DIFF-IN-DIFF

yit = αi + λt + βtDit + εit

Where Dit = 1{i treated at t}, and each βt is a parameter of interest. For the individual effects, the
outcomes analyzed are earnings (in R$ of Dec/2022), labor market participation (whether individuals are
employed with a signed formal contract), and firm-switching behavior. For firm effects, we define treatment
as having at least one employee named in the leak and examine activity, number of employees, and average
and total earnings paid. The omitted category is 2015 (the last pre-treatment year), and standard errors are
clustered at the individual (firm) level.

The challenge is to find adequate comparison groups. For individuals, we have three options: not-yet-
treated, RAIS 10k, and RAIS Matched4. The not-yet-treated group refers to the individuals named in the
Pandora Papers (2021) – these are the most natural candidates for comparison. To find the Pandora Officers
in RAIS, we employ the same strategy from Section 3.1: filter labor earnings from RAIS for over R$ 10,000
to get RAIS 10k, then remove homonyms, and join with Pandora Papers’ leak. This group is particularly
convenient as a comparison group since the time window between Panama and Pandora is five years, leaving
an adequate amount of time to analyze treatment effects, and also because the number of named individuals
of Brazilian residence in the 2021 documents is close to the 2016 one, leaving us with roughly the same
number of treated and comparison units. The overlapping of individuals across leaks is minimal (less than
20 named in more than one of the ICIJ Leaks), and we remove their occurrences.

Next, we use the RAIS 10k as a comparison group to run the diff-in-diff analysis. We compare the outcome
trajectories from those named in the Panama Papers with those with earnings over 10,000. The advantage of
this exercise is that we have many treated units, which can provide more confident results. Still, one might
not be satisfied with this counterfactual since we only restrict the earnings characteristic. We also employ
a matching algorithm to select a potentially more adequate comparison group through covariate balancing.
The idea is to not only satisfy the parallel trends assumption – sufficient for identification – but also to reduce
model dependence by emulating a successful randomized experiment (Stuart, 2010; Austin, 2011).

For this, we gather the labor market characteristics of the Panama Officers and adopt a nearest-neighbor
matching method to sample units from RAIS that are more similar to the treated group. This leads to the
RAIS Matched comparison group, with six controls for each treated unit. In particular, we match the data
using years of education, birth year, and gender characteristics. Note that for this type of selection, it is
important to match using variables unaffected by the Panama Papers, even considering only pre-treatment
periods.

Table 2 shows the descriptive statistics (mean and standard deviation) of the treated group (individuals
named in the Panama Papers) and comparison groups. We also provide the national statistics from those

4Note that, in this paper, we use the term ”match” in two different contexts: first to identify Officers in RAIS – a matter
detailed in Section 3 – second to select comparison units from RAIS with similar characteristics to perform regression analysis.
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Table 2: Descriptive statistics of treated and comparison groups and benchmarks

Treated Comparison Benchmarks

Panama
10k

Pandora
10k

RAIS
10k

RAIS
Matched

Panama
0k

RAIS
0k

Earnings (R$ Dec/2022) 20,459 19,936 17,743 8,483 13,431 2,544
(31,330) (29,254) (13,738) (10,949) (26,965) (4,495)

Labor market participation 0.51 0.53 0.81 0.78 0.53 0.70
(0.50) (0.50) (0.39) (0.42) (0.50) (0.46)

Tenure 10.35 9.41 13.57 10.64 7.82 4.60
(7.60) (7.96) (9.85) (9.45) (7.02) (5.75)

Years of educ 16.33 16.36 16.33 16.12 15.51 11.52
(2.59) (2.53) (2.39) (2.63) (2.91) (3.44)

Age 48.80 46.12 46.37 49.72 45.43 35.87
(12.91) (12.71) (10.53) (12.65) (14.47) (12.08)

Male 0.78 0.76 0.67 0.78 0.72 0.58
(0.41) (0.43) (0.47) (0.41) (0.45) (0.49)

n 273 279 21,868 867 392 94,266

Notes: Descriptive statistics table for the treated, comparison groups, and benchmarks from 2011 to 2018. For the treated
group, the Panama 10k column refers to the characteristics of Officers Panama BR 10k. The same applies to Pandora 10k (not-
yet-treated comparison and future treated group), but using the Pandora instead of Panama Papers. RAIS 10k refers to the
statistics of RAIS filtered for earnings above R$ 10,000 (R$ Dec/2022). RAIS Matched refers to the statistics of the matched
sample used as a comparison group based on gender, age, and education years. For the benchmarks, RAIS 0k refers to the
general statistics from the Brazilian formal labor market data, contrasted to the Panama 0k. The last row n shows the number
of individual observations across groups, e.g., 273 unique individuals were identified between 2011 and 2018 for Panama 10k.

employed in the formal labor market (RAIS 0k) to gauge how differently exposed individuals are to the
bulk of the Brazilian workers compared to the most conservative and prone to Type I error officers’ data
(Panama 0k). Those two are under the benchmark group. Note how officers, on average, receive much
higher wages (R$ 13,431 of Dec/2022) than the average formally employed Brazilian worker (R$ 2,545 of
Dec/2022). This difference is equivalent to more than two units of standard deviation. The picture is even
more striking if we consider that wages usually are not the main source of income for individuals who hold
offshore assets. Additionally, the many false-positive matches between exposed and RAIS individuals pull
the mean wages downward. Hence, we should expect the earnings differential to be much higher than the
amount the descriptive statistics show us.

For characteristics other than earnings, note how officers were, on average, less participative in the labor
market between 2011 and 2018, illustrated by the formal employment indicator row (which assumes value 1 if
an individual is formally employed in a given year, 0 otherwise, averaged between 2011 and 2018). Again, this
is also consistent with the idea that these individuals’ main source of income is not usually from labor. Thus,
they have more freedom to adjust whether they are formally employed. On the other hand, when officers
are employed, they have higher tenure than the average Brazilian, illustrating an important characteristic of
exposed individuals related to their potential for career stability. This point is developed and discussed in
the 5 section. Finally, officers are more likely to be older, better-educated males than the national average.

For the firm-level analysis, it is challenging to find suitable comparison units since most of the large
Brazilian legal entities (such as multinationals, large banks, and the government) have at least one named
person, leaving us with insufficient comparable units to employ. Fortunately, we should expect no effects
within this specific group since they are too large to suffer consequences from having a few exposed individuals.
Hence, by restricting the sample to only small firms, we can deal with the two issues aforementioned. In the
main text, as with individual analyses, we consider only those in Panama 10k and run econometric regressions
for firms with 50 and 100 workers or less, employing a random sample of other firms with 50 and 100 workers
or less as the comparison group. In the appendix, we provide robustness checks for Panama 0k, 5k, 20k, and
50k.
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5 Results

On the individual level, regression results indicate that the Panama Papers’ officers are more stable in their
professions than never-treated groups (matched and high-earners). The effects persist for all post-treatment
years. In particular, officers are less affected by the Brazilian crisis, which started in 2015 (the pre-treatment
year) and adversely shaped the labor market. These conclusions are robust across all specifications.

On the other hand, effects are statistically null for the not-yet-treated comparison group. Mechanism
checks for people named in the 2021 leak of the Pandora Papers indicate that they are affected roughly
in the same manner (slightly smaller in magnitude) as Panama Papers’ officers. In other words, people
named in different leaks faced similar consequences after the 2016 leak. A possible explanation relates to the
mechanisms operating behind the effects. Once the Panama Papers news flooded media outlets, there was a
general mobilization from all individuals named in the ICIJ leaks. From this, we can infer that most of the
consequences were behavioral rather than reputational since even though they did not have their names in
Panama, Pandora’s officers exhibited effects from the 2016 leak.

On the (small) firm level, results suggest that treated units—those with at least one employee named —-
are laying off more individuals than their counterparts after the treatment, without significant changes in
average compensation but a reduction in total compensation paid. There are no apparent effects on their
activity status.

The individual and firm-level results imply that while exposed individuals face more career stability, that
is not true for their firms. In particular, they are laying off employees who are not Panama Papers’ officers.
Assuming that the point made in Schmal et al. (2023) that firms report more tax expenses after the exposure,
we can infer that they are switching from payroll to tax expenses. Unfortunately, we cannot confidently check
this mechanism because of a lack of data.

5.1 Individual effects

Figure 2 shows the results using clean, never-treated units from a random sample from RAIS 10k as a
comparison group. The effect on wages seems weak to non-existent, especially considering that the parallel
trends assumption is violated in the pre-treatment period. On the other hand, compared to the base period,
those named in the Panama Papers participate more in the formal labor market, reflecting on their lower firm-
switching behavior. These effects are driven by the suggestion in the bottom-right panel of 2 that Panama
Papers’ officers are not increasingly entering the formal labor market; instead, their counterparts are departing
more frequently, that is, they are either going to unemployment, informality, or receiving income from sources
other than wages (since they do not have a signed job contract), such as profit participation in the firms
they are associated with, particularly in the treatment year. From the bottom-left panel, the effect persists
throughout the remaining periods, where treated individuals are about 22.7 p.p. (post-treatment average)
more likely to participate in the formal labor market than their counterparts. The picture is similar for
matched never-treated units (Figure 3), where the average labor market participation in the post-treatment
period is 0.24 p.p. higher than in the comparison group.

These event-study estimates alone may not be enough to determine whether the Panama Papers’ exposure
effects were positive or negative in their careers. Again, even though they face more stability, from our data,
we do not know what happens to the compared individuals when they leave the formal labor market. However,
considering that Brazil was facing a crisis period when the Panama Papers leaked, we can make a guess. The
average national unemployment rate from 2012 to 2014 was about 7.2%, whereas from 2015 to 2018 was 11.6%,
the highest jump was from 2014 to 2015 (8.6%). This means that the labor market was facing the effects
of the crisis right before the Panama Papers leak. The crisis started in 2015, but the non-zero results from
the differences-in-differences estimator are only shown after treatment. Hence, we can infer those exposed
were more “protected” than their counterparts. In other words, the Panama Papers shielded its officers from
the effects of the crisis. Moreover, assuming Panama Papers’ officers are often in high positions within their
companies, they could respond by “channeling” the responsibility and effects of the leaks to lower-ranked
workers and peers. Indeed, this is what the firm-level analysis suggests in the next subsection.

On the other hand, the change in outcomes trajectories employing the not-yet-treated comparison group
(Pandora Papers’ officers) are mostly null, significant-wise, as shown in Figure 4. Albeit puzzling at first,
these results can aid us in determining the mechanisms behind the effects of the Panama Papers. In particular,
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Figure 2: ATT estimates Panama 10k. Comparison group: never-treated RAIS 10k

Notes: The figure describes the ATT and the event study estimates with time and individual fixed effects, employing Panama
10k data. Post-treatment averages are displayed for the ATT values in each panel.”Earnings” refers to the labor market earn-
ings (R$ of Dec/2022). ”Firm switching” refers to the outcome that assumes value 1 if the unit switched firms or went missing
from the data compared to t− 1, and 0 otherwise. ”Labor market participation” indicates whether the individual is present
or missing in the data (that is, no formal job contract) for a given year. ”Leaving formal employment” assumes value 1 when
the individual switches to missing compared to t−1 conditioned on her being in the data in t−1. Observations are clustered
at the unit level. Treatment is defined as being named in the Panama Papers leak from 2016. Never-treated units are ran-
domly sampled from RAIS 10k and are used as the comparison group. The blue lines represent the 95% confidence interval.

we can infer that reputational concerns are not the main driver behind the results’ significance. Rather, the
consequences might be behavioral. To illustrate this point, consider the regressions performed in the next
subsection.

5.2 Mechanism check: Pandora Papers

In this section, we rerun the same regression analysis employing the matched units as a comparison group
as the previous one5, but instead of considering only the Panama Papers’ exposed individuals, we take
the Pandora Papers. The definition of treatment changes slightly in this case, becoming “being named in
the (future) Pandora Papers leak when the Panama Papers came out”. In other words, we are essentially
constructing a scenario where officers from the 2021 leak are potentially affected by the 2016 leak. Indeed,
this is what the following regression analysis suggests.

In Figure 5, we see that the results are roughly maintained6, both in signal and magnitude. Statistically,
they are the same. Otherwise, we would find significance in the not-yet-treated analysis above. Recall
the two possible channels discussed in Section 4: behavioral (individuals acting by themselves after being
exposed) and reputational (individuals facing the consequences from coworkers and superiors because of their
tax-planning actions). Since the ATT estimates are the same across both Pandora and Panama regression
analyses, the observed effects existed for those who, at the time, had not appeared in any of the leaks as
much as those who had – namely, the officers from Pandora Papers. Hence, the mechanism should not be
reputational because none of their peers would know about Pandora’s (2021) offshore entities by 2016. The
explanation left is that, poetically, the Panama Papers’ leak opened the Pandora’s box of tax sanctuaries in a
sense that all the individuals who hold offshore entities felt equally threatened by the first leak, likely because
of the possibility of being named in a further leak or by being potential victims of a tighter tax authority.

5We do not include the never-treated comparison group to avoid making this work convoluted.
6The intersection of individuals between the Panama and Pandora Papers is minimal. Only three individuals appear in both

leaks. We do not include these observations in the analyses.
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Figure 3: ATT estimates Panama 10k. Comparison group: RAIS 10k Matched

Notes: The figure describes the ATT and the event study estimates with time and individual fixed effects, employ-
ing Panama 10k data. Post-treatment averages are displayed for the ATT values in each panel. ”Earnings” refers to
the labor market earnings (R$ of Dec/2022). ”Firm switching” refers to the outcome that assumes value 1 if the unit
switched firms or went missing from the data compared to t − 1, and 0 otherwise. ”Labor market participation” indi-
cates whether the individual is present or missing in the data (that is, no formal job contract) for a given year. ”Leav-
ing formal employment” assumes value 1 when the individual switches to missing compared to t − 1 conditioned on
her being in the data in t − 1. Observations are clustered at the unit level. Treatment is defined as being named in
the Panama Papers leak from 2016. Matched, never-treated units are acquired from RAIS 10k using age, years of ed-
ucation, and gender; they are used as the comparison group. The blue lines represent the 95% confidence interval.

5.3 Firm effects

In this section, we discuss how the firms of individuals exposed in the Panama Papers are affected. In
particular, we provide the results for the companies associated with officers in Panama 10k in the Appendix.
In Figure 6, we see the results for those employed in companies with 50 or fewer employees. The most
significant results are in total compensations paid and number of employees, with average post-treatment
effects of -61,022 and -3.8, respectively. The average compensation does not change significantly for the whole
post-treatment period, implying that the remaining workers don’t face changes in their earnings. Likewise,
the results are null for the activity indicator.

The results for firms with or under 100 employees are similar, albeit less strong, than those for the above,
as shown in Figure 7. There are no changes in activity and the average payroll, and we have lost significance
in the number of employees – which can be explained by the lower relative importance a single worker has
for larger firms. Still, there is a significant drop (but relatively smaller) in total compensations of -54,570
(simple post-treatment average).

This suggests that the firms of individuals named in the Panama Papers suffer the consequences of the
intervention. Moreover, these legal entities do not necessarily have subsidiaries in tax sanctuaries – the effect
analyzed here is only from having employees named in the 2016 leak. They are potentially laying off more
and reducing payroll expenses after the event. This effect is relatively smaller the more we relax the definition
of “small firm”, in a sense that consequences are stronger the smaller the company is. This is consistent
with the idea that each employee named in the Panama Papers weighs more in small entities, in relative
terms, when compared to large multinationals, banks, and governments – which are much larger and well
established to be affected by the intervention.
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Figure 4: ATT estimates Panama 10k. Comparison group: Pandora Papers 10k

Notes: The figure describes the ATT and the event study estimates with time and individual fixed effects, employing Panama
10k data. Post-treatment averages are displayed for the ATT values in each panel. ”Earnings” refers to the labor market
earnings (R$ of Dec/2022). ”Firm switching” refers to the outcome that assumes value 1 if the unit switched firms or went
missing from the data compared to t − 1, and 0 otherwise. ”Labor market participation” indicates whether the individual
is present or missing in the data (that is, no formal job contract) for a given year. ”Leaving formal employment” assumes
value 1 when the individual switches to missing compared to t − 1 conditioned on her being in the data in t − 1. Obser-
vations are clustered at the unit level. Treatment is defined as being named in the Panama Papers leak from 2016. Not-
yet-treated from Pandora 10k and are used as the comparison group. The blue lines represent the 95% confidence interval.

6 Conclusions

We explore the recent Panama Papers leak, which contains information on individuals behind entities in tax
sanctuaries, to analyze whether those named Brazilian individuals have careers in the formal labor market
affected by the documents’ disclosure. We argue two potential margins: reputational and behavioral. The
first relates to the possibility of sanctions and rewards from peers and superiors within their jobs. The second
is related to the individual responses to the change in probability of being detected by the tax authority when
committing tax fraud through tax sanctuaries. This study contributes to the literature by introducing a novel
evaluation dimension for tax-related information disclosure: assessing labor market impacts stemming from
exposure in a tax-planning scheme.

Our paper suggests positive effects on those named individuals’ careers. In particular, they are more
likely to be formally employed than their counterparts after the 2016 crisis. At first, those effects could
be attributed to their revealed high skill level with tax planning and to the shifted incomes from offshore
assets to labor earnings. However, using Pandora Papers’ officers as a treated group at the time of Panam
papers reveals that the effects are roughly the same, suggesting behavioral responses rather than reputational
ones. Our next step is to investigate the impact of information disclosure on officers’ behaviors related to
entrepreneurship and partnerships as treated individuals could also have changed their association with firms
as partners and entrepreneurs or even ceased their respective roles within these companies, a second dimension
of the analysis provided so far.
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Figure 6: ATT Panama 10k’s firms’ estimates. Comparison group: never-treated firms under 50 employees

Notes: The figure describes the ATT and the event study estimates with time and firm fixed effects, employing the firms of
Panama 10k treated individuals. Post-treatment averages are displayed for the ATT values in each panel. ”Total compensa-
tions paid” refers to the total payroll expenses (R$ of Dec/2022). ”Average compensation” refers to the total payroll expenses
divided by the number of employees. ”Number of employees” is as the name suggests. ”Activity” assumes a value of 1 when
the firm has economic activity for that year and 0 otherwise. Observations are clustered at the unit level. Treatment is defined
as having at least one employee named in the Panama Papers leak from 2016. Never-treated units are a random sample of
firms with less than 50 employees and are used as the comparison group. The blue lines represent the 95% confidence interval.
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fiscais. https://www.camara.leg.br/noticias/992736-projeto-retoma-taxacao-de-rendimentos-de-offshores-
em-paraisos-fiscais/. Acesso em: 21 mar. 2024.
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*

A Brazilian news

As mentioned in the main text, the Brazilian media was concerned with the political names in the Panama
Papers. From Reuters (2016): “names in the leaked files included politicians from Brazil’s largest party, the
PMDB, which broke away from President Dilma Rousseff’s coalition last week. Political figures from the
PSDB, the most prominent opposition party in the country, were also mentioned in the leaks, as well as
others from the PDT, PP, PSB, PSD, and the PTB parties.”

In Figures A1 and A2, we see some instances of the Panama Papers in the national media, even appearing
on the front page of the most relevant news outlets. For the first week following the leak, journalistic articles
were made explaining how offshore entities were used as tools for money laundering, tax evasion, and other
illegal activities.

B Robustness

We dedicate this section to providing robustness regression results7. The overall picture does not change, even
when employing different filters for RAIS when joining with officers and selecting unconditional comparison
groups: named individuals face more stability in their careers after being named in the Panama Papers leak,
but the results are null for not-yet-treated units (those named in the Pandora Papers 2021 leak). The main
difference is that the standard errors are noisier when we employ more extreme filters for RAIS (0k being
the weakest, 50k the strongest) when finding the corresponding officers.

We start by considering each filter (0k, 5k, 20k, and 50k), showing the results for each comparison group
(never-treated, matched, not-yet-treated). Then, we turn to robustness in the firms’ results. Recall that we
consider the maximum number of employees margin (50 or 100) and the Panama xk margin (0k, 5k, 20k,
and 50k).

C Fuzzy matching regressions

C.1 Concept

In this section, based on Van der Loo et al. (2014), we give more details on how fuzzy matching is done, but
we recommend referring to the mentioned material for a complete guide on the concept of string distances.
Recall that we employ this method to join the officers’ data from the ICIJ Leaks to RAIS with an earnings
filter because the only common identifying column is the individual name, which is problematic because of
misspellings, lack of middle name inclusion, mr and mrs occurrences, etc.

The main issue is that we want to maximize the probability of a string a in Officers and a string b in
RAIS to be correctly matched when a and b refer to the same individual and minimize the probability of a
and b match when they refer to different individuals. This is equivalent to minimizing Type I and II error
occurrences.

In our case, a string is a finite concatenation of characters from the alphabet. There are many ways to
compute the distance α between two strings. In this work, we employ the optimal string alignment (OSA)
distance8, which is computed by counting the weighted number of insertions (new character added), deletions
(existing character removed), substitutions (substituting an existing character by another), and transpositions
(switching adjacent characters) necessary to turn one string into another. By setting α = 2, intuitively, we are
allowing for a maximum of 2 operations (insertion, deletion, substitution, and transposition) per character,
on average, to match two different strings perfectly.

7We omit the figures’ footnotes to save space, but they are the same, in structure, as the ones in the main text. Here, we
make the differences clear right in each figure’s title.

8We are using the term “distance” loosely here, as many of the metrics employed – including the OSA – fail to satisfy the
mathematical conditions to be considered as distances formally. Nevertheless, they are widely used in many computational
contexts, such as in imperfect genome matching.
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Figure A1: Media coverage, April 4th 2016, Estado de S. Paulo

19



Figure A2: Media coverage, April 8th 2016, Folha de S. Paulo
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Figure A3: ATT estimates Panama 0k. Comparison group: never-treated RAIS 0k

C.2 Regressions

In this subsection, we provide the regression results with the officers’ data constructed via fuzzy matching.
Since this type of operation is computationally demanding, we only run the econometric analyses using RAIS
5k, 10k, 20k, and 50k (not including 0k) and restrict the sample to the state of São Paulo before the matching,
where most officers are located. By fuzzy-joining two datasets, we allow for inexact matches by setting the
arbitrary ”tolerance” parameter α, representing how conservative the matching criterion should be since we
do not have an exact match between strings. The parameter α is bounded from below by zero and unbounded
from above, and the higher we set it, the more we allow for inexact matching. Setting α = 0 is equivalent to
the usual perfect match, which occurs only if the strings are the same. Here, we set α = 2 and restrict the
RAIS to include only observations from the state of São Paulo, where most officers reside, for computational
reasons. Descriptive statistics for the data mentioned here are available in Table 3. The regression results
are similar and robust when we compare RAIS without the location filter and α = 0 (in the main text) to
São Paulo’s RAIS with α = 2 in Figure A23. We provide only this individual result so as not to make this
work more convoluted than it already is.
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Figure A4: ATT estimates Panama 0k. Comparison group: RAIS 0k Matched
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Figure A5: ATT estimates Panama 0k. Comparison group: Pandora 0k
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Figure A6: ATT estimates Panama 5k. Comparison group: never-treated RAIS 5k
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Figure A7: ATT estimates Panama 5k. Comparison group: RAIS 5k Matched
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Figure A8: ATT estimates Panama 5k. Comparison group: Pandora 5k
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Figure A9: ATT estimates Panama 20k. Comparison group: never-treated RAIS 20k
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Figure A10: ATT estimates Panama 20k. Comparison group: RAIS 20k Matched
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Figure A11: ATT estimates Panama 20k. Comparison group: Pandora 20k
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Figure A12: ATT estimates Panama 50k. Comparison group: never-treated RAIS 50k
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Figure A13: ATT estimates Panama 50k. Comparison group: RAIS 50k Matched
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Figure A14: ATT estimates Panama 50k. Comparison group: Pandora 50k
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Figure A15: ATT Panama 0k’s firms’ estimates. Comparison group: never-treated firms under 50 employees
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Figure A16: ATT Panama 5k’s firms’ estimates. Comparison group: never-treated firms under 50 employees
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Figure A17: ATT Panama 20k’s firms’ estimates. Comparison group: never-treated firms under 50 employees
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Figure A18: ATT Panama 50k’s firms’ estimates. Comparison group: never-treated firms under 50 employees
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Figure A19: ATT Panama 0k’s firms’ estimates. Comparison group: never-treated firms under 100 employees
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Figure A20: ATT Panama 5k’s firms’ estimates. Comparison group: never-treated firms under 100 employees
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Figure A21: ATT Panama 20k’s firms’ estimates. Comparison group: never-treated firms under 100 employ-
ees
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Figure A22: ATT Panama 50k’s firms’ estimates. Comparison group: never-treated firms under 100 employ-
ees

Table 3: Descriptive statistics of treated and comparison groups and benchmarks (fuzzy matching)

Treated Comparison Benchmarks

Panama 10k SP Fuzzy RAIS 10k Panama 10k SP Panama 10k

Earnings (R$ Dec/2022) 15,830 17,743 20,771 20,459
(26,754) (13,738) (32,208) (31,330)

Labor market participation 0.48 0.81 0.50 0.51
(0.50) (0.39) (0.50) (0.50)

Tenure 9.64 13.57 9.21 10.35
(7.02) (9.85) (7.45) (7.60)

Years of educ 16.05 16.33 16.76 16.33
(2.84) (2.39) (2.30) (2.59)

Age 47.14 46.37 48.14 48.80
(12.43) (10.53) (12.65) (12.91)

Male 0.80 0.67 0.79 0.78
(0.40) (0.47) (0.41) (0.41)

n 239 21,868 145 273

Notes: Descriptive statistics table for the treated, comparison groups, and benchmarks from 2011 to 2018. For the treated
group, the Panama 10k SP Fuzzy column refers to the characteristics of Officers Panama BR 10k filtered to São Paulo state
only and fuzzy-matched with RAIS 10k without homonyms. RAIS 10k refers to the general characteristics of the formally
employed population with earnings over R$ 10,000 (of Dec/2022). Panama 10k contains statistics from Panama Papers’ of-
ficers that perfectly match RAIS 10k. Panama 10k is the same but filtered only to the state of São Paulo. The last two
columns illustrate how similar the data is independent of the São Paulo filter. The last row n shows the number of individual
observations across groups, e.g., 239 unique individuals were identified between 2011 and 2018 for Panama 10k SP Fuzzy.
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Figure A23: ATT estimates with fuzzy matched data. Comparison group: never-treated RAIS 10k

Notes: The figure describes the ATT and the event study estimates with time and individual fixed effects, employing Panama
10k fuzzy-matched data. Post-treatment averages are displayed for the ATT values in each panel. ”Earnings” refers to the la-
bor market earnings (R$ of Dec/2022). ”Firm switching” refers to the outcome that assumes value 1 if the unit switched firms
or went missing from the data compared to t−1, and 0 otherwise. ”Labor market participation” indicates whether the individ-
ual is present or missing in the data (that is, no formal job contract) for a given year. ”Leaving formal employment” assumes
value 1 when the individual switches to missing compared to t−1 conditioned on her being in the data in t−1. Observations
are clustered at the unit level. Treatment is defined as being named in the Panama Papers leak from 2016. Never-treated are
randomly sampled from RAIS 10k and are used as the comparison group. The blue lines represent the 95% confidence interval.
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