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Abstract

The most common forms of government-mandated job displacement insurance are Severance Pay (SP;
lump-sum payments at layoff) and Unemployment Insurance (UI; periodic payments contingent on non-
employment). While there is a vast literature on UI, SP programs have received much less attention, even
though they are prevalent across countries and more common than UI schemes in developing countries. In
particular, little is known about the insurance value they provide to displaced workers, which relies criti-
cally on workers’ ability to dissave their lump-sum amount optimally after layoff. This paper contributes
to filling this gap. We follow a standard approach in the UI literature that evaluates workers’ need for
insurance and the insurance value of various policies by studying workers’ ability to smooth consumption
after layoff. We take advantage of a rare combination of high-frequency expenditure data and matched
employee-employer data for more than 400,000 workers over five years in the state of São Paulo, Brazil.
This is a rich empirical setting in which displaced workers are eligible for both UI and SP, with variation
in benefits across workers that we can exploit. We find that workers increase consumption at layoff by 35%
despite experiencing a long-term consumption loss of 17% when they stop receiving any benefits. We refer
to “consumption” because these patterns are robust across expenditure categories, and are not driven by
durable goods. The long-term loss is comparable to estimates from other papers that study UI programs,
despite the higher labor market informality in our setting. In contrast, the increase in consumption at layoff
is unique to this paper and the presence of SP. It is larger for workers eligible for higher SP amounts, it is ro-
bust across worker groups and realized non-formal-employment durations, but it is not found for workers
ineligible for any benefits who experience a sharp and persistent drop in consumption at layoff. Using ad-
ministrative data on UI payments, we also find that workers spend 20% more in the week they receive their
monthly UI paycheck. In addition, they fail to smooth consumption in anticipation of the (expected) drop
in income at UI exhaustion, which is associated with a 10% drop in consumption. These results highlight
the importance of the difference between SP and UI in their “disbursement” policy – beyond their different
“contingency” policy – when consumption is highly sensitive to the timing of benefit payment, and shed
new light on the need for job displacement insurance in a context of high informality.
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Governments around the world provide various forms of job displacement insurance to financially sup-
port laid-off workers. Figure 1 shows that the most common government-mandated policies are Severance
Pay (SP) – lump-sum payments at layoff – and Unemployment Insurance (UI) – periodic payments con-
tingent on non-employment (based on data from 132 countries).1 Both programs are quite prevalent and
often coexist, but while UI programs are mostly found in richer countries, SP programs exist across levels
of development and are thus relatively more common in developing countries (Holzmann et al. , 2012).

The economic argument for the existence or co-existence of these two types of programs in the design
of job displacement insurance dates back to Baily (1978), and mostly focuses on the contingency difference
between the schemes. The usual incentive-insurance trade-off is between the welfare loss from distorting
incentives to find a new job (incentive effect) and the welfare gain from insuring workers against the risk of
displacement and the risk of remaining non-employed (insurance value). UI is arguably better at targeting
as it can provide insurance against both risks; however, it may reduce job-search incentives through both a
substitution effect and an income effect. SP can be better for incentives as it only affects job-search through
an income effect, but it can only insure against the risk of displacement as it does not distinguish between
workers who are immediately re-employed and those who remain non-employed for a longer period.

While there is a vast literature on UI schemes, SP programs have received less attention. There is evi-
dence that SP programs delay reemployment to a lesser extent than UI programs (Card et al. , 2007), but we
know little about their insurance value. Moreover, besides their different contingency policy, SP and UI also
differ regarding when benefits are paid to workers. In particular, the insurance value of SP relies critically
on workers’ ability to dis-save their lump-sum amount optimally after layoff. Despite a growing body of
evidence of excess sensitivity to cash on hand from other contexts (e.g., Shapiro 2005, Olafsson & Pagel 2016,
Kueng 2018), the role of disbursement policies in affecting the insurance value of job displacement insurance
schemes has been largely overlooked. At the same time, it is not clear that one should observe the same
excess sensitivity in this context as the lump-sum is triggered by a negative shock (i.e., a layoff).

This paper investigates the insurance value of UI and SP programs following a common approach in
the UI literature that evaluates the need for insurance and the insurance value of various policies by study-
ing workers’ ability to smooth consumption after layoff (e.g., Gruber, 1997; Hendren, 2017; Kolsrud et al. ,
2018). We take advantage of a rare combination of high-frequency expenditure data and matched employee-
employer data for more than 400,000 workers from 2010 to 2014 in the state of São Paulo, Brazil. This dataset
allows us to track a wide range of expenditure categories before and after layoff in a context where displaced
workers are eligible for both UI and SP, with variation in benefits across workers that we can exploit.

In addition, our analysis provides evidence on the need for job displacement insurance in a developing
country context, where a large share of workers is employed informally. Job displacement insurance can
only cover formal workers (i.e., who are reported to the government) and payout schemes can only be made
contingent on non-formal-employment. We know little about the need for and the insurance value of job dis-
placement insurance programs in that context. Traditional means of self-insurance (e.g., formal credit) may
be more limited (Chetty & Looney, 2007), but the need for insurance may be smaller if formal employment
is not the usual state of the world or if informal jobs are easy to find and close substitutes for formal jobs.

Our main finding is that workers increase their consumption upon layoff by about 35% despite expe-
riencing a long-term consumption loss of about 17% when they stop receiving any benefits. We refer to

1This paper will focus on the benefit payout schemes – lump-sum vs. state-contingent. Job displacement insurance programs also
differ in their financing schemes – insurance-based vs. savings-based (Parsons, 2016). According to this typology, SP and UI programs are
typically insurance-based. Severance Savings Accounts (SSA) – forced savings accounts that workers can withdraw from at separation
– are common in Latin American countries. Unemployment Insurance Savings accounts (UISA) – forced savings accounts from which
workers can withdraw a fixed amount periodically, contingent on non-employment – are often discussed but remain rare in practice.
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FIGURE 1: JOB DISPLACEMENT INSURANCE (GOVERNMENT-MANDATED) AROUND THE WORLD

(a) Western Europe, USA, CAN, AUS, NZ (26 countries)
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(b) Africa, Asia, Rest of Americas (106 countries)

Unemployment Insurance (UI)

Severance Pay (SP)

Severance Savings Account (SSA)
Unemployment Insurance
Savings Account (UISA)

0
.1

.2
.3

.4
.5

.6
.7

.8
.9

1
Sh

ar
e 

of
 C

ou
nt

rie
s

1910 1930 1950 1970 1990 2010

The figure displays the share of countries with government-mandated job displacement insurance programs by decade. We collected
data for 132 countries in two regions of the world: Western Europe, USA, Canada, Australia, and New Zealand (panel a), and Africa,
Asia and the rest of the Americas (panel b). The programs are categorized based on their benefit payout schemes – lump-sum vs. state-
contingent – and financing schemes – insurance-based vs. savings-based (Parsons, 2016, see footnote 1), such that we display separate
graphs for Unemployment Insurance (UI; state-contingent, insurance), Severance Pay (SP; lump-sum, insurance), Unemployment
Insurance Savings Account (UISA; state-contingent, forced savings), Severance Savings Account (SSA; lump-sum, forced savings).

consumption because all these patterns are robust across expenditure categories; in particular, they are not
driven by durable goods. The long-term loss is comparable to estimates from other papers that study UI
programs despite the higher labor market informality in our setting. In contrast, the increase in consump-
tion at layoff is unique to this paper and the presence of SP: it is larger for workers eligible for higher SP
amounts, it is robust across worker groups and realized non-formal-employment durations, but it is not
found for workers ineligible for any benefits (they experience a sharp and persistent drop in consumption
at layoff). We also exploit other sources of variation in the data to investigate instances of consumption sen-
sitivity to cash-on-hand. Using administrative data on UI payments, we also find that workers spend about
20% more in the week they receive their monthly UI paycheck and fail to smooth consumption in anticipa-
tion of the (expected) drop in income at UI exhaustion, which is associated with a 10% drop in consumption.
Furthermore, workers who are eligible for one additional month of UI consume significantly more only in
the period during which they draw the additional UI payment.

These results highlight the importance of the difference in disbursement policy between SP and UI, be-
yond their different contingency policy. The insurance value of SP may be lower than that of UI, not only
because SP programs do not offer insurance against the risk of remaining non-(formally-)employed, but
also because workers’ consumption is over-sensitive to the timing of transfers. In that context, the periodic
nature of UI payments could have an important role in helping displaced workers smooth consumption.
To make this point more concretely, we show that simple models with excessive impatience or savings
constraints can rationalize both the consumption patterns and the reemployment patterns in our data (the
latter are similar to those in Gerard & Gonzaga, 2016). We then use the models to simulate alternative policy
designs and illustrate the role of disbursement policies for the incentive-insurance tradeoff.2

We begin by setting the stage for our empirical analysis. First, we lay out a standard dynamic model of
job-search and consumption (Chetty, 2008) in order to highlight the incentive-insurance tradeoffs with job

2This part of the paper is still in progress; the latest version of the paper can be found here (by clicking on the hyperlink).
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displacement insurance programs and to motivate the approach that we follow in the empirical analysis.3

Second, we describe our empirical setting. The state of São Paulo is the largest of the 27 Brazilian states in
terms of population (42 million inhabitants) and economic activity (34% of Brazilian GDP). It is a relatively
rich and urban state, but its informal sector remains important, accounting for about 35% of private-sector
employment. In Brazil, displaced formal workers are eligible for up to 5 months of UI after a 30-day waiting
period. Employers are also required to pay a SP and workers are allowed to withdraw from a forced Sever-
ance Savings Account (SSA), which becomes liquid at layoff. As we focus on the benefit payout schemes – i.e.,
lump-sum vs. state-contingent – of job displacement insurance programs, we refer to both of these lump-
sum programs under the term “SP” in the paper. For most displaced workers, the total SP amount exceeds
the total UI benefit amount. Finally, workers laid off for cause are not eligible for any of these benefits.

Third, we present our data. The novelty of this paper in that respect comes from the expenditure data.
In 2007, the state of São Paulo introduced monetary incentives for consumers to ask for receipts (Nota Fiscal
Paulista program) in order to reduce the misreporting of sales subject to the state Value Added Tax (VAT).
Consumers are incentivized to give their official ID number (CPF) to sellers at the time of purchase. Sellers
are required to report details for all transactions to the state tax authority, including the consumer’s ID
number when provided. The tax authority then displays all the transactions for a given consumer in an
individual online account that the consumer can open on the tax authority’s website. This account allows the
consumer to report any misreporting by sellers and to collect monetary rewards (Naritomi 2018). The take-
up of this program was substantial: by 2015, more than 18 million individuals had signed up to an online
account. Although the program did not aim at recording individual expenditures, its implementation linked
receipts to individual ID numbers, creating a high frequency record of participants’ reported expenditures.

We obtained access to these expenditure data for about 400,000 users of a smartphone application that
offer services to its users based on their account data, and we were able to match them with the Brazil-
ian matched employee-employer dataset (RAIS) for the period 2010-2014, as well as with administrative UI
records until 2012.4 RAIS includes information on wages, hiring and separation months, and reason for sep-
aration, which allows us to calculate workers’ statutory eligibility for SP and UI programs in all years. We
show that displaced formal workers for which we have expenditure data are relatively comparable to the
universe of displaced formal workers in São Paulo (based on observables). We also show that our expendi-
ture data provide partial but meaningful coverage for purchases subject to the VAT (it excludes services and
housing). Importantly, the data have the advantage of providing detailed sectoral information on the seller
allowing us to categorize expenditures, of recording the exact date and amount for each transaction, and of
including transactions irrespective of the amount or mode of payment (thus, including cash payments).

Next, we turn to the empirics. In a first step, we present the results of a difference-in-differences analysis
in which we estimate changes in expenditures for displaced formal workers in the 12 months before and
after layoff, compared to a control group of workers employed over the whole 25-month period. Trends are
similar prior to layoff, but expenditure levels increase sharply after layoff for displaced workers, implying
an estimate of +35%. Expenditure levels decrease in subsequent months, implying a long-run estimate of
-17% for workers who remain non-formally-employed 12 months after layoff. Our estimates are not driven
by outliers – they are larger in absolute values at the median – or by composition effects – the spike at layoff
is similar whether workers are reemployed immediately or remain non-formally-employed 12 months after
layoff (about 30% of the sample; formal reemployment rates are low in Brazil). The effects are larger in

3In so doing, we extend the sufficient statistics formulas in the UI literature to the case of SP programs, generalizing results in Baily
(1978) and Parsons (forthcoming). This model will also serve as a benchmark for our structural estimations and policy simulations.

4An anonymized version of the data was analyzed in a secure data room; no data was shared with the developers of the application.
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relative terms for durables, but durables only constitute about 10% of total expenditures, and the effects are
large for non-durables as well, including for most sub-categories (e.g., supermarket, entertainment). The
robustness of our results across various cuts of the data also suggest that they are not driven by reporting
effects. We thus interpret our estimates for non-durable expenditures as capturing consumption responses.
Additionally, consumption increases discontinuously upon reemployment but workers experience a long-
run consumption loss even when reemployed, a typical finding in the literature (e.g., Stephens, 2001).

We link our estimates to the existing job displacement insurance programs. We show that workers who
are not eligible for any benefit (those laid off for cause) experience a sharp drop in consumption at layoff,
which persists in subsequent months. We also show that workers eligible for higher SP amounts (controlling
for UI; the variation comes mostly from tenure) have higher consumption levels in the first months after
layoff; while workers eligible for higher UI replacement rates (controlling for SP; the variation comes mostly
from wages) experience a smaller decrease in consumption in subsequent months while still eligible for UI.

The decrease in consumption accelerates in months 6 to 8 after layoff when most workers exhaust their
UI benefits (most workers start drawing UI in months 1 to 3 after layoff), particularly for those with high
replacement rates. This suggest that workers do not adjust consumption in anticipation of a foreseeable drop
in income at UI exhaustion. In a second step of our analysis, we study changes in expenditures before and
after UI payments more precisely using the UI payment dates. We document a systematic pattern within
the UI spell: beneficiaries increase non-durable expenditures in the week following each UI payment by
about 20%.5 More importantly, non-durable expenditures are flat in the months before UI exhaustion, but
start decreasing after the last UI payment, reaching a drop of 7% (unconditionally) to 12% (conditional on
remaining non-formally-employed). As for the previous monthly-level analysis, we interpret this pattern as
capturing a consumption response.6

The lack of anticipation before an expected drop in income is a useful result to shed light on the under-
lying models of behavior because this pattern cannot be explained by liquidity constraints (in contrast to
the response to an expected increase in income; see Ganong & Noel, 2017). It could be explained by models
with biased beliefs or inattention regarding future income changes, but such models would not predict a
sharp increase in consumption at layoff. In contrast, models of excess sensitivity to cash-on-hand, for in-
stance from excessive impatience or savings constraints,7 could rationalize both results. We make this point
formally by introducing these features into the standard dynamic model laid out at the beginning of the
paper and by showing that, in so doing, we can fit the consumption and reemployment patterns in our data
(in progress). Surveys that we conducted with UI applicants in São Paulo support the relevance of these
mechanisms in our context: when asked, more than 50% of respondents say that they would not want to
receive all their UI benefits in a lump-sum fashion at layoff despite the clear financial advantage, and most
of them mention the need “to control expenditures” or “to not spend it all at once” to explain their choice.

Finally, we use the calibrated models to illustrate the incentive-insurance tradeoffs under counterfactual
job displacement insurance designs, highlighting the role played by the disbursement policy (in progress).

This paper contributes to a large literature on job displacement insurance. There has been extensive
work on UI programs in the context of developed countries, particularly since Baily (1978) was revisited by
Chetty (2006, 2008). In contrast, the research on SP programs remains more limited, despite their prevalence

5We recognize that this specific result may not be a consumption response (most goods become durable at a high-enough frequency),
but Shapiro (2005) shows that similar expenditure patterns for SNAP beneficiaries in the US correspond to consumption responses.

6We present complementary findings from a RD analysis, which compares workers eligible for four vs. five monthly UI payments.
The difference in consumption is only significant around the time workers eligible for an extra month of UI are more likely to draw UI.

7One potential source of savings constraint is expenditure pressures from individuals’ kin network (i.e., kinship taxation; Squires,
2018). However, surveys conducted with UI applicants in São Paulo suggest that this mechanism may not be first-order in our context.
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and the fact that Baily (1978) discussed both programs.8 This paper also contributes to the growing litera-
ture at the intersection of public economics and behavioral economics by shedding light on the importance
of disbursement policies in aiding workers smooth consumption after layoff. In particular, the evidence
bridges the literature on UI (e.g., DellaVigna et al. , 2017)) and household finance (e.g., Olafsson & Pagel,
2016)), complementing the recent work on UI exhaustion and consumption in Ganong & Noel (2017).

The paper also contributes to a growing but still relatively small literature on social insurance in devel-
oping countries. Although developing countries spend much smaller shares of GDP on social insurance
programs relative to developed countries (Chetty & Finkelstein 2013), the relevance of such programs in-
creases over the development path: for instance, Figure 1 shows that the prevalence of job displacement
insurance programs increased dramatically over the 20th century. Moreover, the higher prevalence of SP
relative to UI in developing countries echo a common theme in the tax and development literature that
lower state capacity may influence the choice of policy instruments (Gordon & Li, 2009). SP requires less
administrative capacity as it shifts to firms the mandate to provide payments upon layoff, and does not
require a government agency to monitor workers’ reemployment. Our results show that these benefits may
come at a cost as excess sensitivity to cash-on-hand may hinder the insurance value of SP programs. Con-
sidering these tradeoffs carefully is important as our results also show that the need for job displacement
insurance can be sizable even in a context of high informality.

The paper is organized as follows. Section 1 lays out a standard conceptual framework that motivates
the analysis. Section 2 presents our empirical setting and our data. Section 3 estimates changes in for-
mal workers’ expenditure profiles around displacement events, and Section 4 around UI payments and UI
exhaustion. Section 5 discusses our results and shows that simple models with excessive impatience or
savings constraints are able to rationalize our empirical findings. Section 6 uses the models to illustrate the
implications of our findings for the design of job displacement insurance programs. Section 7 concludes.

1 Conceptual framework

We begin by laying out a simple dynamic model of job-search and consumption, as in Chetty (2006, 2008), to
highlight the incentive-insurance tradeoffs with job displacement insurance policies and extend the typical
sufficient statistics formulas in the UI literature to the case of SP programs. The main purpose is to motivate
the empirical analysis in the rest of the paper; a reader familiar with the literature can probably skip this
section. The model will also later serve as a benchmark for our structural estimations and policy simulations.
Below, we follow closely the notation and presentation in Kolsrud et al. (2018) and DellaVigna et al. (2017).
We discuss at the end the case of a developing country context with labor market informality.

This paper focuses on the difference between SP and UI programs in terms of their benefit payout
schemes: the SP amount is paid lump-sum at layoff, while UI benefits are paid periodically to displaced
workers who remain non-employed. Yet, their financing schemes may also differ. UI programs are typi-
cally funded out of a payroll tax and SP programs out of a firm’s cash-flow. These financing schemes differ
statutorily, but it is easy to show that they can be equivalent in practice, justifying our focus. This is the case
if the UI program is perfectly experienced-rated (i.e., the payroll tax rate is firm-specific and a function of
a firm’s layoff rate and of the UI utilization rate of its displaced workers), the economic incidence falls on
workers, and firms are risk-neutral. The last two conditions are standard assumptions in the literature. The

8There is an extensive literature on SP programs in labor economics, in which they are studied mostly from the firms’ perspective
as creating firing costs. However, it is easy to show that there is nothing particular to the benefit payout scheme of SP programs in that
respect from a conceptual point of view: perfectly-experienced UI programs would create similar firing costs.
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first condition is optimal for policy design (Blanchard & Tirole, 2006), and is often assumed implicitly in the
literature (it justifies abstracting from the endogeneity of layoff decisions). The model below only deviates
from Chetty (2008) to make this equivalence. The per-period tax funding a given expected UI outlay will
then be the same as the per-period pay cut on workers’ take-home pay that the firm will impose to fund
an expected SP outlay of the same amount. The insurance embodied in such programs is that, for a given
expected layoff rate, workers that are laid off late transfer resources towards those that are laid off early.9

1.1 Setup

We consider a partial equilibrium framework with a continuum of workers of mass 1. The model is in
discrete time, starts in period t = 0 and ends in period t = T . Each worker i is initially employed at a firm
that pays a wage we per period. With probability 1− p, the worker remains employed until period T . With
probability p, she becomes non-employed in period 0 and remains non-employed until she finds a new job.
The parameter p captures the expected layoff probability at the firm. Once reemployed, a displaced worker
remains employed until period T , earning wr. Before the start of the model, the government commits to a
job displacement insurance policy. The policy specifies a UI program with a benefit level b paid in periods
t = 0, ...,P −1 (where P is the potential UI duration) to displaced workers who remain non-employed, and a
per-period tax τ b levied on workers still employed at the firm. Assuming that the incidence falls on workers,
the per-period take-home pay of these workers is reduced by τ b. The policy also specifies a SP program
mandating the firm to pay the amount f to each worker at layoff. Assuming that the firm is risk-neutral
and that the incidence falls on workers, the per-period take-home pay of workers still employed at the firm
is reduced by τf = p

1−p · f in order to fund the expected SP outlay. With this setup, the two programs are
actuarially fair contracts that the worker must enter into before the layoff uncertainty is resolved and that
pay some compensation in case of layoff in exchange of a per-period premium when employed.

Job search. Each displaced worker i decides in each period t how much search effort hi,t to exert as
long as she is non-employed. The effort level also determines her probability of reemployment in period
t+ 1, with hi,t ∈ [0, 1]. The utility cost of effort ψi,t(hi,t) is assumed to be separable, increasing, and strictly
convex. We allow it to depend on the type of worker i, capturing heterogeneity in employability across
workers, and on the time spent non-employed, capturing differences in employment prospects over a non-
employment spell. The worker’s probability to be non-employed in period t equals the survival probability
Si,t ≡ Πt−1

t′=0(1− hi,t′), with Si,0 = 1. While we cannot observe a worker’s specific survival probability, we
can observe the population average St ≡

∫
Si,t di.

Inter-temporal consumption. Each worker i decides in each period t how much to borrow or save (at
interest rate r) given her employment status. We consider time-separable preferences (with discount factor
δ) and assume that worker i’s per-period utility from consumption νi(c) is increasing and strictly concave.
A worker starts with some asset level ai,0 in period 0 and borrowing constraints prevent her from running
down her assets below ai at any time. The worker’s savings decisions determine her consumption level
when remaining employed at the firm cei,t, when remaining non-employed cni,t, and when reemployed cri,t,
respectively. While we cannot observe a worker’s contingent consumption plan, we can observe average
levels of consumption, for example at different lengths of non-employment, cnt =

∫ (
Si,t · cni,t

)
di.

9Real-world UI programs are rarely experienced-rated so that they also transfer resources from workers in firms with a low expected
layoff rate to those with a high expected layoff rate. However, these transfers do not provide any insurance (they are redistributive)
and they distort firms’ layoff decisions (e.g., Carvalho et al. , 2018). The case for disregarding these transfers is particularly strong in a
developing country context as UI recipients are not in the poorest segments of the population (they work in the formal sector).
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Agents’ problem. For a given government policy, each worker chooses how much to search and how
much to consume in order to maximize her expected utility subject to the budget and borrowing constraints.
Her choices depend on her assets and on the time spent non-employed in addition to the government policy.
In particular, the value function Ui,t for a worker who is non-employed in period t can be written as follows:

Ui,t(ai,t) = max
hi,t,ai,t+1

νi(ci,t)−ψi,t(hi,t) + δ ·
[
hi,t · Vi,t+1(ai,t+1) + (1− hi,t) ·Ui,t+1(ai,t+1)

]
(1)

where ai,t is the asset level at the start of period t and Vi,t+1 is the value function of being reemployed in the
next period. The value function Vi,t for a worker who is employed in period t is simply:

Vi,t(ai,t) = max
ai,t+1

νi(ci,t) + δ · Vi,t+1(ai,t+1) (2)

The consumption path must also satisfy the borrowing constraint ai,t > ai, as well as the following inter-
temporal budget constraints and budget balance conditions at the end of life:

cei,t = ai,t + (we − τ b − τf )−
ai,t+1
(1 + r)

for t = 0...T − 1 cei,t = ai,t +we − τ b − τf for t = T

cni,t = ai,t + (ft + bt)−
ai,t+1
(1 + r)

for t = 0...T − 1 cni,t = ai,t for t = T

cri,t = ai,t + (wr)−
ai,t+1
(1 + r)

for t = 1...T − 1 cri,t = ai,t +wr for t = T

where ft = f · 1{t = 0} and bt = b · 1{t < P}.
Budget and welfare. The UI budget depends on the expected UI benefits paid to displaced workers, and

on the expected tax revenues levied on workers remaining employed at the firm. Perfect experienced-rating
thus implies: τ b = p

1−p · b ·B, where B = ∑P−1
t=0 St is the average paid UI duration (as in other papers, we

ignore time discounting for now, i.e., 1+ r = δ = 1).10 This establishes the equivalence between the funding
schemes of UI and SP programs. It is also irrelevant whether the programs are explicitly managed by the
government or implicitly by the firm.11 In this setup, the government’s problem is to maximize welfare:

W =
∫ [

p ·Ui,0 + (1− p) · Vi,0
]
di (3)

We assume that this social welfare function is differentiable.

1.2 Sufficient statistics formulas

We now derive typical sufficient statistics formulas for the welfare effects of marginal changes in our three
policy instruments, separately. In this section, we also make the usual benchmark assumption that agents
are fully optimizing, taking all the impacts of their decisions into account, except on the government budget.

10Many papers with a similar setup in the UI literature assume that reemployed workers also pay the UI tax. As a result, the UI tax
increases if workers remain non-employed longer even if they are not drawing any UI benefit anymore (because workers spend fewer
periods post-layoff paying the tax). This effect does not appear with experienced-rating, so we do not make such an assumption.

11Firms may be more likely to default on their obligations at layoff. This issue does not appear to be important in our context: in a
survey conducted with displaced workers in São Paulo, most respondents report that their firm paid all of what they were entitled to.
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Consider first a marginal change in the level of the SP amount, f :
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where the first equality arises from the application of the envelope theorem. The two different expectations
are simply the average marginal utility of consumption if non-employed in period 0 (when receiving the SP
amount) and if remaining employed at the firm (across all periods paying for the SP and UI programs).
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to obtain a money metrics and by p to normalize by the mechanical effect of the

reform, we obtain an expression for the welfare effect per $1 spent on target beneficiaries (dW̃ ):
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Consider next a marginal change in the UI benefit level, b. Following the same steps as above, including
the same normalization, we obtain the following welfare effect per $1 spent on target beneficiaries:

db : dW̃ =
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where the notation EB specifies that the new expectation is taken over all the periods that workers would
be observed drawing UI benefits in absence of the reform (the target beneficiaries for an increase db).

Finally, consider a marginal change in the potential UI duration, P , which is equivalent to a marginal
change in bP multiplied by b (Schmieder et al. , 2012). Following again the same steps as above, we obtain:

dP : dW̃ =

E

[
∂νi(c

n
i,P )

∂cni,P

]
−E

[
∂νi(c

e
i,t)

∂cei,t

]
E

[
∂νi(cei,t)

∂cei,t

] − 1
b · SP

· d(b ·B)

dP
(6)

where the new expectation is taken over workers who remain non-employed at the end of the potential UI
duration – i.e., in period P – in absence of the reform (the target beneficiaries for an increase dP ).

The first term in equations (4)-(6) captures the potential welfare gain of the reforms, namely their in-
surance value. In equation (4), it depends on workers’ gain from buying insurance against the risk of dis-
placement, namely the consumption smoothing gain of transferring $1 from the employed to the displaced
state. In equations (5) and (6), it depends on workers’ gain from buying insurance against the risk of re-
maining non-employed over the potential UI duration and after UI exhaustion, respectively. In all cases, the
consumption smoothing gain depends on the marginal utility of consumption in the periods when workers
receive additional resources, and not when these resources are actually spent. This is because workers are
optimizing such that they are indifferent between increases in consumption or savings in all periods.

The second term captures the potential welfare loss, namely the efficiency cost from the incentive effect
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of the reforms. As is usual in the literature, it is captured by the fiscal externalities caused by behavioral
responses to the reforms, and it takes the form of a ratio between the behavioral effect of the reforms – the
increase in costs due to behavioral responses, i.e., p · d(b·B)

dx for x = {f ; b;P} – and their mechanical effect –
the increase in costs absent behavioral responses, i.e., {p; p ·B; p · b · SP } for {df ; db; dP}, respectively. In the
case of an increase in f , displaced workers may reduce job-search because of an income effect, potentially
remaining non-employed longer (Card et al. , 2007). The only fiscal externalities are those on the UI budget.
In particular, there would be no efficiency cost if the SP program was the only source of job displacement
insurance. This is the intuition that lump-sum transfers do not create any distortion by themselves, only if
there are pre-existing distortions, such as those induced by a UI program. For increases in b or P , displaced
workers may reduce job-search because of an income effect and a substitution effect, as they face lower
incentives to find a new job over the potential UI duration or before UI exhaustion, respectively.

Equations (4)-(6) highlight the tradeoffs between SP and UI programs. SP programs provide insurance
against the risk of displacement, without discriminating among displaced workers based on their non-
employment durations. UI programs are likely better targeted as they provide insurance against the risk
of remaining non-employed, but they likely entail a larger efficiency cost. The difference between the two
programs will thus depend on the size of the substitution effect and on the evolution of the marginal utility
of consumption of non-employed workers over the potential UI duration.12 Equations (4)-(6) also highlight
the rationales for combining the two programs. A sizable substitution effect may limit the generosity of
UI, constraining the government to rely on SP to provide additional insurance to displaced workers, even
if it is in a coarse form (Baily, 1978). Moreover, a SP program could complement UI if there are negative
consequences of displacement that workers experience even when reemployed. Concretely, a SP program
could serve as an imperfect form of wage insurance (i.e., against wr < we), provided that wage losses are
not perfectly correlated with non-employment durations (Parsons, forthcoming).

1.3 Developing country context

An important feature of labor markets in developing countries is the large share of “informal” workers who
escape government monitoring, which include informal employees and most self-employed workers. Job
displacement insurance can only cover formal workers (we use “formal workers” and “formal employees”
interchangeably), and the government cannot monitor beneficiaries working informally, so payout schemes
can only be made contingent on non-formal-employment. Gerard & Gonzaga (2016) show that equations (5)
and (6) still apply in that context. One must only redefine “employed” by “formally employed” and “non-
employed” by “non-formally-employed.” That the prevalence of informal jobs does not directly affect the
formulas is another application of the envelope theorem (whether beneficiaries are non-employed or work
informally makes no difference to the cost of a UI program). The same reasoning applies to equation (4).

This does not imply, however, that the tradeoffs with job displacement insurance policies are unchanged
in a developing country context. First, a low administrative capacity may limit some countries to adopt
SP programs, which do not require the government to keep track of formal workers or to make periodic
payments to specific workers. Other countries may not be able to keep track of formal reemployment in
a timely manner, such that they may not be able to exclude formally reemployed workers from drawing
UI benefits. If the contingency is not binding, the difference between UI and SP programs is small: a UI

12Absent selection effects, the marginal utility of consumption will likely increase over the potential UI duration, as workers deplete
their savings, but it may not increase quickly if workers are able to find other means of consumption smoothing over time. Moreover,
there may be selection effects, as workers with different marginal utilities may be reemployed at different rates.
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program essentially becomes an unconditional transfer paid in installments, and the two programs only
differ in terms of their disbursement policy, which is inconsequential in this framework.

Even if a contingent payout scheme can be meaningfully implemented, the relative size of the two sides
of the tradeoffs in equations (4)-(6) may differ in a developing country context. For instance, the availability
of informal job opportunities may affect the efficiency cost of UI programs. On the one hand, displaced
workers who would be formally reemployed otherwise can respond to UI incentives not only by remaining
non-employed, but also also by working informally. On the other hand, formal reemployment rates may be
low even in the absence of any incentive effect, e.g., if it is hard to find a new formal job (“exclusion” view) or
if informal jobs are easy to find and close substitutes to formal jobs (“exit” view).13 Gerard & Gonzaga (2016)
show that the efficiency cost of a UI reform akin to the one in equation (6) is smaller in Brazil than in the
US, and smaller in more informal labor markets within Brazil, because the second effect dominates: formal
reemployment rates are lower in contexts of higher informality absent any incentive effect, which limits the
possible size of the incentive effect. In settings with very low formal reemployment rates, UI programs with
limited potential durations may in fact be close to unconditional transfers paid in installments.

That the efficiency cost of UI programs is not necessarily higher in a context of high informality is an
argument in favor of UI so long as the need for insurance and the gain from discriminating between dis-
placed formal workers based on their non-formal-employment durations is sizable. However, these may
also differ in that context. The need for insurance may be large if it is hard to find a new formal job, but
it may be small if informal jobs are easy to find and close substitutes for formal jobs (at least the difference
between the insurance value of UI and SP programs will be small in this case). Even in the former case, the
need for insurance may be small if formal employment is not the usual state of the world: the “shock” may
be the hiring rather than the layoff event, and workers may simply save the excess earnings while lucky
enough to have a formal job. At the same time, usual means of self-insurance (e.g., formal credit) may be
more limited in developing countries, increasing the gains from social insurance (Chetty & Looney, 2007).

1.4 Informing the insurance value

There is a large empirical literature trying to evaluate the welfare effect of UI programs using formulas
such as those in equations (5) and (6). A typical approach to inform their insurance value – the side of the
tradeoff that is more challenging to assess – is the so-called “consumption approach.” The difference in
average marginal utilities in equation (5), for instance, can be written such that (Baily, 1978; Gruber, 1997):14
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where γ is an average coefficient of relative risk aversion and the ratio in equation (7) is the relative dif-
ference in average consumption when employed and when drawing UI benefits, namely the degree of con-
sumption smoothing. A similar decomposition for the insurance value in equations (4) and (6) would simply
replace the average consumption when drawing UI benefits by the average consumption in the month of SP

13These are the two main (complementary) views on the prevalence of informality in developing countries (Perry et al. , 2007).
14The decomposition assumes that the third-order derivative of the utility function is small (otherwise, the expression would include

another term depending on the coefficient of relative prudence; Baily, 1978; Chetty, 2006), that the utility function is not state-dependent
(the expression would include an additional term with state-dependent utility functions; Chetty & Finkelstein, 2013), and that workers
share the same utility function (the expressions can be extended to this case and the selection issue that it implies; Kolsrud et al. , 2018).
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receipt (irrespective of employment status) and in the month after UI exhaustion, respectively. Motivated
by such a decomposition, a main strand in the literature investigates the size of the consumption drop after
layoff to inform the insurance value of various policies. This type of study has not been carried out neither
in settings with a SP program nor in a developing country context. Additionally, because existing studies
focus on UI, they do not estimate the size of the consumption drop at layoff irrespective of reemployment
status or UI takeup, which would inform the insurance value of introducing SP in this framework.15

A key advantage of this type of framework and of the expression in equation (7) is that it is “sufficient to
obtain consumption-smoothing estimates for a single good (e.g., food), provided that the appropriate risk
aversion parameter (e.g., curvature of utility over food) is used in conjunction with this estimate” (Chetty,
2006, p.1896). This is because workers are assumed to fully optimize across all their choices, including all
types of consumption, such that workers are indifferent between increases in any consumption category. As
a result, one can inform the insurance value of job displacement insurance even with only partial consump-
tion data.

Similarly, it is not necessary to know when displaced workers spend their SP or UI benefits, as workers
are assumed to be indifferent between increases in consumption or savings in all periods. This implication
rests on assumptions that have been challenged in various contexts, such as the absence of savings con-
straints (e.g., from kinship taxation; Jakiela & Ozier, 2016), biased beliefs (Spinnewijn, 2015), or excessive
impatience (DellaVigna & Paserman, 2005; Ganong & Noel, 2017). In the eventuality that these assumptions
are violated, one would need to know when benefits are actually spent (rather than when they are received)
to assess the consumption-smoothing gain from job displacement insurance policies, a question for which
there is limited evidence in the literature. This lack of evidence is particularly critical for SP programs be-
cause their insurance value relies entirely on workers’ ability to dis-save the SP amount optimally after
layoff. Evidence from other contexts suggest that this should not be taken for granted (Shapiro, 2005).

One of the main reason why we know little about the consumption-smoothing gains of SP programs, or
of any type of job displacement insurance in developing countries, is that combining the necessary high-
frequency longitudinal data on consumption and (formal) employment is challenging. We address this
limitation in the rest of the paper, by exploiting a rare combination of administrative datasets in an setting
where we can exploit a rich set of policy variation.

2 Institutional background and data

Before delving into the empirical analysis, we present some relevant institutional background and our data.

2.1 Setting

The setting of our empirical analysis is the state of São Paulo, which is the largest of the 27 Brazilian states
in terms of population (42 million inhabitants) and economic activity (34% of national GDP). As do many
middle-income and developing countries, Brazil has a high rate of labor market informality (Perry et al. ,
2007). In Brazil, every worker has a working card, and when an employer signs her working card, which is
required by law, her hiring is reported to the government, and she becomes a formal employee. Hiring an
employee formally is costly, however;16 firms face severe financial penalties for not complying with labor

15The sample in Ganong & Noel (2017) is conditional on UI takeup for instance.
16Payroll taxes include 20% for Social Security and 7.8% for funding an array of programs (e.g., training, education). Formal em-

ployees are also entitled to the minimum wage, a 13th monthly wage, a 50% overtime rate for hours exceeding 44 hours/week, etc.
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laws, including hiring workers informally, but the risk of detection is low (Almeida & Carneiro, 2012). As a
result, informal workers account for about 50% of the non-farm labor force in Brazil. Even in São Paulo, a
relatively rich and urban state, informal workers account for about 35% of private-sector employment.

2.2 Job displacement insurance programs

Displaced formal workers have three potential sources of job displacement insurance in Brazil.
Unemployment Insurance (UI). A worker who is involuntarily laid off from a private-sector formal job

and who has at least six months of job tenure at layoff is eligible for UI benefits after a 30-day waiting
period.17 She must apply in person for UI within 120 days of her layoff date. If deemed eligible, her UI
benefits are deposited every 30 days at a state bank, Caixa, as long as her name does not appear in a database
where employers report new hiring monthly. The potential UI duration depends on her total tenure across
all formal jobs in the 36 months prior to layoff. She is eligible for three, four, or five monthly UI payments if
she has more than 6, 12, or 24 months of tenure, respectively. The benefit level depends on her average wage
in the three months prior to layoff and ranges from 100% to 187% of the minimum wage. The replacement
rate is thus particularly high at the bottom of the wage distribution, but it is down to about 60% for workers
earning three times the minimum wage (the full schedule is in the Appendix). Finally, a peculiarity of the
Brazilian UI program is that it is financed by a tax on firms’ total sales (.65%) rather than by a payroll tax.

Severance Savings Account (FGTS). As in many Latin American countries, there is a mandatory SSA
program in Brazil, the Fundo de Garantia do Tempo de Serviço (FGTS). Every month, employers must deposit
8% of their workers’ monthly wage in an account under each worker’s name at the same state bank, Caixa.
There is a different account for every formal employment spell (i.e., every labor contract). The account is
highly illiquid, but formal workers gain access to the full balance if they are involuntarily laid off.18 The
interest rate is notoriously low, barely catching up with inflation, such that displaced workers have strong
incentives to withdraw the full balance at layoff. Also, there is some red tape if workers delay withdrawal.19

Severance Pay (SP). Workers are entitled to a SP if they are involuntarily laid off. Employers must pay
workers a monthly wage as “advance notice” of layoff and a “fine” equal to 40% of the amount deposited
in the workers’ FGTS account over the formal employment spell (another 10% is paid to the government).

Workers who are fired for cause (or quit) are not eligible for UI, do not gain access to their FGTS balance
(the account remains illiquid until retirement), and are not entitled to any SP amount at separation.

Figure 2a displays the average statutory job displacement insurance benefits in our sample of analysis
(user sample), which we describe below, and in a random sample from the universe of displaced formal
worker in São Paulo (random sample). We restrict attention to laid-off workers and we apply the same selec-
tion criteria in the two samples; in particular, we focus on workers with more than 12 months of tenure at
layoff (see below). The average FGTS balance, SP amount, and monthly UI benefit are 210%, 247%, and 53%
of the average monthly wage at layoff in the user sample.20 These figures are comparable in the random
sample, although monetary values are slightly lower (see the discussion on the representativity of the user

17There must also be at least 16 months between a worker’s layoff date and the layoff date of her last successful application for UI.
Note that the rules described in this paragraph were in place until February 2015, and thus for the whole period covered by our data.

18The only other events granting access to FGTS accounts are purchases of residential property, serious health shocks, natural disas-
ters, and staying 3 years without a formal job. Any balance in the account is pensionable, and bequested in case of death. In surveys
conducted with UI applicants in São Paulo, only 9% of respondents reported having legally accessed their FGTS balance before layoff.
We emphasize that, at layoff, a worker can only access the FGTS balance for the job from which she is laid off, so a worker who quit
job A and then was laid off from job B can only access the FGTS balance corresponding to job B (and not the FGTS balance from job A).

19Workers receive a code for withdrawal from the employer up to 5 business days after layoff that must be used within 90 days.
After that workers are entitled to request a new code, but they would incur additional time and hassle costs.

20All monetary values in the paper are in reais (R$) of 2010. The exchange rate was around US$1=R$2 at the time.
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FIGURE 2: BACKGROUND AND REPRESENTATIVITY OF DISPLACED FORMAL WORKERS IN THE USER SAMPLE
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The figure provides some background on displaced formal workers (involuntarily laid off) in the setting of our empirical analysis and
compares our user sample to a random sample from the universe of displaced formal workers in São Paulo. Section 2.4 provides details on
the construction of the two samples. Panel (a) displays the average statutory job displacement insurance benefits of displaced formal
workers in the two samples. Panels (b)-(d) display the share actually drawing UI benefits, the hazard rate of formal reemployment,
and the survival rate in non-formal-employment in each month after layoff in the two samples. The samples in panel (b) are restricted
to workers laid off in 2011 such that we observe their full UI spell in the UI data. We show in the Appendix that the patterns presented
in panels (a), (c), and (d) are very similar when we impose the same restriction.

sample below). We depict a potential UI duration of five months because the average tenure at layoff is
above 24 months in both samples (see Table 1 below). In sum, Figure 2a shows that the average resources
available to workers in a lump-sum fashion at layoff exceed the average UI benefits that they are eligible to
draw. There is a lot of heterogeneity across workers, however, a feature that we exploit in the paper.

2.3 Data

Our empirical analysis relies on three main datasets.
Formal employment (RAIS). RAIS is a matched employee-employer dataset that covers the universe of

formal employment spells in Brazil. Every year, all tax-registered firms must report all workers formally
employed at any point during the previous year.21 RAIS includes information on age, race, gender, edu-

21Compliance is high because of large penalties when the data are late or incomplete. The main purpose of RAIS is to administer a
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cation, sector of activity, establishment size and location, contracted hours, tenure, hiring and separation
months, and reason for separation for every formal employment spell within a year. It also includes the
average monthly wage over the spell and the December wage for spells that survive until December 31st.

UI registry. We are able to use data from the UI registry for the whole country from 2009 to 2012. The
data include the application date, as well as the date and the benefit amount for all subsequent UI payments.
We can merge workers in the formal employment and the UI registry data through a unique ID number.

We do not have data on FGTS balances or workers’ receipt of SP for this project. However, because
we are able to use RAIS data from 2005 to 2014, we can calculate the statutory job displacement insurance
benefits for all workers displaced in 2010-2014 who had at most 72 months of tenure at layoff (90% of
cases). We also conducted short surveys with 178 UI applicants in July and August 2018 to get a sense of
firms’ compliance with their obligations to displaced workers. Only 2% reported any issue in accessing
their FGTS balance, 5% in receiving the 40% fine, and 13% in being given their advance notice. Moreover,
conditional on having access to these resources, only 4% reported that they did not (intend to) withdraw
the full FGTS balance and almost all made their withdrawal within 60 days after layoff (the median time is
15 days). Finally, the average amount available lump-sum at layoff was about 4.6 times the monthly wage,
which is in line with the statutory amounts that we calculate in our sample.22

Expenditures. The main novelty of this paper is that we can match the formal employment and the UI
registry data with administrative expenditure data from receipts that specify the consumers’ ID numbers.

The Nota Fiscal Paulista (NFP) program was created by the state of São Paulo in October 2007 to reduce tax
evasion of the state-level VAT and to foster a culture of tax compliance. In a nutshell, the program introduced
the possibility of identifying the consumer’s ID number on each receipt, and created a reward system of tax
rebates and monthly lotteries so that final consumers have incentives to provide their ID number when
making purchases and request it to be displayed on the receipts.23 Sellers are required to report details
for all transactions to the state tax authority, including the consumer’s ID number when provided. The
tax authority then displays all the transactions for a given consumer in an individual online account that
the consumer can open on the tax authority’s website. This account allows the consumer to report any
misreporting by sellers and to collect the monetary rewards (see Naritomi, 2018, for more details).

Naritomi (2018) shows that the program has had a large impact on the volume of sales reported by
retailers (an increase of about 20%). A key ingredient behind this impact is that consumer participation has
been substantial, most likely because of the relatively low participation costs. Consumers do not need to
send any receipt by themselves to the tax authority to get the rewards. No pre-registration is needed for
consumers to start participating. Opening the online account is only necessary to start collecting the tax
rebates – upon opening an account, the consumer can collect all tax rebates retroactively for a period of up
to 5 years – and receiving lottery tickets for monthly cash prizes. Additionally, states do not tax personal
income in Brazil (it is a federal tax) and their NFP participation cannot be used against consumers for the
enforcement of other tax bases. By 2014, more than 18 million people had opened an online account.

Unintendedly, these individual online accounts create a record of participants’ reported expenditures.
We obtained access to the data from a sample of anonymized accounts through a private company that
created a smartphone application offering services to its users based on their account data, and we were
able to match these data with the formal employment and the UI registry data using the individuals’ ID

federal wage supplement. There are thus incentives for truthful reporting. It is also used by ministries to monitor formal job takeup.
22We are still cleaning the surveys, so these figures are subject to changes. Data and survey instruments will be available online.
23In the Appendix, we display a copy of a VAT receipt from São Paulo, which shows where the ID number is displayed.
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number.24 Our sample includes about 400,000 users who participated in the NFP program and had at
least one formal employment spell in São Paulo between 2010 and 2014. The expenditure data include all
purchases from 2010 to 2016 for which these users provided their ID number. For each purchase, the data
include the date, the total value, the number of items, and the sector of activity of the seller. The latter is a
7-digit code (the same code as in RAIS), which allows us to classify expenditures in specific categories.25

By design, the expenditure data only include purchases for which users chose to provide their ID num-
ber, but they are not restricted by value or mode of payment. In particular, the data include cash transactions,
which is critical in a developing country context. We show below that they provide meaningful coverage
for purchases of goods (i.e., the VAT base, excluding services and rent) and that displaced formal workers
in our user sample are relatively comparable to the universe of displaced formal workers in São Paulo.

2.4 Descriptive statistics, background, and representativity of the user sample

We present descriptive statistics for our main sample of analysis from the user sample (used in the next
section) to provide some background information about our empirical setting. We also evaluate the repre-
sentativity of our sample by comparing it to a random sample of displaced formal workers in São Paulo.

Our main sample of analysis is constructed as follows. From RAIS, we select all full-time private-sector
formal employees in São Paulo who were involuntarily laid off between 2011 and 2013. This window allows
use to have expenditure and employment data for at least one year before and after layoff for all workers
in the user sample. We further restrict attention to workers who had at least 12 months of tenure at layoff,
such that they have some prior attachment to the formal labor force, and at most 72 months of tenure, such
that we can calculate their statutory SP amount and FGTS balance at layoff. We obtain a sample of 77,862
layoff events after keeping those events involving workers who appear in the user sample and had some
purchases in the expenditure data both before and after the 25-month window centered around layoff (to
make sure that they were consistent participants throughout the period). We obtain a sample of 156,021
layoff events after selecting 5% of the overall sample (not restricted to users) at random (random sample).

Table 1 displays the mean of a series of variables at or before layoff in the two samples, as well as their
difference. All the differences are statistically significant at the 5% level, but they are modest in size. A first
point to make is that our analysis takes place in an urban setting:26 almost all workers were employed in an
urban municipality (about half in the metropolitan area of the city of São Paulo) and the shares were only
slightly larger in the user sample (97.4% vs. 97.1%). The shares of female (43.6% vs. 39.1%) and white work-
ers (70.3% vs. 69.3%) were also larger in the user sample and the average worker was slightly older (32.82
years vs. 32.55 years). The most notable difference is that education levels were higher in the user sample,
e.g., the share of workers with a high school degree was 7.5pp higher (72.8% vs. 65.3%). Accordingly, work-
ers in the user sample were “positively selected,” i.e., they had more tenure (30.20 months vs. 29.22 months)
and a higher monthly wage (R$1541 vs. R$1469) at layoff, and thus a lower UI replacement rate (68.3% vs.
69.8%). These differences are again relatively small, but they explain the differences in the average statutory
job displacement insurance benefits in the two samples that are displayed in Figure 2a and reported in Table
1 as well. One explanation for the relative comparability of individuals in the user and random samples is
that a large share of Brazilians have smartphones (e.g., the share is 92% in our survey of UI applicants).

24We had only access to an anonymized version of the matched data from a secure data room; no data was shared with the developers
of the application.

25For instance: 47 is Retail; 472 is Retail of food, beverages, tobacco; 4722-9 is Retail of meat and fish; 4722-9/01 is Retail of meat.
26In that respect, our setting differs from the setting of recent studies highlighting the usefulness of large lump-sum transfers rather

than periodic payments in rural settings (e.g., Casaburi & Macchiavello, forthcoming).
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Figures 2b-2d also show that the two samples are relatively comparable in terms of UI and formal reem-
ployment outcomes. The patterns in these figures also provide useful background information on displaced
formal workers in São Paulo (Gerard & Gonzaga, 2016, document the same patterns for the whole country).

Figure 2b displays the share drawing UI benefits in each month after layoff. Because of the 30-day
waiting period, the share is nil in the month of layoff. It remains small in the following month (about 20%),
but it increases quickly afterward and peaks in month 3 after layoff, showing that displaced workers do
not start drawing UI as soon as they become eligible. Overall, the UI takeup rate (i.e., the share drawing
any UI benefit) is 75.1% in the user sample (80.2% in the random sample). The share drawing UI benefits
remains more or less stable from months 2 to 5 and then decreases quickly in months 6 to 8. The share is
essentially nil afterward. Workers in our samples are eligible for 4 to 5 months of UI and the patterns in
Figure 2b implies that most UI takers exhaust their potential UI duration in our setting. In fact, the average
UI duration reaches 4.23 months among UI takers in the user sample (4.27 months in the random sample).27

Most UI takers exhaust their potential UI duration in Brazil because formal reemployment rates are very
low while workers are eligible for UI. This is shown in Figure 2c. The hazard rate of formal reemployment
is slightly higher in the user sample, explaining the lower UI takeup rate and average UI duration in Figure
2b. However, the hazard rate is low in both samples: in the user sample, it is only around 6% in months 0
and 1, and it drops even lower when more workers start drawing UI benefits. As a result, Figure 2d, which
displays survival rates in non-formal-employment, shows that about 75% of displaced workers in the user
sample (80% in the random sample) remain without a formal job at the beginning of month 5 when workers
start reaching the end of their potential UI duration. This pattern suggests that UI incentives depress formal
reemployment. Accordingly, the hazard rate starts increasing in month 5 and peaks in month 6 and 7, after
workers have exhausted their potential UI duration. Nevertheless, the hazard rate remains relatively low,
reaching at most 16% per month, and it falls quickly afterward, such that formal reemployment rates are
low even when UI does not create any substitution effect anymore. Consequently, a sizable share of workers
remains without a formal job 12 months after layoff (30% in the user sample; 40% in the random sample).

Formal reemployment rates are low in São Paulo but they are higher than in the country as a whole:
Gerard & Gonzaga (2016) show that formal reemployment rates are lower in labor markets with higher
informality. That paper also shows that they are low, and decreasing in informality rates, for workers who
are not eligible for any job displacement insurance benefits (workers with very low tenure or fired for cause).
Therefore, although there are clear incentive effects, low formal reemployment rates are likely a feature of
labor markets with high informality rather than a consequence of job displacement insurance policies.

2.5 Coverage of the expenditure data

We discuss here the coverage of the expenditure data and evidence supporting its quality for our purpose.
VAT receipts in São Paulo cover a rich set of expenditure categories and sellers are required by law to is-

sue these receipts for every transaction, independently of the total value or mode of payment. Nevertheless,
the VAT is only levied on goods, so the data cannot cover VAT-excluded items, such as services and rental
costs. Moreover, among purchases taxed by the VAT, we unlikely observe all expenditures because users
must voluntarily provide their ID number to the seller for it to appear on the receipt. Although incomplete,
the last row in Table 1 presents some first evidence that the data cover a sizable share of users’ purchases of

27The samples in Figure 2b are restricted to workers laid off in 2011 such that we observe their full UI spell in the UI data. We show
in the Appendix that the patterns presented in Figures 2a, 2c, and 2d are similar when we impose that same restriction. We also show
in the Appendix the difference between the average statutory UI benefits and the average UI benefits actually drawn by these workers,
which comes from the facts that workers do not take up UI as soon as they become eligible and that UI takeup is imperfect.
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User sample 

(Treatment)

Random 

sample

User sample 

(Control)

(mean at/before layoff) (1) (2) (4)

 Share working in urban area 0.974 0.971 0.003** (.000) 0.975 -.000** (.000)

 Share working in metropolitan area of São Paulo 0.556 0.534 0.022** (.002) 0.57 -.014** (.002)

 Share female 0.436 0.392 0.044** (.002) 0.394 .042** (.002)

 Share with high school degree 0.728 0.655 0.073** (.002) 0.758 -.030** (.002)

 Share white 0.703 0.694 0.009** (.002) 0.704 -.001 (.002)

 Tenure (months) 30.20 29.26 0.95** (.06) 32.83 -2.63** (.07)

 Age ( years) 32.82 32.55 0.27** (.04) 34.13 -1.31** (.03)

 Monthly wage (R$2010) 1,541 1,467 73.6** (6.6) 1,802 -261.5** (6.7)

 Statutory UI benefit level  (R$2010) 809.5 786.3 23.2** (.8) 859 -49.55** (.7)

 Statutory SP amount  (R$2010) 3,804 3,568 236.2** (15.3) 4,743 -938.3** (17.5)

 Statutory FGTS balance  (R$2010) 3,229 3,026 203.3** (14.9) 4,305 -1076** (18.6)

 UI replacement rate (UI benefit/wage) 0.683 0.698 -0.015** (.001) 0.637 0.046** (.001)

 SP "replacement rate" (SP amount/wage) 2.540 2.492 0.048*** (.003) 2.649 -0.109*** (.003)

 FGTS "replacement rate" (FGTS balance/wage) 2.213 2.166 0.047*** (.005) 2.366 -0.153*** (.005)

 Monthly expenditure  (R$2010) 459.8 n.a. n.a. n.a. 538.2 -78.40** (2.7)

Number of observations 77,862 156,021 220,160233,883 298,022

Table 1: Descriptive statistics and representativity of displaced formal workers in the user sample 

Difference

 (1)-(2)

Difference

 (1)-(4)

(3) (5)

The table displays the mean of the variables in the left-hand side column at or before layoff for displaced formal workers in the user
sample (column 1), which constitute the treatment group in our empirical analysis in Section 3. We assess the representativity of this
sample by comparing it to a random sample from the universe of displaced formal workers in São Paulo (column 2). We also compare
it to the “placebo” displaced workers from the user sample (column 4), which constitute the control group in Section 3. Monthly
expenditures are averaged over the 12 months before layoff; the variable is only available for workers in the user sample. Sections
2.4 and 3.1 provide details on the construction of these samples. Columns (3) and (5) display the estimated coefficient from regressing
these variables on an indicator for the treatment sample (standard errors in parentheses). Significance levels: 1%*** 5%**, 10%*.

goods. It shows that the mean monthly expenditure in our data in the 12 months before layoff is 29.8% of
the mean wage prior to layoff, despite excluding services and rental costs (it is 30.9% using medians).

As discussed in Section 1.4, the consumption approach used in the literature to inform the insurance
value of job displacement insurance policies does not require that one observes all expenditure categories
completely. Yet, it is key that the coverage of the data remains constant following relevant changes in the
economic environment, such as income shocks following layoff (we would confound changes in expendi-
tures and changes in coverage otherwise). This condition is difficult to evaluate in our case because there is
no panel dataset of expenditures in Brazil to which we could benchmark our data (we would not need to
use our data otherwise). We thus provide two supporting pieces of evidence.

First, we show that the coverage of our data is relatively constant when we look at a cross-section of
income levels. Figure 3a displays binscatters of the correlation between log(expenditure) and log(wage) for
formal workers in our data and in the latest round of the Survey of Household Expenditures (POF), in which
a representative cross-section of Brazilian households were surveyed by the Brazilian Institute of Geography
and Statistics (IBGE) in 2009-2010 (we restrict attention to households in São Paulo). The correlations control
for covariates available in both datasets (age, age squared, and dummy variables for being white, having a
high school degree, and being female). The x-axis corresponds to the logarithm of the monthly wage of a
worker formally employed at the time of the interview (survey sample) and on December 31st (user sample).
The y-axis corresponds to the logarithm of the average monthly expenditure in the previous 12 months in
the household (survey sample) and as reported by the user (user sample). For the sake of comparability,
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expenditures in the survey data are restricted to categories that could be reported in the user data, namely
the purchase of goods; additionally, we restrict the user sample to the first year for which we know whether
users were already participating in the previous year (2011) to focus on consistent participants.

Figure 3a shows that our data capture a sizable share of households’ total expenditures for comparable
categories in the survey data. Specifically, for a given wage level, the mean expenditure in our data is
equal to 19% of the mean expenditure in the survey data on average. The difference may come from two
factors: the user may not provide her ID number for all her purchases and the user may not be making
all the households’ purchases.28 Importantly, the wage-expenditure gradient is similar in the two datasets
indicating that the coverage of our data is relatively constant across income levels.29

Second, we show that the coverage of our data is relatively constant across income changes. Figure 3b
displays a binscatter of the correlation between ∆log(expenditure) and ∆log(wage) in our data. We exploit
changes in wages for workers who switch firms between 2010 and 2014, restricting attention to those who
were employed on December 31st in at least two consecutive years in the origin and destination firm. These
are sizable income changes that we can measure in our data and that are not purely transitory. We then
regress ∆t+1

t−1log(expenditure) on ∆t+1
t−1log(wage) and year fixed effects, where t is the first year in the new

job. We obtain a correlation of .269, which is comparable to the correlation between changes in spending and
labor income in Baker (forthcoming), who uses data from a personal finance website in the US. Moreover,
the relationship appears to be linear. In particular, it shows no sign that the slope differs for large positive
changes in wage compared to the small or negative changes in wage that one would expect following layoff.

We provide further evidence in our analysis against what we believe are the three main possible threats
for the constant-coverage assumption underlying our results: a change in the likelihood that a worker pro-
vides her ID number when making purchases after layoff, a change in the proportion of households’ pur-
chases made by the worker, and the possibility of users substituting purchases from formal to informal
stores when experiencing a negative formal employment shock.

3 Expenditure profile around displacement

We now turn to the empirics. In a first step, we present the results of a difference-in-differences analysis
in which we estimate changes in expenditures for displaced formal workers in the 12 months before and
after layoff, compared to a control group of workers employed over the whole 25-month period. Our main
finding is that workers increase their consumption upon layoff by about 35% despite experiencing a long-
run consumption loss of about 17% when they stop receiving any benefits. We use the word consumption
because all these patterns are robust across expenditure categories; in particular, they are not driven by
durable goods. We begin by laying out our empirical strategy. We then present our results, investigate rele-
vant dimensions of heterogeneity, and link our results to the existing job displacement insurance policies.

3.1 Empirical strategy

We follow the literature and conduct a series of event analyses around job displacement. In particular, we
estimate changes in expenditures in the 12 months before and after layoff for the sample of displaced formal
workers described in Section 2.4 (see column 1 in Table 1). We use a control group of workers employed over

28The NFP program creates incentives for households to provide the same ID number when making a purchase independently of
the identity of the consumer: it gives participants one lottery ticket for each R$50 in total reported purchases.

29Survey data are also imperfect and come with their own issues, but the comparable wage-expenditure gradient is encouraging.
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FIGURE 3: SUPPORTING THE QUALITY OF OUR EXPENDITURE DATA

(a) Wage-expenditure gradient in our data vs. survey data
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(b) ∆Wage and ∆Expenditure in our data
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The figure provides two pieces of evidence supporting the quality of our expenditure data. Panel (a) displays binscatters of the
correlation between log(expenditure) and log(wage) for formal workers in our data and in the latest round of the Survey of Household
Expenditures (POF). The correlations control for age, age squared, and dummy variables for being white, having a high school degree,
and being female. The x-axis corresponds to the logarithm of the monthly wage of a worker formally employed at the time of the
interview (survey sample) and on December 31st (user sample). The y-axis corresponds to the logarithm of the average monthly
expenditure in the previous 12 months in the household (survey sample) and as reported by the user (user sample). Expenditures in
the survey data are restricted to categories that could be reported in the user data, namely goods. Panel (b) displays a binscatter of the
correlation between ∆log(expenditure) and ∆log(wage) in our data (using all years). We exploit change in wages for workers who
switch firms. We regress ∆t+1

t−1log(expenditure) on ∆t+1
t−1log(wage) and year fixed effects, where t is the first year in the new job.

the whole 25-month period to net out overall trends in the data in a difference-in-differences specification:

yitk = αi + αk + αt +
k=12
∑

k=−12
βk · Treati + εitk, (8)

where the αi’s, αk’s, and αt’s are fixed effects for each worker, each event time (i.e., months to/from the
layoff month; negative values correspond to pre-event months), and each month (e.g., June 2012). The
coefficients βk’s capture differential changes in monthly expenditure yikt in the months around the layoff
event compared to a reference month (we choose k = −6; see below). We cluster standard errors by worker.

We construct our control group as follows. We select all months between 2011 and 2013 for which work-
ers from the user sample are observed continuously employed in a given full-time private-sector job in the
25-month period centered around those months (workers have thus at least 12 months of tenure).30 These
worker-month pairs are candidate “placebo” displacement events. We then restrict attention to pairs for
which the worker has at most 72 months of tenure, such that we can calculate placebo statutory SP amount
and FGTS balance as if she was laid off in that month. We also require the worker to have some purchases
in the expenditure data both before and after the 25-month period (again, to make sure that she was a
consistent participant throughout the period). There can be several worker-month pairs for a given for-
mal employment spell in the remaining sample. In that case, we randomly select one worker-month pair
per year. Workers can thus serve as placebo displaced workers at most once a year, but they can do so in
multiple years. We are left with a control group of 220,160 placebo displacement events in 2011-2013.

Table 1 shows that our treatment and control groups differ systematically. For instance, workers in the
control group had higher wages, more tenure, and higher expenditure levels before the (placebo) layoff. Yet,

30In the few cases that a worker has more than one job in a given month, we select the job that pays the highest monthly wage.
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Figure 4a shows that expenditure levels evolved similarly in the two groups prior to layoff, which supports
the common-trend assumption underlying the specification in equation (8). Figure 4a displays the average
monthly expenditure level in each of the 25 months around the event for the treatment and control groups
separately (after netting out month fixed effects, αt). The mean expenditure increases almost linearly in
the control group. It is lower by about R$80 in the treatment group prior to layoff but it grows at a similar
rate, with maybe the exception of the few months just before the event when workers might have learned
already about their upcoming layoff (this is why we use k = −6 as reference month).31 At layoff, the mean
expenditure increases discontinuously by about 35% in the treatment group, exceeding the mean in the
control group for two months. Afterward, expenditure levels decrease quickly, then appear to plateau, but
drop again after month 5 when workers start exhausting their UI benefits. The pattern around UI exhaustion
is fuzzy because workers exhaust UI benefits between months 5 and 7 after layoff (see Figure 2b). We thus
present the results of an event analysis centered around UI exhaustion rather than displacement in Section
4. The mean expenditure in the treatment group is below its pre-layoff levels at the end of the 25-month
window, implying a sizable long-run loss, especially compared to the trend in the control group. This is
despite the fact that about 70% of workers in the treatment group had found a new formal job by then.

We use the specification in equation (8) to quantify the change in expenditures for displaced formal
workers more precisely. Given the differences highlighted in Table 1, we re-weight the observations in the
control group in all our regressions such that it compares better to the treatment group in terms of wage (and
thus UI benefit), total lump-sum job displacement insurance benefit (SP+FGTS), and average expenditure
prior to layoff (over k = −12, ...,−6).32 We estimate regressions in levels but present our results in relative
changes by dividing the β̂k’s coefficients by the mean in the treatment group in the reference month.33

3.2 Main results

Figure 4b presents our first difference-in-differences results. The black line displays estimates using the
whole treatment and controls groups as in Figure 4a (unconditional sample). The red line displays estimates
restricting the treatment group to displaced workers who remain non-formally-employed in each month af-
ter layoff (survival sample; see, e.g., Kolsrud et al. , 2018). Specifically, the whole treatment group is included
prior to layoff (the black and red lines coincide), but afterward, the sample drops workers as soon as they
are reemployed. In other words, the sample only includes workers who “survive” without a formal job in
each month after layoff, whose share in each month is the survival rate in Figure 2d. This is the sample that
could receive job displacement insurance benefits contingent on non-formal-employment.34

Estimates are very close to 0 for most of the pre-layoff period, supporting our common-trend assump-
tion. They become negative in the two months before layoff, at -1.6% and -3.3%, respectively. Workers’
wages may grow slower just before layoff (we do not have high-frequency wage data), workers may be
asked or choose to work fewer hours (we only observe contracted hours), or they may postpone some ex-

31In our survey of UI applicants, 60% of respondents report having learned about their upcoming layoff prior to the layoff month.
Among those, the average worker (resp. median worker) learned about it 3 months (resp. 2 months) prior to the layoff month.

32We define cells by quintile of the wage, quintile of the total lump-sum amount at layoff (SP+FGTS), and decile of the mean ex-
penditure between months k = −12 and k = −6 in the treatment group (250 cells). We then re-weight observations in each cell such
that the cells have the exact same weight in the control group as in the treatment group (see, e.g., Naritomi, 2018). Unless mentioned
otherwise, we always apply a similar reweighing when we present results for or with the control group in the rest of the paper.

33We avoid using logs because users do not report positive purchases in all months. Percentage changes (both the increase at layoff
and the long-run loss) are even larger using different transformations (e.g., inverse hyperbolic sine, see below and Appendix).

34Given that the survival sample changes over time, we divide the β̂k’s coefficients by the mean in the reference month for workers
that still belong to the sample in month k. We also re-weight the observations in the survival sample such that the 250 cells (wage ×
lump-sum × pre-layoff expenditure) have the same weight in each month as in the unconditional sample (and the control group).
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FIGURE 4: EXPENDITURE PROFILE AROUND DISPLACEMENT EVENT

(a) Treatment vs. control (raw averages; unconditional sample)
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(b) DD estimates (unconditional and survival samples)
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(c) DD estimates (sample conditional on no reemployment)
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(d) DD estimates (samples reemployed in months 0, 4, 8, 12)
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The figure presents our main results. Panel (a) displays the average monthly expenditure in each of the 25 months around the event for
the treatment and control groups separately (raw data, we only netted out calendar month fixed effects). The vertical line indicates the
displacement month. Panels (b)-(d) present difference-in-differences results (point estimates and 95% confidence intervals) using the
specification in equation (8); we estimate regressions in levels but present our results in relative changes by dividing the estimated βk’s
by the mean in the treatment group in the reference month (k = −6). The black line in panel (b) displays estimates using the whole
treatment and controls groups (unconditional sample). The red line displays estimates restricting the treatment group to displaced
workers who remain non-formally-employed in each month after layoff (survival sample; see text). Panel (c) presents similar results
from a regression where we restrict the treatment group in all months to the subset of workers who remain non-formally-employed
until at least the end of our event window (conditional sample). This sample is fixed over the 25-month period, thus avoiding composi-
tion effects. Panel (d) presents similar results for different (fixed) subsets of the treatment group, namely workers formally reemployed
in months 0, 4, 8, and 12 after layoff, separately (we always use the full control group). In so doing, we show how expenditures
change at formal reemployment. We omit confidence intervals in panel (d) for clarity, but all groups experience a significant increase
in expenditures at layoff, and the long-run loss is significant for all groups but for those reemployed in month 0.
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penditures until they receive their SP and get access to their FGTS balance.35 We do not focus on this specific
pattern because it is not always robust across samples and subcategories of expenditures (see below).

The most striking pattern is that expenditures increase by 31.4% and 37.6% in the month of layoff and
the subsequent month, respectively. The effect decreases quickly but remains positive in months 2 and 3
after layoff. Estimates are negative and more stable in months 4 and 5, at -3.3% and -5%, respectively. They
then decrease again faster in months 6 to 8, when workers exhaust their UI benefits. The estimates also start
diverging between the unconditional and the survival samples in those months. Hazard rates are higher in
those months (see Figure 2c), increasing more rapidly the share of the unconditional sample that is formally
reemployed, while workers in the survival sample remain by definition non-formally-employed (and with
no UI benefits after UI exhaustion). Estimates are stable in months 8 to 12 and imply a long-run loss of
-14.1% and -17.3% in the unconditional and survival samples, respectively, 12 months after layoff.

Composition effects. Figure 4c shows that the patterns in Figure 4b are not due to a composition effect,
e.g., workers quickly reemployed driving the spike at layoff. It presents similar results from a regression
where we restrict the treatment group in all months to the subset of workers who remain non-formally-
employed until at least the end of our event window (conditional sample).36 This sample is fixed over the
25-month period, and thus avoids composition effects. There is no significant drop in expenditures before
layoff in the conditional sample and the sharp increase in expenditures is only slightly smaller than in the
unconditional sample, at 28.8% and 35.6% in months 0 and 1, respectively. The patterns are generally similar
as for the survival sample afterward, with a long-run loss of -18.4%.37

Reemployment. Figure 4d presents similar results for different (fixed) subsets of the treatment group,
namely workers formally reemployed in months 0, 4, 8, and 12 after layoff, separately (we always use the
full control group). In so doing, we address again concerns of composition effects and we show how ex-
penditures change at formal reemployment. We omit standard errors in the graph for clarity. There are
four lessons in Figure 4d. First, some groups do not experience a drop in expenditures before layoff, but
all of them experience a sharp and significant increase in expenditures at layoff. In particular, the increase
at layoff is unlikely due to a complementarity between leisure (i.e., time) and recorded expenditures in our
data, as we find the same increase for workers reemployed immediately.38 Second, workers reemployed
immediately are the only group that does not experience any significant long-run loss. A likely reason for
the long-run loss in the other samples, despite formal reemployment, is that the wage growth for formally
reemployed workers in the treatment group is 10.8% lower than in the control group.39 Third, expendi-
ture levels systematically increase in the month following reemployment compared to workers reemployed
in later months; the increase at reemployment is sharper in the period after month 8 when workers have
access to no aditional benefits. To complement this finding, we present results from an event analysis cen-
tered around reemployment in the Appendix: expenditure levels increase by about 5% if we use workers
reemployed in months 0 to 10 and by about 10% if we focus on those reemployed after all job displacement
insurance benefits have been exhausted. Thus, there appears to be a real gain from formal reemployment.

35In our survey of UI applicants, 12% of respondents experienced a slower growth in monthly wages in the months before layoff.
36We also re-weight observations in the conditional sample such that the 250 cells (wage × lump-sum × pre-layoff expenditure)

have the same weight as in the unconditional sample (and the control group). Unless mentioned otherwise, we always follow the same
reweighing strategy in the rest of the paper when we use a subset of the treatment group in our regressions.

37In month 12 after layoff, the survival and conditional samples coincide, but our estimated effect differ slightly between the results
for each of the two samples in month 12 because of the inclusion of calendar months fixed effects, αt, in the two separate regressions.

38Such complementarity could arise, e.g., through an increase in the likelihood that a worker provides her ID number when making
purchases, in the proportion of households’ purchases made by the worker, or in the time available to make purchases.

39We use the specification: DeltaLogWageit = αt + β · Treati + εit, where DeltaLogWageit is the difference between the
log(wage) in the new job vs. before displacement (after vs. before placebo layoff in the control group). The regression sample includes
one observation per worker in the control group and per worker formally reemployed by month 12 in the treatment group.
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Fourth, the long-run loss is larger (-24%) for the sample of workers formally reemployed in month 12 than
for the conditional sample, which is composed of workers reemployed only after month 12 (or never ob-
served reemployed in our data). It could be the case that workers experiencing larger drop in expenditures
search harder for a new job or that workers remaining non-formally-employed for a long period have se-
lected into the informal sector (earning informal income).

Robustness checks. The patterns in Figure 4 are not due to outliers, to the fact that we use a specification
in levels, or to the fact that some users are not reporting positive purchases in all months. We show similar
patterns in the Appendix for the median, using the logarithm of the outcome plus 10, using an inverse
hyperbolic sine transformation of the outcome, or restricting treatment and control groups to users who
report positive purchases in all months prior to layoff. Moreover, we obtain similar patterns in the Appendix
if we restrict the treatment group to workers laid off from a downsizing firm, which lost at least 30% of its
workforce in the year of the layoff.40 This latter result addresses possible concerns of endogenous layoffs,
for instance of workers triggering their layoff to access the FGTS balance.

In sum, we find a large increase in expenditures at layoff despite a sizable long-run loss. The increase
at layoff is unique to this paper: existing studies find a drop in expenditures at layoff, but they do not
study a context where workers receive lump-sum job displacement insurance benefits. The long-run loss is
comparable to existing estimates in the literature (e.g., Kolsrud et al. , 2018, estimate a drop of -18.4% one
year after layoff using Swedish data), despite the prevalence of informal job opportunities in our context.

3.3 Heterogeneity by expenditure category

We interpret the findings in Figure 4 as capturing changes in consumption because these findings are robust
across expenditure categories. In particular, as we show here, they are not driven by durables.

Figure 5a displays the composition of expenditures before layoff (average expenditures from k = −12 to
k = −6) in the treatment group. The composition of expenditures was very similar in the control group (we
reproduce Figure 5a for the control group in the Appendix), the main categories being food (mostly gro-
ceries; about 39.5%), other non-durables (mostly personal goods; about 37%), and durables (about 10%).41

Figure 5b displays difference-in-differences results in levels (without rescaling the estimated β̂k’s) for each
of the categories in panel (a), separately (using the unconditional sample); we aggregate all non-durables
together to make our point more clearly (we present results for food and other non-durable expenditures
below and in the Appendix). It shows that non-durables are driving most of the increase in expenditures at
layoff, and most of the long-run loss, although the pattern is visible for durable expenditures as well. In fact,
the increase at layoff and the long-run loss are larger in relative terms for durables (+71.9% to +76.7%; -35.1%
to -25.3%) than for non-durables (+21.3% to +24%; -18.8% to -13.7%). This is shown in Figures 5c and 5d,
which display results for non-durables and durables in relative terms for the unconditional, survival, and
conditional samples (as in Figure 4). Yet, because durables account for only 10% of expenditures (vs. more
than 75% for non-durables), non-durables drive a much larger part of the changes in total expenditures.

40We restrict attention to firms (i) with at least 10 employees 12 months before layoff, (ii) that had not been downsizing in the year
prior to the year of layoff, and (iii) that remained smaller in the year following layoff.

41Durables (about 10%) include personal electronics, home appliances, furniture, vehicles and vehicle parts. Non-durables excluding
food (about 37%) include temptation goods (less than 1%; liquor and tobacco stores, gambling, sugar-related foods such as ice-cream
and candy stores), non-essential personal goods (about 30%; apparel, cosmetics, entertainment, travels, decoration), pharmacy and
health-related expenditures (about 3.5%; mostly pharmacy expenditures), and other non-durables (about 3%; e.g., office supply, pet
stores). Food (about 39.5%) includes groceries (about 36%) and food away (about 3%). Home improvement (about 4%) includes expen-
ditures related to building materials, renovations, and home purchases. Transportation (about 2.5%) includes mostly gasoline. “Other”
(about 2.5%) are sector codes that are not easily classified and “missing” (about 4%) are cases where the sector code is unknown.

23



The finding that durables do not drive our main results is important for interpreting them as consump-
tion responses (Attanasio & Pistaferri, 2016) and as first evidence that liquidity constraints are unlikely to
explain our results (liquidity constraints are more relevant for investments). We reinforce these points by
displaying results for two subcategories of non-durables in Figures 5e and 5f, namely food and entertain-
ment expenditures.42 We find again a large increase in expenditures at layoff despite a sizable long-run loss
in both cases, but the overall pattern is smaller in absolute values for food expenditures (+17.7% to +19%;
-13.8% to -9.6%) than entertainment (+31.78% to +47%; -21.5% to -20.4%). This is consistent with a standard
optimization of spendings within a month, as necessities are less likely to respond strongly to variations
in income. In other words, the coefficient of relative risk aversion γ is likely larger for food expenditures
than entertainment. We show similar results for grocery expenditures separately in the Appendix. The in-
crease at layoff is slightly larger than for food expenditures as a whole (food away is partly a work-related
expenditure) and the long-run loss is slightly smaller (groceries are more likely to include necessities).

A remaining concern for interpreting our results as consumption responses is the possibility of users
substituting purchases from formal to informal stores when experiencing a negative formal employment
shock. In this case, we might underestimate the increase at layoff and overestimate the long-run loss.43

We cannot address this concern directly given that we do not measure informal expenditures in our data.
However, we can address it indirectly by considering pharmacy expenditures (see Appendix). Pharmacies
in Brazil are comparable to those in the UK: they do not sell the same wide range of products as in the US,
but they do not sell only drugs as in some continental European countries. Interestingly, the same survey
data used in Figure 3a reveal that 98% of the types of goods bought in a pharmacy are actually bought
in pharmacies, such that the informality margin is mostly irrelevant. Products sold in pharmacies are less
likely to be “bingeable,” so we should not expect a large increase at layoff. We still observe a significant
increase of about 4%. Moreover, the long-run loss is even larger than for total expenditures (around 35%).

In the rest of the paper, we focus on non-durables and refer to our results as consumption responses.

3.4 Linking our results to job displacement insurance benefits

We link our results to job displacement insurance policies by exploiting existing variation across workers.
Laid-off vs. fired. Figure 6a compares difference-in-differences results for workers who were laid off

(our treatment group in all results so far) and for workers who were fired for cause (fired hereafter) and
were not eligible for any job displacement insurance at separation. The control group is the same in both
cases. We construct the sample of fired workers following the same steps as for laid off workers (see Section
2.4; the “reason for separation” variable has different codes for workers who are laid off vs. fired). We show
results for the unconditional samples only because being fired is rare, so the sample is rather small (4,041
events). As a result, estimates are less precise, particularly when we re-weight the sample of fired workers
in the same way as we re-weight the control group to improve its comparability with our treatment group.

Estimates are close to 0 for both laid off and fired workers in the months prior to displacement, but they
diverge dramatically upon displacement. Fired workers experienced a drop in consumption, which reached
−26.1% in month 1. The sharp difference in consumption profiles between the two groups indicates that job
displacement insurance benefits are driving the increase at layoff in the previous figures. The estimates for
fired workers remain low in the months following displacement such that they remain below the estimates

42This category includes expenditures related to bookstores, toys, sport, movies, DVDs and video games, music, and theme parks.
43In contrast, we might underestimate the increase at layoff and the long-run loss if workers are less likely (resp. more likely) to

provide their ID number to sellers at layoff (resp. in the long-run) because of income effects.
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for laid off workers, even though the share of workers formally reemployed is higher among fired than laid
off workers (this is consistent with incentive effects; see Appendix). The estimates converge at the end of the
25-month window; by then, survival rates in non-formal-employment are also similar in the two samples.

Variation in UI replacement rates. Figure 6b compares difference-in-differences results for workers
who were eligible for different UI replacement rates. We use variation in wages, which is the only source of
variation in UI benefit levels. We compare workers in the top and bottom quartiles of the wage distribution
in the treatment group, after restricting attention to workers who had more than 24 months of tenure at
layoff, such that they were all eligible for 5 months of potential UI duration.44 The average UI replacement
rates in the top and bottom wage quartiles are 41% and 80%, respectively. Tenure levels are also generally
higher in the top wage quartile, implying that the total SP and FGTS amount is higher in the top wage
quartile in proportion to their wage. We thus control flexibly for tenure levels at layoff to net out variations
in the replacement rate from the total SP and FGTS amount. In particular, we use the following specification:

yitk =αi + αt + ∑
q={1,4}

k=12
∑

k=−12
(αkq ·1{Wagei ∈ Qq}+ βkq · Treati ·1{Wagei ∈ Qq}

+
k=12
∑

k=−12
(δk · f (Tenurei) + ηk · Treati · f (Tenurei)) + εitk, (9)

where the sets Qq’s correspond to the quartiles of the wage distribution in the treatment group. The coef-
ficients αkq’s capture event time fixed effects for each wage quartile (we also assign workers in the control
group to the quartile corresponding to their wage at “placebo” layoff); the coefficients βkq’s capture differ-
ential changes in monthly expenditure in the treatment group compared to the reference month, separately
for each quartile. The coefficients δk’s and ηk’s control for tenure effects that are allowed to differ in the
treatment and control groups; in practice, we use a third-order polynomial in tenure for the function f (·).45

Figure 6b displays the estimated βkq’s (divided by the mean in the reference month for treatment work-
ers in the respective quartile) using the survival sample to focus on workers meeting the UI contingency
requirement.46 The increase at layoff is slightly larger for workers with higher UI replacement rates. Esti-
mates are then similar in the two quartiles in months 2 and 3, when they essentially return to 0. The most
interesting difference appears in the following months. While consumption continues to decrease in the top
wage quartile, it remains flat for workers with higher UI replacement rates. The drop in consumption when
they start exhausting their UI benefits is then much steeper for these workers, such that estimates for the
two quartiles converge by month 8. In later months, lower-wage workers fare again better in relative terms,
perhaps because informal work opportunities are closer substitutes to formal jobs for lower-skilled workers.

The differential pattern in Figure 6b links more clearly the consumption drop around UI exhaustion in
previous figures to the UI program. The lack of smoothing among workers with high UI replacement rates
in anticipation of the negative income shock at UI exhaustion (in months 3-5) is also particularly striking,
and will be even clearer in the event analysis centered around UI exhaustion in Section 4. It further indicates
to our consumption patterns are not easily rationalized by liquidity constraints (Ganong & Noel, 2017).

Variation in SP and FGTS. We follow a similar approach to compare difference-in-differences results for
workers who were eligible for different replacement rates from the total SP and FGTS amount. We compare

44We exploit the variation in potential UI duration through a RD design in the next section (the sample size is relatively small).
45We do not use weights when estimating the specification in equation (9) given that we exploit variation in wages and control for

the other source of variation in SP and FGTS amounts, directly.
46Results for the unconditional sample, as well as differences in survival rates, are presented in the Appendix.
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workers in the top and bottom quartiles of the tenure distribution in the treatment group, after we restrict
attention to workers with more than 24 months of tenure at layoff to net out variations in potential UI
durations, and we control flexibly for wages to net out variations in UI replacement rates. The specification
is the same as in equation (9), replacing Tenurei by Wagei and vice-versa. On average, the SP and FGTS
amounts reach 428% and 670% of the pre-layoff wage in the bottom and top tenure quartiles, respectively.

Figure 6c displays the estimated β̂kq’s (divided by the mean in the reference month for treatment workers
in the respective quartile) using again the survival sample.47 The estimates in months 0 and 1 are large in the
bottom tenure quartile (+26% and +32.4%), but they are much larger in the top tenure quartile (+30.1% and
+42.8%). This differential pattern links more clearly the increase in consumption at layoff in previous figures
to the lump-sum job displacement insurance benefits. The difference does not quite reach the difference
in SP and FGTS amounts because workers likely save part of these financial resources. Accordingly, the
estimates remain higher in the top tenure quartile for a few months, although they converge by the end of
the 25-month window. Workers also likely increase other spending categories that are not captured in our
data. For instance, in our survey of UI applicants, 26.5% of respondents report planning to use their SP and
FGTS amounts to repay debts accumulated in previous months.

3.5 Heterogeneity by worker characteristics

Finally, Figure 7 presents some heterogeneity in our results by worker characteristics. Each line in each
panel comes from a separate regression for non-durable expenditures, using the specification in equation
(8) and re-weighting the respective subsample such that it compares better to the overall treatment group.

Panel (a) shows that consumption profiles around displacement are similar for female and male workers.
This is useful to the extent that the proportion of households’ purchases made by the worker is less likely to
vary for women than for men. The larger long-run loss for female workers is likely due to the fact that they
take longer to find a new formal job (we display survival rates by worker characteristics in the Appendix).

Panels (b) and (c) compare workers with less than vs. at least a high school degree and workers with
less vs. more than the median age in the treatment group, respectively. The overall patterns are again
similar, but present some interesting differences. There is a general view in the literature that informal
job opportunities may be easier to find and may constitute better substitutes for formal jobs among lower-
skilled and younger workers (Perry et al. , 2007). Accordingly, the long-run loss is smaller and almost
identical in the unconditional and the survival samples for lower-educated workers. The long-run loss is
also almost identical in the unconditional and the survival samples for younger workers. This indicates
that, although their need for job displacement insurance may be sizable, the gains from making benefits
contingent on non-formal-employment may be limited for lower-skilled and younger displaced workers.
On average, older workers are able to maintain higher consumption levels after layoff (despite the fact that
they take longer to find a new formal job), but those who remain without a formal job at the end of the
12-month window have the same long-run loss as younger workers. Older workers may thus be better
prepared to cope with income shocks but they may particularly suffer from leaving the formal sector.

Finally, panel (d) shows that workers with previous experience with the consequences of job displace-
ment appear able to main higher consumption levels after layoff. Specifically, the dashed lines display
difference-in-differences results for workers who experienced another layoff from a formal job in the previ-
ous 5 years, had at least 12 months of tenure at that time, and remained at least 9 months without a formal
job then (but less than 12 months to avoid including workers who transitioned into the informal sector).

47Results for the unconditional sample, as well as differences in survival rates, are presented in the Appendix.
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4 Expenditure profile around UI payments and UI exhaustion

The evidence so far shows that consumption increases sharply at layoff, and that workers do not seem to
smooth consumption in anticipation of the negative income shock at UI exhaustion, despite the steeper
consumption drop afterward. The pattern around UI exhaustion in the previous figures is fuzzy, however,
because workers in our sample exhaust UI benefits at different points in time between months 5 and 7
after layoff. We thus present here the results of an event analysis centered around UI exhaustion. We
end the section by presenting the results of a Regression Discontinuity (RD) analysis, which compares the
consumption and reemployment patterns of workers who were eligible for different potential UI durations.

4.1 Empirical strategy

The empirical strategy builds on the analysis in the previous section. We select all cases in the treatment
group for which workers were eligible for 5 months of UI – they had more than 24 months of tenure at
layoff – and were observed drawing 5 monthly UI payment in the data (we have UI payment data until
2012). For each of these 15,774 UI spells, we know the precise date and value of each monthly UI payments.
We then fetch all the daily expenditures (by category) in the 8 months before and the 5 months after the last
UI payment. Next, we use observations in the control group with the same (placebo) layoff months to net
out overall trends in the data. Specifically, for each category, we calculate the growth in average expenditure
levels in the control group in each month after layoff compared to the layoff month. We do this separately
for each of the 250 cells used in the re-weighting described in Section 3.1. Within each cell and by category,
we then subtract this counterfactual growth from the expenditure levels of workers in the treatment group.
Finally, we use these de-trended outcome variables in a standard event analysis specification:

yitk = αi + αt +
k=k

∑
k=k

βk + εitk, (10)

where αi’s and αt’s are fixed effects for each worker and each month. The coefficients βk’s capture changes
in de-trended expenditure levels yikt in the time periods k around a UI payment event (between a first
period k and a last period k) compared to a reference period. We define our time periods k carefully because
UI payment dates can occur on any day within a month and because, as we show below, expenditure levels
within a month are sensitive to the timing of UI payments. Finally, we cluster standard errors by worker.

4.2 Expenditure profile around UI payment dates within a month

Figure 8a presents the results of an event analysis based on the specification in equation (10), in which we
investigate how non-durable expenditures change around UI payment dates within a month. Our window
of analysis starts at the first UI payment date. We then divide the time between two payment dates – usually
around 30 days – into four quarter-month periods: three 7-day periods spanning the first 21 days since a UI
payment date (the first period includes the payment date) and a fourth period including the remaining
days until the next UI payment date. To investigate how expenditure levels evolve after UI exhaustion in
the same analysis, we construct comparable time periods after the last UI payment. We randomly assign
dates for 5 additional (hypothetical) UI payments after UI exhaustion, using the actual distribution of days
between UI payment dates in the data, and we divide again the time between hypothetical payment dates
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into similar quarter-month periods. Finally, we average expenditures at the worker-by-period level and we
use the time period preceding the last UI payment as reference period.48

Figure 8a displays results in relative changes by dividing the estimated β̂k’s by the mean in the treatment
group in the reference time period. It shows that non-durable expenditure levels follow a systematic pattern
over the UI spell: expenditure levels increase by 15%-20% in the 7 days following a UI payment and then
decrease quickly in subsequent periods until they increase again following the next UI payment. Relatedly,
we show in the Appendix that we also obtain similar patterns around paydays for formal employees in our
data, using the fact that monthly salaries must be paid before the fifth business day of each month in Brazil.

This is another piece of evidence that expenditure levels are very sensitive to cash-on-hand in our context
and it is consistent with other findings in the literature, e.g., that expenditure levels within a month are very
sensitive to the timing of food stamp payment in the US (Hastings & Washington, 2010) or paydays in
Iceland (Olafsson & Pagel, 2016). However, we recognize that these results may not constitute consumption
responses, as most goods become durable at a high-enough frequency. Yet, Shapiro (2005) shows that similar
expenditure patterns for food stamp beneficiaries in the US correspond to consumption responses.

Figure 8a also shows that expenditure levels are generally decreasing over the first time periods in our
window of analysis, but appear relatively constant in the time periods leading to the last UI payment. This
is consistent with the findings that expenditure levels decrease quickly after month 1 in previous figures
(the first month after layoff), but that the drop appears to plateau in months 3 to 5. Figure 8a reinforces our
interpretation of this latter finding as suggesting a lack of anticipation of the negative income shock at UI
exhaustion: the sharp increase in the 7 days after the last UI payment date is as large as increases following
previous payment dates in the UI spell. Finally, our estimates in subsequent periods are centered around
0, implying that workers spend about the same in these periods as they did in the period just before a UI
payment date during the UI spell, even though many UI exhaustees find a new formal job in these periods.

In theory, the patterns around and after UI exhaustion in Figure 8a could be affected by composition
effects because the hazard rates of formal reemployment increase after UI exhaustion (see Figure 2): an
increase in consumption among formally reemployed workers could be mitigating a reduction in consump-
tion among those who remain without a formal job. We thus present the results from a similar analysis in
Figure 8b for the subset of workers who remain without a formal job until the end of the time window con-
sidered in this analysis. The increase in expenditure levels in the 7 days following the last UI payment date
is again as large as increases following previous payment dates in the UI spell. In following periods, expen-
diture levels drop below 0, which is consistent with the larger long-term loss in consumption in previous
figures for workers who remain without a formal job.

4.3 Expenditure profile around UI exhaustion

Our estimates for the time periods leading to and following the last UI payment in Figures 8a and 8b imply
that we would find a sharp and persistent drop in expenditure levels if we were to aggregate the data in
30-day periods around UI exhaustion. Figures 8c-8d show the results from such an analysis, for a window
of 90 days before and 150 days after the last UI payment date. We aggregate the data in 30-day periods
centered around UI exhaustion (period 0 is the 30-day period just after, and including, the last UI payment
date) rather than in months because expenditure levels are not smooth between UI payment dates (as shown
in Figures 8a and 8b) and because payment dates can fall on any day within a month.

48The month fixed effects are based on the month of the first day in each time period.
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Figures 8c and 8d use the same samples of UI exhaustees as in Figures 8a and 8b, respectively. Our
estimates are around 0 in the periods leading to the last UI payment (the 30-day period prior to the last UI
payment is the reference period), confirming the lack of smoothing in anticipation of UI exhaustion. We find
no evidence that workers decrease their consumption even in the 30 days after their last UI payment in Fig-
ure 8c, despite the 5%-7% drop that they experience in subsequent periods (at this level of aggregation, we
interpret again our estimates as capturing consumption responses). In Figure 8d, there is a slight decrease
in consumption starting in period 0, although our estimates are only statistically significant from period 1
onward. It thus seems that workers who would likely benefit the most from starting to smooth their con-
sumption earlier – the consumption drop after UI exhaustion reaches 12% in this sample – start reducing
their consumption in the 30 days after their last UI payment. The spike for the 7-day period after the last UI
payment in Figure 8b indicates that this takes place towards the end of the 30-day period, however.

We show similar patterns in the Appendix for the median, using the logarithm of the outcome plus
10, or using an inverse hyperbolic sine transformation. In all cases, we find no evidence of consumption
smoothing in anticipation of UI exhaustion, despite a sizable drop in consumption in subsequent periods.

The results in this section suggest that a high degree of myopia or severe saving constraints may best
rationalize the consumption profile of displaced formal workers in our context. We make this point more
formally in the next section by introducing myopia and saving constraints into the model laid out in Section
1 and by showing that, in so doing, we can fit the consumption and reemployment patterns in our data
(in progress). Before proceeding, however, we present the results of a RD analysis, which compares the
consumption and reemployment patterns of workers eligible for four vs. five monthly UI payments. These
results complement our findings (the sample size is small, so estimates are less precise) and provide out-of-
sample moments to evaluate the predictive power of our estimated models.

4.4 Regression discontinuity analysis

Our analysis exploits the same RD design as in Gerard & Gonzaga (2016) with different samples and out-
comes. That paper provides more details on the sample restriction and specification choices used below.

Sample. Displaced formal employees were eligible for three, four, or five months of UI if they had more
than 6, 12, or 24 months of accumulated tenure in the 36 months prior to layoff. In this section, we exploit
the discontinuity at the 24-month cutoff for workers who had a single formal job in the previous 36 months.
We focus on workers who had a single formal job in the previous 36 months because of a data limitation:
the measure of tenure in RAIS underestimates the measure used by the UI agency by up to two months
for every job spell. We thus measure the running variable, and consequently UI eligibility, more precisely
for workers who had a single formal job spell in the previous 36 months. We focus on the 24-month cutoff
because the usual conditions supporting the validity of a RD design appear to hold at this cutoff: the layoff
density is smooth and there is no difference in sample composition at the cutoff (see below). In contrast, the
layoff density is not smooth around the other eligibility cutoffs (see Gerard & Gonzaga, 2016).

Our main sample of analysis includes the subset of displaced workers in the user sample who had a
single full-time private formal job in the previous 36 months. Workers with less than 22 months (resp. more
than 24 months) of tenure at layoff were eligible for four (resp. five) monthly UI payments. Workers with
22 to 24 months of tenure were eligible for either four or five monthly UI payments because of the noise in
our measure of the running variable. We restrict the sample to workers who had between 16 and 30 months
of tenure such that we have a six-month window on each side of the cutoff for which we assess workers’
potential UI duration precisely. The final sample includes 8,844 layoff events for which we have expenditure
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and formal employment data and 2,364 for which we also have UI data covering their entire UI spell.
Empirical strategy. Let Ti be the normalized tenure of worker i, such that Ti = 0 at the 24-month cutoff.

Without noise in our measure of the running variable, we would simply regress an outcome yi on a constant,
an indicator for tenure levels above 24 months 1 (Ti ≥ 0), and a control function in tenure f (Ti):

yi = α+ β · 1 (Ti ≥ 0) + f (Ti) + εi, (11)

The average treatment effect at the cutoff is captured by β under a continuity assumption for the control
function at Ti = 0. In practice, we approximate the control function with local linear functions on each
side of the cutoff using a triangular kernel. We then address the ambiguous eligibility of workers with 22
to 24 months of tenure by excluding them from our regressions (we are left with 7,613 observations; 2,028
observations have UI data). With this “donut hole” approach, which we illustrate in Figure 9 (see below),
the value of the outcome at the cutoff from the left is thus estimated by a local linear function fitted only to
observations below 22 months. Finally, we cluster standard errors at the tenure level.

We provide evidence supporting the validity of our RD design in the Appendix. In particular, we show
that there is no visible or significant change in the distribution and composition of our sample around the
cutoff, by presenting a series of RD graphs and RD estimates using the specification in equation (11).

Results. First, we present results for UI outcomes, using the subsample with UI data. Figure 9a plots
the share of workers who drew five monthly UI payments by tenure levels. The share is close to zero for
workers with less than 22 months of tenure. It then increases between 22 and 24 months of tenure, as
more workers are eligible for five UI payments,49 and reaches around 60% above 24 months of tenure. The
change in potential UI duration around the cutoff thus impacted the actual UI duration. The lines in the
figure illustrate our empirical strategy. The line on the left of the cutoff (resp. right of the cutoff) is estimated
using observations in a bandwidth of six months below 22 months (resp. above 24 months) of tenure. The
treatment effect is the difference between the two lines at the cutoff, a significant increase of 58.2pp.50

Figure 9b shows that the increase in UI duration is concentrated in months 5 and 6 after layoff. It displays
RD estimates (with their 95% confidence intervals) from using the specification in equation (11) in each
month since layoff, separately; the outcome is a dummy variable for drawing UI benefits in that month.
Workers eligible for five monthly UI payments were 22.3pp and 31.8pp more likely to draw UI benefits in
months 5 and 6, respectively. The estimates are small and insignificant in adjacent months.

Next, we present results for formal reemployment outcomes, using the full sample to increase precision.
Figure 9c shows that workers eligible for a longer potential UI duration delayed formal reemployment. It
displays RD estimates in each month since layoff using a dummy variable for remaining without a formal
job at the beginning of that month as outcome. The estimated effects, which capture differences in the survival
rates in non-formal-employment at the beginning of each month, are increasing over time. The difference
is marginally significant (at the 10% level) in month 5 (+3.9pp), indicating that workers with different po-
tential UI durations had different formal job finding rates prior to any difference in their eligibility to draw
additional UI benefits. The differences in survival rates in the first few months after layoff are more precise
in Gerard & Gonzaga (2016) and become significant earlier in their case. There is thus some effect on formal
reemployment in anticipation of UI exhaustion in our context, a pattern that has been documented in other
contexts as well (see, e.g., Card & Levine, 2000, for the US). The difference in survival rates increases to

49The increase in the share of workers who drew five monthly UI payments would start at lower tenure levels, and would be much
less sharp, if we had not selected workers with a single formal job spell in the previous 36 months.

50We also show in the Appendix that we find no effect on UI takeup.
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7.9pp and is statistically significant at conventional levels in month 6, implying that workers on the right of
the cutoff further reduced formal job finding in month 5, when they were more likely to draw UI benefits.
The estimated effects then remain relatively stable until the beginning of month 8, and only start decreasing
once workers eligible for five monthly UI payments were not drawing any UI benefits anymore.

Finally, we present results for relative changes in non-durable expenditures, using again the full sample
to increase precision. Figure 9d displays RD estimates in each month since layoff for the median.51 The
estimated effects are close to 0 before and just after layoff, but they become positive precisely around the
time workers on the right of the cutoff are more likely to draw UI benefits. The increase in consumption
is marginally significant (at the 10% level) and reaches 25.1% in months 5, and it peaks at 40.2% and is
significant at conventional levels in month 6. We show in the Appendix that RD estimates for the mean are
too noisy (the sample size is relatively small), but results are consistent with those in Figure 9d for non-linear
transformations of the outcome. In sum, the results in Figure 9d are consistent with the apparent lack of
consumption smoothing in anticipation of UI exhaustion in Figure 8.

5 Models of behavior rationalizing our findings

In this section, we follow a recent strand in the literature and explore how simple models of behavior can
fit the consumption and formal reemployment patterns in our data. In particular, we consider variants of
the standard model in DellaVigna et al. (2017), which they show can fit reemployment patterns in their
data relatively well (although the point of the paper is that a reference-dependence model can perform even
better without any heterogeneity).52 This model corresponds to the model laid out in Section 1.

5.1 Target empirical patterns for the estimated models

For simplicity, the target empirical moments for our estimated models to match are based on the subset of
displaced workers eligible for five monthly UI payments who took up UI in their first month of eligibility.
The main advantage of selecting this specific estimation sample is that it allows us to align the months
to/since the layoff event and the UI exhaustion event nicely.53 This is shown in Figure 10. Panel (a) displays
the share drawing UI benefits and the hazard rate of formal reemployment in each month since layoff. UI
takeup and UI exhaustion take place in month 1 and month 5, respectively, for all workers in the estimation
sample. The hazard rate of formal reemployment, which is increasing over the UI spell,54 increases more
sharply than in Figure 2c, peaking in month 6 at around .2 and decreasing in subsequent months. Panel (b)
displays difference-in-differences estimates for non-durables expenditures, in which the treatment group is
restricted to the survival subset of our estimation sample. The increase in consumption at layoff is sharper
than in Figure 5c, peaking in month 0 at +48.9% and decreasing in the following month already, but the
cumulative increase over the first 3 months is comparable. The pattern around UI exhaustion is sharper
than in Figure 5c, with the drop in consumption taking place just after UI exhaustion as in Figure 8d.

51We use the outcome in levels in the regression and then divide the estimated coefficients by the median on the left of the cutoff.
52We thank the authors for sharing their codes. We do not use their reference-dependence model as our benchmark because, on its

own, reference-dependence would not predict the most striking pattern in our data, i.e., the spike in consumption at layoff (it is also
more demanding computationally). This does not imply that reference-dependence is inconsistent with our findings.

53In so doing, we also follow DellaVigna et al. (2017) and Ganong & Noel (2017) by taking the timing of UI takeup as given.
54The decrease in the hazard rate in the first months after layoff in Figure 2c is driven by workers who do not takeup up UI.
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5.2 Structural model

We adapt the discrete-time model in Section 1, and impose a few additional assumptions, in order to set up
a simple structural model that is able to fit the consumption and formal reemployment patterns in our data.

Time and job search. We assume that time periods correspond to months, such that the variable hi,t in
the model corresponds to the probability of reemployment from one month to the next. As in DellaVigna
et al. (2017), we assume that the search cost function takes the form: ψ(hi,t) = ki · h

1+γ
i,t /(1 + γ), where the

cost of search ki can vary across workers. Given this assumption and equation (1), the first-order condition
for hi,t is given by: ki · h

γ
i,t = δ ·

[
Vi,t+1(ai,t+1)−Ui,t+1(ai,t+1)

]
, where the expression on the right-hand

side is the net gain from reemployment in period t+ 1. We also have:

ht ≡
∫
hi,t di =

∫ (
δ ·
[
Vi,t+1(ai,t+1)−Ui,t+1(ai,t+1)

]
ki

)1/γ

di (12)

The parameter γ is thus the inverse of the elasticity of search effort with respect to the net gain from reem-
ployment. Equation (12) also shows that, for a given elasticity, the scale of the costs of search ki must be
adjusted to the scale of the net gain from reemployment – e.g., it is a function of the discount factor δ and
the cardinal utility of consumption – to match our first set of moments, the hazard rates in Figure 10a.

Utility of consumption. We assume that the per-period utility of consumption takes the form: ν(ci,t) =[
c1−θ
i,t − 1

]
/(1− θ) for θ 6= 1 and ν(ci,t) = ln(ci,t) otherwise, where the parameter θ is the inverse of the

elasticity of inter-temporal substitution or of the coefficient of relative risk aversion.
Wage and benefits. We set the wage prior to layoff, the UI replacement rate, and the replacement rate

from the total SP and FGTS amount at the mean in our estimation sample: we = R$1, 439, b/we = .69, and
f/we = 4.73. We also set the reemployment wage wr = .856 ·we because we find that the wage growth for
formally reemployed workers in the estimation sample is 14.4% lower than in the control group.55

Saving and borrowing. As in DellaVigna et al. (2017), workers are assumed to have zero assets at layoff,
they cannot borrow against their future income, ai = 0, and any savings yield zero interest, r = 0. Displaced
workers often have no or only very limited liquid savings at layoff (see, e.g., Chetty, 2008, for the US). In
our survey of UI applicants, more respondents had positive debts than positive savings (59% vs. 46%) and
only one third of respondents reported “drawing down my savings” as one of the ways they would be able
to find the equivalent of one monthly wage in case of an emergency (they could report multiple options).

Other income and informality. We introduce two additional assumptions to rationalize the fact that
consumption does not drop to zero after UI exhaustion, or after layoff for workers who are not eligible for
any job displacement insurance. First, we assume that workers have another source of income to finance
their consumption, which is constant over time. In our survey of UI applicants in São Paulo, for instance, the
median respondent lived in a two-adult household, and her household income before layoff was between 3
and 5 times the minimum wage, while her own wage was only between 2 and 3 times the minimum wage.
In particular, we assume that workers live with another adult who earns the same wage we and that the
two of them pool their financial resources, such that workers have an income of at least we/2 in all periods.
Together with the “zero assets at layoff” assumption, this implies c = we prior to layoff.

Second, to rationalize the fact that consumption never drops by as much as 50% after layoff, we allow
workers to engage in some informal work activities while not yet formally reemployed. This is a natural

55We use the specification: DeltaLogWageit = αt + β · Treati + εit, where DeltaLogWageit is the difference between the
log(wage) in the new job vs. before displacement (after vs. before placebo layoff in the control group). The regression sample includes
one observation per worker in the control group and per worker formally reemployed by month 12 in the estimation sample.
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assumption in the Brazilian context. Specifically, we assume that displaced workers who are not formally
reemployed can earn additional income li,t ·wl at a utility cost: φ(li,t) = χi · l1+λi,t /(1 + λ). Without infor-
mation on informal wages for our sample, we set wl = wr but impose the restriction l ∈ [0, 1], such that
informal earnings cannot exceed formal earnings. The value function Ui,t(ai,t) thus becomes:

Ui,t(ai,t) = max
li,t,hi,t,ai,t+1

νi(ci,t)− φ(li,t)−ψi,t(hi,t) + δ ·
[
hi,t · Vi,t+1(ai,t+1) + (1− hi,t) ·Ui,t+1(ai,t+1)

]
Note that the same model extension could capture other (costly) income-generating activities, such as
added-worker effects, although it is natural to refer to informal work activities in our context.

Other purposes for the lump-sum at layoff. We assume that our second set of moments – the rela-
tive changes in non-durable expenditures in Figure 10b – capture relative changes in consumption in our
model. However, we have shown that displaced workers use part of their lump-sum amount at layoff
to buy durables. Moreover, in focus groups conducted with displaced workers in São Paulo, participants
mentioned using part of their lump-sum to repay debts. There may thus be a demand for lump-sum in
our context that is separate from any job displacement insurance purpose. This idea is also supported by
findings from surveys that we conducted with formal employees in São Paulo. About 75% of respondents
reported that they would prefer a system granting them access to their forced savings account every 3 years,
irrespective of layoff history. This figure is larger than the share of respondents who would prefer having
access to their forced savings account immediately (48%) or who would prefer their monthly forced savings
to be added to their wage instead (43%). In practice, we thus allow the lump-sum amount f to be a free
parameter bounded between zero and the full statutory amount (473% of the wage prior to layoff), such that
we allow part of the lump-sum to serve purposes that are not captured by our model (e.g., repaying debts).

Estimation. The first model that we estimate allows for two worker types in proportion s1 and (1− s1),
respectively. We assume that they have different search costs κ but that the cost of informal work χ and the
inverse of the elasticity of informal work λ are the same for all workers (it is unclear whether we would be
able to identify heterogeneity in those parameters). The vector of free parameters ξ thus includes: (i) the
levels of search cost for the two worker types, κ1 and κ2, the share of the first type in our estimation sample,
s1, and the inverse of the elasticity of search effort, γ; (ii) the discount factor δ, (iii) the cost of informal
work, χ, and the inverse of the elasticity of informal work, λ; and (iv) the lump-sum amount used to finance
consumption, f . For a given vector ξ, the model is solved by backwards induction (see DellaVigna et al. ,
2017, for more details). We then use indirect inference to choose the vector ξ̂ that minimizes the distance:
(m(ξ)− m̂)′ V (m(ξ)− m̂), where the vector m̂ includes the empirical moments in Figure 10, the vectorm(ξ)

includes these same moments as predicted by the model for a given vector ξ, and V is a weighing matrix (we
use the identity matrix for now). The algorithm selects ξ̂ by randomly drawing a set of N vectors of initial
values for the free parameters, by finding the best estimator ξ̂n for each vector (i.e., a local minimum), and
by selecting the best estimator among those N local minima. Below, we present some preliminary results
based on 300 random draws, but we are still in the process of refining the estimation algorithm.

Identification. The parameters are estimated jointly but the features of our empirical moments that
likely identify each of our parameters seem rather intuitive. The heterogeneity in search cost is necessary to
rationalize the downward sloping curve in the hazard rates of reemployment after UI exhaustion, and the
hazard rates towards the end of the period identify the search cost of the higher cost type, κ1. The inverse
of the elasticity of search effort, γ, is identified by the change in the hazard rates around UI exhaustion. The
level of the hazard rates in the first few months and the shape of the hazard rates when they decrease after
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UI exhaustion identify the share of higher cost types, s1, and the search cost of the lower cost type κ2.
The discount factor, δ, is identified by the sharpness of the change in the hazard rates around UI exhaus-

tion (i.e., a patient worker would increase search effort prior to reaching UI exhaustion), of the increase in
consumption at layoff (i.e., a patient worker would save to insure herself against the risk of remaining non-
formally-employed in later months), and of the drop in consumption at UI exhaustion (a patient worker
would save part of her job displacement insurance benefits in anticipation of UI exhaustion). The cost of
informal work, χ, and the inverse of the elasticity of informal work, λ, are identified by the level of con-
sumption after all job displacement insurance benefits have been exhausted and by the size of the drop in
consumption at UI exhaustion. Finally, the value of the lump-sum amount used to finance consumption, f ,
is identified by the magnitude of the increase in consumption in the first few months after layoff.

5.3 Main results

Column (1) in Table 2 displays preliminary results for estimating the free parameters in the model presented
above, for the case of a log utility over consumption (θ = 1), which is the functional form used in DellaVigna
et al. (2017).56 Figure 11 shows that the moments predicted by the model given these estimates fit the empir-
ical moments relatively well. We only slightly underestimate the spike in consumption at layoff and slightly
overestimate the drop in consumption at UI exhaustion, which is why our results are still preliminary.

The estimated monthly discount factor is quite low, at δ̂ = .85, which is equivalent to a yearly discount
factor of .143. Thus, a high degree of impatience is necessary for the model to rationalize the patterns in our
data. Interestingly, the degree of impatience is comparable to the one estimated by DellaVigna et al. (2017)
for their standard model (equivalent to a yearly discount factor of .175). Our estimate of the inverse of the
elasticity of job search (γ̂ = .389) is also quite similar to theirs (γ̂ = .35). The model requires a high degree
of heterogeneity in the other job search parameters to fit our data: the cost of search is 4.7 times higher for
the higher-cost type than for the lower-cost type, which constitute more than two thirds of the sample.

We estimate that the lump-sum amount used to finance consumption reaches f̂ = R$3599.68, which
corresponds to 250% of the wage before layoff or 53% of the full statutory lump-sum amount. Our estimate
thus implies that a large share of the lump-sum is used for other purposes. Note, however, that this estimate
is likely too low given that we slightly underestimate the increase in consumption at layoff, while at the same
time overestimating consumption in months 3 to 5 after layoff when asset levels are back to 0. The latter
implies that we overestimate informal earnings in those months, suggesting that we could also improve our
estimates of the parameters determining workers’ informal earnings by refining the estimation algorithm.

5.4 Counterfactual policies

We are currently exploring whether other simple models of behaviors could also rationalize the patterns in
our data (for instance, a model with a higher discount factor but with savings constraints). However, we
can already use the model estimated above to illustrate the possible impact of alternative job displacement
insurance designs in our context. For instance, Figure 12 displays the hazard rates of formal reemployment
(panel a) and the relative changes in consumption (panel b) for the estimation sample, as predicted by our
estimated model under three alternative job displacement insurance policies.

First, we consider a policy in which displaced workers are not eligible for any UI benefits (blue lines in
the graphs); they only receive the lump-sum amount at layoff. We find that consumption would still spike

56We are currently estimating models with different curvatures for the workers’ utility over consumption.
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by about 30% at layoff. This indicates that an increase in consumption at layoff when workers are eligible
for SP is not necessarily limited to settings where workers are also eligible for UI benefits. The results also
highlight the tradeoff with eliminating UI: formal reemployment rates would be higher in the first few
months without UI incentive effects, but consumption levels would be systematically lower.

Second, we consider a policy that reduces the potential UI duration to four months (green lines in the
graphs), mimicking the variation in the RD analysis in Section 4.4. We find that consumption would be
identical in all months except in month 5 after layoff, when workers eligible for 5 months of UI would draw
their additional UI payment. Yet, workers eligible for a shorter potential UI duration would increase search
efforts even in the months prior to UI exhaustion, despite the high degree of impatience that we estimated.
These results indicate that our estimated model is consistent with the findings of our RD analysis and with
the evidence of anticipation effects in search efforts found in other studies (see, e.g., Card & Levine, 2000).

Third, we consider a budget-neutral policy in which workers would receive the UI benefits drawn by
the average worker in the sample (i.e., with the average UI duration) in a lump-sum fashion at layoff, on
top of the SP amount of the current system (red lines in the graphs). Panel (a) shows that search efforts
would be higher than in the current system in the first few months given the absence of UI incentive effects
(they would be initially lower than with the “no UI benefits” policy because of income effects). However,
panel (b) highlights the tradeoff with this counterfactual policy when consumption is highly sensitive to
the timing of payments: consumption would be much higher in the first few months, but would be lower
than in the current system in months 3 to 5 after layoff. The disbursement policy of UI programs may thus
help workers better smooth their consumption. These results illustrate why a majority of the UI applicants
that we surveyed may say that they would not want to receive all their UI benefits in a lump-sum fashion at
layoff despite the clear financial advantage, and mention the need “to control expenditures” or “to not spend
it all at once” to explain their choice. This also suggests that the degree of discounting that we estimate may
not represent workers’ “optimal” preferences, i.e., the “normative” preferences to use for a welfare analysis.

5.5 Alternative models of behavior

In this section, we discuss the ability of alternative models of behavior to match the formal reemployment
and consumption patterns in our data, and their predictions under counterfactual policy designs.

A. High discount factor. First, we show how the predictions of the model compare if we don’t allow
workers to discount the future so heavily. Specifically, we re-estimate the same model fixing the discount
factor at a much higher level (δ = .995). To maintain the same financial resources, we also fix the lump-sum
amount used for consumption at the level estimated in the previous section. The estimated parameters are
reported in column (2) of Table 2, and the moments predicted by this model are displayed in Figure 13, for
the current system and for our three counterfactual job displacement insurance policies.

The estimated model is able to match the overall shape of the hazard rates of formal reemployment. As
expected given the discussion of equation (12), the scale of the estimated search costs is much higher with
the higher discount factor. The elasticity of of search effort with respect to the net gains from reemployment
is also much higher, but the model predicts changes in search effort under our counterfactual policies that
are comparable to those in Figure 12. In contrast, it fails to match the consumption patterns in our data:
displaced workers are predicted to smooth their consumption after layoff, maintaining their pre-layoff con-
sumption levels until UI exhaustion, and then gradually decreasing consumption in subsequent months.

Figure 13 also illustrates the standard tradeoff between SP and UI based on their different contingent
policy. Panel (a) shows the potential gains in terms of job-search incentives from paying all job displacement
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insurance benefits in a lump-sum fashion at layoff. Panel (b) shows the potential loss in terms of insurance
value, as workers are not insured against the risk of remaining non-formally-employed anymore with this
hypothetical reform. The changes in consumption patterns appear much less dramatic than the changes in
reemployment rates in Figure 13. However, Figure 12 shows that this is not necessarily the case once we
account for the fact that consumption is highly sensitive to the timing of payments.

B. High beliefs regarding reemployment probabilities. Second, we show that the model does not pre-
dict a spike in consumption at layoff, even for workers who believe that they will be reemployed quickly.
Specifically, we simulate the model in the previous section using the estimated parameters reported in col-
umn (1) of Table 2, but fixing the discount factor at δ = .995. The key difference with the simulation results
in Figure 13 is that we do not re-estimate the other parameters. As expected given the above discussion, we
show in the Appendix that this model dramatically over-estimates the hazard rates of formal reemployment
(the search costs are now “too low” given the higher discount factor). Therefore, in this model, displaced
workers believe that they will be reemployed quickly when making their consumption decision in the first
few months after layoff. Yet, even with such beliefs, we show in the Appendix that the model does not
predict a spike in consumption at layoff. This exercise thus indicates that simply having high beliefs regarding
reemployment probabilities does not easily generate the consumption patterns in our data.

C. High discount factor and savings constraints. IN PROGRESS

6 Conclusion

Taken together, our results lead to three main conclusions. First, consumption is highly sensitive to cash-
on-hand, even in a context where a windfall of cash is accompanied by a large negative shock, such as the
loss of a formal job. We find that displaced workers increase consumption at layoff by about 35% despite
experiencing a long-term consumption loss of about 17% when they stop receiving any benefits; that they
spend 20% more in the week they receive their monthly UI paycheck; that they fail to smooth consumption
in anticipation of the (expected) drop in income at UI exhaustion, which is associated with a 10% drop in
consumption; and that workers who are eligible for one additional month of UI consume significantly more
only in the period during which they draw the additional UI payment.

This finding implies that the disbursement policy of job displacement insurance schemes may affect their
insurance value to workers. In particular, the trenched disbursement of UI benefits may help displaced
workers better smooth consumption compared to a SP program, which relies on workers optimally dis-
saving their benefit amount. The importance of this difference in disbursement policy has been largely
overlooked in the debate between UI and SP, which focuses on the difference in their contingency policy.

Second, the long-term consumption loss in our setting is comparable to estimates from other studies and
indicates that there is a need for job displacement insurance despite the higher labor market informality.
This is important because the need for job displacement insurance is not obvious ex-ante in our context:
government-mandated schemes can only insure formal workers, and the informality margin can, in princi-
ple, be used for self-insurance. Heterogeneous results indicate that informal jobs may be better substitutes
for formal jobs for younger and lower educated workers, suggesting that the contingency policy of UI may
be less relevant for these workers, although its disbursement policy may still help consumption smoothing.

Finally, our results indicate that researchers using a consumption approach to evaluate the insurance
value of job displacement insurance schemes should carefully consider their choice of time aggregation,
as yearly consumption flows can mask substantial non-smooth patterns at a monthly (or weekly) level.
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Alternative revealed preference approaches can be problematic when workers are not perfectly optimizing.
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FIGURE 5: HETEROGENEITY BY EXPENDITURE CATEGORY
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(c) DD estimates for non-durable expenditures
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(d) DD estimates for durable expenditures
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(e) DD estimates for food expenditures
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(f) DD estimates for entertainment expenditures
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The figure presents results for different expenditure categories. Panel (a) displays the composition of expenditures before layoff (aver-
age over k = −12 to k = −6) in the treatment group. The main categories are food (mostly groceries; about 39%), other non-durables
(mostly personal goods; about 37%), and durables (about 10%). The composition of expenditures is very similar in the control group
(see Appendix). Panel (b) presents difference-in-differences results in levels (point estimates and 95% confidence intervals) using the
specification in equation (8) for each expenditure category, separately, and the unconditional sample. It shows that non-durables are
driving most of the increase in expenditures at layoff. Panels (c)-(f) present difference-in-differences results in relative changes as in Fig-
ure 4 for non-durable (food and other non-durable expenditures together), durable, food, and entertainment expenditures, separately.
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FIGURE 6: LINKING OUR RESULTS TO VARIATION IN JOB DISPLACEMENT INSURANCE BENEFITS

(a) Comparing DD estimates for laid-off and fired workers
(unconditional sample)
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(b) Using variation in UI replacement rates from variation in
wages (controlling for tenure; survival sample)
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(c) Using variation in SP and FGTS from variation in tenure
(controlling for wages; survival sample)
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The figure present results for non-durable expenditures linking the patterns in previous figures to job displacement insurance benefits.
Panel (a) displays difference-in-differences results (point estimates and 95% confidence intervals) using the specification in equation
(8) for workers who were laid off and workers who were fired for cause, separately. The latter sample was not eligible for any job
displacement insurance benefits at separation. Panel (b) displays difference-in-differences results comparing workers in the top and
bottom quartiles of the wage distribution at layoff. The UI replacement rate is a decreasing function of the wage prior to layoff and was
thus much lower in top than in the bottom quartile (41% and 80% on average, respectively). We use the specification in equation (9),
controlling flexibly for tenure levels at layoff to net out variations in the replacement rate from the total SP and FGTS amount. Panel
(c) displays difference-in-differences results comparing workers in the top and bottom quartiles of the tenure distribution at layoff.
The replacement rate from the total SP and FGTS amount is an increasing function of the tenure prior to layoff: on average, the total
SP and FGTS amount reached 428% and 670% of the pre-layoff wage in the bottom and top tenure quartiles, respectively. We use a
similar specification as in equation (9), defining quartiles based on the tenure distribution and controlling flexibly for wages to net out
variations in UI replacement rates. In both panels (b) and (c), the samples are restricted to workers who had more than 24 months of
tenure at layoff, such that they were all eligible for 5 months of potential UI duration (see text for more details).
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FIGURE 7: HETEROGENEITY BY WORKER CHARACTERISTICS

(a) Female vs. male workers
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(b) Workers with at least vs. less than a high school degree
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(c) Workers with more vs. less than the median age
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(d) Workers with past experience with the consequences of job
displacement vs. workers in the rest of the treatment group
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The figure presents some heterogeneity by worker characteristics. Each line in each panel displays difference-in-differences results
(point estimates and 95% confidence intervals) for non-durable expenditures based on a separate regression that uses the specification
in equation (8), and re-weight the respective subsample such that it compares better to the overall treatment group following the same
strategy as in previous figures. Panel (a) compares female and male workers; panel (b) and (c) compare workers with less than vs. at
least a high school degree and workers with less vs. more than the median age in the treatment group, respectively. Panel (d) displays
results for workers who experienced another layoff from a formal job in the previous 5 years, had at least 12 months of tenure at that
time, and remained at least 9 months without a formal job then (but less than 12 months to avoid including workers who transitioned
into the informal sector) vs. for workers who constitute the rest of the treatment group.
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FIGURE 8: NON-DURABLE EXPENDITURE PROFILE AROUND UI PAYDAY AND UI EXHAUSTION EVENTS

(a) Around UI payday within a month (UI exhaustees)
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(b) Around UI payday within a month (UI exhaustees
remaining without a formal job)
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(d) Around UI exhaustion month (UI exhaustees remain-
ing without a formal job)
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The figure presents the results (point estimates and 95% confidence intervals) of event analyses centered around UI payment or UI
exhaustion dates in relative changes, based on the specification in equation (10). We use the subset of layoffs in our treatment group
for which workers were eligible for 5 months of UI and were observed drawing 5 monthly UI payment. We use again our control
group to net out overall trends in the data (see text for details). Panel (a) investigates how non-durable expenditures change around
UI payment dates within a month. The window of analysis starts at the first UI payment date. We then divide the time between two
payment dates into four quarter-month periods: three 7-day periods spanning the first 21 days since a UI payment (the first period
includes the payment date) and a fourth period including the remaining days until the next UI payment (vertical lines indicate 7-day
periods starting with a UI payment date). To investigate how expenditure levels evolve after UI exhaustion in the same analysis, we
construct comparable time periods after the last UI payment (see text for details). Panel (b) uses the same sample but aggregate the
data by 30-day periods centered around UI exhaustion (the vertical line indicates the 30-day period starting with the last UI payment
date). Panel (c) presents the results of a similar analysis in which the sample is restricted to workers who remain without a formal job
for at least 150 days after the last UI payment date (the end of our analysis window).
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FIGURE 9: REGRESSION DISCONTINUITY RESULTS

(a) Share drawing 5 monthly UI payments, raw data
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(b) Share drawing UI in each month, RD estimates
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(c) Survival in non-formal-employment, RD estimates

-.0
5

0
.0

5
.1

.1
5

St
ill 

w
ith

ou
t a

 fo
rm

al
 jo

b

0 1 2 3 4 5 6 7 8 9 10 11 12
Months since layoff month

(d) Non-durable expenditures, RD estimates at the me-
dian
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The figure presents results for the RD analysis around the 24-month cutoff; workers with less than 22 months (resp. more than 24
months) of tenure at layoff were eligible for four (resp. five) monthly UI payments (workers with 22 to 24 months of tenure were
eligible for four or five monthly UI payments). Panel (a) plots the share of workers who drew five monthly UI payments by tenure
levels. The lines in the figure illustrate our empirical strategy based on the specification in equation (11). The line on the left of the
cutoff (resp. right of the cutoff) is estimated using observations in a bandwidth of six months below 22 months (resp. above 24 months)
of tenure. The treatment effect (reported with its standard error) is the difference between the two lines at the cutoff. Panels (b)-(d)
display RD estimates (with their 95% confidence intervals) from using the specification in equation (11) in each month to/since layoff,
separately, for various outcomes in that month: panel (b) uses a dummy for drawing UI benefits, panel (c) uses a dummy for remaining
without a formal job, and panel (d) shows RD estimates for non-durable expenditures for the median.
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FIGURE 10: TARGET EMPIRICAL MOMENTS AND MODEL FIT

(a) Target empirical moment: hazard of formal reem-
ployment (workers taking up UI in month 1 after layoff;
also show share drawing UI)
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(b) Target empirical moment: DD estimates for non-
durable expenditures (workers taking up UI in month
1 after layoff, survival sample)
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The figure displays the moments that we try to match in our structural estimations. For simplicity, our estimation sample is restricted
to displaced workers eligible for five monthly UI payments, and who took up UI in their first month of eligibility, such that we align
the months to/since both the layoff event and the UI exhaustion event. Panel (a) displays the share drawing UI benefits and the hazard
rate of formal reemployment in each month since layoff. The layoff still takes place in month 0, but UI takeup and UI exhaustion now
take place in month 1 and month 5, respectively, for all workers in this sample. The hazard rate of formal reemployment now increases
more sharply and peaks in month 6, after all workers exhausted their UI benefits. Panel (b) displays difference-in-differences estimates
for non-durables expenditures, in which the treatment group is restricted to the survival subset of our estimation sample. The increase
in consumption at layoff is sharper than in Figure 5c, but the cumulative increase over the first 3 months (months 0-2) is comparable.
The pattern around UI exhaustion is also sharper than in Figure 5c, capturing the patterns in Figure 8d.
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Benchmark 

model

Fixed discount 

factor (δ=.995), 

same f as in (1)

(1) (2)

Parameters

Discount factor (1 month): δ 0.850 0.995 (fixed)

Inverse of search elasticity: γ 0.389 0.042

Search cost (higher‐cost type): κ1 12.491 258.874

Search cost (lower‐cost type): κ2 2.668 23.378

Share of higher‐cost type: s1 0.287 0.150

Lump‐sum amount for consumption: f 3599.68 3599.68 (fixed)

Informal work cost: χ 0.559 0.904

Inverse of informal work elasticity: λ 0.234 0.913

Model fit

Number of moments used 25 25

Number of estimated parameters 8 6

Goodness of fit 0.0146 0.3135

Table 2:  Estimated parameters (log utility)

The table displays preliminary estimates for the free parameters of the structural model described in Section 5. The parameters are
estimated by minimizing the distance between the empirical moments displayed in Figure 10 – hazard rates of formal reemployment
and relative changes in consumption – and the same moments as predicted by the model for a given vector of free parameters. Standard
errors will soon be added under each estimate in the table.

44



FIGURE 11: PREDICTED MOMENTS BASED ON ESTIMATED PARAMETERS

(a) Hazard of formal reemployment (b) Relative changes in consumption

The figure compares the hazard rates of formal reemployment and the relative changes in consumption displayed in Figure 10 (i.e., our
empirical moments) to the same moments as predicted by the structural model described in Section 5 for our estimate of the vector of
free parameters (i.e., predicted moments). The figure shows that the predicted moments fit the empirical moments relatively well. We
only slightly underestimate the spike in consumption at layoff and slightly overestimate the drop in consumption at UI exhaustion,
which is why our results are still preliminary (we are still in the process of refining the estimation algorithm).

FIGURE 12: SIMULATED MOMENTS UNDER COUNTERFACTUAL JOB DISPLACEMENT INSURANCE BENEFITS

(a) Hazard rates of formal reemployment (b) Relative changes in consumption

The figure displays the hazard rates of formal reemployment (panel a) and the relative changes in consumption (panel b) for the
estimation sample, as predicted by our estimated model under three alternative job displacement insurance policies (the black lines
replicate the solid lines in Figure 11, and thus correspond to the current system). First, we consider a policy in which displaced workers
are not eligible for any UI benefits (blue lines); they only receive the lump-sum amount at layoff. Second, we consider a policy that
reduces the potential UI duration to four months (green lines), mimicking the variation in the RD analysis in Section 4.4. Third, we
consider a budget-neutral policy in which workers would receive the UI benefits drawn by the average worker in the sample (i.e., with
the average UI duration) in a lump-sum fashion at layoff, on top of the SP amount of the current system (red lines).
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FIGURE 13: COUNTERFACTUAL POLICIES UNDER MODEL WITH HIGH DISCOUNT FACTOR

(a) Hazard rates of formal reemployment (b) Relative changes in consumption

The figure replicates Figure 12, but using the model with a fixed discount factor (δ = .995), for which the estimated parameters are
presented in column (2) of Table 2. The black lines display the hazard rates of formal reemployment (panel a) and the relative changes
in consumption (panel b), as predicted by that model. The other lines displays the moments, as predicted by the same model under
three alternative job displacement insurance policies. First, we consider a policy in which displaced workers are not eligible for any
UI benefits (blue lines); they only receive the lump-sum amount at layoff. Second, we consider a policy that reduces the potential UI
duration to four months (green lines), mimicking the variation in the RD analysis in Section 4.4. Third, we consider a budget-neutral
policy in which workers would receive the UI benefits drawn by the average worker in the sample (i.e., with the average UI duration)
in a lump-sum fashion at layoff, on top of the SP amount of the current system (red lines).
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Appendix

Full schedule of UI benefits in Brazil

The UI benefit level depends on a displaced formal worker’s average wage in the three months prior to
layoff and ranges from 100% to 187% of the minimum wage. Definew the displaced formal worker’s average
nominal wage in the three months prior to layoff expressed in multiples of the prevailing minimum wage
(mw). Her UI benefit level (b) is then calculated as follows:

• b = mw if w < 1.25

• b = .8 w if 1.25 ≤ w < 1.65

• b = 1.32 mw+ .5 w if 1.65 ≤ w < 2.75

• b = 1.87 mw if w ≥ 2.75

Figure A1 displays the relationship between w and b graphically, as well as the replacement rate (b/w).

FIGURE A1: UI BENEFIT LEVEL AND REPLACEMENT RATE SCHEDULE IN BRAZIL

(a) UI benefit level
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(b) UI replacement rate
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The panels display the UI benefit level and the UI replacement rate in the Brazilian UI program, which is a function of a displaced
formal worker’s average nominal wage in the three months prior to layoff, expressed in multiples of the prevailing minimum wage.
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VAT receipt

We reproduce here a VAT receipt from São Paulo, in which the consumer provided her ID number.

FIGURE A2: VAT RECEIPT FROM SÃO PAULO
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FIGURE A3: BACKGROUND AND REPRESENTATIVITY OF DISPLACED FORMAL WORKERS IN THE USER SAMPLE, 2011

(a) Average statutory (and actual UI) benefits
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(b) Share drawing UI benefits
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Takeup rate (user sample): .751 ; UI duration if takeup (user sample): 4.22 months
Takeup rate (random sample): .802 ; UI duration if takeup (random sample): 4.27 months

(c) Hazard rate of formal reemployment
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(d) Survival rate in non-formal-employment
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The figure replicates Figure 2 for workers in the user sample laid off in 2011, the sample used for Figure 2b in the paper. Panel (a)
also shows the difference between the average statutory UI benefits and the average UI benefits actually drawn by these workers. The
difference comes from the facts that workers do not take up UI as soon as they become eligible and that UI takeup is imperfect.

52



FIGURE A4: EXPENDITURE PROFILE AROUND FORMAL REEMPLOYMENT EVENT

(a) DD estimates for total expenditures
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(b) DD estimates for non-durable expenditures
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The figure presents difference-in-differences results for the change in expenditure levels around formal reemployment. We use laid off
workers who were formally reemployed in months 0 to 10 after layoff as our treatment group. We use laid off workers who remained
without a formal job 12 months after layoff as our control group. We randomly assign a “placebo” reemployment event in the months 0
to 10 after layoff to these workers, respecting the distribution of reemployment events across the months 0 to 10 in the treatment group.
We then keep the observations in the 5-month window centered around the (placebo) formal reemployment event. The control group
allows us to net out overall changes in expenditures – unrelated to formal reemployment – in the months after layoff. We then follow
a similar specification as in equation (8 ): we regress monthly expenditures on worker fixed effects, event time fixed effects (here we
have k = −2, ..., 2 and we use k = −1 as reference month), month fixed effects, and event time fixed effects interacted with a dummy
variable for being in the treatment group. We plot the estimated coefficients on these interactions (point estimates and 95% confidence
intervals) in relative changes, dividing our estimates by the mean in the treatment group in the reference month. All samples are also
re-weighted such that they compare better to the overall sample of laid off workers (as in other empirical analyses; see Section 3.1
for more details), and we cluster standard errors by worker. Panels (a) and (b) display results for total expenditures and non-durable
expenditures, respectively. In each panel, we present results from a regression in which we include all workers, and from a regression
in which we only include the subset of workers formally reemployed in months 8-10 after layoff (when all job displacement insurance
benefits have been exhausted), separately.
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FIGURE A5: EXPENDITURE PROFILE AROUND DISPLACEMENT EVENT, ROBUSTNESS CHECKS

(a) DD estimates at the median

Unconditional
sample

Conditional sample-.5
-.4

-.3
-.2

-.1
0

.1
.2

.3
.4

.5
.6

R
el

at
iv

e 
ch

an
ge

 in
 to

ta
l e

xp
en

di
tu

re
s

-12 -10 -8 -6 -4 -2 0 2 4 6 8 10 12
Months to/since layoff month

(b) DD estimates using log(total expenditures +10)
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(c) DD estimates using inverse hyperbolic sine transfor-
mation
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(d) DD estimates for users reporting positive purchases
in all 12 months before layoff
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(e) DD estimates for workers laid off from a downsizing
firm, which lost at least 30% of its workforce
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The figure presents robustness checks for the results in Figures 4b and 4c. Panel (a) presents difference-in-differences results for the
median (point estimates and 95% confidence intervals). We cannot control for month and worker fixed effects in this case, so we do
not present results for the survival sample. Panels (b) and (c) present results using the logarithm of the outcome plus 10 and using
an inverse hyperbolic sine transformation of the outcome, respectively. The long-term loss becomes larger, particularly in panel (c),
but it might be overestimated in those cases given the slight downward pre-trend in the outcome prior to layoff. We thus prefer to
be conservative and choose the specification used in Figure 4 as our preferred specification. Panel (d) presents results restricting our
treatment and control groups to users reporting positive purchases in all 12 months before (placebo) layoff and having an average
expenditure to wage ratio between 10% and 150% prior to layoff. Panel (e) presents results restricting our treatment group to workers
laid off from a firm that lost at least 30% of its workforce in the year of the layoff. We restrict attention to firms (i) with at least 10
employees 12 months before layoff, (ii) that had not been downsizing in the year prior to the year of layoff, and (iii) that remained
smaller in the year following layoff.
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FIGURE A6: HETEROGENEITY BY EXPENDITURE CATEGORY (II)

(a) Composition of expenditures (control)
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(b) DD estimates for non-food non-durable expenditures
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(c) DD estimates for grocery expenditures
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(d) DD estimates for food away expenditures
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(e) DD estimates for home improvement expenditures
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(f) DD estimates for pharmacy expenditures
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The figure presents results for different expenditure categories, as in Figure 5. Panel (a) displays the composition of expenditures
before layoff (average over k = −12 to k = −6) in the control group. It is very similar as in the treatment group. Panels (c)-(f) present
difference-in-differences results in relative changes as in Figure 4 (point estimates and 95% confidence intervals) using the specification
in equation (8) for non-durable (excluding food), grocery, food away, home improvement, and pharmacy expenditures, separately.
Interestingly, home improvement expenditures, a category for which complementarities with leisure may be important, is the only
category for which estimates for the survival sample are always higher than estimates for the unconditional sample.
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FIGURE A7: LINKING OUR RESULTS TO VARIATION IN JOB DISPLACEMENT INSURANCE BENEFITS (II)

(a) Difference in survival rates in non-formal-
employment for laid off vs. fired workers
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(b) Using variation in UI replacement rates from varia-
tion in wages (controlling for tenure; uncond. sample)
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(c) Difference in survival rates in non-formal-
employment for bottom vs. top wage quartile
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(d) Using variation in SP and FGTS from variation in
tenure (controlling for wages; unconditional sample)
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(e) Difference in survival rates in non-formal-
employment for top vs. bottom tenure quartile
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The figure presents results complementing the evidence in Figure 6. Panel (a) displays estimates of the difference in survival rates
in non-formal-employment for laid off vs. fired workers. We combine the samples of laid off and fired workers (without the control
group) for the months 0-12 after separation, and regress a dummy variable for remaining without a formal job on month fixed effects,
event time fixed effects, and event time fixed effects interacted with a dummy variable for having been laid off (re-weighting the
fired sample as in Figure 6a). We plot the estimated coefficients for this interaction. The survival rates are higher for laid off workers
while they are eligible for UI, but they converge quickly after UI exhaustion, which is consistent with incentive effects. Panels (b)
and (d) present similar results as in Figures 6b and 6c, but for the unconditional samples. Panels (c) and (e) displays estimates of the
difference in survival rates in non-formal-employment for the bottom vs. top wage quartile and for the top vs. bottom tenure quartile,
respectively. We proceed in a similar way as for panel (a), except that we also interact the same third-order polynomials as for Figures
6b and 6c with the event time fixed effects. The survival rates are much higher for workers with higher UI replacement rates while
they are eligible for UI, but they converge quickly after UI exhaustion, which is again consistent with incentive effects.
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FIGURE A8: HETEROGENEITY BY WORKER CHARACTERISTICS, DIFFERENCE IN SURVIVAL RATES

(a) Female vs. male workers
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(b) Workers with at least vs. less than a high school degree
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(c) Workers with more vs. less than the median age
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(d) Workers with past experience with the consequences of job
displacement vs. workers in the rest of the treatment group
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The figure displays estimates of the difference in survival rates in non-formal-employment for the categories of workers compared
in Figure 7. We combine the samples compared in each panel for the months 0-12 after layoff, and regress a dummy variable for
remaining without a formal job on month fixed effects, event time fixed effects, and event time fixed effects interacted with a dummy
variable for being in the first category referenced to in the title of each panel, e.g., for being a female worker in the case of panel (a) (we
reweight all sub-samples as in Figure 7). We plot the estimated coefficients for this interaction. For comparison purposes, we use the
same scale for the y-axis as for differences in survival rates presented in Figure A7.
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FIGURE A9: NON-DURABLE EXPENDITURE PROFILE AROUND PAYDAY EVENTS FOR FORMAL EMPLOYEES

(a) Using our treatment and control groups in the months prior
to layoff
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(b) Using all formal employees in the user data
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The figure complements the evidence in Figure 8a by showing that non-durable expenditure levels are also very sensitive to the timing
of paydays for formal employees in our data. We use the fact that monthly salaries must be paid before the fifth business day of each
month in Brazil. Panel (a) follows a similar approach as in Figures 8a using our treatment and control groups in the months prior to
(placebo) layoff (month -12 to -2). We divide each month into 4 quarter-month periods: a first time period including the days before the
fifth business day of the month; two 7-day periods (the first one identified by a vertical line starts on the fifth business day); and a fourth
period including all the remaining days of the month. We then average expenditures at the worker-by-period level and we present the
results (point estimates and 95% confidence intervals) of separate event analyses for the treatment and control groups (period 3 is the
reference period; outcome variables are not de-trended but the specification includes month fixed effects). Non-durable expenditure
levels are about 30% higher in the 7 days following the fifth business day of the month compared to the days at the end of the month.
Expenditure levels are already higher in the days prior to the fifth business day because many firms pay workers earlier in the month.
Panel (b) uses a much larger dataset including all months in which a worker is observed formally employed in the user data, in order to
present results at the daily level. We include all months for which we observe 7 days before and 21 days after (and including) the fifth
business day of the month (day 0). We present the results of separate event analyses for public-sector and private-sector employees
because many public administrations pay their employees exactly on the fifth business day of the month. Accordingly, the decrease
in expenditure levels in the 21 days following the fifth business day of the month (the last day is the reference period) is steeper for
public employees: a reduction of 60% in non-durable expenditure levels compared to 40% for private-sector employees. The increase
on the fifth business day compared to earlier days is also steeper for public-sector employees.
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FIGURE A10: NON-DURABLE EXPENDITURE PROFILE AROUND UI PAYDAY AND UI EXHAUSTION EVENTS, ROBUSTNESS
CHECKS

(a) Around UI exhaustion month (median; UI exhaus-
tees)
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(b) Around UI exhaustion month (median; UI exhaustees
remaining without a formal job)
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(c) Around UI exhaustion month (log+10; UI exhaustees)
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(d) Around UI exhaustion month (log+10; UI exhaustees
remaining without a formal job)
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(e) Around UI exhaustion month (inverse hyperbolic
sine; UI exhaustees)
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(f) Around UI exhaustion month (inverse hyperbolic
sine; UI exhaustees remaining without a formal job)
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The figure displays robustness checks for the results in Figures 8c and 8. Panels (a) and (b) present relative change in non-durable
expenditures for the median (point estimates and 95% confidence intervals). Panels (c)-(d) and (e)-(f) present relative changes in
non-durable expenditures from specifications using the logarithm of the outcome plus 10 and using an inverse hyperbolic sine trans-
formation of the outcome, respectively. The point estimates are larger than in Figures 8b and 8c, and they vary in the different rows,
but the overall patterns remain identical: consumption levels are flat before UI exhaustion, but they drop rapidly after UI exhaustion.
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FIGURE A11: REGRESSION DISCONTINUITY RESULTS, VALIDITY CHECKS

(a) Number of observations, raw data
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(b) Share female, raw data
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(c) Share with a high school degree, raw data

.5
.5

5
.6

.6
5

.7
.7

5
.8

.8
5

.9
Sh

ar
e 

w
ith

 h
ig

h 
sc

ho
ol

 d
eg

re
e

17 19 21 23 25 27 2916 18 20 22 24 26 28 30
Tenure at layoff

(d) Share white, raw data
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(e) Monthly wage at layoff (R$2010)
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(f) Age (years), raw data
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The figure presents validity checks for the RD analysis around the 24-month cutoff; workers with less than 22 months (resp. more than
24 months) of tenure at layoff were eligible for four (resp. five) monthly UI payments (workers with 22 to 24 months of tenure were
eligible for four or five monthly UI payments). Panels (a)-(f) plot various outcomes by tenure levels and report RD estimates (with
their standard errors; these estimates are also reported in Table A1) based on the specification in equation (11). Panel (a) considers the
distribution of the running variable (i.e., number of observations) and panels (b)-(f) the composition of the sample around the cutoff.
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Number of 

observations
Share female

Share with high 

school degree
Share white

Monthly wage 

at layoff
Mean age

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

A. Full sample

Tenure>=24 ‐2.602 ‐0.00994 ‐0.0178 ‐0.00400 ‐25.75 0.844

(9.436) (0.0270) (0.0227) (0.0308) (110.8) (0.669)

Constant 64.98*** 0.540*** 0.718*** 0.704*** 1,364*** 31.93***

(8.441) (0.0173) (0.0189) (0.0267) (58.99) (0.601)

Number of observations 7,613 7,613 7,613 7,613 7,613 7,613

B. UI sample

Tenure>=24 ‐2.758 0.0474 ‐0.0832* ‐0.104 ‐44.38 1.242

(3.784) (0.0561) (0.0454) (0.0707) (173.5) (1.356)

Constant 18.88*** 0.453*** 0.749*** 0.781*** 1,276*** 32.01***

(3.328) (0.0441) (0.0393) (0.0571) (130.8) (1.119)

Number of observations 2,028 2,028 2,028 2,028 2,028 2,028

Table A1: Validity checks for the regression discontinuity (RD) design

The table presents validity checks for the RD analysis around the 24-month cutoff for the full sample (panel A) and the subsample
with UI data (panel B). It displays RD estimates (with their standard errors in parentheses) based on the specification in equation (11).
Column (1) considers the distribution of the running variable (i.e., the number of observations) and columns (2)-(6) the composition of
the sample around the cutoff. Significance levels: 1%*** 5%**, 10%*.
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FIGURE A12: REGRESSION DISCONTINUITY RESULTS, OTHER OUTCOMES

(a) Share taking up UI, raw data
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(b) Non-durable expenditures, RD estimates at the mean
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(c) Non-durable expenditures, RD estimates using
log(non-durable expenditures +10)
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(d) Non-durable expenditures, RD estimates using in-
verse hyperbolic sine transformation
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(e) Non-durable expenditures, RD estimates using a
dummy for spending > median on the left of the cutoff
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The figure presents results for the RD analysis around the 24-month cutoff for other outcomes; workers with less than 22 months (resp.
more than 24 months) of tenure at layoff were eligible for four (resp. five) monthly UI payments (workers with 22 to 24 months of
tenure were eligible for four or five monthly UI payments). Panel (a) plots the share of workers taking up UI by tenure levels and
report RD estimates (with their standard errors) based on the specification in equation (11). Panels (b)-(d) display RD estimates (with
their 95% confidence intervals) from using the specification in equation (11) in each month to/since layoff, separately, for non-durable
expenditure outcomes in that month. Panel (b) show RD estimates in relative changes for the mean (we use the outcome in levels in
the regression and then divide the estimated coefficients by the mean on the left of the cutoff). Panels (c)-(e) show RD estimates using
the logarithm of the outcome plus 10, an inverse hyperbolic sine transformation of the outcome, and a dummy for consuming more
than the median on the left of the cutoff, respectively.
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FIGURE A13: COUNTERFACTUAL POLICIES UNDER “NAIVE” MODEL WITH HIGH DISCOUNT FACTOR

(a) Hazard rates of formal reemployment (b) Relative changes in consumption

The figure replicates Figure 12, using the same estimated model but replacing the discount factor to δ = .995. The difference with
Figure 13 is that we did not re-estimate the other parameters. The black lines display the hazard rates of formal reemployment (panel
a) and the relative changes in consumption (panel b), as predicted by that model. As expected given the discussion of equation (12), the
model now dramatically over-estimates hazard rates of formal reemployment. In that model, displaced workers thus believe that they
will be reemployed quickly when making their consumption decision in the first few months after layoff. Yet, even with such beliefs,
the model does not predict that their consumption would spike at layoff. This indicates that having high beliefs regarding reemployment
probabilities does not easily generate the consumption patterns in our data. The other lines displays the moments, as predicted by the
same model under three alternative job displacement insurance policies. First, we consider a policy in which displaced workers are
not eligible for any UI benefits (blue lines); they only receive the lump-sum amount at layoff. Second, we consider a policy that reduces
the potential UI duration to four months (green lines), mimicking the variation in the RD analysis in Section 4.4. Third, we consider
a budget-neutral policy in which workers would receive the UI benefits drawn by the average worker in the sample (i.e., with the
average UI duration) in a lump-sum fashion at layoff, on top of the SP amount of the current system (red lines).
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