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Abstract

While technological innovations typically increase wage inequality by favoring skilled
workers, we show that instant payment systems instead reduce it. We study the labor
market effects of instant payment systems in the context of Brazil’s Pix rollout. Using
matched employer-employee data, we implement a triple-difference design that exploits
pre-Pix mobile penetration across municipalities, the differential benefits of Pix for
small versus large establishments, and the timing of Pix. We find that wages in small
establishments rise significantly relative to large establishments after Pix. These gains
are concentrated in cash-intensive sectors such as retail and services, with no effects in
wholesale or manufacturing. Crucially, wage inequality declines, driven by wage gains
in the lower half of the distribution, with no effect at the top. Our evidence points to in-
creased small-firm labor demand, consistent with lower payment frictions. These effects
are amplified where low-skill labor is scarce. A calibrated monopsony model implies
that uniform Pix adoption would reduce both the within- and between-municipality
components of wage dispersion, amplifying the aggregate inequality reduction.
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1 Introduction

The relationship between technological change and wage inequality has long been a subject of
intense debate. The conventional view is that production technologies increase inequality by
complementing skilled labor and substituting for routine tasks typically performed by less-
educated workers (Autor et al., 2003; Acemoglu and Autor, 2011). However, the labor market
and distributional effects of financial technologies remain largely unexplored, despite their
rapid adoption across both developed and developing economies. This raises a fundamental
question: Do financial technologies affect labor markets and wage structures similarly to
production technologies, or do they follow a different pattern?

In this paper, we contribute to this debate by examining the labor market impacts of
instant payment systems, a major financial innovation adopted by over 60 countries as of
2023 (BIS, 2023). Instant payment systems reduce transaction costs such as merchant fees
and cash-handling expenses, enable immediate settlement, and generate digital transaction
records that can expand financial access. These features alleviate frictions that are particu-
larly burdensome for small, cash-intensive businesses.

However, the impact of these technologies on wage inequality is theoretically ambiguous.
Inequality could increase if instant payments complement high-skill labor, as production
technologies do. In contrast, inequality could decline if they complement low-skill workers
or favor low-skill-intensive firms such as small businesses and retailers. Furthermore, even if
low-skill-intensive firms benefit disproportionately, the pass-through to wages may be muted
under monopsony. As these firms expand, their growing labor market shares increase wage
markdowns, potentially leaving inequality unchanged or even widening it. Thus, whether
instant payment systems reduce wage inequality is an empirical question.

We analyze Brazil’s Pix system, an instant payment platform launched by the central
bank in November 2020, which reduced transaction fees to approximately one-tenth those
of credit cards while achieving unprecedented adoption, with 67 percent of Brazil’s adult

population using it within its first year.! Contrary to conventional patterns of skill-biased

1Pix is an instant payment system developed by Brazil’s central bank to reduce cash usage and promote



technical change, we find that instant payment systems reduce wage inequality by raising
wages in small establishments within cash-intensive sectors such as retail and services, with
gains concentrated among workers in the lower half of the wage distribution and amplified
in areas where low-skill labor is scarce.

We develop a conceptual framework that highlights two channels through which instant
payment systems affect wage inequality: a competition channel and a supply elasticity
channel. The framework features heterogeneous firms with monopsony power and a self-
employment outside option. Through the competition channel, a reduction in transaction
costs that disproportionately benefits small businesses boosts their labor demand and reduces
labor market concentration, narrowing markdowns and compressing wage dispersion. This
effect is stronger when the benefited firms employ predominantly low-skill workers.

Through the supply elasticity channel, the same reduction in transaction costs raises
the value of self-employment, particularly for low-skill workers, increasing the labor supply
elasticity that firms face, narrowing markdowns, and further reducing inequality. The decline
in inequality is weaker, and can even reverse, if the payment technology is complementary
to high-skill labor or substitutes for low-skill labor.

We then estimate the labor market effects of Pix using administrative data on formal
workers and establishments from 2016 to 2024. Our identification strategy is an intention-
to-treat triple difference-in-differences (DiD) design exploiting Pix’s nationwide launch in
November 2020, pre-existing mobile penetration across municipalities, and the differential
exposure of small and large establishments to payment frictions. We compare wage changes
between small and large establishments within the same municipality before and after Pix.
We interact this contrast with pre-Pix mobile penetration, which strongly predicts Pix adop-
tion intensity, and control for local economic conditions and industry-specific trends. Small

establishments face higher payment frictions than large establishments, especially in cash-

financial inclusion. It facilitates real-time transfers through simplified identifiers such as email addresses or
phone numbers. Key institutional features include mandatory participation by large banks, zero transaction
fees for individuals, and substantially reduced fees for merchants—approximately 0.22 percent per transaction
compared to roughly 2.2 percent for credit cards. By early 2024, Pix had over 152 million individual users
and 15 million registered businesses.



intensive sectors, and therefore have more scope to benefit from Pix’s instant and low-cost
payments.?

Our baseline triple DiD design assumes that, without Pix, the wage differential between
small and large establishments would have evolved similarly across municipalities with dif-
ferent pre-Pix mobile penetration, conditional on our fixed effects. This assumption does
not require mobile penetration to be randomly assigned across municipalities. Our fixed ef-
fects narrow the residual threat by absorbing time-invariant establishment differences, time-
varying local shocks, and national size and industry trends. Event-study estimates show no
differential pre-trends before Pix, supporting this assumption.

We find that following Pix’s introduction, small establishments in municipalities with
higher mobile penetration experienced significant wage increases relative to large estab-
lishments within the same municipalities. Specifically, our estimates indicate that a one-
standard-deviation increase in mobile penetration leads to a 0.4 percent increase in wages for

3 Qur results remain robust to

small establishments (those with fewer than 20 employees).
alternative definitions of small establishments (fewer than 5 or 10 employees) and are notably
stronger in cash-intensive sectors, specifically retail (0.8 percent) and services (1.4 percent),
which rely heavily on small-value, consumer-facing transactions. In contrast, we find no
significant wage effects in less cash-intensive sectors such as wholesale or manufacturing.

A key question is whether our estimates capture the effect of Pix adoption or faster non-
Pix digital adaptation during the COVID-19 period. Because Pix launched nationwide, our
design identifies an intention-to-treat effect of Pix exposure on the small-versus-large wage
gap, using pre-Pix mobile penetration as the exposure proxy. Our preferred fixed effects
absorb municipality-by-industry-by-year shocks and national size-by-industry trends, so a

digital-adaptation explanation would require size-specific pandemic impacts correlated with

pre-Pix mobile penetration. Augmenting the specification with direct measures of pandemic

2For example, Egan et al. (2026) show that large U.S. grocery and merchandise merchants pay interchange
fees about 50 basis points lower than smaller merchants in the same sectors, consistent with volume discounts
and private negotiations.

3This wage response, combined with the 1.7 percent employment increase for micro establishments, implies
a firm-level labor supply elasticity of approximately 4, consistent with recent estimates derived from firm-
specific labor demand shocks (Sokolova and Sorensen, 2021).



intensity (e.g., per-capita emergency transfers, wage-subsidy beneficiaries, stay-at-home or-
ders, and COVID cases) interacted with Small x Post leaves the coefficient of interest largely
unchanged. We also find heterogeneity that is difficult to reconcile with broad non-Pix digital
adaptation: effects concentrate in cash-intensive consumer-facing sectors and are larger in
physical services than in delivery-capable services including restaurants. Finally, the dynamic
effects grow over time rather than attenuate, consistent with continued merchant adoption
of Pix.

We next examine the impact of Pix adoption on wage inequality. We find that munici-
palities with higher mobile penetration experienced a significant decline in wage inequality
following Pix’s introduction. A one-standard-deviation increase in mobile penetration is asso-
ciated with approximately a 1 percent reduction in the Gini coefficient relative to the sample
mean. This reduction is driven by wage gains among workers in the lower half of the wage
distribution, with no significant effects at the top.*

Our evidence points to increased labor demand from small businesses as the key mech-
anism behind these inequality-reducing effects. These findings are consistent with our con-
ceptual framework, which predicts that lowering transaction costs increases firm profitability
and stimulates employment growth among small, cash-dependent establishments. Because
these firms rely heavily on low-skill labor, the resulting increase in labor demand raises wages
at the bottom of the distribution and reduces inequality.

We find three key pieces of evidence supporting this mechanism. First, municipalities
with higher mobile penetration experienced significant employment growth in small estab-
lishments (a 1.7 percent increase) after Pix’s introduction. Second, higher mobile penetration
led to increased small-business entry in retail sectors, with no corresponding effects in man-
ufacturing, indicating that Pix’s impact is concentrated in cash-intensive businesses. Third,
the inequality-reducing effects of Pix are notably stronger in areas characterized by tighter
low-skill labor markets, with no significant effect in regions where low-skill workers are abun-

dant. This heterogeneity aligns with a mechanism in which increased labor demand generates

4Separately, we estimate wage responses for low- and high-skill workers and find similar gains (0.4% and
0.5%, respectively), suggesting that the wage effects are not strongly skill-biased.



greater wage pressure in tighter local labor markets, amplifying the reductions in wage in-
equality.

We evaluate two channels through which Pix could increase small-firm expansion. First,
Pix may reduce transaction costs. It substitutes for cash, reducing the need to store, trans-
port, and safeguard physical currency. It also lowers payment costs for merchants, especially
small firms with less bargaining power over card fees. Consistent with this channel, we doc-
ument declines in bank-branch cash inventories in higher-exposure municipalities after Pix
and stronger wage effects in high-crime settings where cash holding is costlier. We also find
larger wage gains for small establishments embedded in small firms, which are likely to face
higher merchant fees.

Second, Pix could relax financing frictions. Digital transaction records may reduce infor-
mation frictions between lenders and small firms, allowing firms to finance expansion. We
find no measurable increase in aggregate business lending after Pix adoption, so the evidence
does not support credit expansion as the primary driver. However, our data do not allow
us to rule out changes in loan terms, borrower composition, or specific types of credit not
captured by aggregate lending volumes. In any case, this channel would operate through the
same mechanism as our main interpretation: Pix relaxes constraints on small firms, enabling
expansion and increasing labor demand.

While our findings point to increased labor demand as the main driver, we evaluate
alternative explanations. Formalization or wage reporting alone cannot fully explain the
wage gains. Formal employment is costly in Brazil, and prior reductions in formalization
costs have generated limited and short-lived changes in registration (Cavalcante, 2020; Rocha
et al., 2018). Moreover, incentives to formalize due to fear of tax enforcement are limited,
as Pix transactions remain subject to banking secrecy and tax authorities do not observe
transaction-level payer or payee identifiers. Wage increases also extend to small establish-
ments with up to 20 employees, which typically already comply with formal labor regulations.
We find no differential wage effects based on municipalities’ pre-Pix share of informal work-

ers, and worker composition is unchanged with null effects on gender, skill, tenure, and age.



Effects are also stronger where low-skill labor is scarce, which is difficult to reconcile with a
pure compliance or reporting channel.

Motivated by our empirical results, we extend our conceptual framework to quantify the
aggregate gains from Pix and to simulate uniform adoption across municipalities. While our
empirical analysis finds that Pix reduced wage inequality within high-adoption municipalities,
the aggregate effect is ambiguous. Cities that adopted Pix more intensively also tend to have
higher average wages, so uneven adoption could increase between-city inequality even as it
reduces within-city inequality. We calibrate the model to match key moments of the Brazilian
labor market and simulate Pix as a transaction-cost reduction for small, cash-intensive firms.
The calibrated model reproduces the reduced-form wage and inequality patterns and reveals
two sources of welfare gains not captured by the empirical design. First, as small firms gain
market share, the employment HHI declines and average wage markdowns fall. This creates a
spillover effect that increases wages among large firms, a segment that is not directly benefited
by Pix.? Second, the decline of the within-city component of wage variance is partially offset
by a rise in the between-city component. A counterfactual that closes the adoption gap
amplifies these effects: unlike the baseline, uniform adoption reduces both the within- and
between-city components of wage variance. The uneven rollout of Pix increased the total
wage-bill by 0.04%, while uniform adoption would generate a 0.21% increase, relative to a

world without Pix.

Related Literature. Our paper contributes to the literature on financial technology and
digital payments. Prior work has studied the effects of digital payments on risk-sharing and
poverty reduction (Jack and Suri, 2014; Suri and Jack, 2016), financial inclusion (Ouyang,
2021), economic growth (Dubey and Purnanandam, 2023), and small business outcomes
(Agarwal et al., 2019, 2022; Klapper, 2023; Dalton et al., 2024; Higgins, 2024), as well as credit
access via cashless payment records (Ghosh et al., 2024), but the effects of instant payment

systems on wages and wage inequality remain largely unexplored. We also contribute to the

5Thus, our model allows us to deal with the missing intercept problem present in reduced-form designs
(Nakamura and Steinsson, 2014; Wolf, 2023).



payments literature studying adoption and banking outcomes, including cash disruptions and
payment-technology adoption dynamics (Chodorow-Reich et al., 2020; Crouzet et al., 2023),
deposit competition (Sarkisyan, 2023), payment technology complementarities (Sampaio and
Ornelas, 2024), and the role of physical bank infrastructure in digital payment adoption
(Mariani et al., 2023).

To our knowledge, our paper is the first to examine the effects of an instant payment
system on wages and wage inequality using matched employer-employee data. We show that
Pix raises wages in small, cash-intensive establishments, compressing the wage distribution
from below. Our findings are consistent with a novel mechanism: by lowering transaction
costs, instant payments increase labor demand among small, cash-intensive firms, with larger
wage effects where low-skill workers are scarce. This contrasts with the conventional view
that technological innovation primarily benefits skilled labor. We complement these reduced-
form results with a calibrated monopsony model that quantifies their aggregate implications
and shows that uniform adoption would reduce wage dispersion and raise the aggregate wage
bill.®

We also contribute to the large literature on technological change and wage inequality.
The conventional view, supported by evidence from computerization and automation, posits
that new technologies generally raise inequality by complementing skilled labor and sub-
stituting for routine tasks (Autor et al., 2003; Acemoglu and Autor, 2011). This includes
both skill-biased technological change (Goldin and Katz, 1998; Bound and Johnson, 1992;
Krusell et al., 2000) and routine-biased technological change (Goos et al., 2014; Autor and
Dorn, 2013; Michaels et al., 2014). In contrast, we show that financial technologies exhibit
markedly different distributional effects. Our results suggest that the impact of technology
on wage inequality critically depends on the intersection of three factors: which specific mar-

ket frictions it alleviates, the types of businesses it disproportionately affects, and the skill

6Related work links faster payments or broader financial access to labor market outcomes. Barrot and
Nanda (2020) show that the U.S. QuickPay reform raised employment for treated small contractors, while
Fonseca and Matray (2024) find that expanding bank branch coverage in Brazil increased wages. We com-
plement these studies by analyzing a nationwide instant payment platform that reduces payment frictions
and delivers concentrated wage gains and inequality compression among cash-intensive businesses.



composition of their workforces.

2 Conceptual Framework

We develop a stylized model to qualitatively analyze two channels through which instant pay-
ment systems can affect wage inequality: a competition channel and a supply-elasticity chan-
nel. The economy includes a fixed number of heterogeneous firms competing a la Cournot,

two skill groups, and a self-employment outside option.

2.1 Workers

The labor force consists of two skill types, low-skill (L) and high-skill (H), with fixed masses
Ap and Ay = 1—Ap. Workers of each skill type k choose among M firms and self-employment

indexed by ¢ = 0. A worker w of skill £ who is employed at firm 7 receives utility:
Uikw = M wig + ige

where wy;, is the wage paid by firm ¢ to skill-k workers and &, is a match-specific prefer-
ence shock. The outside option gives utility Upg, = Inwor + Eopw, With wor = (1 — 79)Wox
representing the value of self-employment for skill &, net of transaction costs 7.

The vector of preference shocks follows a nested generalized extreme value distribution
with parameters 7, and 6 governing the substitutability among firms, and between the firm
sector as a whole and self-employment, respectively.

Standard aggregation of the logit choice probabilities (see Appendix A1) yields the frac-

tion of skill-k workers who choose self-employment,

T = —g— g (1)

1
where W), = ( jj\i 1 w%) m is the CES wage index. We assume 7 > 605, which implies that

workers view firms as closer substitutes with one another than with self-employment.



wit wit

Total employment of skill k& at firm 4 is ny = A\(1 — ) s}, where s}* is the firm’s

payroll share. The labor supply elasticity faced by firm ¢ for skill k is:

Jlnn; Op
Eik = LA M k k . (2>
0 lnw;y, Qkﬂ'k(l — s;‘gt) + n s

This elasticity, derived in Appendix A1, is increasing in the share of self-employment 7, and

wit

decreasing in the firm’s own payroll share s3}".

2.2 Firms

There is a fixed set of M heterogeneous firms, each indexed by ¢ = 1,..., M. Firm ¢ has
idiosyncratic productivity z; and produces a homogeneous good using low-skill and high-skill

labor with the following Cobb-Douglas technology:

yi = (1 —7) zin§y nig®, (3)

where 7; denotes firm-specific transaction costs and o € (0, 1) is the labor share of low-skill
workers. The good is sold in a perfectly competitive market at a price normalized to one.
Firms maximize profits by choosing employment quantities n;;, and n;y, taking competi-

tors” employment as given. The first-order condition leads to the following wage equation:

where p;, = Eiifrl and MRPL;; is the marginal revenue product of skill-k labor at firm 7. The

markdown i is strictly increasing in the structural elasticity €;;,. For simplicity, we assume

that preferences are symmetric across skill groups, i.e., np =ng =n and 0, =0y = 6.

2.3 Comparative Statics

We conduct comparative static exercises to illustrate the role of the competition and supply-

elasticity channels. We consider that the initial level of transaction cost is inversely related to



firm productivity and define the introduction of instant payments as a decline of transaction
costs to zero for every firm and self-employed activities.

We start by analyzing the response of wage inequality for different levels of low-skill in-
tensity «. Figure A.1 shows the percentage change in the Gini coefficient following instant
payments’ implementation. Inequality falls, and this decline is stronger when benefited firms
employ predominantly low-skill workers. We then analyze the role of each channel sepa-
rately in Figure A.2. While both channels reduce inequality, the decline in firms’ transaction
costs plays a more important role when low-skill individuals have a bigger participation «.
Figure A.3 shows that lowering HHI and narrowing markdowns explain the decline in wage
inequality.

We then analyze the response of aggregate employment. Figure A.4 plots the change in
total firm-sector employment against the magnitude of the self-employment transaction-cost
shock, holding the firm shock fixed. As the shock grows, more workers exit the firm sector
for self-employment, which reduces firm employment. It is worth noting that the remaining
workers face a more elastic labor demand, so the wage gains from the firm-sector lower
transaction costs are passed through to a greater extent, especially for low-skill workers.

Finally, we extend the production function to a nested CES structure that allows a cap-
ital input to be complementary to high-skill labor, following Krusell et al. (2000) (see Ap-
pendix A4). The parameter ox governs the elasticity of substitution between capital and
high-skill labor. Figure A.5 plots the change in the skill premium after a uniform capital
expansion together with the transaction-cost and self-employment shocks. When capital is a
strong complement to high-skill labor, i.e., ox is low, the capital shock raises the marginal
product of high-skill workers disproportionately. Thus, the competition and supply-elasticity
channels may be partly offset, and inequality can increase.

Our conceptual framework shows that the competition and the supply-elasticity chan-
nels reduce inequality, and that this decline is more pronounced when low-skill workers are
heavily represented among small-firm employees and the self-employed. However, the capital

expansion associated with digital payment infrastructure can work in the opposite direction,
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making the net effect on inequality an empirical question that we study in the next sections.

3 Institutional Background

On November 16, 2020, the Central Bank of Brazil launched Pix, an instant payment sys-
tem.” Pix enables immediate, 24 /7 transfers between individuals, businesses, and government
entities. Users initiate transfers through banks’ mobile apps or websites using aliases (e.g.,
tax IDs, phone numbers) or QR codes.

Two design choices are relevant for adoption and for our empirical strategy.® First, partic-
ipation is mandatory for large banks (those with more than 500,000 accounts), which covered
more than 99 percent of bank accounts in 2020. This ensured widespread availability and
interoperability from launch. Second, Pix transfers are free for individuals.” Since many
small firms use the owner’s personal bank account for business transactions, they pay zero
or near-zero fees. Even when firms pay through business accounts, Pix fees are substantially
lower than those of other methods: merchants pay an average fee of 0.22 percent per Pix
transaction, compared to 2.2 percent for credit card payments (Duarte et al., 2022). This
pricing structure is particularly relevant given the inverse relationship between firm size and
merchant discount rates, whereby smaller firms face systematically higher fees for credit and
debit card payments than larger firms (Appendix Figure B.1), and therefore stand to benefit
disproportionately from the lower costs of Pix. A similar pattern is observed in the United
States (Egan et al., 2026).

Pix quickly became a major payment method. About a year after its launch, the number
of Pix transactions surpassed those of credit and debit cards as well as TED (the electronic
wire transfer system used before Pix). In terms of transaction value, Pix exceeded credit
and debit cards two quarters after its introduction (Appendix Figure B.2). Pix initially grew

through transfers between individual-linked accounts and then expanded to transfers from

"The Central Bank of Brazil began internal development of instant payments (leading to Pix) in 2016.

8As of early 2024, over 152 million individuals and 15 million firms had registered for Pix.

9Financial inclusion was one of the stated Pix goals. See https://www.bcb.gov.br/en/
financialstability/pix_en.
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individual-linked to business-linked accounts (Appendix Figure B.3).1°

The rise in Pix coincides with a 35 percent drop in the number of cash withdrawals
(Appendix Figure B.4), consistent with reduced reliance on cash.!!

Pix adoption is concentrated in cash-intensive sectors. Between 2021 and 2023, retail
accounted for 32.8 percent of Pix transactions and services for 31.6 percent, while manufac-
turing accounted for only 3.1 percent (Appendix Table B.1).'* This concentration motivates

our sectoral heterogeneity tests in the empirical analysis.

4 Data and Research Design

4.1 Data

We use data from multiple sources. First, we draw on data from the Central Bank of Brazil,
which provides information on the number and value of Pix transactions initiated or re-
ceived by firms and individuals, broken down by municipality and month.!® Second, we use
matched employer-establishment data from the Brazilian Ministry of Labor (Relag¢io Anual
de Informagées Sociais, RAIS).' This dataset includes information on workers (e.g., educa-
tion), job contracts (e.g., wages), and employers (e.g., size, industry) for all Brazilian formal
employment records.'® Third, we use data on firm creation from the Cadastro Nacional da
Pessoa Juridica, a firm registry maintained by the Brazilian Federal Tax Authority. This
dataset allows us to compute the monthly creation of micro-firms, small businesses, and

large enterprises at the municipality-industry level. Finally, we collect data on municipality

10Bank accounts are associated with either an individual tax ID or a business tax ID. Some accounts tied
to individuals may also be used for business purposes, especially by small businesses and informal firms.
Similar to other instant payment systems, adoption dynamics were gradual (e.g., Alvarez et al., 2023).

Central Bank of Brazil surveys show the decline: cash was identified as the most common payment
method by 60.2 percent of respondents in 2018, 41.7 percent in 2021, and 22 percent in 2024 (O brasileiro e
sua relagdo com o dinheiro).

12Despite representing 64.4 percent of Pix transactions, retail and services contributed 18.5 percent of GDP
in 2019. Manufacturing contributed 27.7 percent of GDP.

13Brazil has 5,570 municipalities, grouped into 26 states and one federal district.

14We use the RAIS confidential micro-data, which includes firm and worker identifiers.

I5RAIS records wages for formal employment relationships reported by employers and excludes independent
contractors and informal work.
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characteristics, such as the age profile of the population, the number of bank branches, GDP
per capita, and mobile penetration from the Brazilian Institute of Geography and Statistics
(IBGE), the Central Bank of Brazil, and the Telecommunications Agency (ANATEL).'® We
restrict our analysis to the 20162024 period.

Table 1 provides summary statistics of the main variables. The average municipality
has a GDP per capita of 24,500 BRL (median 18,200), 4 branches (median 1), and 36,460
inhabitants (median 11,065). The average municipality has a Gini coefficient of 0.29 (median

0.28). The share of the population with access to 3G+ is 54 percent (median 53 percent).

4.2 Research Design

We study how instant payment systems affect labor markets and wage inequality. These
technologies reduce payment frictions: cash-handling costs, high processing fees, and settle-
ment delays. We exploit Brazil’s nationwide introduction of Pix in November 2020. Before
Pix, 77 percent of retail transactions used cash, credit card fees averaged 2.2 percent, and
settlements took multiple days. Pix reduced cash-handling costs, lowered merchant fees to
0.22 percent, and enabled instant settlement. These cost reductions matter most for small
establishments in cash-intensive sectors like retail, where payment frictions consume a larger
share of revenue.

We employ a triple difference-in-differences design leveraging variation across three di-
mensions. First, we exploit Pix’s nationwide introduction in November 2020. Second, we use
pre-existing mobile penetration across Brazilian municipalities, measured as the 2019 ratio of
3G-capable devices to population, which strongly predicts Pix adoption intensity. Third, we
contrast small versus large establishments within the same municipality, hypothesizing that
small establishments benefit disproportionately from reduced transaction costs and acceler-
ated cash flow enabled by instant payments. This design identifies intention-to-treat effects
of instant payment availability on establishment-level wages.

Formally, we define pre-Pix mobile penetration at the municipality level ¢ as:

16We also use pre-Pix municipal homicide rates per 100,000 residents from the Ministry of Health Mortality
Information System (SIM/DATASUS) for 2019.
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Numb f cellph ith 3G b
Mobile Penetration, = HIDET 0F CePPUONes ,Wl OF abOve. (5)
Population,

Figure 1 shows the spatial distribution of mobile penetration across municipalities, mea-
sured as the ratio of 3G-capable devices to population in 2019. Mobile penetration varies
substantially across Brazilian municipalities. Because mobile penetration is measured before
Pix and strongly predicts subsequent Pix adoption intensity, we use it to capture cross-
municipality differences in exposure to Pix. Section 5.1 presents the first-stage evidence.

Our triple difference-in-differences specification is:

Yijet = B x (Mobile Penetration, x Smally X Post;) + 0pjc + 0t + Ot + djt + Upjet (6)

where Y is the log average wage for establishment size group & in industry j, munici-
pality ¢, and year t.!” Mobile Penetration,. measures the pre-Pix ratio of mobile devices with
3G or higher capability to population in municipality c¢. Small, equals one for establishments
with fewer than 20 employees (or fewer than 10 or 5 employees), based on 2019 employment.
Post, equals one for ¢ > 2021 (post-Pix) and zero otherwise.'®

Our granular data allow a rich set of fixed effects to address potential confounders.
Municipality-by-size-by-industry fixed effects (dy;.) absorb time-invariant differences across
establishment types within each municipality. Municipality-by-year fixed effects (d.;) control
for time-varying local economic shocks affecting all establishments in a municipality. Size-
by-year fixed effects (dx;) capture national trends that differentially affect establishments
of different sizes. Industry-by-year fixed effects (0,;) account for sector-specific shocks and
trends at the national level. While this is our baseline specification, we also present results us-
ing more demanding fixed-effect structures. Standard errors are clustered at the municipality
level to account for serial correlation.

The coefficient § captures the intention-to-treat effect of Pix on wages at small establish-

17Size bins are constructed based on the number of employees (0, up to 4, 9, 19, 49, 99, 249, 499, 999, and
1000 or more workers)

18Pix launched on November 16, 2020. Because we measure outcomes at the annual level, we code 2020 as
the last pre-treatment year.
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ments relative to large establishments. Because the baseline specification pools all sectors,
[ averages across sectors with different pre-Pix exposure to payment frictions. We therefore
examine heterogeneity across cash-intensive sectors, such as retail, and less cash-intensive
sectors, such as wholesale and manufacturing.

The key identifying assumption underlying our triple difference-in-differences design is
that, in the absence of Pix, wage trends for small and large establishments would have
evolved similarly across municipalities with different pre-Pix mobile penetration, conditional
on our fixed effects. While this assumption cannot be tested directly, we provide supporting
evidence by examining pre-trends.

This assumption does not require mobile penetration to be randomly assigned across
municipalities. It requires only parallel trends in the wage differential between small and
large establishments, conditional on the fixed effects.!” Municipality-by-year fixed effects
absorb time-varying shocks common to all establishments within a municipality, while size-
by-year and industry-by-year fixed effects control for national trends. Our triple-difference
estimator thus relies solely on within-municipality wage differentials between small and large
establishments across varying pre-Pix mobile penetration.

Because pre-Pix mobile penetration is a proxy for exposure to Pix rather than a direct
measure of adoption, our estimate should be interpreted as an intention-to-treat effect. A
remaining concern is that mobile penetration also captures non-Pix digital adaptation during
the COVID-19 period that differentially benefited small establishments. Three pieces of
evidence weigh against this interpretation. First, augmenting the specification with direct
measures of pandemic intensity interacted with Small x Post leaves the coefficient of interest
largely unchanged. Second, effects concentrate in cash-intensive sectors and are absent in
manufacturing and wholesale, a pattern difficult to reconcile with broad digital adaptation.
Within services, effects are larger in in-person services (e.g., barber shops, auto repair) than
in delivery-capable services (e.g., restaurants), weighing against delivery platforms as the

primary driver. Third, the dynamic effects grow over time rather than attenuate, more

19High-mobile-penetration municipalities are unconditionally more urban with higher wages. Figure B.5
shows that these differences shrink materially within population size and agricultural exposure deciles.
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consistent with continued merchant adoption of Pix than with a transitory pandemic shock.

Section 5.3 presents these tests in detail.

5 Main Results

5.1 Pix Adoption

Figure 2 reports coefficient estimates from regressions analyzing Pix adoption and cash usage
following Pix’s introduction, controlling for municipality fixed effects, time fixed effects, and
municipality characteristics (e.g., GDP per capita, percent of young population, and percent
agriculture) interacted with time.

Panel A illustrates the per capita value of Pix transactions received by firms, households,
and in total. It shows a substantial increase in Pix usage over time, particularly among firms.
For example, by the third quarter of 2023, the value of Pix transactions received by firms had
increased by approximately BRL 750 per capita in municipalities with higher mobile pene-
tration. The growing magnitude of the coefficients suggests that pre-existing differences in
mobile infrastructure significantly influenced the intensity of Pix adoption across municipali-
ties. Appendix Table B.2 quantifies this relationship, showing that a one-standard-deviation
increase in mobile penetration is associated with 5.8 additional transactions per capita and
approximately BRL 2,073 higher transaction value per capita following Pix introduction.

Panel B presents the relationship between our measure of pre-determined cash-intensity
and ex-post Pix usage in the cross-section of industries. We define cash-intensity as the
industry share of sales to households from the Brazilian input-output table of 2019. We
normalize the value of Pix transactions by the total wage-bill of each industry. Cash-intensity
explains 30 percent of the variability of Pix adoption in the cross-section of industries.

Both panels reveal that municipalities with higher initial mobile penetration experienced
significantly greater Pix adoption and industries with higher cash-dependence use Pix more
intensively. These results highlight the strong role of pre-existing mobile infrastructure and

consumer-facing transactions in shaping the intensity of Pix usage across municipalities and
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industries. Overall, these results support our approach of using mobile penetration as a

variable to capture differential exposure to Pix adoption.

5.2 Wage Effects

Table 2 reports triple difference-in-differences estimates of Pix’s wage effects by establishment
size. The dependent variable is the log of average monthly wages. The triple interaction term
(Mobile Penetration x Small x Post) captures Pix’s wage effect by comparing small and large
establishments across municipalities with differing mobile penetration before and after Pix’s
rollout. Small establishments are defined as those with fewer than 20 employees.

Panel A of Table 2 presents estimates across alternative sets of fixed effects to address
potential confounders. Column (1) includes municipality-by-size-bin-by-industry fixed effects
to absorb all time-invariant differences between firms, as well as municipality-by-year, size-
by-year, and industry-by-year fixed effects. This specification controls for any general time-
varying local shocks (e.g., a city-wide lockdown or demand shock) and national-level trends
affecting all small firms or all firms within an industry. The triple interaction coefficient
is 0.003, indicating that a one-standard-deviation increase in mobile penetration leads to a
0.3 percent (approximately BRL 8.08, equivalent to USD 2.05 in 2019 terms) monthly wage
increase for small establishments relative to large ones post-Pix.

In Column (2), we replace the separate municipality-by-year and industry-by-year fixed
effects with the more demanding municipality-by-industry-by-year fixed effects. These new
fixed effects absorb any unobserved, time-varying shocks that are specific to an industry
within a given municipality, such as localized COVID-19 restrictions on retail, or a local
demand shock that disproportionately affects the service sector. This rigorous control en-
sures the comparison is not driven by these localized, industry-specific trends. The estimate
remains similar (0.4 percent) and highly significant.

Finally, Column (3), our preferred specification, replaces the size-by-year control with
size-by-industry-by-year fixed effects. This fully saturated model additionally controls for

national-level trends, policies, or economic shocks that affect firms differently based on both
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their size and industry (e.g., a federal relief program targeted only at small service-sector
businesses). The estimate remains similar (0.4 percent) and highly significant. More im-
portantly, the coefficient changes little as we move from the less saturated specification in
Column (1) to the more saturated specifications in Columns (2) and (3), from 0.003 to 0.004,
which narrows concerns that omitted local or sector-specific shocks drive the result.

Panel B further decomposes these effects by worker skill level. For each skill category
(high- or low-skill), we restrict the data, aggregate observations to municipality x industry
x establishment-size x year cells, and apply our main specification. The positive wage
effects of Pix adoption are significant for both low-skill (0.4 percent) and high-skill workers
(0.5 percent), consistent with both skill groups benefiting from reduced transaction frictions
in cash-intensive sectors.?

Figure 3 plots dynamic effects from our triple difference specification based on establish-
ment size, with coefficients normalized to 2020 as the baseline. Small establishments are
defined as those with fewer than 20 employees. Pre-Pix coefficients (2016-2019) are small,
statistically insignificant, and exhibit no evidence of differential pre-trends. A joint test fails
to reject that all four pre-Pix coefficients are equal to zero (F = 1.51, p = 0.196), support-
ing the parallel trends assumption. After Pix’s introduction, wages in small establishments
within municipalities characterized by higher mobile penetration increase steadily, reaching
approximately 0.8 percent by 2024. These results indicate that Pix adoption significantly
increased wages in smaller establishments, particularly in municipalities with higher mobile
penetration.

Finally, we conduct two robustness tests on the wage estimates. First, Table 3 examines
robustness across alternative definitions of small establishments (fewer than 5, 10, 20, and 50
employees). The results remain consistently stable, significant, and robust for establishments
defined with fewer than 5, 10, and 20 employees, but are insignificant for establishments with
fewer than 50 employees. All significant results have coefficients of 0.004. These results

validate that Pix’s positive impact on wages concentrates in smaller establishments, which

20Note that column 3 has fewer observations because some cells lack high-skill workers; this also occurs
occasionally for low-skill workers.
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are the type of businesses that benefit the most from this technology. Second, Appendix Table
B.3 excludes CEOs as a proxy for establishment owners. The preferred specification yields
a coefficient of 0.005, consistent with wage gains accruing to workers rather than reflecting

changes in owner compensation.

5.2.1 Industry Heterogeneity Analysis

Our central hypothesis is that Pix boosts wages by reducing transaction frictions (7.(z)) that
are particularly costly for small, cash-intensive firms. A key implication of this mechanism is
that the wage effect should not be uniform across the economy. Instead, wage effects should
be concentrated primarily in industries heavily reliant on in-person, small-value, business-to-
consumer (B2C) transactions. Conversely, we should observe minimal or no effects in sectors
that are not cash-intensive, such as capital-intensive or business-to-business (B2B) industries.

To test this critical prediction, we disaggregate our preferred triple-difference specification
(Panel A of Table 2, Column (3)) and re-estimate it separately for different industries. This
provides a robust test against alternative explanations, such as a general non-Pix-related
technology shock, which might affect all industries broadly rather than specifically targeting
the cash-intensive sectors identified by our mechanism.

Table 4 presents these results, which support our proposed transaction-cost mechanism.
Column (1) of Panel A presents pooled results for all industries, closely replicating our
main findings. Column (2) shows results specifically for Retail, where we find a large and
statistically significant coefficient (0.008), double the magnitude of the pooled effect. In
contrast, in Wholesale (Column (3)) and Manufacturing (Column (4))—both primarily B2B
sectors—the estimated effects are small and statistically insignificant. This null finding is
particularly important. While Pix can also facilitate B2B transfers, its marginal benefit is
largest when replacing high-friction payment methods like physical cash or high-fee credit
cards (common in B2C retail). For B2B firms, Pix primarily replaces existing, low-cost bank
transfers (like TED), offering a comparatively smaller efficiency gain. The absence of wage

effects in these B2B sectors thus suggests our results are not driven by general efficiency
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improvements, but rather by the reduction of high-friction, cash-based transactions.
Similarly, within service industries (Panel B), we observe the largest effect in “Other Ser-
vices” (e.g., barber shops, Column (4)), with a coefficient of 0.014, while more formal service
sectors like Hotels (Column (2)) show no significant effect. This pronounced heterogene-
ity—large, positive effects in cash-intensive consumer-facing sectors and null effects in B2B
or formal sectors—is consistent with wage gains reflecting reduced payment frictions faced

by small businesses that previously relied heavily on cash transactions.

5.3 Alternative Interpretations: COVID and Digital Readiness

Pre-trend evidence supports the parallel trends assumption of our triple-difference design
(Figure 3). Because our treatment variable is pre-Pix mobile penetration, our estimate is an
intent-to-treat effect of Pix exposure rather than a direct measure of Pix adoption. There-
fore, the concern is that mobile penetration proxies for broader non-Pix digital adaptation
during COVID-19 that disproportionately benefited small establishments. We evaluate this
alternative below.

COVID intensity. Our preferred specification includes municipality-by-industry-by-year
fixed effects, which absorb any time-varying shock that affects all establishments in an indus-
try within a municipality (e.g., local COVID severity, local demand changes). The remaining
concern is size-specific COVID shocks correlated with pre-Pix mobile penetration. We there-
fore augment the specification with direct measures of pandemic intensity interacted with
Small and Post (Table 6). Column (1) adds per-capita emergency aid transfers to individuals
(Aux’ilio Emergencial), Column (2) adds per-capita beneficiaries of the federal wage-subsidy
program BEm (Programa Emergencial de Manuteng ao do Emprego e da Renda), which
compensated workers at firms that reduced working hours or suspended employment con-
tracts during the pandemic, Column (3) adds municipal stay-at-home orders, and Column
(4) adds cumulative COVID cases per capita. In all four columns, the triple interaction of
interest remains stable at 0.004—0.005. The BEm, lockdown, and case interactions are small

and insignificant. The transfer interaction is positive and significant, but the triple interac-
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tion remains unchanged. Following Altonji et al. (2005), this stability suggests that selection
on unobservables would need to be large relative to selection on observed COVID proxies
to explain our estimate. As an additional check, Appendix Table B.4 drops the year 2020
entirely and redefines the pre-period as 2016-2019 and the post-period as 2021-2024. The

preferred specification yields a coefficient of 0.005, consistent with the baseline estimate.

Sectoral and within-services heterogeneity. If Pix operates through reduced payment
frictions, effects should concentrate in cash-intensive sectors where Pix substitutes for costly
payment methods. A digital-readiness alternative would predict positive wage effects across
a broader set of sectors. Table 4 shows a significant effect in retail (0.8%), but no significant
effects in wholesale or manufacturing. More directly, we split industries by their pre-Pix cash
intensity, measured as the share of sales to households. The wage effect is close to zero in the
lowest cash-intensity tercile and rises monotonically across terciles, as shown in Section 6.3.

A more specific alternative is that delivery platforms (e.g., iFood, Rappi) raised wages
in small consumer-facing establishments. If delivery platforms drive our results, the effects
should be strongest in delivery-oriented services such as restaurants. Under the Pix mech-
anism, effects should be relatively larger in in-person services where payment frictions were
more salient. Appendix Table B.5 shows a small and statistically insignificant estimate for
delivery-capable services such as restaurants (0.2%), while physical services (e.g., barber
shops, auto repair) show a significant 1.9% increase. This within-services pattern is harder

to reconcile with delivery platforms as the primary driver.?!

Post-period dynamics. A COVID digital-adaptation channel would plausibly attenuate as
acute disruptions fade. Under the Pix mechanism, effects should grow with merchant adop-
tion. Figure 3 shows that the dynamic triple-interaction coefficients rise from approximately
0.3% in 2021 to 0.8% by 2024, with no sign of attenuation. This time path is more consistent
with the continued expansion of person-to-merchant Pix transactions (Appendix Figure B.3)

than with a transitory pandemic shock.

21 Delivery couriers in Brazil operate as independent contractors (typically MEIs) and are not recorded in
RAIS, which covers only formal employment contracts (CLT).
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Taken together, the evidence aligns more closely with Pix operating through payment

frictions than with a broad post-2020 digital-readiness channel.

5.4 Effects on Wage Inequality

Section 2 implies that a reduction in transaction frictions compresses wages when the firms
with the largest wage gains employ relatively more low-skill labor, with the magnitude shaped
by the skill-productivity complementarities across sectors and the elasticity of labor supply
that governs wage markdowns under monopsony.

Appendix Figure B.6 shows that this condition holds most strongly in retail. Small retail
establishments are particularly intensive in low-skill labor, allocating over 91 percent of their
total payroll to low-skill workers, compared to only 58 percent in large retail establishments.
This contrasts with small manufacturing firms, which have a notably lower low-skill payroll
share (around 75 percent).

Motivated by this composition, we test whether wage inequality declines more after Pix
in municipalities with higher pre-Pix mobile penetration. We employ a municipality-level
difference-in-differences specification, regressing our measure of inequality, the Gini coeffi-
cient, on standardized mobile penetration while controlling for municipality fixed effects,
region-by-year fixed effects, and municipality characteristics interacted with year.

Figure 4 supports our model’s prediction using the Gini coefficient of wages, calculated
from the distribution of individual worker wages within each municipality-year and multi-
plied by 100.22 This approach isolates the effect of Pix adoption on wage inequality while
accounting for time-invariant municipality characteristics and local time-varying shocks. The
estimates show no differential trends prior to Pix’s introduction, consistent with our iden-
tifying assumption. Following Pix adoption, we observe a significant decline in the Gini
coefficient in municipalities with higher mobile penetration relative to those with lower mo-
bile penetration. This reduction in wage inequality emerges gradually, starting in 2021, and

becomes more pronounced through the end of our sample.

22We exclude government employees from this calculation.
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Column (1) in Panel A of Table 5 quantifies this effect, showing that a one-standard-
deviation increase in mobile penetration is associated with a statistically significant 0.270-
point decline in the Gini coefficient (scaled by 100) following Pix adoption. Relative to the
sample mean of 29 (corresponding to an unscaled Gini of 0.29), this represents a 0.9 percent
reduction in wage inequality.

Figure 5 further unpacks these results by examining wage dynamics separately for different
segments of the wage distribution. Panel A of Figure 5 reveals a noticeable increase in wages
for workers in the bottom 50% of the distribution following Pix adoption. In contrast, Panel
B shows no significant wage changes for workers in the top 50% of the distribution. The
regression results in Table 5 (Columns (2) and (3)) show that the bottom 50% experiences a
significant 0.6 percent increase in wages, while the top 50% experiences no significant effect.
This decomposition indicates that the observed reduction in wage inequality is driven by
wage growth at the bottom of the distribution, rather than wage compression at the top.

The decline in wage inequality is particularly notable given the canonical literature on
skill-biased technical change, which suggests that new technologies typically increase wage
inequality by raising the productivity and wages of skilled workers (Autor et al., 1998; Ace-
moglu and Autor, 2011). Our findings show that financial technologies can have markedly
different distributional effects. By reducing frictions in cash-intensive sectors that dispropor-
tionately employ low-skill workers, digital payment technologies can generate more inclusive

patterns of wage growth.

6 Mechanisms

We examine why wages rise after Pix. First, we estimate effects on employment and new firm
creation. Next, we test if wage effects are larger where labor markets are tighter. Finally, we

examine the sources of small-firm profitability gains and evaluate alternative explanations.
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6.1 Labor Demand Effects

Our main results indicate that higher mobile penetration increases wages in small establish-
ments, especially within retail, and compresses wage inequality. According to our model,
reductions in transaction frictions increase firm profitability and stimulate labor demand,
particularly in cash-intensive sectors that heavily rely on low-skilled labor.

We test this hypothesis by examining employment growth using a triple difference-in-
differences approach comparing small versus large establishments. Figure 6 illustrates the
dynamic effects on job growth for the smallest establishments (fewer than 5 employees).
The estimates show no significant pre-trends and a clear increase after Pix’s introduction in
November 2020. Table 7 quantifies these effects, using the logarithm of active jobs as the
dependent variable. We find a positive and significant effect of 0.017 for the smallest firms
(N<5, Column 1). Slightly larger definitions of “small” (N<10, Column 2; N<20, Column
3) yield smaller, insignificant estimates.

Given that employment growth could result either from existing firms expanding or from
new firm entry, we next analyze firm creation directly. Appendix Figure B.7 presents entry
patterns by sector and firm size. After Pix’s introduction, municipalities with higher mobile
penetration show a significant increase in small retail firm entry (Panel A). In contrast, entry
rates for small manufacturing firms remain unchanged (Panel B), consistent with our earlier
findings. Table 8 quantifies these results, showing that a one-standard-deviation increase
in mobile penetration raises small retail firm entry per 1,000 residents by 0.004, with no
significant effect in small manufacturing.

We further examine entrepreneurship using municipal MEI-ICMS data. Our concep-
tual framework shows that the reduction in transaction costs brought by Pix enhances
self-employment incentives, amplifying wage gains and reinforcing the decline in inequal-
ity through the supply elasticity channel. The Micro-Empreendedor Individual (MEI) tax
charges a fixed R$1 monthly ICMS fee regardless of sales volume, making annual per-capita
MEI-ICMS receipts proportional to the number of active MEIs.

Appendix Figure B.8 plots the dynamic effects of mobile penetration on annual MEI-
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ICMS receipts per 1,000 residents. The estimates show no significant pre-trends, then rise
after Pix’s introduction in November 2020 for high-mobile-penetration municipalities. Ap-
pendix Table B.6 quantifies this effect: a one-standard-deviation increase in mobile penetra-
tion raises annual MEI-ICMS receipts by BRL 1.417 per 1,000 residents.

This MEI expansion following Pix adoption is consistent with reduced transaction costs
facilitating self-employment registry (or formalization). Combined with our evidence on small
retail firm entry, these results indicate that Pix expands entrepreneurship at the extensive
margin, particularly among cash-intensive sole proprietors. Employment growth concentrates
in micro-firms (N<5) and new entrants, while wage effects extend to all small establishments
(N<20). This pattern is consistent with Figure A.4 in our conceptual framework. The
expansion of self-employment raises outside options for workers, pushing up wages at slightly

larger establishments even without headcount growth.

6.2 Labor Market Tightness and Wage Amplification

The evidence above shows that Pix increases labor demand for low-skill workers through
employment growth and new firm entry. Whether this demand shift translates into wage
gains depends on local labor supply conditions. If low-skill labor is abundant, firms can
expand without raising wages. If low-skill labor is scarce, the same demand shift bids up
wages and compresses inequality.

Table 5, Panel B, tests this prediction by interacting the treatment with an indicator for
tight labor markets, defined as municipalities where the share of low-skill workers is below
the population-weighted median. Column (1) shows that a one-standard-deviation increase
in mobile penetration reduces the Gini coefficient by an additional 0.323 points in tight labor
markets. When examining wage components, the differential effect on Bottom 50% wages
in tight markets (Column 2) is positive but imprecisely estimated. These results indicate
that Pix’s inequality-reducing effects concentrate where low-skill labor is relatively scarce,

consistent with a labor demand channel amplified by local labor market tightness.
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6.3 Small Firm Profitability

We examine three channels through which Pix may increase small-firm profitability: reduc-
tions in cash-handling costs, variation in merchant payment fees, and higher local demand.

The first two also speak to the digital-readiness alternative discussed in Section 5.3.

Payment Frictions and Cash-Handling Costs. If Pix substitutes for cash rather than
expanding overall payment volume, it can reduce the costs firms incur from storing, trans-
porting, and safeguarding physical currency. We estimate the effect of Pix on bank branch
cash inventories. Figure 7 shows that municipalities with higher mobile penetration experi-
enced a statistically significant decline in cash balances held by bank branches. The reduction
intensifies over time, suggesting that Pix adoption substituted for cash transactions.

We estimate the wage response for industries with different levels of cash-intensity, mea-
sured by their share of sales to houscholds (Table 9). Wage effects are null in low-cash
industries (Column 1) and rise monotonically with cash-intensity (Columns 2-3).

Cash dependence is more costly in high-crime environments because firms must store,
transport, and safeguard physical currency, increasing losses from theft and security expen-
ditures. We split municipalities by their 2019 homicide rate into above- and below-median
groups and re-estimate the baseline specification for each (Figure 8, Table 10). In high-
homicide municipalities, wages in small establishments rise by approximately 0.6 percent
per one-standard-deviation increase in mobile penetration. In low-homicide municipalities,

effects are small and imprecise.

Merchant Fees and Bargaining Power. When customers pay by card, merchants pay a
merchant discount rate (MDR), the share of the transaction value retained by the acquiring
chain. MDR comprises interchange fees set by card networks, scheme fees, and the acquirer’s
processing margin. Only part of this bundle is negotiable: larger merchants with greater vol-
ume and bargaining power can typically secure lower processing margins and better contract
terms, even if interchange and scheme fees are uniform. Small merchants face higher effective

MDR because they are less able to negotiate discounts. In Brazil, average merchant costs on
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Pix are substantially lower than the average MDR faced by merchants on card transactions.

If negotiated MDR differs by firm size, switching to Pix should lower payment costs
more for small establishments in small firms than for small establishments in larger firms.
We estimate a quadruple difference-in-difference specification. Figure 9 plots the event-study
coefficients of the interaction Mobile Penetration x Small Establishment x Small Firm x Post.

The coefficients are close to zero prior to Pix and become positive after 2020.

Local Demand. Pix may also boost demand by providing a safer and more convenient
alternative to cash. We split industries into tradable and non-tradable categories based on
payroll geographical concentration, following Mian and Sufi (2014).?® If local demand were a
key mechanism, non-tradable industries in high-adoption municipalities should show larger
wage gains. Wage responses are similar across the two groups (Appendix Table B.7). Local
demand does not appear to be the primary driver.

These results are consistent with cash-handling costs being an important component of

Pix’s gains for small firms.

6.4 Additional Channels for Pix’s Effect on Wages

The preceding sections present evidence consistent with Pix reducing transaction costs for
small, cash-intensive businesses, increasing labor demand and encouraging entry. Wage effects
are larger where low-skill labor is scarce. We now evaluate two additional channels through

which Pix may affect wages: formalization and credit access.

Formalization and wage reporting. Pix may have increased formalization or improved
wage reporting, raising measured wages without a corresponding change in labor market
conditions. This matters because our main wage outcomes come from administrative data
on formal employment. A formalization-driven channel predicts that wage effects should

be larger where baseline informality is higher, and that the observed composition of formal

2Industries with payroll concentrated in few locations are classified as tradable; those dispersed nationally
as non-tradable. We exclude low-cash sectors, which were unaffected by Pix.
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workers should shift toward worker types that are overrepresented in informal employment.

Our findings indicate that Pix spurred some formalization, particularly the registration
of solo entrepreneurs (MEIs). Several institutional and empirical patterns, however, make
formalization unlikely to be the main driver of observed wage increases.

First, total mandated employer costs in Brazil exceed the contractual salary by more than
50 percent (Cavalcante, 2020). Even large, targeted reductions in formalization costs have
produced only limited and transitory effects on firm registration,?* making a formalization-
only explanation of the wage results unlikely.

Second, Pix transactions remain covered by bank secrecy. Tax authorities do not ob-
serve transaction-level origin or destination details, limiting the scope for Pix to increase
enforcement exposure and trigger formalization.

Third, wage effects remain stable across different size thresholds, with identical effects
for firms with fewer than 5, 10, and 20 employees. Since firms approaching 20 employees are
substantially more likely to already comply with labor regulations, the persistence of wage
gains in this group suggests generalized labor demand increases rather than formalization-
driven compliance effects.?

Fourth, pure compliance effects would generate uniform wage increases toward the regu-
latory minimum, independent of local labor market conditions. Instead, we find wage effects
concentrated where low-skill labor is scarce. This pattern is consistent with increased labor
demand interacting with constrained labor supply.

Fifth, if formalization drives our results, wage effects should be larger in municipalities
with higher baseline informality, where there is greater scope to formalize previously informal
employment. We split municipalities by a pre-Pix informality measure constructed from the
2010 Census and estimate our baseline triple-difference specification separately for each group.
Appendix Table B.8 shows that wage effects are identical across the two groups. This pattern

is inconsistent with a compliance or reporting channel, which predicts larger wage increases

24The MEI program halved monthly taxes for micro-firms but increased registration by only 1.9 percentage
points from a 20 percent baseline, with the effect dissipating after six months (Rocha et al., 2018).

Z5Ulyssea (2018) documents that informality declines sharply with firm size in Brazil, reaching near-zero
levels well below 20 employees.
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where initial informality was higher.

Sixth, we test directly for shifts in the composition of formal workers. If wage gains
reflect formalization, we should see significant changes in the characteristics of formal em-
ployees after Pix. In Appendix Table B.9, we re-estimate our baseline specification using
worker observables as outcomes: gender, skill, tenure, and age. These estimates are uni-
formly close to zero. The null results are informative because informal workers differ sharply
from formal workers along these dimensions in the 2010 Census (Appendix Table B.10). A
substantial inflow from informal employment into formal jobs would produce detectable shifts
in administrative data.

Finally, we use PNAD, IBGE’s household sample survey, to measure informality directly.
Because PNAD identifies informality only at the state level, this test has limited power
relative to our municipality-level design. Appendix Figure B.10 reports a state-level DiD for
the share of informal workers. The estimates are small and imprecise, and we find no change
in the informality rate following Pix.

Overall, Pix may have contributed to some formalization, but the available evidence does
not support a formalization-only explanation for the wage results. We interpret formaliza-
tion as a complementary channel that can amplify measured wage gains, while the primary
mechanism operates through increased labor demand in cash-intensive businesses interacting

with local labor-market frictions.

Credit Access. Pix could also support small-firm expansion by improving access to exter-
nal finance. Digital transaction records may reduce information asymmetries between lenders
and small firms (Ouyang, 2021; Alok et al., 2024; Ghosh et al., 2024; Cramer et al., 2024).
We test this channel using municipality-level business lending data. Appendix Figure B.9
plots the dynamic effects of mobile penetration on log per-capita business loans. We find no

differential trends before Pix and no significant increase afterward.?® This evidence does not

261n Brazil, third-party lenders can access Pix transaction histories only with explicit customer authoriza-
tion under the Open Finance framework, which launched after Pix and was still scaling during our sample
period. Evidence from India shows that digital payment histories can expand credit access when data-sharing
infrastructure is more mature (Alok et al., 2024; Ghosh et al., 2024).
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support aggregate credit expansion as the primary driver of the wage effects we document.
However, our test captures lending volumes and may not detect changes in loan terms, bor-
rower composition, or specific types of credit. If present, these credit-margin effects would
reinforce the same mechanism: Pix would relax constraints on small firms, enabling expan-
sion and increasing labor demand. We do not rule out credit effects at other margins or over

a longer horizon.

Taken together, the evidence points to reductions in transaction costs as the main channel
through which Pix raises wages in small establishments. Formalization contributes as a
complementary channel but it cannot account for the concentration of wage effects where
low-skill labor is scarce. We do not detect aggregate lending expansion in our data, although

we cannot rule out credit effects at other margins.

7 Quantitative Analysis

We consider a set of ¢ = 1,...,C cities, each containing M, firms. A fixed share 7 of firms
operates in sector k, which can be retail, wholesale, or manufacturing. Workers are grouped
into four skill categories s = {1,...,4}, each with mass H,, where >, H, = 1.

A worker 7 of skill s derives the following utility from working at firm j located in city c:
Ugje = log(wsje) + Eije

where wy;. is the wage offered by firm j in city ¢ to workers of skill s, and &;;. is a worker-
specific taste shock for firm j. These shocks are i.i.d. across individuals and follow the nested

logit distribution:
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where n and 6 govern within-city and between-city substitution elasticities, respectively.

Given this preference structure, the labor supply to firm j in city ¢ for skill s is given
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where A, and A, are skill- and city-specific productivity terms, and 7j. is a transaction

cost. The function fy,(z;) captures sector-specific skill complementarities and is defined as
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The wage function wy (njsc, Nge, Ny, WS) is the inverse of the labor-supply relation given
in equation 7. For each skill group s, firms internalize their impact on Ny., but take as
given the country level values Ny and Wy, as well as their competitors’ strategies. Profit

maximization yields the optimal wage for skill s offered by firm j operating in city c:

1

a(l — 7je) AsAcz; frs (25 not 8
]-"’ |:3jsc/0+(1 _Sjsc)/n} ( ) f ( ) ( )

jsc

Wise =

where s;5. denotes the firm’s wage-bill market share in city ¢ for skill group s. Thus, a
firm with a larger market share sj,. sets a larger markdown, i.e., pays a lower wage relative
to marginal product, if and only if 8 < 7.

We solve the model through the following steps. First, following Berger et al. (2022),

market shares satisfy the fixed-point condition

‘H

27 . . C % o+1 C 041 6+1
The aggregate indices are defined as: Ny = |> . N , W, = {Zczl we } , Nge =

n41

1 -4
M, S| " _ M,  p41]7+1
{Z‘j—l Njse ] ;and W = Ej:l Wise :
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where ftj5. = 1/(1 + [sjsc/0 + (1 — sjsc)/nD is the wage markdown. This system of
equations determines the equilibrium vector of firm market shares.

Second, given the resulting markdowns ., equilibrium wages and labor supply are
computed directly from equations 7 and 8. Finally, equilibrium requires that the market

clears for each skill group ;. nj,. = H, for all s.

7.1 Calibration

Our calibration distinguishes between two sets of parameters: those that are predetermined,
based either on external evidence or on observable moments that are perfectly matched, and
those that are calibrated internally to match specific moments of the data.
Predetermined Parameters. We standardize the number of cities to C' = 100, skill
groups to S = 4, and sectors to K = 3. We group Brazilian cities evenly into 100 bins. The
number of firms M, is such that the smallest bin has x,, = 695 firms, corresponding to the
empirical minimum; and for the remaining bins, the number of firms is drawn from a Pareto
distribution with shape parameter a. = 1.24. This parameterization ensures that the largest
10% of cities (the top 10 bins) account for 64% of all firms, matching the empirical concen-
tration of firms across cities. Skill groups are defined by educational attainment: primary
education, secondary education, some college, and college graduates. Their population shares
H, are set to match the empirical distribution of workers. The three sectors—manufacturing,
retail, and wholesale-have shares 74, calibrated to the observed number of firms in each sector.
We set the within-city and between-city labor supply elasticities to n = 7 and 6 = 0.5,
respectively, following Berger et al. (2022). The decreasing-returns parameter is o = 0.7.
Transaction costs T are set to 5% for small retailers—defined as firms with productivity below

the 90th percentile of the productivity distribution, which in our data have less than 19
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employees—and zero otherwise.?® All predetermined parameters are summarized in Appendix
Table A.1.

Calibrated parameters. A second set of parameters is calibrated to match key moments
of the Brazilian labor market. The sector-skill complementarity parameters A, target the
skill composition of employment in each sector k. The Pareto shape parameters «y for the
firm productivity distribution are chosen to match the employment share of the top 10% of
firms in each sector. Finally, skill-specific productivity levels A, are calibrated to replicate
the observed skill premium relative to the least educated group (s = 1). Appendix Table A.2
lists these 15 calibrated parameters and their corresponding empirical targets.

Our calibrated model successfully reproduces key features of the Brazilian labor market.
As illustrated in Appendix Table A.3, the model captures fairly well the skill composition
of each sector. Retail is the least skill-intensive sector, with around 10 percent of its work-
ers holding a bachelor’s degree. In contrast, manufacturing and wholesale are more skill-
intensive, with college graduate shares of 15 and 22 percent, respectively. Appendix Table
A.3 shows that the model also matches the aggregate employment distribution across sectors.
Retail and manufacturing each account for approximately 40 percent of total employment,
while wholesale employs about 10 percent of the workforce. Finally, the bottom panel of
Appendix Table A.3 confirms that the skill-specific average wages generated by the model

align closely with their empirical counterparts.

7.2 Counterfactual Analysis

We use the calibrated model to quantify the aggregate effects of Pix and to simulate a
counterfactual in which Pix adoption is uniform across municipalities.
Pix Introduction. We study Pix’s implementation through the lens of our calibrated

model. Consistent with our empirical findings, we model Pix as a reduction in transaction

28This structure can be rationalized by a technology adoption decision: firms draw a potential productivity
and decide whether to pay a fixed cost to adopt a technology that avoids transaction costs Ulyssea (2018).
Then, bigger firms are more likely to adopt the technology. Pix eliminates this fixed cost, thereby reducing
transaction costs to zero for all firms.
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costs for small firms in the retail sector as follows:
TV = 7ol % (1 - w(MPC)),

where w : [0, 1] — [0, 1] is a strictly increasing function and MP, denotes mobile penetration.
Because the model does not include mobile penetration directly, we impute it using fitted
values from a linear projection of observed mobile penetration on city-level aggregates: MP,. =
BO + ,(:)’/Xc, where X, collects city-level aggregates (for example, log employment and log
wage bill). Cities with higher imputed mobile penetration experience a larger reduction in
transaction costs. We define w as a linear function of MP,, rescaled to lie in [0,1]. Thus,
we choose 74 = 5% as described above to match the effect of one standard deviation higher
mobile penetration on average wages of small relative to large firms in the retail sector. We
first quantify the wage response and report our results in Appendix Figures A.6 and A.S.
In the model, average wages increase by 0.23% in small firms and by 0.04% in large firms,
with the differential reflecting the direct effect of lower transaction costs on small-firm labor
demand. Because small firms predominantly employ low-skill workers, the wage gains differ
substantially across skill groups. Workers in skill groups 1 and 2 experience average wage
increases of 0.12% and 0.22%, respectively, while workers in groups 3 and 4 see changes of
0.01% and nearly zero, respectively.

To assess whether Pix increased competition, we compute changes in the wage-bill share
of small firms and the Herfindahl-Hirschman Index (HHI). As shown in Figure 10, the wage-
bill share of small firms rises by 0.09 percentage points, while HHI falls by 0.16%. Both
findings are consistent with Pix fostering greater competition in local labor markets.

Given that wage gains are concentrated below the median, one might expect wage in-
equality to decline after Pix. However, the transaction cost reduction is stronger in larger
cities. If pre-Pix wages were already higher in these cities, overall inequality could remain
unchanged or even increase. Appendix Figure A.7 shows that average wages are higher in
cities with more firms.

To quantify the net effect, we decompose the change in wage inequality into within-city
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and between-city components using the variance of log wages. We find a net decline of 0.04%
in overall wage variance. As shown in Panel A of Figure 11, this result is driven entirely
by a contraction in within-city inequality, which is partially offset by a rise in between-city
inequality.

Uniform Adoption. We next compute the effects of uniform Pix adoption across all
municipalities. In this scenario, Pix reduces transaction costs to zero for all small firms
nationwide, corresponding to w(MP.) = 1 for every city ¢. The impact of Pix in this case
differs from the baseline simulation in two key dimensions.

First, the effects on labor market competition are stronger. The wage-bill share of
small firms increases by 0.7 percentage points, leading to a 1.2% decline in the Herfind-
ahl-Hirschman Index (HHI). Consequently, the average wage increase is larger, with gains
concentrated among low-skill workers: skill groups 1 and 2 experience average wage increases
of 0.8% and 1.5%, respectively.

Second, the effect on wage inequality is more pronounced. As reported in Panel B of
Figure 11, the variance of log wages declines by 0.6%. In contrast to the baseline scenario,
this reduction is explained by contributions from both within-city and between-city compo-
nents. This indicates that uniform adoption intensifies within-city wage compression and
also mitigates the spatial inequality that arose from the uneven initial uptake of Pix.

We compute the aggregate wage and profit changes from uniform adoption under Pix. The
initial implementation of Pix under the observed, uneven adoption increases the total wage
bill by 0.04% and total firm profits by 0.02%. However, uniform adoption would generate
larger gains: a 0.21% increase in the total wage bill and a 0.03% increase in profits, relative
to a baseline scenario without Pix.

These wage-bill gains are highly concentrated among low-skill workers. The bottom skill
groups (1 and 2) see their total wage-bill rise by only 0.19% under the observed rollout, but
by a substantial 1.3% under uniform adoption.

Overall, our quantitative analysis shows that, by reducing transaction costs, Pix increases

competition in local labor markets and raises wages, particularly for low-skill workers. The
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policy also reduces overall wage inequality, primarily by compressing within-city wage in-
equality. We find that uniform adoption would amplify the wage and competition effects and

reduce inequality more equally across regions and skill groups.

8 Conclusion

We study how instant payment adoption affects labor markets and wage inequality. Using
Brazil’s rollout of Pix, we find that wages in small, cash-intensive establishments increase
relative to large establishments. Wage inequality falls, driven by gains below the median.
The patterns we document are consistent with lower payment frictions raising labor demand
among small firms, with larger effects on inequality where low-skill labor is scarce. These
findings show that, in contrast to production technologies that prior work associates with
rising inequality, financial technology can compress it by alleviating frictions in sectors that
disproportionately employ low-skill labor.

Cash-intensive firms rely heavily on low-skill labor, so the wage gains we document con-
centrate in sectors that employ lower-wage workers. Our quantitative model implies that
under the observed, uneven rollout, the within-city component of wage dispersion falls but
the between-city component rises, partially offsetting the aggregate compression. Under uni-
form adoption, both components fall, so more even access amplifies the inequality-reducing

potential of instant payments.

36



References

Acemoglu, Daron, and David Autor, 2011, Skills, tasks and technologies: Implications for
employment and earnings, in Orley Ashenfelter, and David Card, eds., Handbook of Labor
Economics, volume 4, chapter 12, 1043-1171 (Elsevier). 1, 7, 23

Agarwal, Sumit, Wenlan Qian, Yuan Ren, Hsin-Tien Tiffany Tsai, and Bernard Yin Yeung,
2022, The real impact of fintech: Evidence from mobile payment technology, Available at
SSRN 3556340 . 6

Agarwal, Sumit, Wenlan Qian, Bernard Y Yeung, and Xin Zou, 2019, Mobile wallet and
entrepreneurial growth, in AEA Papers and Proceedings, volume 109, 48-53, American

Economic Association 2014 Broadway, Suite 305, Nashville, TN 37203. 6

Alok, Shashwat, Pulak Ghosh, Nirupama Kulkarni, and Manju Puri, 2024, Open banking
and digital payments: Implications for credit access, Technical report, National Bureau of

Economic Research. 29

Altonji, Joseph G, Todd E Elder, and Christopher R Taber, 2005, Selection on observed and
unobserved variables: Assessing the effectiveness of catholic schools, Journal of political

economy 113, 151-184. 21

Alvarez, Fernando E, David Argente, Francesco Lippi, Esteban Méndez, and Diana Van Pat-
ten, 2023, Strategic complementarities in a dynamic model of technology adoption: P2p

digital payments, Technical report, National Bureau of Economic Research. 12

Autor, David, and David Dorn, 2013, The growth of low-skill service jobs and the polarization
of the US labor market, American Economic Review 103, 1553-1597. 7

Autor, David H, Lawrence F Katz, and Alan B Krueger, 1998, Computing inequality: have
computers changed the labor market?, The Quarterly Journal of Economics 113, 1169—
1213. 23

37



Autor, David H., Frank Levy, and Richard J. Murnane, 2003, The skill content of recent
technological change: An empirical exploration, The Quarterly Journal of Economics 118,

1279-1333. 1, 7

Bank for International Settlements, 2023, Digital payments make gains but cash remains,

CPMI Brief No 1 . 1

Barrot, Jean-Noel, and Ramana Nanda, 2020, The employment effects of faster payment:

Evidence from the federal quickpay reform, The Journal of Finance 75, 3139-3173. 7

Berger, David, Kyle Herkenhoff, and Simon Mongey, 2022, Labor market power, American
Economic Review 112, 1147-1193. 31, 32

Bound, John, and George Johnson, 1992, Changes in the structure of wages in the 1980s:

An evaluation of alternative explanations, American Economic Review 82, 371-392. 7

Cavalcante, Luiz Ricardo, 2020, Encargos trabalhistas no Brasil, Texto para Discussao 288,

Senado Federal, Nicleo de Estudos e Pesquisas da Consultoria Legislativa, Brasilia. 5, 28

Chodorow-Reich, Gabriel, Gita Gopinath, Prachi Mishra, and Abhinav Narayanan, 2020,
Cash and the economy: Evidence from india’s demonetization, The Quarterly Journal of

Economics 135, 57-103. 7

Cramer, Kim Fe, Pulak Ghosh, Nirupama Kulkarni, and Nishant Vats, 2024, Shadow banks
on the rise: Evidence across market segments, Olin Business School Center for Finance &

Accounting Research Paper (2024/18) . 29

Crouzet, Nicolas, Apoorv Gupta, and Filippo Mezzanotti, 2023, Shocks and Technology
Adoption: Evidence from Electronic Payment Systems, Journal of Political Economy 131,

3003-3065. 7

Dalton, Patricio S, Haki Pamuk, Ravindra Ramrattan, Burak Uras, and Daan van Soest,
2024, Electronic payment technology and business finance: A randomized, controlled trial

with mobile money, Management Science 70, 2590-2625. 6

38



Duarte, Angelo, Jon Frost, Leonardo Gambacorta, Priscilla Koo Wilkens, and Hyun Song
Shin, 2022, Central banks, the monetary system and public payment infrastructures:

lessons from Brazil’s Pix, BIS Bulletin . 11

Dubey, Tamanna Singh, and Amiyatosh Purnanandam, 2023, Can cashless payments spur

economic growth?, Available at SSRN 4373602 . 6

Egan, Mark L, Gregor Matvos, Amit Seru, Lulu Wang, and Vincent Yao, 2026, Who pays

for payments?, Technical report, National Bureau of Economic Research. 3, 11

Fonseca, Julia, and Adrien Matray, 2024, Financial inclusion, economic development, and

inequality: Evidence from Brazil, Journal of Financial Economics 156, 103854. 7

Ghosh, Pulak, Boris Vallee, and Yao Zeng, 2024, Fintech lending and cashless payments,

Journal of Finance, Forthcoming . 6, 29

Goldin, Claudia, and Lawrence F. Katz, 1998, The origins of technology-skill complementar-
ity, The Quarterly Journal of Economics 113, 693-732. 7

Goos, Maarten, Alan Manning, and Anna Salomons, 2014, Explaining job polarization in eu-
rope: The roles of technology, globalization, and institutions, American Economic Review

104, 2509-2526. 7

Higgins, Sean, 2024, Financial Technology Adoption: Network Externalities of Cashless Pay-

ments in Mexico, American Economic Review Forthcoming. 6

Jack, William, and Tavneet Suri, 2014, Risk sharing and transactions costs: Evidence from

Kenya’s mobile money revolution, American Economic Review 104, 183-223. 6

Klapper, Leora, 2023, How digital payments can benefit entrepreneurs, IZA World of Labor
. 6

Krusell, Per, Lee E. Ohanian, José-Victor Rios-Rull, and Giovanni L. Violante, 2000, Capital-
skill complementarity and inequality: A macroeconomic analysis, Econometrica 68, 1029—

1053. 7, 10, 4

39



Mariani, Lucas A, José Renato H Ornelas, and Bernardo Ricca, 2023, Banks’ physical foot-
print and financial technology adoption: Working paper 888, ERSA Working Paper Series
.7

Mian, Atif, and Amir Sufi, 2014, What explains the 2007-2009 drop in employment?, Econo-
metrica 82, 2197-2223. 27

Michaels, Guy, Ashwini Natraj, and John Van Reenen, 2014, Has ICT polarized skill de-
mand? evidence from eleven countries over twenty-five years, The Review of Economics

and Statistics 96, 60-77. 7

Nakamura, Emi, and Jon Steinsson, 2014, Fiscal stimulus in a monetary union: Evidence

from us regions, American Economic Review 104, 753-92. 6

Ouyang, Shumiao, 2021, Cashless payment and financial inclusion, Awvailable at SSRN
3948925 . 6, 29

Rocha, Rudi, Gabriel Ulyssea, and Laisa Rachter, 2018, Do lower taxes reduce informality?

Evidence from Brazil, Journal of Development Economics 134, 28-49. 5, 28

Sampaio, Matheus, and Jose Renato Haas Ornelas, 2024, Payment technology complemen-

tarities and their consequences in the banking sector, Available at SSRN 5002235 . 7

Sarkisyan, Sergey, 2023, Instant payment systems and competition for deposits, Jacobs Levy

Equity Management Center for Quantitative Financial Research Paper . 7

Sokolova, Anna, and Todd Sorensen, 2021, Monopsony in labor markets: A meta-analysis,

ILR Review 74, 27-55. 3

Suri, Tavneet, and William Jack, 2016, The long-run poverty and gender impacts of mobile
money, Science 354, 1288-1292. 6

Ulyssea, Gabriel, 2018, Firms, informality, and development: Theory and evidence from

brazil, American Economic Review 108, 2015-2047. 28, 33

40



Wolf, Christian K., 2023, The missing intercept: A demand equivalence approach, American

Economic Review 113, 2232-69. 6

41



[0.017,0.39196]

(0.39196, 0.53394]
I (053394, 0.68539]
B (0.68539, 6.13787)

Figure 1 Geographic Distribution of Mobile Technology Penetration

This figure displays the spatial variation in mobile technology penetration across Brazilian municipalities as
of 2019. Mobile penetration is defined as the ratio of mobile devices with 3G or higher capability to the
total population in each municipality. The map uses four color categories to represent different levels of
penetration. These ranges correspond to quartiles of the mobile penetration distribution across municipali-
ties. The data combine telecommunications infrastructure information from ANATEL (Agéncia Nacional de
Telecomunicagdes) with population estimates from IBGE (Instituto Brasileiro de Geografia e Estatistica).
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Figure 2 Effect of Mobile Penetration and Cash Intensity on Pix Value

Panel (a) presents the estimated coefficient from municipality-level regressions examining the effect of stan-
dardized mobile penetration on Pix transaction value around the introduction of Pix in November 2020. The
dependent variable is the value of Pix transactions per capita received by firms and households, measured
using the municipality’s 2019 population. Panel B plots the relationship between industry Pix usage divided
by wage-bill as of 2022 and cash-intensity measured by the share of sales to households in the input-output
table of 2019. Panel (a) includes municipality fixed effects, time fixed effects, and municipality characteristics
interacted with time fixed effects. Municipality characteristics include deciles of GDP per capita, percentage
of young population, and percentage of value added in agriculture. The dashed lines represent 95% confidence
intervals based on robust standard errors clustered at the municipality level. Mobile penetration is defined
as the ratio of mobile devices with 3G or higher capability to the total municipal population, standardized
to have unit variance and winsorized at the 1% level. Data are from the Central Bank of Brazil.
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Figure 3 Effect of Mobile Penetration on Wages by Small Establishments

This figure plots the estimated yearly coefficients from a triple difference-in-differences specification that
measures the differential effect of mobile penetration on the logarithm of average wages between small and
large establishments around the introduction of Pix in late 2020. Small establishments are defined as those
with fewer than 20 employees. The dependent variable is the logarithm of average monthly wages. The
regression specification includes fixed effects for municipality-by-industry-by-year, municipality-by-size-by-
industry, and size-by-industry-by-year. The dashed lines represent 95% confidence intervals constructed using
robust standard errors clustered at the municipality level. A vertical dashed line marks the introduction of
Pix in 2020. Mobile penetration is defined as the ratio of mobile devices with 3G or higher capability to total

municipal population, standardized to have unit variance and winsorized at the 1% level.
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Figure 4 Effect of Mobile Penetration on Wage Inequality

This figure presents the estimated yearly coeflicients from municipality-level difference-in-differences regres-
sions examining the effect of standardized mobile penetration on the Gini coefficient of wages around the
introduction of Pix in November 2020. The dependent variable is the Gini coefficient calculated from the
distribution of individual worker wages within each municipality-year, multiplied by 100. The regression
specification includes municipality fixed effects, region-by-year fixed effects, and municipality characteristics
interacted with year fixed effects. Municipality characteristics include deciles of GDP per capita, percentage
of young population, and percentage of value added in agriculture. The dashed lines represent 95% confidence
intervals constructed using robust standard errors clustered at the municipality level. A vertical dashed line
marks the introduction of Pix in 2020. Mobile penetration is defined as the ratio of mobile devices with 3G
or higher capability to total municipal population, standardized to have unit variance and winsorized at the
1% level.
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Figure 5 Effect of Mobile Penetration on Wages Across the Wage Distribution

This figure presents the estimated yearly coefficients from municipality-level difference-in-differences regres-
sions examining the effect of standardized mobile penetration on the logarithm of average wages across
different segments of the wage distribution around the introduction of Pix in November 2020. Panel A plots
coeflicient estimates for workers in the bottom 50% of the wage distribution within each municipality-year.
Panel B plots coefficient estimates for workers in the top 50% of the wage distribution. The wage distri-
bution is calculated separately for each municipality-year based on individual worker wages. The regression
specification includes municipality fixed effects, region-by-year fixed effects, and municipality characteristics
interacted with year fixed effects. Municipality characteristics include deciles of GDP per capita, percentage
of young population, and percentage of value added in agriculture. The dashed lines represent 95% confidence
intervals constructed using robust standard errors clustered at the municipality level. A vertical dashed line
marks the introduction of Pix in 2020. Mobile penetration is defined as the ratio of mobile devices with 3G
or higher capability to total municipal population, standardized to have unit variance and winsorized at the

1% level. 46
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Figure 6 Effect of Mobile Penetration on Employment Growth in Small Establishments

This figure presents the estimated yearly coeflicients from a triple difference-in-differences specification exam-
ining the differential effect of standardized mobile penetration on the logarithm of the number of active jobs
in small establishments relative to large establishments around the introduction of Pix in November 2020.
Small establishments are defined as those with fewer than 5 employees. The dependent variable is the loga-
rithm of active jobs. The regression specification includes fixed effects for municipality-by-industry-by-year,
municipality-by-size-by-industry, and size-by-industry-by-year. The dashed lines represent 95% confidence
intervals constructed using robust standard errors clustered at the municipality level. A vertical dashed line
marks the introduction of Pix in 2020. Mobile penetration is defined as the ratio of mobile devices with 3G

or higher capability to total municipal population, standardized to have unit variance and winsorized at the

1% level.
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Figure 7 Effect of Mobile Penetration on Bank Branch Cash Inventories

This figure presents the estimated coefficient from municipality-level regressions examining the effect of stan-
dardized mobile penetration on cash usage around the introduction of Pix in November 2020. The dependent
variable is the logarithm of cash, measured as the stock of cash held by bank branches in each municipality
and year. Our specification includes municipality fixed effects, time fixed effects, and municipality charac-
teristics interacted with time fixed effects. Municipality characteristics include deciles of GDP per capita,
percentage of young population, and percentage of value added in agriculture. The dashed lines represent
95% confidence intervals constructed using robust standard errors. Mobile penetration is defined as the ra-
tio of mobile devices with 3G or higher capability to total municipal population, standardized to have unit
variance and winsorized at the 1% level. Data are from the Central Bank of Brazil.
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Figure 8 Effect of Mobile Penetration on Wages by Small Size and Homicide Rate

This figure plots the estimated yearly coefficients from a triple difference-in-differences specification that
measures the differential effect of mobile penetration on the logarithm of average wages between small and
large establishments around the introduction of Pix in late 2020, splitting the sample by pre-Pix municipal
homicide rate (measured in 2019). Panel A restricts the sample to municipalities with above-median homicide
rates and Panel B to below-median. Small establishments are defined as those with fewer than 20 employees.
The regression specification includes fixed effects for municipality-by-size-by-industry, municipality-by-size-
by-year, and size-by-industry-by-year. Dashed lines represent 95% confidence intervals from standard errors
clustered at the municipality level. Mobile penetration is defined as the ratio of mobile devices with 3G or
higher capability to total municipal population, standardized to have unit variance and winsorized at the 1%

level.
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Figure 9 Effect of Mobile Penetration on Wages by Establishment and Firm Size

This figure plots the estimated yearly coeflicients from a quadruple difference-in-differences specification that
measures the differential effect of mobile penetration on the logarithm of average wages across establishment
size and firm size around the introduction of Pix in late 2020. Small establishments and small firms are defined
as those with fewer than 20 employees. The dependent variable is the logarithm of average monthly wages.
The regression specification includes fixed effects for municipality-by-industry-by-year, municipality-by-firm-
by-industry, and firm-by-industry-by-year. The dashed lines represent 95% confidence intervals constructed
using robust standard errors clustered at the municipality level. A vertical dashed line marks the introduction
of Pix in 2020. Mobile penetration is defined as the ratio of mobile devices with 3G or higher capability to

total municipal population, standardized to have unit variance and winsorized at the 1% level.
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Figure 10 Wage-Bill: Small Firm Share and HHI

This figure shows the change in the wage-bill share of small firms (left bar) and the percentage change in the
wage-bill Herfindahl-Hirschman Index (HHI) for local labor markets (right bar) following the implementation

of Pix.
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Figure 11 Decomposition of Change in Variance of Wages

This figure decomposes the decline in the total variance of log wages into contributions from changes within
cities and between cities. Panel A reports results under observed Pix adoption. Panel B reports results
under counterfactual uniform adoption, in which mobile penetration gaps are fully closed. In each panel, the
left bar corresponds to the total decline in variance (100%), the middle bar corresponds to the between-city
component change divided by the change in total variance, and the right bar corresponds to the within-city

component change divided by the total variance change.
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Table 1 Summary Statistics

This table presents summary statistics for average municipality-level characteristics in 2019. Wage values
are measured in Brazilian reais (BRL). The number of bank branches is sourced from the ESTBAN
database. Wages and skill composition measures are derived from the RAIS employer—employee dataset.
Local GDP per capita, population, and the shares of agriculture and services in local value added are
obtained from the Brazilian Institute of Geography and Statistics (IBGE). Mobile penetration (Share
Mobile) is defined as the ratio of mobile devices with 3G or higher capability to the total municipal
population. Low-skill workers are those without a college degree, while high-skill workers hold at least

a college degree. The average wage is the mean monthly wage across all workers in the municipality.

M) 2) 3) (1)
Mean Median SD N
GDP per capita (in 1,000 BRL) 24.5 18.2 25.6 5,070
Share services 0.35 0.32 0.14 5,570
Share agriculture 0.18 0.14 0.15 5,570
Num. branches 4 1 35 5,570
Population 36,460 11,065 206,519 5,570
Share mobile 0.54 0.53 0.20 5,570
Share young 0.43 0.43 0.03 5,570
Avg. monthly wage 2,020 1,946 443 5,570
Low-skill avg. wage 1,697 1,649 355 5,570
High-skill avg. wage 3,312 3,148 1,009 5,570
Gini coeflicient 0.29 0.28 0.06 5,570
Wage Top 50% 2,607.19 2,383.79 980.29 5,524
Wage Bottom 50% 1,109.32 1,074.68 171.85 5,524
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Table 2 Effect of Mobile Penetration on Average Wages in Small Establishments

This table presents triple difference-in-differences estimates examining the differential effect of standardized
mobile penetration on average wages in small establishments relative to large establishments following the
introduction of Pix in November 2020. The dependent variable is the logarithm of average monthly wages.
Small establishments are defined as those with fewer than 20 employees. The key coeflicient of interest, Mobile
Penetration x Small x Post, measures how the effect of mobile penetration on wages varies with establishment
size after Pix introduction. Panel A examines robustness across different fixed effects specifications. Panel B
examines the effects separately for all workers, low-skill workers, and high-skill workers, using the specification
from Panel A Column (3). Low-skill workers are those without a college degree and high-skill workers are
those with at least a college degree. Standard errors clustered at the municipality level are reported in
parentheses. Mobile penetration is defined as the ratio of mobile devices with 3G or higher capability to
total municipal population, standardized to have unit variance and winsorized at the 1% level. ***p<0.01,
**p<0.05, *p<0.1.

Panel A: Alternative Fixed Effects Specifications

(1) (2) (3)

Mobile Penetration x Small x Post 0.003*** 0.004*** 0.004***
(0.001) (0.001) (0.001)
Observations 1,529,548 1,529,548 1,529,548

Municipality x Size x Industry
Municipality x Industry x Year
Size x Year

Industry x Year

Municipality x Year

Size x Industry x Year

EENENEN R
IR NENEN
WX X X NS

Panel B: Effects by Worker Skill Level

(1) (2) (3)

All Low-Skill High-Skill
Mobile Penetration x Small x Post 0.004*** 0.004*** 0.005*
(0.001) (0.001) (0.003)
Observations 1,586,407 1,569,418 1,005,200
Municipality x Size x Industry v v v
Municipality x Industry x Year v v v
Size x Industry x Year v v v
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Table 3 Effect of Mobile Penetration on Average Wages in Small Establishments: Alternative
Size Definitions

This table presents triple difference-in-differences estimates examining the differential effect of standardized
mobile penetration on average wages in small establishments relative to large establishments following the
introduction of Pix in November 2020, with robustness checks across alternative definitions of small es-
tablishments. The dependent variable is the logarithm of average monthly wages. The key coefficient of
interest, Mobile Penetration x Small x Post, measures how the effect of mobile penetration on wages varies
with establishment size after Pix introduction. Columns vary the threshold for small establishments: fewer
than 5, 10, 20, and 50 employees. All specifications include municipality-by-size-by-industry fixed effects,
municipality-by-industry-by-year fixed effects, and size-by-industry-by-year fixed effects. Standard errors
clustered at the municipality level are reported in parentheses. Mobile penetration is defined as the ratio of
mobile devices with 3G or higher capability to total municipal population, standardized to have unit variance
and winsorized at the 1% level. ***p<0.01, **p<0.05, *p<0.1.

(1) (2) (3) (4)

N <5 N <10 N <20 N < 50
Mobile Penetration x Small x Post  0.004*** 0.004*** 0.004*** 0.001

(0.001) (0.001) (0.001) (0.002)
Observations 1,529,548 1,529,548 1,529,548 1,529,548
Municipality x Size x Industry v v v v
Municipality x Industry x Year v v v v
Size x Industry x Year v v v v
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Table 4 Effect of Mobile Penetration on Average Wages in Small Establishments by Industry

This table presents triple difference-in-differences estimates examining the differential effect of standardized
mobile penetration on average wages in small establishments relative to large establishments across different
industries following the introduction of Pix in November 2020. The dependent variable is the logarithm of
average monthly wages. Small establishments are defined as those with fewer than 20 employees. The key
coefficient of interest, Mobile Penetration x Small x Post, measures how the effect of mobile penetration on
wages varies with establishment size after Pix introduction, estimated separately for each industry. Panel
A presents results disaggregated by industry. Column (1) presents the pooled estimate across all industries,
replicating Column (3) from Panel A of Table 2. Columns (2)-(5) present results for retail, wholesale,
manufacturing, and all other industries. Panel B presents results for service industry subsectors: restaurants,
hotels, household services, and other services. All specifications include municipality-by-size-by-industry fixed
effects, municipality-by-industry-by-year fixed effects, and size-by-industry-by-year fixed effects. Standard
errors clustered at the municipality level are reported in parentheses. Mobile penetration is defined as the
ratio of mobile devices with 3G or higher capability to total municipal population, standardized to have unit
variance and winsorized at the 1% level. ***p<0.01, **p<0.05, *p<0.1.

Panel A: All Industries, Retail, Wholesale, Manufacturing, and Other

(1) (2) (3) (4) (5)

All Retail Wholesale  Manuf.  Other Ind.
Mobile Penetration x Small x Post 0.004***  0.008*** -0.009 -0.000 0.001
(0.001) (0.002) (0.006) (0.002) (0.003)
Observations 1,529,548 122,242 71,142 476,797 289,488
Municipality x Size x Industry v v v v v
Municipality x Industry x Year v v v v v
Size x Industry x Year v v v v v

Panel B: Service Industry Subsectors

(1) (2) (3) (4)

Restaurants Hotel House Serv. Other Serv.
Mobile Penetration x Small x Post 0.002 -0.002 0.001 0.014%**
(0.004) (0.005) (0.011) (0.003)
Observations 64,406 41,582 45,554 456,773
Municipality x Size x Industry v v v v
Municipality x Industry x Year v v v v
Size x Industry x Year v v v v
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Table 5 Effect of Mobile Penetration on Wages Across the Wage Distribution

This table presents difference-in-differences estimates examining the effect of standardized mobile penetration
on wage inequality and wages across the wage distribution following the introduction of Pix in November
2020. The dependent variable in Column (1) is the Gini coefficient computed from the distribution of
individual worker wages within each municipality-year, multiplied by 100. Columns (2) and (3) use the log
of average wages for workers in the bottom and top 50% of that within-municipality-year wage distribution.
Panel A presents baseline estimates. Panel B interacts the treatment with an indicator for tight low-skill
labor markets, defined as municipalities where the ratio of low-skill workers to total workers is below the
population-weighted median. Mobile Penetration x Post measures the average effect, and Mobile Penetration
x Post x Tight measures the differential effect in tight markets. All specifications include municipality fixed
effects, region-by-year fixed effects, and municipality characteristics interacted with year fixed effects. Panel
B additionally includes Tight-by-year fixed effects. Standard errors clustered at the municipality level are
reported in parentheses. Mobile penetration is standardized to unit variance and winsorized at the 1% level.
***p<0.01, **p<0.05, *p<0.1.

Panel A: Average Effect Across Wage Distribution

(1) (2) (3)

Gini Bottom 50% Top 50%
Mobile Penetration x Post -0.270** 0.006** -0.002
(0.085) (0.002) (0.004)
Observations 23,331 23,331 23,331
Municipality v v v
Region x Year v v v
Controls x Year v v v

Panel B: Heterogeneous Effects by Low-Skill Labor Market Scarcity

(1) (2) (3)

Gini Bottom 50% Top 50%
Mobile Penetration x Post -0.142 0.005%** 0.001
(0.089) (0.002) (0.004)
Mobile Penetration x Post x Tight -0.323*** 0.003 -0.007
(0.122) (0.002) (0.005)
Observations 23,331 23,331 23,331
Municipality v Ve v
Region x Year v v v
Controls x Year v v v
Tight x Time v v v
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Table 6 Effect of Mobile Penetration on Average Wages in Small Establishments: Robustness
to COVID-19

This table presents triple difference-in-differences estimates examining the differential effect of standardized
mobile penetration on average wages in small establishments relative to large establishments following the
introduction of Pix in November 2020, with additional robustness controls for the effect of COVID-19. The
dependent variable is the logarithm of average monthly wages. The key coefficient of interest, Mobile Pene-
tration x Small x Post, measures how the effect of mobile penetration on wages varies with establishment
size after Pix introduction. Small establishments are defined as those with fewer than 20 employees. Column
(1) includes controls for government transfers per capita (Auxilio Emergencial) interacted with small and
post-period indicators. Column (2) controls for the federal Emergency Employment and Income Preservation
Program (BEm), measured as beneficiaries per capita and interacted with small and post-period indicators.
Column (3) includes controls for COVID-19 isolation policies using municipal-level isolation policy indica-
tors. Column (4) controls for COVID-19 severity by including cumulative COVID cases per capita at the
municipality level, interacted with small and post-period indicators. All specifications include municipality-
by-size-by-industry fixed effects, municipality-by-industry-by-year fixed effects, and size-by-industry-by-year
fixed effects. Standard errors clustered at the municipality level are reported in parentheses. Mobile pene-
tration is defined as the ratio of mobile devices with 3G or higher capability to total municipal population,
standardized to have unit variance and winsorized at the 1% level. ***p<0.01, **p<0.05, *p<0.1.

(1) (2) (3) (4)

Mobile Penetration x Small x Post 0.005*** 0.005*** 0.004*** 0.004*#*
(0.001) (0.002) (0.001) (0.001)
Transfers x Small x Post 0.004***
(0.001)
BEm per capita x Small x Post 0.008
(0.019)
Isolation x Small x Post -0.008
(0.009)
COVID cases per capita x Small x Post -0.001
(0.001)
Observations 1,529,548 1,529,548 1,529,548 1,529,548
Municipality x Size x Industry v v v v
Municipality x Industry x Year v v v v
Size x Industry x Year v v v v
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Table 7 Effect of Mobile Penetration on Active Jobs in Small Establishments

This table presents triple difference-in-differences estimates examining the differential effect of standardized
mobile penetration on the logarithm of the number of active jobs in small establishments relative to large
establishments following the introduction of Pix in November 2020. The dependent variable is the logarithm
of the number of active jobs. The key coefficient of interest, Mobile Penetration x Small x Post, measures how
the effect of mobile penetration on active jobs varies with establishment size after Pix introduction, estimated
separately for alternative definitions of small establishments. Small establishments are defined with varying
thresholds across columns: fewer than 5, 10, and 20 employees. All specifications include municipality-by-size-
by-industry fixed effects, municipality-by-industry-by-year fixed effects, and size-by-industry-by-year fixed
effects. Standard errors clustered at the municipality level are reported in parentheses. Mobile penetration is
defined as the ratio of mobile devices with 3G or higher capability to total municipal population, standardized
to have unit variance and winsorized at the 1% level. ***p<0.01, **p<0.05, *p<0.1.

(1) (2) (3)

N <5 N <10 N <20
Mobile Penetration x Small x Post 0.017*** 0.007 -0.005

(0.006) (0.006) (0.007)
Observations 122,199 122,199 122,199
Municipality x Size x Industry v v v
Municipality x Industry x Year v v v
Size x Industry x Year v v v
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Table 8 Effect of Mobile Penetration on Entry of Small Establishments by Industry

This table presents difference-in-differences estimates examining the effect of standardized mobile penetration
on the number of small firm entrants per 1,000 population following the introduction of Pix in November
2020, estimated separately for small retail firms and small manufacturing firms. Small firms are defined as
those with annual sales between USD 70,000 and USD 970,000. The dependent variable is the number of
firm entrants per 1,000 population. The key coefficient of interest, Mobile Penetration x Post, measures
how mobile penetration affects small firm entry after Pix introduction. Column (1) presents estimates
for small retail firms, while Column (2) presents estimates for small manufacturing firms. All specifications
include municipality fixed effects, region-by-year fixed effects, and municipality characteristics interacted with
year fixed effects. Standard errors clustered at the municipality level are reported in parentheses. Mobile
penetration is defined as the ratio of mobile devices with 3G or higher capability to total municipal population,
standardized to have unit variance and winsorized at the 1% level. ***p<0.01, **p<0.05, *p<0.1.

(1) (2)

Small Retail Small Manufacturing
Mobile Penetration x Post 0.004%** -0.001
(0.001) (0.001)
Observations 18,445 18,445
Municipality v v
Region x Year v v
Controls x Year v v
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Table 9 Effect of Mobile Penetration on Wages in Small Establishments by Industry Cash-
Intensity

This table presents triple difference-in-differences estimates examining the differential effect of standardized
mobile penetration on average wages in small establishments relative to large establishments across different
groups of industries following the introduction of Pix in November 2020. We define an industry-specific
measure of cash-intensity equal to the share of sales to households. Low-cash industries are in the bottom
tercile of the cash-intensity distribution, medium-cash are in the middle tercile, and high-cash are at the top
tercile. The dependent variable is the logarithm of average monthly wages. Small establishments are defined
as those with fewer than 20 employees. The key coefficient of interest, Mobile Penetration x Small x Post,
measures how the effect of mobile penetration on wages varies with establishment size after Pix introduction,
estimated separately for each group of industries. Column (1) presents the estimate for low-cash industries,
column (2) for medium-cash, and column (3) for high-cash. All specifications include municipality-by-size-
by-industry fixed effects, municipality-by-industry-by-year fixed effects, and size-by-industry-by-year fixed
effects. Standard errors clustered at the municipality level are reported in parentheses. Mobile penetration is
defined as the ratio of mobile devices with 3G or higher capability to total municipal population, standardized
to have unit variance and winsorized at the 1% level. ***p<0.01, **p<0.05, *p<0.1.

(1) (2) (3)

Low-Cash Medium-Cash High-Cash
Mobile Penetration x Small x Post 0.001 0.006** 0.008***
(0.003) (0.003) (0.002)
Observations 438,395 474,332 374,534
Municipality x Size x Industry v v v
Municipality x Industry x Year v v v
Size x Industry x Year v v v
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Table 10 Effect of Mobile Penetration on Average Wages in Small Establishments by Mu-
nicipal Homicide Rate

This table presents triple difference-in-differences estimates examining the differential effect of standardized
mobile penetration on average wages in small establishments relative to large establishments following the
introduction of Pix in November 2020, separately for municipalities with above-median and below-median
homicide rates. The dependent variable is the logarithm of average monthly wages. Small establishments are
defined as those with fewer than 20 employees. The key coefficient of interest, Mobile Penetration x Small
x Post, measures how the effect of mobile penetration on wages varies with establishment size after Pix
introduction. Panel A restricts the sample to municipalities with above-median homicide rates and Panel B
to municipalities with below-median homicide rates. Both panels examine robustness across alternative fixed
effects specifications. Standard errors clustered at the municipality level are reported in parentheses. Mobile
penetration is defined as the ratio of mobile devices with 3G or higher capability to total municipal population,
standardized to have unit variance and winsorized at the 1% level. ***p<0.01, **p<0.05, *p<0.1.

Panel A: Above-Median Homicide Rate

(1) (2) (3)

Mobile Penetration x Small x Post 0.005*** 0.005*** 0.006***
(0.002) (0.002) (0.002)
Observations 880,123 880,123 880,123

Municipality x Size x Industry
Municipality x Size x Year
Size x Year

Industry x Year

Municipality x Year

Size x Industry x Year

NN
> X X NN S
WX X X S

Panel B: Below-Median Homicide Rate

(1) (2) (3)

Mobile Penetration x Small x Post —0.002 —0.002 0.001
(0.002) (0.002) (0.002)
Observations 495,065 495,065 495,065

Municipality x Size x Industry
Municipality x Size x Year
Size x Year

Industry x Year

Municipality x Year

Size x Industry x Year

NN N R
X X X N NS
WX X X A
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Online Appendix



A Conceptual Framework

A1l Derivation of the labor supply elasticity

This appendix derives equation 2 under Cournot competition. Write the sector-wide employ-
ment as N = >7; nj,. From the nested logit structure, aggregate employment and the wage
index are linked by 1 — m, = W /(wfk + W) and N, = \(1 — 7). Inverting gives the
sector-level inverse supply curve

Nk‘ )1/6k

= (3,

Within the sector, workers allocate themselves across firms according to n; /Ny =
(wir /W)™ so the wage needed to attract n;; workers is

W N\ L/ N L0k /i \ Lk
() = w) (W)

Under Cournot, firm i takes N_g = 3, n . as given, so dN/dng = 1. Differentiating
In w;, with respect to Inmn; yields

Olnwy 1 ( 1 1 )nzk 1 Tk
O M

= — _——t —
(‘31nnik Nk Nk Qk )\k — Nk
MSih + OxT, (1 - Sﬁft)

MOk,

The structural labour supply elasticity €; is the reciprocal, hence

Mo O T,
kak(l — S;R]?t) + nksmt

Eik =
which is equation 2. ]

A2 Proportional hiring under symmetric elasticities

This appendix proves that under symmetric labor supply elasticities (n, = ng = n, 0, =
Oy = 6) and equal self-employment shares (7, = 7y = 7), every firm in the sector hires low-
and high-skill labor in the same ratio: p; = n;g/n;r, = p for all 4.

Step 1: First-order conditions imply a level-curve restriction. From equation 4
and the marginal revenue productivity of each labor type, the ratio of first-order conditions

for L and H at firm ¢ gives
Wip i L o

WiH NiH i 1 —a




wit

Multiplying numerator and denominator by appropriate sums and recognizing s@° =

Wik Nik/ 25 WikMNjk,
wit

SiL Hir
~ = T. 9
st HiH ©)

where I' is a sector-level constant independent of i.

Step 2: Markdowns are a common function of the payroll share. Under n;, = ngy
and 0, = 0y and 7, = 7y = 7, the markdown formula 4 together with 2 implies

O+ O (1 — ST + syt

Hik = m<8$t) = om

The same function m(-) governs p;;, and p;y. Substituting into 9,

Swit Swit
iL . —T. zH.
m(siz') m(si)

+

The function g(s) = s/m(s) = s+ W s is strictly increasing on [0, 1]. Hence every

firm lies on the same level curve in (s, s%) space, parameterized by T.

Step 3: Adding-up forces I' = 1. Suppose for contradiction I' > 1. Since g is strictly

increasing, the level-curve relation forces s¥* > s¥ for every firm i. Summing,

M M

wit wit
DS > D s
i—1 i=1

But both sums equal one, a contradiction. Symmetrically, I' < 1 leads to 3, sIit < 3, sMit,
wit wit

also a contradiction. Hence I' = 1 and, by strict monotonicity of g, s} = s}j; for every firm
..

Step 4: Equal payroll shares imply equal employment ratios. From payroll shares,
we have:

Wy, _ Uiq

Wl Wy
Combined with the constancy of w;y/w;; across firms, this implies n;g/n;, = p is firm-
invariant. L

A3 Cournot fixed point on payroll shares under symmetry

When the preference parameters are symmetric across skills and the self-employment shares
equalize, the equilibrium forces every firm to hire the two skill types in the same proportion
p. As a result, the payroll share s{"* and the markdown j; are common across skill groups

within a firm. Using the fact that MRPL;; is proportional to (1 — 7;) z; (up to a factor that



is identical for both skills), we obtain

wit (’uizi)n & e = nom
A o)

TaeT o)

Note that the term (1 — 7;) is common to all firms after the shock and cancels out of the
relative shares in equilibrium, so it does not appear explicitly in the share equation. This
system jointly determines the distribution of payroll shares and markdowns, and it must be
solved numerically together with the aggregate conditions for 7 and W.

A4 Capital input with capital-skill complementarity

The baseline model abstracts from capital. The digital-payments interpretation of the pro-
ductivity shock, however, naturally introduces a capital-like input: firms that adopt instant
payment infrastructure acquire digital equipment whose complementarity with skill is itself
an empirical question. This appendix extends the baseline to a CES production structure
with a third input K; that has flexible complementarity with high-skill labor (Krusell et al.,
2000).

Production technology. Firm i produces with the nested CES
~ _ p or— or1° or—1
v = Az Qi Qi = [ani(ng Ve (1 —a) Gl L} Wit (11)

-1 /o orw—1)/cr17 og—1
G’i — {BKZ(UK 1)/ok + (1_/8)”2(1—{1( 1)/ Ki| K/(0Kx—1)

(12)
where K; is firm-level capital (treated as exogenous), and o, > 0 and ox > 0 are the
elasticities of substitution at the outer and inner CES nests, respectively. The empirical
literature finds o, above one (substitutes) and o below one (complements), so capital tends
to complement high-skill labor more strongly than it complements low-skill labor.

Marginal revenue products are as follows:

MRPL;, = Aza(Q; /niL)l/ o

)

1/or, ( )I/UK

The wage equation 4 continues to apply with the same markdowns.

Instant-payments now reduce transaction costs, increase the value of self-employment, and
expand capital. The first two channels operate exactly as in the baseline. The transaction-
cost shock activates the competition channel and the self-employment shock activates the
elasticity channel, both benefiting mainly low-skill workers. The capital shock pushes in the
opposite direction when capital and high-skill labor are complements: by raising MRPL;y
disproportionately, it widens the skill premium.

The strength of the capital channel depends on ox. For low og, capital is strongly
complementary to high-skill labor and then, a capital expansion pushes the skill premium
up, partly offsetting the inequality compression delivered by the other two channels. For

4



ox > 1, the capital shock raises the low-skill marginal product more than the high-skill
marginal product, reinforcing inequality compression.
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Figure A.1 Effect of Lowering Transaction Cost on Wage Inequality

This figure displays the percentage change in inequality resulting from reducing transaction costs to zero,
using the Gini coeflicient as our inequality measure.
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Figure A.2 Effect of Lowering Transaction Cost on Wage Inequality: Decomposition

This figure displays the percentage change in inequality resulting from reducing transaction costs to zero,
using the Gini coefficient as our inequality measure. The navy line corresponds to a scenario where only
self-employment experiences a decline in transaction costs. The red line corresponds to a scenario in which
only firms benefit from lower transaction costs.
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Panel B. Markdown

Figure A.3 Effect of lowering transaction costs on HHI and payroll-weighted-average mark-
down for low-skill

This figure presents the response of the Herfindahl-Hirschman Index (HHI) and payroll-weighted-average
markdown for low-skill workers.
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Figure A.4 Effect of Lowering Transaction Cost on Total Employees

This figure displays the percentage change in total employees resulting from reducing transaction costs to

Zero.
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Figure A.5 Effect of Lowering Transaction Cost on Wage Inequality

This figure displays the percentage change in inequality resulting from reducing transaction costs to zero,

using the Gini coeflicient as our inequality measure.
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A5 Quantitative Framework
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Figure A.6 Change in Average Wage by Firm Size after Pix Implementation

This figure shows the percentage change in average wages following Pix, comparing small firms directly
affected by the transaction cost reduction (left bar) and large firms affected indirectly through increased labor
market competition (right bar). Wage change is defined as a percentage relative to the baseline equilibrium

with transaction costs.
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Figure A.7 Average Wage and Number of Firms across Cities

This figure shows the relationship between the log of number of firms in a city (horizontal axis) and the city’s

average wage in logs (vertical axis) in the baseline model, prior to the implementation of Pix.
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Figure A.8 Change in Average Wage by Skill Group after Pix Implementation
This figure shows the percentage change in average wages following Pix for the four skill groups (1: primary

education, 2: secondary education, 3: some college, 4: college graduates). Wage change is defined as a

percentage with respect to the baseline equilibrium with transaction costs.
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Table A.1 Pre-Determined Model Parameters

Parameter Description Value

C Number of cities 100

S Number of skill groups 4

K Number of sectors 3

a. and x,,  Num. cities: shape (1.24) and min. (695) Share of firms in 10% bigger cities
H, Skill group masses [8.3%, 16.3%, 61.8%, 13.6%]

Ve Sector shares [19%, 14%, 67%]

n and 0 Within and between-city LS elasticity 7 and 0.5 (Berger et al., 2022)

« Labor share 0.7

T Transaction costs 5%
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Table A.2 Calibrated Parameters

Parameter Description and Value Target
Aks Sector-skill productivity parameters Skill-specific labor share of:
k=1 [—0.45, —0.63, 0.33, 0.75] — Sector 1
k=2 [—1.125, —1.425, 1.02, 1.53] — Sector 2
k=3 [—2.9, —2.1, 2.3, 2.7] — Sector 3
Qg Pareto shape by sector [1.1, 1.3, 1.6] Sector-specific labor share
A Skill productivity [1, 1.37, 0.208, 0.054] Skill-specific average wage

15



Table A.3 Model Fit of the Brazilian Labor Market

Moment Data Model
I. College Graduate Labor Share by Sector
Manufacturing 15.5 14.5
Wholesale 22.2 22.0
Retail 10.1 10.1
II. Sectoral Labor Share
Manufacturing 43.9 43.0
Wholesale 11.3 13.7
Retail 44.8 43.4
ITI. Skill-Specific Average Wages, relative to s = 1
Skill Group 2 (Secondary) 1.00 0.99
Skill Group 3 (Some College) 1.12 1.12
Skill Group 4 (College Graduates) 2.99 3.01
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B Additional Figures and Tables
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Figure B.1 Average Merchant Discount Rates (MDRs) by Bins of Card Transactions per
Firm

This figure shows binned scatter plots of the number of quarterly card transactions per firm and merchant

discount rates (MDRs). We use quarterly data from the Central Bank of Brazil, controlling for sector and

quarter fixed effects. The sample runs from the first quarter of 2022 through the third quarter of 2025.
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Panel A. Quantity of Transactions
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Panel B. Value of Transactions

Figure B.2 Evolution of Payment Methods

This figure shows the evolution of different payment methods in Brazil from 2019 to 2024. Panel A plots the
quarterly volume of transactions in billions across different payment methods. Panel B displays the quarterly
value of transactions in Brazilian Reais (BRL) trillions. The vertical dashed line indicates the introduction
of Pix in November 2020. Data are from the Central Bank of Brazil.
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Panel A. Share of transaction types
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Panel B. Quantity of transactions (in billions)
Figure B.3 Evolution of different types of Pix transactions
This figure displays the evolution of Pix transactions between accounts linked to individuals (person-

to-person), transactions from accounts linked to individuals to accounts linked to businesses (person-to-
merchant), and others. The data are sourced from the Central Bank of Brazil.
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Figure B.4 Evolution of Cash Withdrawals
This figure shows the evolution of cash withdrawals in Brazil from 2019 to 2024. Data from the Central Bank

of Brazil. The dashed line indicates the introduction of Pix. The data are sourced from the Central Bank of

Brazil.
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Figure B.5 Balance of Covariates

This figure shows coefficient estimates and 95% (darker bars) and 99% (lighter bars) confidence intervals of
one standard deviation higher mobile penetration for different variables. All variables are normalized to have
a mean of zero and a standard deviation of one. “Unconditional” refers to comparing differently treated cities
without conditioning on any fixed effects. “Conditional” indicates that cities are within the same region, size
decile measured by GDP per capita, agriculture share decile measured by the share of GDP in the agriculture
sector, and share of young individuals decile, measured by individuals between 20 and 50 years old. Skill

premium refers to the difference between wages of college and non-college educated workers.
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Figure B.6 Skill Composition by Industry and Firm Size

This figure plots the share of low-skill payroll as a percentage of total payroll for small and large establishments
in the retail and manufacturing industries. Small firms are defined as having fewer than 20 employees. The
data are from RAIS employer-employee matched data for 2019. The bars display results separately for the

retail (blue) and manufacturing (maroon) sectors across various firm size categories.
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Figure B.7 Effect of Mobile Penetration on Firm Entry by Industry and Size

This figure presents the estimated yearly coefficients from municipality-level difference-in-differences regres-
sions examining the effect of standardized mobile penetration on the number of firm entrants per 1,000
population around the introduction of Pix in November 2020, estimated separately for small retail and small
manufacturing firms. Small firms are defined as those with annual sales between USD 70,000 and USD
970,000. The regression specification includes municipality fixed effects, time fixed effects, and municipal-
ity characteristics interacted with time fixed effects. Municipality characteristics include state membership,
deciles of GDP per capita, percentage of young population, and percentage of value added in agriculture.
The dashed lines represent 95% confidence intervals constructed using robust standard errors clustered at
the municipality level. A vertical dashed line marks the introduction of Pix in 2020. Mobile penetration is
defined as the ratio of mobile devices with 3G or higher capability to total municipal population, standardized

to have unit variance and winsorized at the 1% level.
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Figure B.8 Effect of Mobile Penetration on Micro-entrepreneur Entry

This figure presents the estimated yearly coeflicients from municipality-level difference-in-differences regres-
sions examining the effect of standardized mobile penetration on the entry of individual micro-entrepreneurs
(MEI) around the introduction of Pix in November 2020. The dependent variable is the annual municipal tax
revenue from the Tax on the Circulation of Goods and Services (Imposto sobre Circulacio de Mercadorias e
Servigos, ICMS) per 1,000 population paid by MEI firms. The ICMS fee for MEIs is a fixed amount of one
Brazilian real (BRL 1.00), predominantly paid by retailers. The regression specification includes municipality
fixed effects, region-by-year fixed effects, and municipality characteristics interacted with year fixed effects.
Municipality characteristics include deciles of GDP per capita, percentage of young population, and percent-
age of value added in agriculture. The dashed lines represent 95% confidence intervals constructed using
robust standard errors clustered at the municipality level. A vertical dashed line marks the introduction of
Pix in 2020. Mobile penetration is defined as the ratio of mobile devices with 3G or higher capability to total

municipal population, standardized to have unit variance and winsorized at the 1% level.
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Figure B.9 The Effect of Mobile Penetration on Business Loans

This figure presents the estimated yearly coeflicients from municipality-level difference-in-differences regres-
sions examining the effect of standardized mobile penetration on business loans per capita around the intro-
duction of Pix in November 2020. The dependent variable is business loans, defined as all formal lending
to business entities at the municipality level. The regression specification includes municipality fixed effects,
region-by-year fixed effects, and municipality characteristics interacted with year fixed effects. Municipality
characteristics include deciles of GDP per capita, percentage of young population, and percentage of value
added in agriculture. The dashed lines represent 95% confidence intervals constructed using robust standard
errors clustered at the municipality level. A vertical dashed line marks the introduction of Pix in 2020.
Mobile penetration is defined as the ratio of mobile devices with 3G or higher capability to total municipal

population, standardized to have unit variance and winsorized at the 1% level.
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Figure B.10 Effect of Mobile Penetration on Informality

This figure presents the estimated yearly coefficients from state-level difference-in-differences regressions ex-
amining the effect of standardized mobile penetration on the share of informal workers around the introduction
of Pix in November 2020. The dependent variable is the share of informal workers among those earning above
BRL 12,000 annually, constructed from the Brazilian National Household Sample Survey (PNAD Continua).
The regression specification includes state fixed effects, and state characteristics interacted with time fixed
effects. Dashed lines represent 95% confidence intervals from standard errors clustered at the state level.
A vertical dashed line marks the introduction of Pix in 2020. Mobile penetration is defined as the ratio
of mobile devices with 3G or higher capability to total population, standardized to have unit variance and

winsorized at the 1% level.
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Table B.1 Share of Pix Transactions and GDP by Industry (%)

This table presents the participation of selected industries in the total quantity and value of Pix transactions
from 2021 to 2023. The GDP figures correspond to the year 2019. The Pix data come from the Central Bank
of Brazil and the GDP data come from the Brazilian Institute of Geography and Statistics (IBGE).

Quantity Value GDP

Retail 32.8 37.1 10.1
Services (excluding financial, health, education, food) 31.6 14.7 8.4
Financial services 10.9 10.6 5.4
Accommodation and Food Services 7.3 1.8 2.6
Information 6.7 3.1 3.3
Manufacturing 3.1 16.0 27.7
Arts, Entertainment, and Recreation 1.6 0.4 0.4
Education 1.1 1.0 4.1
Health 0.9 1.9 4.2
Other 4.1 13.3  33.8
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Table B.2 Effect of Mobile Penetration on Pix Transactions (%)

This table presents regression estimates of the impact of mobile penetration on Pix adoption following its
introduction in late 2020. The dependent variables are the number of Pix transactions per capita (Column
(1)) and the value of Pix transactions per capita (Column (2)). The interaction term Mobile penetration x
Post captures the differential effect of mobile penetration on Pix adoption after its introduction, representing
the average quarterly effect across the post-period. The specification includes municipality fixed effects,
region-by-year fixed effects, and municipality characteristics interacted with year fixed effects. Standard
errors clustered at the municipality level are reported in parentheses. Mobile penetration is defined as the
ratio of mobile devices with 3G or higher capability to total municipal population, standardized to have unit
variance and winsorized at the 1% level. ***p<0.01, **p<0.05, *p<0.1.

(1) (2)

Number of Transactions per Capita Value of Transactions per Capita

Mobile penetration x Post 5.779*** 2,072.738%**
(0.638) (265.207)
Observations 72,371 72,371
Region x Year v v
Controls x Year v v
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Table B.3 Effect of Mobile Penetration on Wages in Small Establishments: Excluding
Owners

This table replicates Panel A of Table 2 after excluding CEOs as a proxy for establishment owners. The
dependent variable is the logarithm of average monthly wages. Small establishments are defined as those
with fewer than 20 employees. The key coefficient of interest, Mobile Penetration x Small x Post, measures
how the effect of mobile penetration on wages varies with establishment size after Pix introduction. Columns
vary the fixed effects specification following Table 2. Standard errors clustered at the municipality level
are reported in parentheses. Mobile penetration is defined as the ratio of mobile devices with 3G or higher
capability to total municipal population, standardized to have unit variance and winsorized at the 1% level.
***p<0.01, **p<0.05, *p<0.1.

(1) (2) (3)

Mobile Penetration x Small x Post 0.003** 0.003** 0.005***
(0.001) (0.001) (0.001)
Observations 1,529,548 1,529,548 1,529,548

Municipality x Size x Industry
Municipality x Industry x Year
Size x Year

Industry x Year

Municipality x Year

Size x Industry x Year

EIENENENE N
*xX X X N NS
WX X X AN
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Table B.4 Effect of Mobile Penetration on Wages in Small Establishments: Excluding 2020

This table replicates Panel A of Table 2 after dropping the year 2020 from the sample. The pre-period
covers 2016-2019 and the post-period covers 2021-2024. The dependent variable is the logarithm of average
monthly wages. Small establishments are defined as those with fewer than 20 employees. The key coefficient
of interest, Mobile Penetration x Small x Post, measures how the effect of mobile penetration on wages varies
with establishment size after Pix introduction. Columns vary the fixed effects specification following Table 2.
Standard errors clustered at the municipality level are reported in parentheses. Mobile penetration is defined
as the ratio of mobile devices with 3G or higher capability to total municipal population, standardized to
have unit variance and winsorized at the 1% level. ***p<0.01, **p<0.05, *p<0.1.

(1) (2) 3)

Mobile Penetration x Small x Post 0.003* 0.003** 0.005***
(0.001) (0.001) (0.002)
Observations 1,379,830 1,379,830 1,379,830

Municipality x Size x Industry
Municipality x Industry x Year
Size x Year

Industry x Year

Municipality x Year

Size x Industry x Year

S ENENENENEN
X X X NS
Ux X X <«
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Table B.5 Effect of Mobile Penetration on Wages in Physical Services and Delivery-Capable
Services

This table presents triple difference-in-differences estimates examining the differential effect of standardized
mobile penetration on average wages in small establishments relative to large establishments following the
introduction of Pix in November 2020, estimated separately for physical services and delivery-capable services.
The dependent variable is the logarithm of average monthly wages. Small establishments are defined as those
with fewer than 20 employees. Delivery-capable services include restaurants. Physical services include repair
of vehicles, sport activities, repair of computers, and personal services. Column 1 restricts the sample to
physical services, and Column 2 to delivery-capable services. All specifications include municipality-by-size-
by-industry, municipality-by-industry-by-year, and size-by-industry-by-year fixed effects. Standard errors
clustered at the municipality level are reported in parentheses. Mobile penetration is defined as the ratio of
mobile devices with 3G or higher capability to total municipal population, standardized to have unit variance
and winsorized at the 1% level. ***p<0.01, **p<0.05, *p<0.1.

(1) (2)

Physical Services Delivery Capable
Mobile Penetration x Small x Post 0.019*** 0.002
(0.005) (0.004)
Observations 133,506 64,406
Municipality x Size x Industry v v
Municipality x Industry x Year v v
Size x Industry x Year v v

31



Table B.6 Effect of Mobile Penetration on Micro-entrepreneur Entry

This table presents difference-in-differences estimates examining the effect of standardized mobile penetration
on the entry of individual micro-entrepreneurs (MEI) following the introduction of Pix in November 2020.
The dependent variable is the annual municipal tax revenue from the Tax on the Circulation of Goods and
Services (Imposto sobre Circulagio de Mercadorias e Servigos, ICMS) per 1,000 population paid by MEI
firms. The ICMS fee for MEIs is a fixed amount of one Brazilian real (BRL 1.00), predominantly paid by
retailers. The key coefficient of interest, Mobile Penetration x Post, measures how mobile penetration affects
MEI entry after Pix introduction. The specification includes municipality fixed effects, region-by-year fixed
effects, municipality characteristics interacted with year fixed effects, and pre-Pix MEI levels interacted with
year fixed effects. Standard errors clustered at the municipality level are reported in parentheses. Mobile
penetration is defined as the ratio of mobile devices with 3G or higher capability to total municipal population,

standardized to have unit variance and winsorized at the 1% level. **p<0.05, *p<0.1.

(1)

Mobile penetration x Post 1.417%*
(0.571)
Observations 23,562
Municipality v
Region x Year v
Controls x Year v
Pre-MEI x Year v
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Table B.7 Effect of Mobile Penetration on Average Wages of Small Establishments by
Industry Tradability

This table presents triple difference-in-differences estimates examining the differential effect of standardized
mobile penetration on average wages in small establishments relative to large establishments across different
groups of industries following the introduction of Pix in November 2020. We define an industry-specific mea-
sure of tradability equal to the geographical concentration of wage-bill defined by the Herfindahl Hirschman
Index (HHI). We exclude low-cash sectors and classify industries as non-tradable if they are in the bottom half
of the HHI distribution, and as tradable if they are in the top half. The dependent variable is the logarithm
of average monthly wages. Small establishments are defined as those with fewer than 20 employees. The key
coefficient of interest, Mobile Penetration x Small x Post, measures how the effect of mobile penetration on
wages varies with establishment size after Pix introduction, estimated separately for each group of industries.
Column (1) presents the estimate for non-tradable industries and column (2) for tradable industries. All
specifications include municipality-by-size-by-industry fixed effects, municipality-by-industry-by-year fixed
effects, and size-by-industry-by-year fixed effects. Standard errors clustered at the municipality level are
reported in parentheses. Mobile penetration is defined as the ratio of mobile devices with 3G or higher
capability to total municipal population, standardized to have unit variance and winsorized at the 1% level.
***p<0.01, **p<0.05, *p<0.1.

(1) (2)

Non-Tradable Tradable

Mobile Penetration x Small x Post 0.007*** 0.007**

(0.002) (0.003)

Observations 436,015 412,851
Municipality x Size x Industry v v
Municipality x Industry x Year v v
Size x Industry x Year v v
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Table B.8 Effect of Mobile Penetration on Average Wages in Small Establishments by
Municipal Informal Taxpayer Rate

This table presents triple difference-in-differences estimates examining the differential effect of standardized
mobile penetration on average wages in small establishments relative to large establishments following the
introduction of Pix in November 2020, separately for municipalities with above-median and below-median
informal taxpayer rates. The dependent variable is the logarithm of average monthly wages. Small establish-
ments are defined as those with fewer than 20 employees. Column 1 restricts the sample to municipalities
with above-median informal taxpayer rates, and Column 2 to municipalities with below-median informal
taxpayer rates. All specifications include municipality-by-size-by-industry, municipality-by-size-by-year, and
size-by-industry-by-year fixed effects. Standard errors clustered at the municipality level are reported in
parentheses. Mobile penetration is defined as the ratio of mobile devices with 3G or higher capability to
total municipal population, standardized to have unit variance and winsorized at the 1% level. ***p<0.01,
**p<0.05, *p<0.1.

(1) (2)

Above-Median informality Below-Median informality
Mobile Penetration x Small x Post 0.005** 0.005**
(0.002) (0.002)
Observations 626,518 747,103
Municipality x Size x Industry v v
Municipality x Size x Year v v
Size x Industry x Year v v
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Table B.9 Effect of Mobile Penetration on Workforce Composition in Small Establishments

This table presents triple difference-in-differences estimates examining the differential effect of standardized
mobile penetration on workforce composition in small establishments relative to large establishments following
the introduction of Pix in November 2020. Each column reports the coefficient on Mobile Penetration x Small
x Post for a different dependent variable. Female, High Skill, and Age > 40 are indicators equal to one if
the worker is female, has at least a college degree, or is 40 years or older, respectively. Log of Tenure is the
logarithm of months employed at the current establishment. Age is measured in years. Small establishments
are defined as those with fewer than 20 employees. All specifications include municipality-by-size-by-industry,
municipality-by-industry-by-year, and size-by-industry-by-year fixed effects. Standard errors clustered at the
municipality level are reported in parentheses. Mobile penetration is defined as the ratio of mobile devices
with 3G or higher capability to total municipal population, standardized to have unit variance and winsorized
at the 1% level. ***p<0.01, **p<0.05, *p<0.1.

(1) (2) (3) (4) (5)
Female  High Skill Log Tenure Age Age > 40

Mobile Penetration x Small x Post 0.001 0.001 —0.001 0.022 —0.000
(0.001) (0.001) (0.005) (0.021) (0.001)
Observations 1,299,277 1,299,277 1,299,250 1,299,277 1,299,277
Municipality x Size x Industry v v v v v
Municipality x Industry x Year v v v v v
Size x Industry x Year v v v v v
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Table B.10 Differences Between Formal and Informal Workers

This table examines differences in observable characteristics between formal and informal workers using
individual-level microdata from the 2010 Brazilian Census. The dependent variable is an indicator equal to
one if the worker is informally employed. Each column reports the coefficient from a separate regression of
informal employment status on a single worker characteristic. Female is an indicator for female workers. High
Skill is an indicator for workers with at least a college degree. Age is measured in years. The sample includes
all individuals who report being actively employed at the time of the census. All specifications include
municipality fixed effects. Standard errors are reported in parentheses. ***p<0.01, **p<0.05, *p<0.1.

(1) (2) (3)

Informal Worker Indicator

Female 0.018***

(0.0004)
High Skill —0.208***

(0.0004)
Age (years) 0.001***
(0.00002)

Observations 8,382,159 8,382,159 8,382,094
Municipality v v v
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