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Abstract

A common tool to perform welfare analysis of unemployment insurance is the

sufficient statistics approach, where the benefit is consumption smoothing across

unemployment and employment, and the cost results from lower unemployment out-

flow. This paper incorporates unemployment inflow into a modified Baily-Chetty

model and recovers the cost statistic for local welfare analysis of unemployment in-

surance. Empirically I estimate this cost statistic using an eligibility variation that

took place in Brazil in 2015. I show that unemployment inflow is the main source

of moral hazard costs, a feature, by and large, missing in most welfare analysis of

unemployment insurance. Performing an empirical analysis at the firm level, I also

show that there’s no substitution of who is dismissed when eligibility changes, a hy-

pothesis I rely on the local welfare analysis. Finally, I extended the model to allow

for individual heterogeneity and show how to recover the parameter of interest even

when unemployment inflow and outflow responses are heterogeneous.

Keywords : unemployment inflow, unemployment insurance, welfare analysis.

JEL Classification: JEL H55, I38, J64, J65



1 Introduction

A dismissed worker may not find a job immediately and may not have enough wealth or access

to credit markets to consume while waiting or searching for a new job as stated in Card et al.

(2007). Unemployment insurance (UI) provides an income source for displaced workers while they

are unemployed, and according to Schmieder and Von Wachter (2016) constitutes an important

spending component of many governments budgets around the world. One benefit of UI is to

provide consumption smoothing across different states of nature (employed, unemployed) and a

possible cost of this program, beyond the direct transfer, is that workers may delay their return to

employment or reduce their search intensity to collect more benefits. The design, implementation

and welfare analysis of a UI system has been recently reviewed in Schmieder and Von Wachter

(2016) and Chetty and Finkelstein (2013).

There is a considerable amount of theory of design of unemployment insurance, however dif-

ferent modeling choices can give different policy recommendations and the implementation of the

optimal level of benefit or duration of payments also require empirical support. The empirical

analysis is usually either structural or reduced form, each approach with advantages and concerns.

There is considerable literature of structural estimation of search and match models that can be

used to design the optimal unemployment insurance, two literature reviews on theoretical and

structural models of unemployment insurance are presented in Cahuc (2014) and Karni (1999), but

the response is sensible to modeling choices and functional forms. Reduced form estimates can

recover some key parameters with a less demanding hypothesis, however since social welfare can’t

be directly measured, it’s not always a straightforward task to provide policy recommendation. A

review of these so-called advantages and concerns with each approach to empirical microeconomics

is provided in Angrist and Pischke (2010) and Keane (2010).

It is desirable to have an empirical approach that combines the advantages of both pure reduced

form studies and fully structural models if the problems resulting from this mixed approach does

not overweight their benefits. As stated in Chetty (2009), an interesting bridge between structural

and reduced form is the literature of sufficient statistics for welfare analysis. Using a model that

capture the key effects of the studied intervention, and using envelope conditions, a pair of sufficient

statistics is derived to evaluate the welfare impact of local changes in policy parameters and these

statistics sometimes can be recovered by reduced form methods.

There are three key advantages of this approach: The first key advantage is robustness to mod-

eling choices, as shown in Chetty (2006), only the interactions between the planner and agent need

to be modeled for local welfare analysis, this can reduce the important features of reality that the

economist wrongfully ignores. The second key advantage of this approach is demanding the estima-

tion of fewer parameters and less reliance on functional forms to provide policy recommendation.

A third key advantage of this literature is being able to provide policy recommendation with an

estimation of a few elasticities.
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There are, however, some difficulties in using this approach. A first difficulty is that responses

are only local since we are using envelope conditions to remove higher order effects, the analysis is

valid only for small changes in policy parameters. As discussed in Kleven (2018) to analyze a large

reform it’s necessary to impose iso-elastic preferences, however, as the same author discusses, it’s

possible to generalize the approach to evaluate large reforms if we recover the changes in elasticities

for different policy parameters. A second difficulty is that general equilibrium effects are usually

ignored, we assume wages are given and that there is no externality at searching, however, this also

can be generalized to include general equilibrium effects as in Landais et al. (2018b), that derive a

sufficient statistic formula that takes into account macro and micro labor supply elasticities.

A literature review of the early work on sufficient statistics for welfare analysis of social insurance

is presented in Chetty and Finkelstein (2013). Recent developments in this literature tries to

incorporate new mechanisms into the traditional Baily-Chetty model1 and two additional literature

reviews are presented in Schmieder and Von Wachter (2016) and Zweimüller (2018), both of which

discuss paths for future research.

In this literature, it’s important to model all aspects of worker behavior that can react to unem-

ployment insurance design and affect government revenues and expenses. Searching for a new job

isn’t the only behavior that unemployment insurance can affect, worker’s effort while employed can

also react to unemployment insurance design and affect government revenues and expenses. So if

unemployment inflow (transitions from employment to unemployment) varies with UI and not only

unemployment outflow (transitions from unemployment to employment), then inflow also should

be incorporated into the analysis. In the Brazilian context, Carvalho et al. (2018) and Van Doornik

et al. (2018), using a different econometric specification for the same context and studying different

group of workers, show that a legislative change that took place in 2015 affecting eligibility to

unemployment insurance affected unemployment inflow rates, workers who lost access to unem-

ployment insurance experienced a reduction in layoff probability. Gerard et al. (2016) exploiting

an eligibility discontinuity for unemployment insurance in Brazil also finds that unemployment

inflow is affected in the expected sign, that is, eligibility increases inflow. Winter-Ebmer (2003)

studying a quasi-experimental variation in unemployment insurance potential duration for older

workers in Austria finds that unemployment inflow increase. Lalive et al. (2011) studying unem-

ployment potential duration changes for older workers in Austria find that not only unemployment

inflow increases with unemployment insurance but the major component from the change in the

equilibrium unemployment rate comes from changes in inflow rate instead of outflow rate. Tuit and

Van Ours (2010) also finds for the Netherlands that unemployment inflow increases with unem-

ployment benefit level. Rebollo-Sanz (2012) also shows that eligibility for unemployment insurance

1Schmieder et al. (2012) extend the model to evaluate the optimal policy during business cycle fluctuations, Lalive
et al. (2015) document the importance of search and match externalities of UI changes, that are incorporated in
Landais et al. (2018b) with empirical applications in Landais et al. (2018a), the effects on reemployment wages are
evaluated in Nekoei and Weber (2017) and Schmieder et al. (2016), optimality under behavioral assumptions are
studied in Spinnewijn (2015) and DellaVigna et al. (2017), informality into the model is studied in Gonzalez-Rozada
and Ruffo (2016) and Gerard and Gonzaga (2016) and early retirement is studied in Inderbitzin et al. (2016)
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increases layoffs in Spain. A literature review of unemployment inflow effects of unemployment

insurance can be found in Tatsiramos and Van Ours (2014)

Although there is a substantial literature about unemployment inflow effects of unemployment

insurance, this feature is mostly absent from the literature of local welfare analysis. Inderbitzin

et al. (2016) takes externalities from early retirement into account for a cost analysis of unem-

ployment insurance extensions, and also sketch a model of local welfare analysis with endogenous

unemployment inflow. The results in Inderbitzin et al. (2016) show that the cost statistic for welfare

analysis is very sensitive to this modeling decision, and retirement responses are a major component

of moral hazard costs in his scenario.

A theory development more robust is found in Britto (2016) who considers both layoffs and vol-

untary quits and derive the sufficient statistics for welfare analysis with these features. Using three

kinks in the relation between benefit level and wages2 the author estimate the elasticity of unem-

ployment duration to benefit level and finds a positive elasticity around 0.35. However, robustness

analysis shows his results are very sensitive in magnitude and specially in sign to bandwidth choice
3 and also contrary to previous literature4.

This paper contributes to the existing literature on unemployment insurance by incorporating

unemployment inflow in the sufficient statistics approach for welfare analysis of unemployment

insurance. The only previous empirical analysis that incorporates unemployment inflow is Britto

(2016) who uses variation in benefit level to perform local welfare analysis, here however variation

in eligibility to UI benefits is used to perform local welfare analysis. Contrary to Britto (2016),

the results in this paper for unemployment inflow responses to unemployment insurance are in

accordance with previous literature, such that the welfare analysis here presented does have more

external validity. Our results show that unemployment inflow is the main component of cost

statistic, such that the cost statistic in a local welfare analysis without unemployment inflow effects

can be largely downward biased. Naturally the quantitative effect of inflow responses can be country,

period and group specific, however, this paper shed light on the importance of new studies that

evaluate together unemployment inflow and unemployment outflow when performing local welfare

analysis of unemployment insurance.

While in the model, there are no externalities between different workers, however for welfare

analysis what matter is not the identity of fired worker but the quantity of fired workers, such that

it’s important to evaluate substitution or complementarity between layoff rates of affected and non-

affected workers at the firm level in respect to changes in unemployment insurance eligibility. I show

how to identify firm-level layoff externalities and find that moral hazard costs from unemployment

2The first kink is at 1 minimum wage. The location of second and third kinks are time-varying, for the year of
2012 the second kink was at 1.44 minimum wage and the third kink at 2.75 minimum wage

3ranging from -2.12 to 1.94 for the first kink, -6.92 to 11.27 for the second kink and -1.04 to 0.07 for the third kink
4The author founds more generous benefits decreases quits, while Winter-Ebmer (2003), Rebollo-Sanz (2012)

and Van Doornik et al. (2018) doesn’t find any quitting response to unemployment insurance, and he also finds that
layoffs don’t respond to more generous benefits, contrary to the literature of unemployment inflow and unemployment
insurance previously discussed
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inflow can actually be larger when taking into account firm-level effects. I also extend the model

to take individual heterogeneity into account and show it’s still possible, under some hypothesis,

to recover the parameter of interest for local welfare analysis with individual heterogeneity. I also

show how to identify the interest parameter and compare the method with the previous approach,

when homogeneity across individuals is assumed.

2 Model

2.1 Environment

This model capture two aspects of moral hazard and one aspect of benefit from unemployment

insurance. The first aspect of moral hazard is in unemployment inflow, where workers can reduce

effort at maintaining the job and then be fired more frequently if protected by unemployment

insurance, and the second is in unemployment outflow, where workers can reduce search effort or

delay reemployment to collect more benefits instead of returning to employment. If the unemployed

don’t have access to consumption credit and he doesn’t have enough liquidity, an unemployment

insurance benefit will allow consumption smoothing between the bad state (unemployment) and

the good state (employment), raising welfare. This model can be seen as a modified version of

Britto (2016) where voluntary quits aren’t allowed, here however instead of modeling duration in

employment to capture unemployment inflow effects, the model incorporates firings at first instant

in time. Having only one moment where the worker can be fired makes this model also close to

Inderbitzin et al. (2016). A description of the model follows:

Time is finite 0 ≤ t ≤ T and there’s no discount or interest rate, as in Chetty (2008) and

Schmieder and Von Wachter (2016). For simplification, we don’t allow savings for now, and since

we are more concerned about the cost side of the model, this is innocuous. Previous models are

in discrete time with capital accumulation as Kolsrud et al. (2018) or continuous time without

capital accumulation as Schmieder and Von Wachter (2016), and for now, we will follow the latter

approach.

Here the model is first presented with a representative agent, but in Appendix B heterogeneity

is allowed. The model start with an employed worker in instant 05. Only at instant 0, he can be

fired with a probability f , and 1− f is also an effort he does to not being fired, with a utility cost

equal to φ(1− f)6. If he keeps the job, or eventually find another in the case he lost it at instant

0, it lasts until T . If he loses the job in instant 0, each instant he searches for another doing an

effort st with a utility cost ψ(st) and the probability of finding a job is normalized to st. The effort

cost functions (ψ(·), φ(·)) are strictly increasing and strictly convex. These functions are to capture

5The legislative change we will explore in the empirical section did not affect workers already fired, therefore in
the model we start only with employed workers

6This is a choice to facilitate notation. If ef is an effort to not being fired and 1 − ef the layoff probability, we
would carry 1 − ef through the rest of the paper instead of just f . Additionally, there is a normalization of f being
linear in the effort, this normalization regarding st the search effort is usual in this literature.
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a moral hazard aspect of both separation and search, the hypothesis is that workers have some

control on the separation probability or reemployment probability, but it’s costly to manipulate

these events probabilities.

When employed, the worker receive a wage w and pay a tax τ . Since he can’t save, his con-

sumption is cet = w−τ . When unemployed, the worker receive a unemployment benefit bt and have

a additional income yu such that his consumption is cut = bt + yu. Consumption give a utility flow

of u(cut ) while unemployed and v(cet ) while employed. Since in employment and unemployment, the

amount of leisure consumed change, we allow v(·) and u(·) to being different functions, however

they are both strictly concave and strictly increasing.

2.2 Worker and Planner Problems

2.2.1 Unemployment Inflow

Let J be the expected utility of a worker who lose his job in period 0, the choice of f is given

by the following problem:

f∗ ∈ argmax
f∈[0,1]

fJ + (1− f)

∫ T

0
{v(cet )}dt− φ(1− f) , (1)

where f is the layoff probability, J is the expected utility from 0 to T after being fired, v(cet ) is the

utility from consumption when employed and φ(1− f) is the utility cost of exerting effort 1− f .

So the worker chooses effort at keeping his job 1− f considering the utility cost of effort φ(1− f)

and the expected utility loss from losing the job
(∫ T

0 {v(cet )}dt− J
)

and the probability of losing

it f .

2.2.2 Unemployment Outflow

At each moment in time, the worker chooses st the search effort. Conditional on having lost

his job in instant 0, the probability of still being unemployed in period t is defined as St ≡
exp(−

∫ t
0 sidi). The worker chooses the path st from t = 0 though t = T that solves:

J = max
s:[0,T ]→[0,1]

∫ T

0
{(1− St)v(cet ) + Stu(cut )− Stψ(st)}dt , (2)

where ψ(st) is the utility cost from the effort at searching a new job and v(·) and u(·) are utilities

associated with consumption when employed and unemployed respectively. The probability of being

employed conditional to having lost the job at period 0 at each moment is 1 − St and the utility

flow from being employed is v(cet ), the probability of being unemployed at each moment conditional

5



on having lost the job at period 0 is St and the utility flow from being unemployed is u(cut ). The

utility cost at searching is only paid if you’re still unemployed, this is why the term is Stψ(st).

Notice that, since workers can be fired only in first instant, employment is an absorbing state

after the first instant in the model, such that it’s possible to plug J , the expected lifetime utility

after paying the effort e and losing the job, of equation (2) back into equation (1) to calculate the

expected lifetime utility at the beginning of the model.

2.2.3 Worker’s Problem

So it’s possible to rewrite the lifetime expected utility of a worker as:

W = max
f∈[0,1]

(1− f)

∫ T

0
{v(cet )}dt− φ(1− f) +

+ f max
s:[0,T ]→[0,1]

∫ T

0
{(1− St)v(cet ) + Stu(cut )− Stψ(st)}dt ,

Using the optimal value of f and the optimal path of st we can rewrite W , the total expected

utility for a worker, as:

W =

∫ T

0
{f∗S∗t u(cut ) + (1− f∗S∗t ) v(cet )− S∗t ψ(s∗t )}dt− φ(1− f∗) , (3)

2.2.4 Planner’s Problem

Let B be the expected duration collecting unemployment insurance payments conditional on

losing his job and D be the expected unemployment spell duration conditional on losing his job.

That is, these variables are defined as B ≡
∫ P
0 St dt and D ≡

∫ T
0 St dt where P is the maximum

potential duration on UI system.

In accordance to most of unemployment systems around the world, the benefit profile is such

that bt = b if t ≤ P and bt = 0 if t > P . The tax paid by employees τ finance the UI system and

other government programs E in expected value, such that:

τ(T − fD) = E + bfB .

The interpretation of this equation is straightforward. The tax τ paid by employees times the

expected time employed (T − fD)7 is equal to the expected amount of benefits paid bfB plus an

7Notice that since the model ends in T , and the expected time unemployed is f D, then T − f D is the expected
time employed.
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additional spending E that government finance with this taxes.

A different set of parameters {b, P, τ} will possibly imply a different set of workers choices

{f∗, s∗ : [0, T ] → [0, 1]}. So, W = W (b, P, τ). We also have f = f(b, P, τ) and B = B(b, P, τ) and

D = D(b, P, τ) and since τ(T − fD) = E + fBb then τ = τ(b, P ). So, considering that welfare

(W ), expected unemployment duration (fD) and expected benefits collected (fB) are a function

of {b, P, τ} and that τ is a function of {b, P} then the planner’s problem is:

Max
b,P,τ

W (b, P, τ) s.t. τ (T − f(b, P, τ)D(b, P, τ)) = E + b f(b, P, τ)B(b, P, τ)

The timing of the model is: Given b, P and τ , the worker chooses optimal values of effort at

keeping the job and searching at finding a new job. Given agents optimal choices and given b and

P , the government solves a fixed-point problem to find τ that balance the budget8 given the policy

parameters b and P .

Then, given W as functions of b and P , and taking the derivative of W (b, P, τ(b, P )) to b and

P and considering

τ =
E + bf(b, P )B(b, P )

T − f(b, P )D(b, P )
,

we have:

dW

db
=
∂W (b, P, τ(b, P ))

∂b
+
dτ(b, P )

db

∂W (b, P, τ(b, P ))

∂τ
,

dW

dP
=
∂W (b, P, τ(b, P ))

∂P
+
dτ(b, P )

dP

∂W (b, P, τ(b, P ))

∂τ
,

The first part of each equation is called a direct effect of the policy change, and the second term

is an indirect effect of the policy change acting through the budget set.

The analysis will be performed for variations in P , since it’s what we can identify from Data.

Since the analysis will not be performed for variations in b, the model solution for changes in b will

not be discussed in this work. However, given the method for changes in P , doing for changes in b

is a trivial extension.

8Although governments usually do not raise taxes when unemployment insurance benefits become more generous,
it’s usual in the literature to make taxes vary such that expenditures equal revenues. This is a way to account for
the costs of workers changes in effort on the job and search for a new job
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2.3 Solution to the model

More details for the solution of the model is in Appendix A. The welfare gain for changes in

potential benefit duration, for each monetary unit in direct transference from employed to unem-

ployed, normalized to the marginal utility of consumption of the employed worker, is given by:

dW/dP

bP SP v′(ce)
= γ − θ , (4)

and γ and θ are defined as

γ ≡ u(b+ y)− u(y)− b v′(ce)
bv′(ce)

, (5)

θ ≡ bB + τ D

bP SP
(εf,P + εD,P ) , (6)

where u(·) is the utility from consumption when unemployed, y is an exogenous income when

unemployed, b is the benefit value of unemployment insurance while receiving payments, v(·) is

the utility from consumption when employed, B is the expected duration receiving unemployment

benefits, P is the maximum potential duration, SP is the probability of still being unemployed

when the benefits exhaust conditional on being fired, D is the expected unemployed duration, εf,P

is the elasticity of unemployment inflow related to potential duration and εD,P is the elasticity of

unemployment outflow related to potential duration.

The above equations are a pair of sufficient statistics for welfare analysis, that is, they capture

all relevant information to evaluate welfare for marginal changes in the policy parameter P .

The first term, γ, is the social value, that is, how much the welfare increase, normalized to

the marginal utility of consumption of the employed worker, from each unit transferred between

the unemployed and the employed. It’s also the ratio of marginal utilities of consumption between

unemployed and employed, minus one. These statistics capture the social benefit from correcting

distortions of consumption between states of nature (employed and unemployed).

The second term, θ, is the welfare losses from behavioral changes in unemployment inflow and

unemployment outflow, normalized to the marginal utility of consumption of the employed worker.

These statistics capture the fiscal externality that agent changes in behavior caused in planners

budget set.

Notice the equation structure and terms in the formula are similar to Britto (2016) and

Schmieder and Von Wachter (2016). The first term, the social value, doesn’t depend on the elas-

ticity of unemployment inflow to unemployment insurance. The second term, the ratio of moral
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hazard to mechanical cost, is influenced by the elasticity of unemployment inflow to unemployment

insurance, and because that it is the only statistic that will be estimated.

It’s possible to rewrite θ as θ = θf + θo with:

θf =
bB + τ D

bP SP
εf,P and θo =

bB + τ D

bP SP
εD,P ,

where θf is the moral hazard cost from unemployment inflow and θo is the moral hazard cost from

unemployment outflow

Then define SUI ≡
θf

θ
=

εf,P

εf,P + εD,P
,

where SUI is the share of moral hazard costs that comes from changes in unemployment inflow.

2.4 Approximation

Consider the following approximation to the elasticity of unemployment inflow and outflow to

unemployment insurance:

εf,P ≈
f(P ′)− f(P )

P ′ − P
P

f(P )
,

εD,P ≈
D(P ′)−D(P )

P ′ − P
P

D(P )
,

where f(P ) is the probability of being fired when the potential maximum duration is P, and D(P )

is the expected value of unemployment duration when the maximum benefit duration is P .

Then, the approximate value of the ratio of moral hazard to mechanical cost is:

θ ≈ bB + τ D

(P ′ − P ) b SP

(
f(P ′)− f(P )

f(P )
+
D(P ′)−D(P )

D(P )

)
. (7)

To estimate the model and compute the ratio of moral hazard to mechanical cost, we need

to estimate two treatment effects f(P ′) − f(P ) and D(P ′) − D(P ), where the first is how much

unemployment inflow rate varies with eligibility and the second is how much unemployment duration

varies with eligibility. We also need to calibrate: b the benefit value, B the expected number of

payments received, D the expected duration in unemployment, τ the value of taxes paid only if

employed, f the layoff probability and SP the probability of exhaust the potential benefit duration

receiving UI payments.
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3 Data

To perform the empirical analysis, we use two administrative datasets.

The administrative dataset from Relação Anual de Informações Sociais, for which the unit

of observation is an employment spell, contain information on employers, employees, and labor-

contracts in the formal sector of the economy. The information used consists of wage, admission and

separation date (if the labor contract ended in that year), the reason of separation, an individual

identifier (PIS), the firm identifier (CNPJ), state and some characteristics of contracts for the sample

selection. Using the individual identifier (PIS), for each separation, we can recover unemployment

spells using the admission date of the next employment and the separation date of the current

employment spell. We use years of 2011 until 2016 in our analysis.

The administrative dataset of unemployment insurance applications from Ministerio do Tra-

balho, for which the unit of observation is an application and contains information if the UI was

granted to a worker and how many payments the worker received. Using this information, we con-

struct how many9 previous successful unemployment insurance applications the worker has since

the beginning of UI program in 1986. We use Data from 1986 until 2015. Using an individual

identifier, the PIS code, and the layoff date, observations in the UI dataset with RAIS dataset are

matched.

3.1 Sample Selection

Three samples are used in the empirical analysis. A brief description of each sample follows

below, and it’s similar to one of the samples used in Carvalho et al. (2018) regarding the demographic

characteristics and period of study.

Sample 1: The first sample consists of all workers older than 18 years old, working in private-sector

firms, in open-ended contracts with non-zero wages. At each month and year, only workers with

tenure between 13 to 17 or 19 to 22 are included. The period of the analysis is from January 2012

to December 2015. This sample is used to recover variation in layoff probability.

Sample 2: The second sample consists of a restriction of Sample 1 to workers fired without just

cause in that month and year. The period of the analysis is January 2012 to December 2015. This

sample is used to recover variation in duration outside formal employment.

Sample 3: The third sample consists of a restriction of Sample 2 to workers that successfully

applied to UI and for the period of January-February 2015. This sample is used to calibrate the

remaining parameters of welfare analysis.

9In fact, if the worker has zero, one and two or more, since these are the three categories relevant to eligibility
after the legislative change discussed in the institutional context subsection
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4 Empirical Strategy

4.1 Institutional Context

Before March 2015 in Brazil, eligibility to Unemployment Insurance followed some simple cri-

teria. Eligible worker to UI was fired without just cause, was employed in private sector of the

economy, applied to UI no more than 120 days after the layoff date, have at least 6 months of

continuous employment, was in the formal sector of the economy with an open-ended contract and

the layoff that allowed him to collect UI benefits didn’t occur less than 16 months from the current

layoff. If an application attends all these conditions, his application is successful. Under those

conditions, a successful UI applicant would receive a benefit proportional to wages during 3 to 5

months according to his working history. If the worker finds a new job while receiving UI benefits,

the payment would stop.

A legislative change (MP665) turn eligibility criteria more strict for worker fired from March

2015 until 15 June 2015. The minimum employment time required increased depending on the past

UI successful applications. For workers without previous successful applications, from 6 months

it jumped to 18, and for workers with only one previous successful application, from 6 months it

jumped to 12. A worker with two or more previous UI successful applications was not affected.

These stricter eligibility criteria were in part reversed after a new legislative change (Law13134)

that start producing effects for workers fired after 16 June 2015, and workers without a previous

UI application between 12 and 17 months of employment or workers with only one previous UI

application with 9 to 11 months of employment recovered eligibility to UI benefits.

As an approximation, we consider that the first legislative change lasts for the full month of June.

Table 1 shows the variations in eligibility according to previous UI history and time employed. In

the regression to be described below, we explore only the eligibility variation for the group without

previous UI successful application and around 18 months of tenure. In future work, we intend to

explore other eligibility variations resulting from these legislative changes.

Our goal is to estimate θ in equation (7) as functions of b, B, τ , D, P , f , SP , ∆f and ∆D,

where: b is the benefit value, B is the number of payments received, D is the time unemployed, τ

is the tax paid, P is the potential benefit duration, f is the unjustified layoff probability, SP is the

probability of exhaust the UI benefits conditional on having been fired without just cause, and ∆f

and ∆D are the effect of variations in P over the variables f and D.

In order to recover ∆f and ∆D, I make use of exogenous eligibility variations in 2015. Since

I’m using variation in eligibility, then P ′ = 0 in equation (7). The empirical strategy to recover ∆f

is similar to Carvalho et al. (2018), and a similar approach is used to recover ∆D. My treatment

group consists of workers with 13-17 months of tenure without previous successful UI applications10,

10Using administrative dataset of unemployment insurance applications, I recover the date of first and second (if
it had happened) successful application for all workers. Then, for each month and year and to all workers, I’m able
to tell how many past successful UI applications that worker have.
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and the control group are workers with 19-22 months of tenure without previous successful UI

applications. I evaluate the effect of MP665 and Law13134 into (i) The probability of being fired

without just cause (ii) Duration outside formal employment capped at 12 months11.

A covariates balance for treated and control group in Sample 1 is presented in Table 3 and a

covariates balance for treated and control group in Sample 2 is presented in Table 4. Notice that

since the control group have higher tenure than the treatment group, then naturally they are a few

months older and have higher wages in both samples. The other aspects are quantitatively similar,

even if the difference is statistically significant.

The regression model used to recover ∆f , which is β1 in the regression below, is:

fi,m,t =β0 + Treatedi,m,tMP665m,t β1 + Treatedi,m,t Law13134m,t β2+

+

(
2015∑

a=2012

12∑
b=1

I(a = t) I(b = m)β3a,b

)
+

+

 22∑
a=13,a6=18

12∑
b=1

I(Tenurei,m,t = a) I(b = m)β4a,b

+

+

 22∑
a=13,a6=18

I(Tenurei,m,t = a)Trendm,t β
5
a,b

+

+

(
2015∑

a=2012

12∑
b=1

I(a = t) I(b = m)Tenurei,m,t β
6
a,b

)
+ ui,m,t , (8)

11For workers fired at 31 December 2015, I can only observe then until 31 December 2016, using RAIS for the year
of 2017 I will be able to evaluate the sensibility of my results to the 12 months cap .
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where the index i denotes the individual, m denotes month (ranges from 1 to 12), t denotes year

(ranges from 2012 to 2015), Treatedi,m,t = I(Tenurei,m,t < 18) is an indicator function if the

tenure of the worker is below 18 months, MP665m,t is a dummy variable with MP665m,t = 1 iff

3 ≤ m ≤ 6 and t = 2015, Law13134m,t is a dummy variable with Law13134m,t = 1 iff m ≥ 7 and

t = 2015, β3a,b will capture a set of month#year fixed effects, β4a,b will capture a seasonality fixed

effect specific for each tenure level, Trendm,t is a time-trend that ranges from 1 to 48, β5a,b will

capture a time trend specific for each tenure level and β6a,b will capture a different linear effect of

Tenurei,m,t for each month#year.

And the regression model used to recover ∆D, which is α1 in the regression below, is:

Di,m,t =α0 + Treatedi,m,tMP665m,t α1 + Treatedi,m,t Law13134m,t α2+

+

(
2015∑

a=2012

12∑
b=1

I(a = t) I(b = m)α3
a,b

)
+

+

 22∑
a=13,a 6=18

12∑
b=1

I(Tenurei,m,t = a) I(b = m)α4
a,b

+

+

 22∑
a=13,a 6=18

I(Tenurei,m,t = a)Trendm,t α
5
a,b

+

+

(
2015∑

a=2012

12∑
b=1

I(a = t) I(b = m)Tenurei,m,t α
6
a,b

)
+ vi,m,t . (9)

Notice that since a seasonality specific for each tenure level and a fixed effect for each month

and year is included, it’s not necessary to control for Treatedi,m,t, MP665m,t and Law13134m,t in

this Diff in Diff specification.

The dependent variable fi,m,t in the first regression is an indicator function that takes value of

1 if the worker i was fired without just cause in month m and year t, and in the second regression

Di,m,t is a duration outside formal employment after being fired without just cause in month m

year t, that is, for each worker fired without just cause in month m year t, the duration outside

formal labor market (with a cap at 12 months) Di,m,t is recovered. Naturally, in the first regression

I use a sample of employed workers (Sample 1), and in the second regression, I use a sample of

fired workers (Sample 2). Errors are clustered at 2-digit Industry-level.
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4.2 Welfare Calibration

To recover the cost statistic in equation (7), I need to calibrate bB + τ D, b P SP , f and D.

To calibrate these parameters, I restrict to Sample 3, since these are the workers that applied

and receive UI, with characteristics similar to worker affected by legislative change. Later, I allow

heterogeneity at the individual level in the model and discuss which differences in implementation

it implies.

The variable b is the value of the UI benefit. The true value b follows a established formula

from MTE, and can be calculated using last 3 wages. Let w be the average of last 3 payments in

Reais, then the benefit formula for the 2015 year is:

b = Min{ Min [Max{788, 0.80× w} , 978.22 + 0.5Max{0, w − 1277.78}] , 2038.15}

From RAIS, I use the reported wage of the worker in that year as an approximation for the

average last three wages received to calculate bi for all workers i in Sample 3.

For τ , that is the tax paid by the worker, it’s necessary to compute this value using wages

wi and tax rate. Estimating this tax is extremely complicated because of several payroll taxes

present in Brazilian case. There is Salário educação (2.5%), Risco Ambiental do Trabalho (1% to

3%), Contribuição Sindical Anual (1 day-wage every year), the Sistema S contribution that varies

by sector , Contribuição Previdenciária which varies from 8% to 11% to be paid for employee

and for employers not on SIMPLES there’s a contribution of 20%. Additionally, there’s the PIS

contribution of 0.65% of firms revenue, and since the worker contributes to the firm’s revenue it

may be considered. Finally, the FGTS contribution should not be included since it’s a delayed

payment, that is, each Real not paid by the worker is also a Real he will not receive later on. As

an approximation, using workers in Sample 3, a τi is computed as 20% of wi
12.

The variable D is time outside formal employment13 and D is recovered through the following

steps: for each worker in Sample 2, and using the workers hired in the next 12 months from RAIS,

I recover the number of months Di between the layoff and the hiring. If the worker was not hired,

then Di = 12. For data limitations, only 12 months of windows are considered. Then, D is set

as the average of Di in Sample 2 for treated workers without previous UI successful application in

January-February of 2015.

The variable f is the probability of unjustified layoff, that is, if a worker is fired without just

cause, then fi = 1 and otherwise fi = 0, then f is set as the average of fi in Sample 1 for treated

workers without previous UI successful application in January-February of 2015.

The variable B is the number of benefits collected considering the unemployment spell of the

12Since this value is the tax that would be paid if the worker was employed instead of unemployed, still reasonable
to make it proportional to wages while employed.

13Following Gerard and Gonzaga (2016), when informality is present, the relevant variable is time outside formal
labor market and not time unemployed
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worker. The value of Bi is set as the number of payments received for workers in Sample 3. The

variable P is the number of benefits the worker can collect when unemployed. First, the value of

Pi is set as the number of payments the worker in Sample 3 was eligible to receive. The variable

SP is the probability of exhausting UI benefits. If Bi = Pi then SP,i = 1 and otherwise SP,i = 0

The variable b P SP is the mean of bi Pi SP,i in Sample 3 for workers in treated group in the

period January-February 2015. The variable bB + τD is the mean of biBi + τiDi in Sample 3 for

workers in treated group in the period January-February 2015.

Notice that in my empirical setting since eligibility variations are explored it’s the case that

P ′ = 0, so equation (6) is

θ̂ = −bB + τ D

P bSP

(
β1

f
+
α1

D

)
, (10)

and the approximated SUI is

ŜUR =
β1

f
/

(
β1

f
+
α1

D

)
, (11)

5 Results

5.1 Main Results

For the regression in equation (8) the results are presented in Table 5. The parameter of interest,

β1, ranges from -.36% in specification (1) and -.12% in specification (4). Since there is no difference

in eligibility after July 2015 between control and treatment groups, the parameter β2 should be

zero however it’s statistically significant in all four specifications. If this is a failure of Diff in Diff

design or if it’s a lagged effect of policy reforms because of information frictions isn’t clear yet and

will be a topic for future investigation. Considering a smaller window for the DiD, with the control

group as workers with 19 to 21 months instead of 19 to 22 months, and treatment group as workers

with 15 to 17 months instead of 13 to 17 months, the results for regression (8) are shown in Table

6. The parameter of interest, β1, ranges from -.43% in specification (6) to -.18% in specification

(7). Since there is no difference in eligibility after July 2015 between control and treatment groups,

the parameter β2 should be zero however it’s statistically significant in all four specifications.

Graph 1 present the density of tenure for workers fired without cause and without previous UI

application with 12 to 30 months of tenure at moment of layoff in the period from January 2012

to February 2015, while Graph 3 is for period from March 2015 to June 2015 and Graph 5 is for

period from July 2015 to December 2015. A visual analysis shows that density around 18 months is

continuous before March 2015 and After June 2015, and there is a discontinuity from March 2015

to July 2015 with less firings for workers without eligibility. Future work will also perform an RD
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analysis around this cutoff to estimate the relevant parameters for welfare analysis.

For the regression in equation (9) the results are presented in Table 7. The parameter of

interest, α1, ranges from -.40 month in the specification (2) to -.77 month in the specification (4).

Since there is no difference in eligibility after July 2015 between control and treatment groups, the

parameter α2 should be zero however it’s statistically significant in specifications (2), (3) and (4).

In specification (1), which have more controls, α2 isn’t statistically significant at 5%. A possible

explanation for α2 statistically different from zero is a selection at unemployment status because

coefficient β2 is different from zero. The role of selection and treatment effect in α1 is a topic for

future research, however for welfare analysis, this form of selection isn’t a concern14. Considering a

smaller window for the DiD, with the control group as workers with 19 to 21 months instead of 19

to 22 months, and treatment group as workers with 15 to 17 months instead of 13 to 17 months,

the results for regression (9) are shown in Table 8. The parameter of interest, α1, ranges from -.19

month in the specification (6) to -.73 month in the specification (7). Since there is no difference in

eligibility after July 2015 between control and treatment groups, the parameter α2 should be zero

and in fact, is statistically insignificant in specifications (6) and (7).

The preferred specification is the more general one, with all forms of fixed effects, and with a

larger window. The probability of being fired without cause decrease by 0.36% 15 when workers

lose eligibility to UI, and the duration outside formal employment decrease by 0.51 month16. For

the period March to June 2015, for workers with 13 to 17 months of tenure and without previous UI

successful application the unjustified firing probability is 2.30% and the average duration outside

formal employment if fired is 8.50 months. So, unemployment insurance eligibility explains 13.5%17

of unjustified firings and 5.7% of duration outside formal employment. As robustness, for workers

with 15 to 17 months instead of 13 to 17 and all else equal, the unjustified firing probability is

2.29% and the average duration outside formal employment if fired is 8.55 months and considering

specification (5), we have that unemployment insurance eligibility explain 15.2% of unjustified

firings and 2.8% of duration outside formal employment.

5.2 Robustness

A difference between my model and Britto (2016) model is that voluntary quits aren’t allowed

here. As discussed in Van Doornik et al. (2018) it’s important to know if workers didn’t substitute

unjustified dismissal for voluntary quits. A worker who wants to quit the job would first try to

be fired without cause to collect benefits from UI, and if these benefits aren’t available anymore, a

14It will be clarified in the Individual Heterogeneity’s extension and in Appendix B
15The inflow responses are not directly comparable with Van Doornik et al. (2018) but they are similar in magnitude

and the signal to Carvalho et al. (2018). Since I restrict the sample to workers without previous UI successful
applications and use a different set of fixed effects, naturally the results would not be the same.

16The duration changes aren’t directly comparable with Gerard and Gonzaga (2016), since the period of study and
group of analysis is different, and also the size of the variation is different. However, they find a .29 months response
to a change in 1 month of UI benefits, while I find .51 month of response for a change of 4 months

17The estimate is similar to Van Doornik et al. (2018) and Carvalho et al. (2018)
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voluntary quit can happen. To address this concern, I perform the main regression of unemployment

inflow with a different dependent variable, that is, a dummy for voluntary quit instead of a dummy

for fired without cause.

Results are presented in Table 9, and also in Table 10 for a smaller control and treatment

groups. In all specifications except specification (4), there is a small decrease in voluntary quits

between March 2015 and June 2015, and no effect for all specifications after June 2015. Since the

variation in fired without cause and voluntary quits have the same signal, there was no substitution

between the two types of separation, instead, there is complementarity.

To increase confidence in the results about changes in duration outside formal employment and

probability of layoff, I perform four placebo specifications.

The first placebo is performing the same study for workers with previous UI successful applica-

tions, that is workers not affected by the eligibility variation. For unemployment inflow, results are

presented in Table 11 and Table 12. For all specifications, this placebo fails. However, imperfectly

informed workers with previous UI successful application can react to legislative changes. Another

possible mechanism is that employers do not observe the number of past UI successful applications

of a worker and they are concerned about reputation with employees, that is firing someone in a

vulnerable position can decrease confidence in the employer-employee relation. If this is a relevant

scenario, the probability of an unjustified dismissal will fall for all workers below 18 months, not

just workers affected by UI eligibility variation. For unemployment outflow, results are presented

in Table 13 and Table 14. Notice that although statistically significant, the effect is smaller for

non-affected workers when comparing to affected workers. A possible reason for these effects being

statistically significant is that inflow changes induce bias at the measurement of outflow responses.

A visual analysis that there is a possible effect of legislative change in non-affected workers and

this is not a failure of the Diff in Diff specification follows: Graph 2 present the density of tenure

for workers fired without cause and with previous UI application with 12 to 30 months of tenure

at moment of layoff in the period from January 2012 to February 2015, while Graph 4 is for period

from March 2015 to June 2015 and Graph 6 is for period from July 2015 to December 2015. A

visual analysis shows that density around 18 months is continuous before March 2015 and After

June 2015, and there is a discontinuity from March 2015 to July 2015, with a decrease in firing

probability for workers with less than 18 months of tenure.

The second placebo is restricting the sample to workers with wages above five minimum wages.

Since unemployment insurance benefits are capped at 1.77 minimum wages, changes in eligibility

should have smaller effects or no effect for high-wage workers. Results for unemployment inflow are

reported in Table 15 and Table 16, and results for unemployment outflow are reported in Table 17

and Table 18. No effect is expected and in fact, no effect is found both for unemployment inflow

and for unemployment outflow18.

18There is only one coefficient significant at 5% level between the 32 coefficients of interest in these 4 Tables, this
is an expected outcome under the null hypothesis that the effect is null.
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The third placebo consists in to reconstruct the empirical exercise for the years 2011-2014,

assuming that the treatment occurred in 2014. First, it’s necessary to construct a Sample 4 and 5,

similar to Sample 1 and Sample 2 respectively, but for the years 2011-2014 instead of 2012-2015.

Since there was no change in benefits eligibility for the treated group in early 2014, I should find

no effect on the two regressions. For unemployment inflow, results are reported in Table 19 and

Table 20. Notice that in the specification with more fixed effects, that is, specification (1) and

specification (5), there is no effect of the placebo change in eligibility. For unemployment outflow,

results are reported in Table 21 and Table 22. Again in the specification with more fixed effects,

there is no effect of the placebo change in eligibility.

The fourth placebo consists in the empirical exercise with a treatment and control group such

that no eligibility variation occurred for the period of study. I use workers with 25-30 months of

tenure as control and workers with 18-23 months of tenure as treatment. First, it’s necessary to

construct a Sample 6 and 7, similar to Sample 1 and Sample 2 respectively, but for different control

(18-23 months) and treatment (25-30 months) groups. Since there is no eligibility variation, I should

find no effect on the two regressions. Results are reported in Table 23 and 24 for unemployment

inflow and 25 and 26 for unemployment outflow. For unemployment inflow, no effect is expected

and no effect is found19. For unemployment outflow, however, more coefficients are significant than

expected.

Since there are failures in placebo specification, future work will incorporate new covariates and

time trends for covariates.

5.3 Welfare Analysis

The inflow and outflow responses alone aren’t comparable between then, neither is clear the

relevance for welfare analysis. Is a reduction in duration outside formal employment by .51 months

a large or small effect for welfare? Is a reduction in the probability of being fired without cause by

.36% a large or small effect for welfare? To provide economical significance to this statistical result,

I insert these estimated effects presented in Tables 5 and 6 in equations 10 and 11, together with

calibrated parameters described in Table 220. The elasticity of unemployment inflow is 0.183, the

elasticity of unemployment outflow is 0.056. These results indicate that 77% of moral hazard costs

of UI comes from inflow responses. The cost statistic is 0.426, that is, for each Real transferred

from employed to unemployed, behavioral changes create an additional cost of 0.426 cents. I also

perform the welfare analysis for 8 different econometric models in Table 28. The cost statistic varies

from 26 to 43 cents and SUI varies from 42% to 92%. Although the point estimates of SUI and

θ varies, the unemployment inflow explains at least 42%, a share too high to be ignored in welfare

analysis of unemployment insurance.

19Again, only one in 16 coefficients of interest are statistically significant at 5%, an expected outcome under the
null hypothesis.

20The construction of these parameters is in section (4.3)
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For specification (1) to measure inflow and outflow responses, a bootstrap procedure was used

to recover the distribution of the cost statistic (θ) and the share of moral hazard costs from un-

employment inflow (SUI), using 10% of the sample with 50 repetitions. The distribution of these

estimates are presented in Graph 8 and Graph 9, and table 27 report a summary for the bootstrap

procedure.

5.4 External Validity

The results indicate that the usual approach, considering only moral hazard at unemployment

outflow, can be highly misleading and severely underestimate the cost statistic in a local welfare

analysis of unemployment insurance. But is this a feature of the country, group and period of study

alone or does it have more general implications?

It’s sometimes possible to compute the share of moral hazard coming from unemployment inflow

using other studies that decompose the effect on the equilibrium unemployment rate of variations

in unemployment insurance into unemployment inflow and unemployment outflow. Lalive et al.

(2011) study the effect of unemployment insurance on unemployment equilibrium rate in Austria

and finds that unemployment outflow falls 8.3% and unemployment inflow falls 44.9%. Using these

numbers I can compute a SUI = 0.86 using the formula in equation (11). So it’s possible that

unemployment inflow matters for unemployment insurance not only in emerging countries with

high informality like Brazil but also in developed countries with low informality like Austria.

If an empirical analysis estimate, for the same population, the elasticity of unemployment inflow

and the elasticity of unemployment outflow to a policy parameter of unemployment insurance, like

benefit level or potential benefits duration, it is possible to compute the share of moral hazard

costs that comes from unemployment inflow. For Lalive et al. (2011), this share is 0.86, indicating

that inflow is also a major component in that scenario. In future work, I intend to perform a

meta-analysis of inflow and outflow elasticities of unemployment to policy parameters of UI, to

recover SUI for other countries, periods and groups.

6 Extensions

6.1 Firm-level Externality

For unemployment insurance design, what matters is how unemployment inflow and unemploy-

ment outflow, on aggregate, changes with changes in policy parameters, and not how the identity

of the workers fired change with eligibility variation. If firms change only the identity of the fired

worker when eligibility varies, and not the quantity of workers fired, then there is no unemployment

inflow variation at the firm level, and don’t matter for local welfare analysis21.

21The cost statistics captures fiscal externalities, that is, effects of behavioral changes in government budget set. If
the number of workers fired didn’t change, then revenues and expenses are also likely the same, therefore government
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I use fixed effects in a panel with continuous treatment in a generalized diff in diff approach.

The panel consists of firms in the private section from January 2012 to December 2015. For each

firm, month and year, the variables gender (1 for men), race (1 for white or asian), tenure, wage

(normalized to minimum wage) and age are constructed taking an average for workers employed

at the firm in that month and year. Since I use fixed effects, controls for the sector, geographic

region and other time-invariant characteristics of firms aren’t necessary. A covariate balance test

is provided in Table 29, and since the treatment group and control group are different, I include

the covariates in regression.

Let Ti,j,t = 1 if a worker i in firm j and period t is in one of the groups affected by MP665, that

is, workers with no previous UI application between 6 and 18 months of tenure and workers with

one previous UI application between 6 and 12 months of tenure. The variable Tj,t is the average of

Ti,j,t in the firm j in period t. Also, let yi,j,t = 1 if a worker i in firm j and period t was both fired

and Ti,j,t = 0 (that is, not in the potentially affected groups), then the variable yj,t is the average

of yi,j,t in the firm j in period t. Finally a dummy MP665t = 1 if month is after March (included)

and year is 2015.

The regression is:

yj,t = β Tj,tMP665t +Xj,tγ + αt + αj + uj,t (12)

Where αj is a firm-fixed effect, αt is a month times year fixed effect, and the controls in Xj,t

include an interaction between the treatment group and month of the year to capture seasonality,

and also variables at firm level for gender, race, education, tenure, wage, and age. Notice that

Tj,t is a continuous variable instead of a binary variable. Notice that there is possible a negative

relation between Tj,t and yj,t by construction, but the parameter of interest is the interaction of

Tj,t and MP665t

Specification 1 only use firm fixed effect, a control for treatment and a dummy for the period

after March 2015. Specification 2 replaces the dummy for the period after March 2015 for a full

set of Month-Year fixed effects. Specification 3 replaces the continuous variable Treated for an

interaction between the continuous variable Treated and Month, to capture seasonality. Covariates

are also in Specification 4.

Results are provided in Table 30. Results for specifications (1) to (4) are similar, with a smaller

coefficient for specifications (3) and (4) but all are statistically significant. The interpretation of

this result is: For each worker affected by the change in eligibility that took place in March 2015,

there’s an increase in the probability that a non-affected worker of the same firm is laid-off by

0.36% for the specification (4). Instead of substitution between workers fired, the results indicate

complementarity, which reinforces the unemployment inflow effect. To increase confidence in the

results, I also perform a placebo regression using 2011 to 2014 and assuming treatment occurred in

budget set is not affected, and then there is no cost associated with that particular behavior
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2014, I should find no effect if my specification is correct. This is a form of pre-tends test. Results

are presented in Table 31, specifications (1) and (2) fail this placebo test, however, specifications

(3) and (4) correctly does not find any statistically significant effect.

For robustness, I also present the results with a different construction of the dependent variable

in Table 32 and Table 33, such that there is no mechanical relation between yj,t and Tj,t. Redefine

yj,t as the average of yi,j,t restricted to Ti,j,t = 0. The main regression is in Table 34 and the placebo

specification in Table 35. The interpretation for the coefficient is the increase in the probability of

layoff for the non-affected worker as a function of the share of affected workers in the firm.

A possible reason for the complementarity effect is: Suppose layoffs decision are based on effort

exerted by the worker and observed by the manager, but the effort is fully observed at teams (a

group of workers) but imperfectly observed at individuals. Then, a higher effort can reduce the

probability of layoff for the working exerting higher effort but also for other workers in his team.

Now, if the loss in UI eligibility after March 2015 induces more effort for affected workers, then

layoff probability of non-affected workers would also fall. A topic for further research is exploring

this mechanism to which unemployment inflow responses at firm-level where amplified instead of

deadened, and also other possible histories.

Finally, since all placebo specification fails in Table 35, in future I will try different controls for

the firm-level regression.

6.2 Individual Heterogeneity

The standard model assumes a representative agent to perform welfare analysis. An extension

is proposed in Kolsrud et al. (2018) where heterogeneity is permitted, and the statistics relevant

to welfare analysis are still identifiable. Since Kolsrud et al. (2018) only considers unemployment

outflow, there is no model to show if the cost statistic is still identifiable with heterogeneity and

unemployment inflow. This is a relevant concern since unemployment inflow responses can create

bias in estimation of unemployment outflow responses because of selection into unemployment.

Despite the bias at measuring outflow responses, it’s still possible to recover the cost statistics

even. The model is presented in Appendix B, there I show that if the Planner has a utilitarian

welfare function and if vi(c
e
i,t) = v(ce)∀i, the cost statistic for a welfare analysis is:

θ(P ) =

∑I
i Pr(i)

(
bi
d(fi(P )Bi(P ))

dP − bifiSP,i + d(fi(P )Di(P ))
dP τi

)
∑I

i Pr(i)fi bi SP,i
, (13)

where Pr(i) is the probability mass of agents of type i, bi is the benefit level they are entitled, fi is

the firing probability, Bi is the expected duration receiving UI benefits if fired, Di is the expected

duration in unemployment if fired, τi is the amount of taxes he would be paying if employed, SP,i

is the probability of exhaust UI benefits if fired and P is the maximum potential duration.
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Notice that in the expression above, the numerator and denominator need to be recovered

together , that is:

θ(P ) 6=

(
b
d(f B)
dP − b f SP +

d(f D)
dP τ

)
f b SP

, (14)

where r =
∑
Pr(i)ri for a variable r ∈ {b, τ, f,D,B, SP }

A procedure to recover the numerator and denominator in a sole step is described below.

Consider workers in a given period, with j indexing individuals. Suppose that these workers

were eligible to either P or P ′ maximum potential duration with P > P ′ and the assignment of

either P or P ′ was random. Let fj be a dummy variable that assumes 1 if the worker was fired in

that period. Let Zj and Xj be two variables that take the value zero if the worker wasn’t fired in

the period. If the worker was fired in the period, a detailed construction of variables will be given

below:

For the sample of all workers: Let Dj be the duration of unemployment for worker j, and let

Bj = max{Dj , P} regardless if the worker j is eligible to P or P ′ maximum potential duration of

the benefits. Let bj be the value of the benefit, and τj the tax that worker would be paying if not

fired. Then define the variable Xj as:

Xj ≡ bj Bj + τj Dj (15)

For the sample of workers eligible to P maximum potential duration, let SP,j = 1 if Dj ≥ P

and zero otherwise. Then define Zj as

Zj ≡ bj SP,j (16)

Remember that fj = 1 for fired workers and fj = Zj = Xj = 0 for workers who keep their job

at the period of analysis. Therefore:

θ̂ =
X ′P −XP

(P ′ − P )(ZP )
(17)

Where XP is the sample mean of variable X for workers eligible for P , XP ′ is the sample mean

of variable X for workers eligible to P ′ and ZP is the sample mean of variable P for workers eligible

to P . Then, θ̂ is the cost statistic for welfare analysis in a model with heterogeneity.

So, with variation in potential benefits duration, we can recover the relevant parameter for

welfare analysis according to Appendix B. We just need to construct the variable Zj and take the

average value to recover α, and construct the variable Xj and recover λ by estimating the ATE
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using variation in P in the observed data.

Notice I don’t recover separately D, B, b, τ , SP , f and then use with ∆f and ∆D. Instead, I

estimate two statistics that together are the ratio of moral hazard to mechanical cost.

In future work, I will estimate θ with and without considering heterogeneity and compare the

results. Additionally, I intend to investigate if it’s possible to use Regression Discontinuity with

density manipulation under this framework since density manipulation is unemployment inflow

reacting to variation in benefits. It’s a context where density manipulation is, in fact, useful

information for welfare analysis.

7 Conclusion

Sufficient Statistics for Welfare Analysis can be a powerful tool to guide the design of Unem-

ployment Insurance. The model allowed us to make policy analysis using a few elasticities and

means estimated from Data, the number of parameters that need to be estimated is reduced from

a full structural model, the answers provided are robust to a particular class of modeling choices,

that is, those that didn’t affect transfers between Agents and the Planner.

However, it’s fundamental to model all aspects of the behavior of the agent that affect planners

budget. Previously, the literature of sufficient statistics for welfare analysis of unemployment

insurance has almost only studied unemployment outflow as a source of moral hazard. In this work,

I show that in a particular context, an effect previously ignored by this literature, unemployment

inflow changing in response to the unemployment insurance system, is of major importance. In

fact, 77% of moral hazard costs at margin comes from changes in unemployment inflow, and just

23% from changes in unemployment outflow. As it’s possible to infer from other empirical analysis,

this may not be just a particularity of the country, period and affected a group of study.

I also provide a specification test for the model, externalities at firm-level. If anything, the

effects of unemployment inflow are larger when taking firm-level externalities of worker behavior

into account. Finally, I extend the model to allow for individual heterogeneity and propose a

methodology to estimate the parameters of interest.
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Table 1: Eligibility changes

Tenure Past Until March 2015 to After
UI App March 2015 June 2015 June 2015

< 6 months 0 Ineligible Ineligible Ineligible

6-11 months 0 Eligible Ineligible Ineligible

12-17 months 0 Eligible Ineligible Eligible

≥ 18 months 0 Eligible Eligible Eligible

< 6 months 1 Ineligible Ineligible Ineligible

6-8 months 1 Eligible Ineligible Ineligible

9-11 months 1 Eligible Ineligible Eligible

≥ 12 months 1 Eligible Eligible Eligible

< 6 months ≥ 2 Ineligible Ineligible Ineligible

≥ 6 months ≥ 2 Eligible Eligible Eligible

This table considers variations in eligibility for workers that attend the other criteria to receive UI benefits. These

conditions are: Working in formal sector with an open-ended contract, not having other income sources as other

employment relation or entrepreneur activity, at least 16 months since the last separation the worker was granted UI

benefits and fired without just cause.

Table 2: Welfare Calibration

Parameter Mean Std Dev

f .01959 .0000753
D 9.112 .04736

P bSp 4.9951 .004255
τ D 7.2752 0.02436
bB 5.2776 .003367

This table report means estimation for parameters used in Welfare Analysis. f is the probability of unjustified fired
in a given month, D is the expected duration outside formal employment with a maximum at 12 months for workers
fired without cause in the period of analysis. B is the number of payments received. b is the benefit value, τ are
taxes paid by employees, P is the maximum benefit duration and Sp is the probability of exhausting the benefits
once fired. Values P bSP , τD and bB are normalized to minimum wage in Brazil in the year of 2015.
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Table 3: Covariates balance for sample 1

(1) (2) (3)
Variable Control group Treatment group Difference

Gender 0.594 0.596 0.001***
(0.491) (0.491) (0.000)

Wage 2.40291 2.28674 -.11617***
(3.02605) (2.84455) (0.00037)

Age 33.712 33.066 -0.646***
(10.433) (10.396) (0.001)

Race 0.527 0.513 -0.014***
(0.499) (0.500) (0.000)

Higher 0.155 0.148 -0.007***
Education (0.362) (0.355) (0.000)
South or 0.538 0.543 0.005***
Southwest (0.499) (0.498) (0.000)

Observations 36,082,455 57,316,968 93,399,423

Control group consists of workers in Sample 1 above 19 months of tenure, the treatment group consisted of workers
in Sample 1 below 17 months of tenure. The variable Gender takes the value 1 if the worker is male, the variable
Race takes the value 1 if the worker is white or asian, the variable College takes the value 1 if the worker has a higher
educational degree, the variable Region takes the value 1 if the worker is employed in south or southwest regions.

Table 4: Covariates balance for sample 2

(1) (2) (3)
Variable Control group Treatment group Difference

Gender 0.621 0.643 0.022***
(0.485) (0.479) (0.000)

Wage 2.07754 2.01541 -0.06213***
(2.74810) (2.54636) (0.00189)

Age 32.727 32.318 -0.409***
(10.207) (10.183) (0.007)

Race 0.497 0.479 -0.018***
(0.500) (0.500) (0.000)

Higher 0.104 0.097 -0.006***
Education (0.305) (0.296) (0.000)
South or 0.518 0.523 0.005***
Southwest (0.500) (0.499) (0.000)

Observations 3,070,581 5,216,022 8,286,603

Control group consists of workers in Sample 2 above 19 months of tenure, the treatment group consisted of workers
in Sample 2 below 17 months of tenure. The variable Gender takes the value 1 if the worker is male, the variable
Race takes the value 1 if the worker is white or asian, the variable College takes the value 1 if the worker has a higher
educational degree, the variable Region takes the value 1 if the worker is employed in south or southwest regions.
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Table 5: Unemployment inflow: affected workers

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

β1 -0.00358*** -0.00383*** -0.00121** -0.00178***
(0.000991) (0.000944) (0.000602) (0.000560)

β2 -0.00325*** -0.00351*** -0.00234*** -0.00292***
(0.000660) (0.000621) (0.000420) (0.000485)

Constant 0.0273*** 0.0273*** 0.0271*** 0.0272***
(0.00176) (0.00181) (0.00179) (0.00181)

Observations 74,023,054 74,023,054 74,023,054 74,023,054
R-squared 0.001 0.001 0.001 0.001
Month#Year FE Yes Yes Yes Yes
Tenure#Month FE Yes Yes Yes Yes
c.tenure#Month#Year Yes Yes No No
Tenure time trend Yes No Yes No

Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

Table 6: Unemployment inflow: affected workers, restricted

VARIABLES (5) (6) (7) (8)

β1 -0.00410*** -0.00430*** -0.00175*** -0.00217***
(0.000802) (0.00103) (0.000651) (0.000610)

β2 -0.00354*** -0.00375*** -0.00264*** -0.00308***
(0.000684) (0.000628) (0.000429) (0.000471)

Constant 0.0273*** 0.0273*** 0.0271*** 0.0271***
(0.00172) (0.00180) (0.00176) (0.00177)

Observations 47,737,532 47,737,532 47,737,532 47,737,532
R-squared 0.001 0.001 0.001 0.001
Month#Year FE Yes Yes Yes Yes
Tenure#Month FE Yes Yes Yes Yes
c.tenure#Month#Year Yes Yes No No
tenure time trend Yes No Yes No

Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

The regression is a linear probability model and the sample consists of workers without previous UI successful
application in Sample 1. The dependent variable assumes 1 for worker i in period t if the worker was fired without
cause. The variable β1 is the interaction of the treated group with a dummy for the period March 2015 to June 2015.
Additional controls include a fixed effect for month and year, a fixed effect for month and tenure, a month and year
specific slope for the effect of tenure on the dependent variable is permitted, also a time trend for each tenure level.
Specifications (1)-(4) uses a larger tenure window to define treatment and control groups, while specifications (5)-(8)
perform the same analysis for a smaller tenure window for treatment and control groups.
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Table 7: Unemployment outflow: affected workers

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

α1 -0.508*** -0.400*** -0.767*** -0.774***
(0.0756) (0.103) (0.0638) (0.0656)

α2 -0.224* -0.111** -0.142*** -0.144***
(0.116) (0.0531) (0.0373) (0.0204)

Constant 8.779*** 8.766*** 8.786*** 8.787***
(0.113) (0.119) (0.120) (0.121)

Observations 1,983,559 1,983,559 1,983,559 1,983,559
R-squared 0.007 0.007 0.007 0.007
Month#Year FE Yes Yes Yes Yes
Tenure#Month FE Yes Yes Yes Yes
c.tenure#Month#Year Yes Yes No No
Tenure time trend Yes No Yes No

Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

Table 8: Unemployment outflow: affected workers, restricted

VARIABLES (5) (6) (7) (8)

α1 -0.252** -0.188 -0.729*** -0.709***
(0.110) (0.144) (0.0598) (0.0697)

α2 -0.0529 0.0169 -0.170*** -0.147***
(0.121) (0.0849) (0.0497) (0.0240)

Constant 8.757*** 8.750*** 8.784*** 8.782***
(0.120) (0.121) (0.114) (0.117)

Observations 1,278,656 1,278,656 1,278,656 1,278,656
R-squared 0.008 0.008 0.008 0.008
Month#Year FE Yes Yes Yes Yes
Tenure#Month FE Yes Yes Yes Yes
c.tenure#Month#Year Yes Yes Yes Yes
tenure time trend Yes Yes Yes Yes

Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

The sample consists of workers without previous UI successful application in Sample 2. The dependent variable is
time outside formal employment. The variable α1 is the interaction of treated group with a dummy for the period
March 2015 to June 2015. Additional controls include a fixed effect for month and year, a fixed effect for month and
tenure, a month and year specific slope for the effect of tenure on the dependent variable is permitted, also a time
trend for each tenure level. Specifications (1)-(4) uses a larger tenure window to define treatment and control groups,
while specifications (5)-(8) perform the same analysis for a smaller tenure window for treatment and control groups.
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Table 9: Voluntary quits

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

did1 -0.000979*** -0.00106*** -0.000307** 1.92e-05
(0.000333) (0.000241) (0.000132) (0.000175)

did2 -6.41e-05 -0.000140 -0.000293* 1.97e-05
(0.000145) (8.59e-05) (0.000150) (0.000103)

Constant 0.0103*** 0.0103*** 0.0103*** 0.0102***
(0.000617) (0.000615) (0.000624) (0.000612)

Observations 74,023,054 74,023,054 74,023,054 74,023,054
R-squared 0.000 0.000 0.000 0.000
Month#Year FE Yes Yes Yes Yes
Tenure#Month FE Yes Yes Yes Yes
c.tenure#Month#Year Yes Yes No No
Tenure time trend Yes No Yes No

Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

Table 10: Voluntary quits, restricted

VARIABLES (5) (6) (7) (8)

did1 -0.000823** -0.000831*** -0.000468*** -0.000276**
(0.000333) (0.000299) (0.000118) (0.000107)

did2 0.000322 0.000305* -0.000212* -2.34e-05
(0.000220) (0.000168) (0.000125) (9.37e-05)

Constant 0.00988*** 0.00989*** 0.00991*** 0.00988***
(0.000590) (0.000591) (0.000602) (0.000593)

Observations 47,737,532 47,737,532 47,737,532 47,737,532
R-squared 0.000 0.000 0.000 0.000
Month#Year FE Yes Yes Yes Yes
Tenure#Month FE Yes Yes Yes Yes
c.tenure#Month#Year Yes Yes Yes Yes
tenure time trend Yes Yes Yes Yes

Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

The regression is a linear probability model and the sample consists of workers without previous UI successful
application in Sample 1. The dependent variable assumes 1 for worker i in period t if the worker quit the job. The
variable did is the interaction of treated group with a dummy for the period March 2015 to June 2015. Additional
controls include a fixed effect for month and year, a fixed effect for month and tenure, a month and year specific slope
for the effect of tenure on the dependent variable is permitted, also a time trend for each tenure level. Specifications
(1)-(4) uses a larger tenure window to define treatment and control groups, while specifications (5)-(8) perform the
same analysis for a smaller tenure window for treatment and control groups.
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Table 11: Unemployment inflow: not affected workers

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

did1 -0.00415*** -0.00409*** -0.00502*** -0.00521***
(0.000448) (0.000534) (0.000510) (0.000554)

did2 -0.00139*** -0.00135*** -0.00142*** -0.00160***
(0.000459) (0.000440) (0.000463) (0.000470)

Constant 0.0347*** 0.0347*** 0.0348*** 0.0348***
(0.00276) (0.00275) (0.00277) (0.00276)

Observations 133,417,701 133,417,701 133,417,701 133,417,701
R-squared 0.001 0.001 0.001 0.001
Month#Year FE Yes Yes Yes Yes
Tenure#Month FE Yes Yes Yes Yes
c.tenure#Month#Year Yes Yes No No
Tenure time trend Yes No Yes No

Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

Table 12: Unemployment inflow: not affected workers, restricted

VARIABLES (5) (6) (7) (8)

did1 -0.00447*** -0.00484*** -0.00477*** -0.00488***
(0.000697) (0.000811) (0.000459) (0.000505)

did2 -0.00217*** -0.00253*** -0.00134*** -0.00146***
(0.000683) (0.000630) (0.000469) (0.000460)

Constant 0.0349*** 0.0350*** 0.0349*** 0.0349***
(0.00258) (0.00261) (0.00260) (0.00258)

Observations 85,953,157 85,953,157 85,953,157 85,953,157
R-squared 0.001 0.001 0.001 0.001
Month#Year FE Yes Yes Yes Yes
Tenure#Month FE Yes Yes Yes Yes
c.tenure#Month#Year Yes Yes Yes Yes
tenure time trend Yes Yes Yes Yes

Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

The regression is a linear probability model and the sample consists of workers with previous UI successful application
in Sample 1. The dependent variable assumes 1 for worker i in period t if the worker was fired without cause. The
variable did is the interaction of treated group with a dummy for the period March 2015 to June 2015. Additional
controls include a fixed effect for month and year, a fixed effect for month and tenure, a month and year specific slope
for the effect of tenure on the dependent variable is permitted, also a time trend for each tenure level, covariates, and
a time-trend specific for each covariate. Specifications (1)-(4) uses a larger tenure window to define treatment and
control groups, while specifications (5)-(8) perform the same analysis for a smaller tenure window for treatment and
control groups.

31



Table 13: Unemployment outflow: not affected workers

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

did1 -0.160*** -0.168*** -0.118*** -0.143***
(0.0427) (0.0380) (0.0258) (0.0245)

did2 -0.0467 -0.0538* 0.0282 0.00324
(0.0431) (0.0282) (0.0258) (0.0239)

Constant 8.195*** 8.197*** 8.185*** 8.189***
(0.123) (0.125) (0.128) (0.128)

Observations 4,583,734 4,583,734 4,583,734 4,583,734
R-squared 0.010 0.010 0.010 0.010
Month#Year FE Yes Yes Yes Yes
Tenure#Month FE Yes Yes Yes Yes
c.tenure#Month#Year Yes Yes No No
Tenure time trend Yes No Yes No

Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

Table 14: Unemployment outflow: not affected workers, restricted

VARIABLES (5) (6) (7) (8)

did1 -0.232*** -0.188** -0.121*** -0.151***
(0.0796) (0.0735) (0.0284) (0.0229)

did2 -0.0335 0.00781 0.00961 -0.0201
(0.0667) (0.0496) (0.0234) (0.0201)

Constant 8.223*** 8.217*** 8.213*** 8.217***
(0.124) (0.127) (0.127) (0.127)

Observations 2,965,329 2,965,329 2,965,329 2,965,329
R-squared 0.010 0.010 0.010 0.010
Month#Year FE Yes Yes Yes Yes
Tenure#Month FE Yes Yes Yes Yes
c.tenure#Month#Year Yes Yes Yes Yes
tenure time trend Yes Yes Yes Yes

Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

The sample consists of workers with previous UI successful application in Sample 2. The dependent variable is time
outside formal employment. The variable did is the interaction of treated group with a dummy for the period March
2015 to June 2015. Additional controls include a fixed effect for month and year, a fixed effect for month and tenure,
a month and year specific slope for the effect of tenure on the dependent variable is permitted, also a time trend for
each tenure level. Specifications (1)-(4) uses a larger tenure window to define treatment and control groups, while
specifications (5)-(8) perform the same analysis for a smaller tenure window for treatment and control groups.

32



Table 15: Unemployment inflow: above 5 minimum wages

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

did1 -0.000989 -0.000900 0.000249 -0.000613
(0.00155) (0.00132) (0.000545) (0.000514)

did2 -0.000802 -0.000694 0.00106** 0.000214
(0.00141) (0.00119) (0.000475) (0.000466)

Constant 0.0133*** 0.0132*** 0.0130*** 0.0132***
(0.00228) (0.00223) (0.00219) (0.00222)

Observations 4,995,240 4,995,240 4,995,240 4,995,240
R-squared 0.001 0.001 0.001 0.001
Month#Year FE Yes Yes Yes Yes
Tenure#Month FE Yes Yes Yes Yes
c.tenure#Month#Year Yes Yes No No
Tenure time trend Yes No Yes No

Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

Table 16: Unemployment inflow: above 5 minimum wages, restricted

VARIABLES (5) (6) (7) (8)

did1 -0.000541 -0.000563 -1.26e-05 -0.000700
(0.00190) (0.00173) (0.000699) (0.000634)

did2 -0.000143 -0.000149 0.000445 -0.000229
(0.00144) (0.000959) (0.000635) (0.000603)

Constant 0.0130*** 0.0130*** 0.0130*** 0.0130***
(0.00225) (0.00219) (0.00216) (0.00217)

Observations 3,292,141 3,292,141 3,292,141 3,292,141
R-squared 0.001 0.001 0.001 0.001
Month#Year FE Yes Yes Yes Yes
Tenure#Month FE Yes Yes Yes Yes
c.tenure#Month#Year Yes Yes Yes Yes
tenure time trend Yes Yes Yes Yes

Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

The regression is a linear probability model and the sample consists of workers without previous UI successful
application in Sample 1 with salary above five minimum wages. The dependent variable assumes 1 for worker i in
period t if the worker was fired without cause. The variable did is the interaction of treated group with a dummy for
the period March 2015 to June 2015. Additional controls include a fixed effect for month and year, a fixed effect for
month and tenure, a month and year specific slope for the effect of tenure on the dependent variable is permitted,
also a time trend for each tenure level. Specifications (1)-(4) uses a larger tenure window to define treatment and
control groups, while specifications (5)-(8) perform the same analysis for a smaller tenure window for treatment and
control groups.
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Table 17: Unemployment outflow: above 5 minimum wages

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

did1 -0.251 -0.0348 0.192 0.0865
(0.338) (0.307) (0.300) (0.242)

did2 0.182 0.379 0.0580 -0.0445
(0.313) (0.228) (0.168) (0.134)

Constant 7.621*** 7.599*** 7.608*** 7.619***
(0.154) (0.143) (0.159) (0.150)

Observations 65,654 65,654 65,654 65,654
R-squared 0.010 0.010 0.009 0.009
Month#Year FE Yes Yes Yes Yes
Tenure#Month FE Yes Yes Yes Yes
c.tenure#Month#Year Yes Yes No No
Tenure time trend Yes No Yes No

Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

Table 18: Unemployment outflow: above 5 minimum wages, restricted

VARIABLES (5) (6) (7) (8)

did1 -0.594 -0.539 0.0985 0.115
(0.623) (0.551) (0.274) (0.214)

did2 0.596 0.627 0.0177 0.0315
(0.522) (0.482) (0.202) (0.130)

Constant 7.632*** 7.628*** 7.636*** 7.635***
(0.145) (0.144) (0.160) (0.149)

Observations 42,744 42,744 42,744 42,744
R-squared 0.011 0.011 0.010 0.010
Month#Year FE Yes Yes Yes Yes
Tenure#Month FE Yes Yes Yes Yes
c.tenure#Month#Year Yes Yes Yes Yes
tenure time trend Yes Yes Yes Yes

Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

The sample consists of workers without previous UI successful application in Sample 2 with salary above five minimum
wages. The dependent variable is time outside formal employment. The variable did is the interaction of treated
group with a dummy for the period March 2015 to June 2015. Additional controls include a fixed effect for month and
year, a fixed effect for month and tenure, a month and year specific slope for the effect of tenure on the dependent
variable is permitted, also a time trend for each tenure level. Specifications (1)-(4) uses a larger tenure window
to define treatment and control groups, while specifications (5)-(8) perform the same analysis for a smaller tenure
window for treatment and control groups.
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Table 19: Unemployment inflow: year placebo

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

did1 -0.000994 -4.40e-05 -0.000732** 0.00286***
(0.000625) (0.000531) (0.000363) (0.000278)

did2 -0.000282 0.000686 -0.00208*** 0.00156***
(0.000781) (0.000603) (0.000272) (0.000259)

Constant 0.0303*** 0.0301*** 0.0304*** 0.0298***
(0.00193) (0.00195) (0.00193) (0.00195)

Observations 70,547,172 70,547,172 70,547,172 70,547,172
R-squared 0.001 0.001 0.001 0.001
Month#Year FE Yes Yes Yes Yes
Tenure#Month FE Yes Yes Yes Yes
c.tenure#Month#Year Yes Yes No No
Tenure time trend Yes No Yes No

Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

Table 20: Unemployment inflow: year placebo, restricted

VARIABLES (5) (6) (7) (8)

did1 -0.00188* -0.00108 -0.000449 0.00225***
(0.000942) (0.000967) (0.000361) (0.000256)

did2 -0.000311 0.000526 -0.00153*** 0.00126***
(0.000614) (0.000356) (0.000277) (0.000263)

Constant 0.0303*** 0.0302*** 0.0304*** 0.0300***
(0.00192) (0.00195) (0.00189) (0.00190)

Observations 45,183,054 45,183,054 45,183,054 45,183,054
R-squared 0.001 0.001 0.001 0.001
Month#Year FE Yes Yes Yes Yes
Tenure#Month FE Yes Yes Yes Yes
c.tenure#Month#Year Yes Yes Yes Yes
tenure time trend Yes Yes Yes Yes

Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

The regression is a linear probability model and the sample consists of workers without previous UI successful
application in Sample 4. Since there was no eligibility variation in 2014, this is a form of pre-trends test. The variable
did is the interaction of treated group with a dummy for the period March 2015 to June 2015. Additional controls
include a fixed effect for month and year, a fixed effect for month and tenure, a month and year specific slope for
the effect of tenure on the dependent variable is permitted, also a time trend for each tenure level. Specifications
Specifications (1)-(4) uses a larger tenure window to define treatment and control groups, while specifications (5)-(8)
perform the same analysis for a smaller tenure window for treatment and control groups.
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Table 21: Unemployment outflow: year placebo

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

did1 0.176* 0.205** 0.0627 0.0642**
(0.0966) (0.0968) (0.0575) (0.0287)

did2 -0.0202 0.00798 0.0125 0.0155
(0.139) (0.115) (0.0477) (0.0261)

Constant 8.660*** 8.656*** 8.664*** 8.664***
(0.133) (0.133) (0.125) (0.123)

Observations 2,128,077 2,128,077 2,128,077 2,128,077
R-squared 0.007 0.007 0.006 0.006
Month#Year FE Yes Yes Yes Yes
Tenure#Month FE Yes Yes Yes Yes
c.tenure#Month#Year Yes Yes No No
Tenure time trend Yes No Yes No

Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

Table 22: Unemployment outflow: year placebo, restricted

VARIABLES (5) (6) (7) (8)

did1 0.197 0.180 0.0779 0.0965**
(0.128) (0.110) (0.0560) (0.0417)

did2 -0.106 -0.121 -0.00236 0.0162
(0.111) (0.0833) (0.0658) (0.0389)

Constant 8.659*** 8.661*** 8.657*** 8.654***
(0.123) (0.122) (0.123) (0.122)

Observations 1,365,547 1,365,547 1,365,547 1,365,547
R-squared 0.007 0.007 0.007 0.007
Month#Year FE Yes Yes Yes Yes
Tenure#Month FE Yes Yes Yes Yes
c.tenure#Month#Year Yes Yes Yes Yes
tenure time trend Yes Yes Yes Yes

Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

The sample consists of workers without previous UI successful application in Sample 5. Since there was no eligibility
variation in 2014, this is a form of pre-trends test. The variable did is the interaction of treated group with a dummy
for the period March 2015 to June 2015. Additional controls include a fixed effect for month and year, a fixed effect
for month and tenure, a month and year specific slope for the effect of tenure on the dependent variable is permitted,
also a time trend for each tenure level. Specifications (1)-(4) uses a larger tenure window to define treatment and
control groups, while specifications (5)-(8) perform the same analysis for a smaller tenure window for treatment and
control groups.
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Table 23: Unemployment inflow: group placebo

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

did1 -0.000476 0.000541 0.000287 -4.67e-05
(0.000905) (0.000739) (0.000473) (0.000490)

did2 -0.00101** 1.39e-05 0.000622* 0.000256
(0.000399) (0.000440) (0.000320) (0.000368)

Constant 0.0240*** 0.0239*** 0.0238*** 0.0239***
(0.00144) (0.00143) (0.00142) (0.00142)

Observations 61,119,994 61,119,994 61,119,994 61,119,994
R-squared 0.001 0.001 0.001 0.001
Month#Year FE Yes Yes Yes Yes
Tenure#Month FE Yes Yes Yes Yes
c.tenure#Month#Year Yes Yes No No
Tenure time trend Yes No Yes No

Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

Table 24: Unemployment inflow: group placebo, restricted

VARIABLES (5) (6) (7) (8)

did1 0.000565 0.00141* -2.18e-05 8.15e-05
(0.00110) (0.000736) (0.000588) (0.000569)

did2 -0.000313 0.000533 3.47e-05 0.000128
(0.000577) (0.000785) (0.000317) (0.000340)

Constant 0.0235*** 0.0234*** 0.0235*** 0.0235***
(0.00139) (0.00136) (0.00137) (0.00137)

Observations 36,381,596 36,381,596 36,381,596 36,381,596
R-squared 0.001 0.001 0.001 0.001
Month#Year FE Yes Yes Yes Yes
Tenure#Month FE Yes Yes Yes Yes
c.tenure#Month#Year Yes Yes Yes Yes
tenure time trend Yes Yes Yes Yes

Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

The regression is a linear probability model and the sample consists of workers without previous UI successful
application in Sample 6. The treated group consists of workers from 21 to 23 months, and the control group
consists of workers from 25 to 27 months, and since there was no eligibility variation for this group, this is a placebo
specification. The dependent variable assumes 1 for worker i in period t if the worker was fired without cause. The
variable did is the interaction of treated group with a dummy for the period March 2015 to June 2015. Additional
controls include a fixed effect for month and year, a fixed effect for month and tenure, a month and year specific slope
for the effect of tenure on the dependent variable is permitted, also a time trend for each tenure level. Specifications
(1)-(4) uses a larger tenure window to define treatment and control groups, while specifications (5)-(8) perform the
same analysis for a smaller tenure window for treatment and control groups.
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Table 25: Unemployment outflow: group placebo

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

did1 -0.194** -0.112 -0.0403 -0.0170
(0.0966) (0.107) (0.0503) (0.0487)

did2 -0.117 -0.0346 0.0723** 0.0961***
(0.0933) (0.0727) (0.0278) (0.0208)

Constant 8.823*** 8.813*** 8.803*** 8.800***
(0.139) (0.138) (0.136) (0.136)

Observations 1,461,417 1,461,417 1,461,417 1,461,417
R-squared 0.008 0.008 0.008 0.008
Month#Year FE Yes Yes Yes Yes
Tenure#Month FE Yes Yes Yes Yes
c.tenure#Month#Year Yes Yes No No
Tenure time trend Yes No Yes No

Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

Table 26: Unemployment outflow: group placebo, restricted

VARIABLES (5) (6) (7) (8)

did1 -0.364** -0.268** -0.0752 -0.0266
(0.141) (0.121) (0.0608) (0.0648)

did2 -0.122 -0.0266 0.00155 0.0508
(0.134) (0.147) (0.0422) (0.0347)

Constant 8.824*** 8.814*** 8.803*** 8.798***
(0.145) (0.149) (0.145) (0.145)

Observations 855,373 855,373 855,373 855,373
R-squared 0.008 0.008 0.008 0.008
Month#Year FE Yes Yes Yes Yes
Tenure#Month FE Yes Yes Yes Yes
c.tenure#Month#Year Yes Yes Yes Yes
tenure time trend Yes Yes Yes Yes

Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

The sample consists of workers without previous UI successful application in Sample 7. The dependent variable is
time outside formal employment. The treated group consists of workers from 21 to 23 months, and the control group
consists of workers from 25 to 27 months, and since there was no eligibility variation for this group, this is a placebo
specification. The variable did is the interaction of treated group with a dummy for the period March 2015 to June
2015. Additional controls include a fixed effect for month and year, a fixed effect for month and tenure, a month and
year specific slope for the effect of tenure on the dependent variable is permitted, also a time trend for each tenure
level. Specifications (1)-(4) uses a larger tenure window to define treatment and control groups, while specifications
(5)-(8) perform the same analysis for a smaller tenure window for treatment and control groups.
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Table 27: Bootstrap

Variable Obs Mean Std Dev Min Max
θ 50 .419933 .133269 .1285011 .7137519
SUI 50 .7543663 .1026196 .4981557 .9911367

I consider estimates from did1 in specification (1) from table 4 and table 5, with calibrated parameters from table 2
and equations 10 and 11. The bootstrap procedure was without repetition

Table 28: Robustness of SUI and θ

∆f ∆D εf εD SUI θ

Specification 1 -0,00358 -0,508 0,183 0,056 0,77 0,43
Specification 2 -0,00383 -0,400 0,195 0,044 0,82 0,43
Specification 3 -0,00121 -0,767 0,062 0,084 0,42 0,26
Specification 4 -0,00178 -0,774 0,091 0,085 0,52 0,31
Specification 5 -0,00410 -0,252 0,209 0,028 0,88 0,42
Specification 6 -0,00430 -0,188 0,219 0,021 0,91 0,43
Specification 7 -0,00175 -0,729 0,089 0,080 0,53 0,30
Specification 8 -0,00217 -0,709 0,111 0,078 0,59 0,34

A value of bB+τ D
bP Sp

= 1.785 from table 2 is used in calculations above, with f = 0.196 and D = 9.112 also from table

2. The values of ∆f comes from tables 3 and 16, and the values of ∆D comes from tables 4 and 17.

Table 29: Covariates balance for firm-month-year

(1) (2) (3)
Variable Ti,j = 0 Tj,t > 0 Difference

Gender 0.529 0.523 -0.006***
(0.405) (0.331) (0.000)

Race 0.638 0.608 -0.030***
(0.395) (0.347) (0.000)

Tenure 44.159 26.159 -18.000***
(48.385) (22.457) (0.022)

Wage 1.744 1.969 0.225***
(1.893) (2.084) (0.001)

Age 37.102 33.131 -3.971***
(9.220) (6.276) (0.005)

Observations 6,201,087 5,984,943 12,186,030

Control group (Ti,j = 0) consist of firms without workers in affected groups in that month and year. Treatment group
(Ti,j > 0) consist firms with workers in affected groups in that month and year. The affected group is composed by
workers without previous UI successful application with 6 to 17 months of tenure and workers with 6 to 11 months of
tenure with only one previous UI successful application. The variable gender is the average number of male workers,
the variable race is the average number of white or asian workers, the variable wage is the average wage in that firm,
month and year, and the variable age is the average age of workers in that firm, month and year. Not weighted by
firm size.
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Table 30: Firm level regression 1

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

Fired Fired Fired Fired

Treatment Effect -0.00448*** -0.00437*** -0.00355*** -0.00361***
(0.000281) (0.000283) (0.000291) (0.000294)

Constant 0.0243*** 0.0140*** 0.0134*** 0.0099***
(3.12e-05) (0.000197) (0.000213) (0.000702)

Observations 9,902,280 9,902,280 9,902,280 9,902,280
R-squared 0.005 0.006 0.006 0.006
Number of firms 306,183 306,183 306,183 306,183
Firm FE Yes Yes Yes Yes
Month#Year FE No Yes Yes Yes
Treated#Month FE No No Yes Yes
Controls No No No Yes

Robust standard errors in parentheses

*** p<0.01, ** p<0.05, * p<0.1

The dependent variable is the ratio between non-affected workers fired without just cause in that month and year to the total of workers in that
firm, month and year. I use firm fixed effect, month and year fixed effect, a interaction of month and fraction of affected workers, and the controls
are gender, race, tenure, wage and age as explained in table 14. In the regressions where treated#month isn’t used, a dummy for treated group is
included. In regressions where month#year isn’t used, a dummy for the period after March 2015 is included. The DiD variable is the interaction
between a continuous variable, the proportion of affected workers in the firm, with a dummy for the period after March 2015.

Table 31: Firm level regression 1 - Placebo

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

Fired Fired Fired Fired

Treatment Effect -0.00139*** -0.000955*** -0.000213 -0.000193
(0.000273) (0.000275) (0.000283) (0.000285)

Constant 0.0247*** 0.0123*** 0.0119*** 0.00625***
(3.12e-05) (0.000202) (0.000215) (0.000715)

Observations 9,631,591 9,631,591 9,631,591 9,631,591
Number of firms 302,168 302,168 302,168 302,168
R-squared 0.004 0.006 0.006 0.006
Firm FE Yes Yes Yes Yes
Month#Year FE No Yes Yes Yes
Treated#Month FE No No Yes Yes
Controls No No No Yes

Robust standard errors in parentheses

*** p<0.01, ** p<0.05, * p<0.1

This is a placebo specification, I compute the treatment for a period where no eligibility varied. The dependent variable is the ratio between
non-affected workers fired without just cause in that month and year to the total of workers in that firm, month and year. I use firm fixed effect,
month and year fixed effect, a interaction of month and fraction of affected workers, and the controls are gender, race, tenure, wage and age as
explained in table 14. In the regressions where treated#month isn’t used, a dummy for treated group is included. In regressions where month#year
isn’t used, a dummy for the period after March 2015 is included. The DiD variable is the interaction between a continuous variable, the proportion
of affected workers in the firm, with a dummy for the period after March 2014 until December 2014.
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Table 32: Firm level regression 2

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

Fired Fired Fired Fired

Treatment Effect -0.00865*** -0.00870*** -0.00788*** -0.00784***
(0.000690) (0.000691) (0.000711) (0.000715)

Constant 0.0238*** 0.0119*** 0.0114*** 0.00687***
(4.64e-05) (0.000238) (0.000256) (0.000823)

Observations 9,491,002 9,491,002 9,491,002 9,491,002
R-squared 0.001 0.002 0.002 0.002
Number of firms 305,295 305,295 305,295 305,295
Firm FE Yes Yes Yes Yes
Month#Year FE No Yes Yes Yes
Treated#Month FE No No Yes Yes
Controls No No No Yes

Robust standard errors in parentheses

*** p<0.01, ** p<0.05, * p<0.1

The dependent variable is the ratio between non-affected workers fired without just cause in that month and year to the total of non affected
workers in that firm, month and year. I use firm fixed effect, month and year fixed effect, a interaction of month and fraction of affected workers,
and the controls are gender, race, tenure, wage and age as explained in table 14. In the regressions where treated#month isn’t used, a dummy for
treated group is included. In regressions where month#year isn’t used, a dummy for the period after March 2015 is included. The DiD variable is
the interaction between a continuous variable, the proportion of affected workers in the firm, with a dummy for the period after March 2015.

Table 33: Firm level regression 2 - Placebo

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

Fired Fired Fired Fired

Treatment effect -0.00291*** -0.00247*** -0.00167** -0.00146**
(0.000692) (0.000694) (0.000714) (0.000717)

Constant 0.0241*** 0.0103*** 0.00984*** 0.00256***
(4.69e-05) (0.000240) (0.000253) (0.000832)

Observations 9,224,087 9,224,087 9,224,087 9,224,087
R-squared 0.000 0.002 0.002 0.002
Number of firms 301,357 301,357 301,357 301,357
Firm FE Yes Yes Yes Yes
Month#Year FE No Yes Yes Yes
Treated#Month FE No No Yes Yes
Controls No No No Yes

Robust standard errors in parentheses

*** p<0.01, ** p<0.05, * p<0.1

This is a placebo specification, I compute the treatment for a period where no eligibility varied. The dependent variable is the ratio between
non-affected workers fired without just cause in that month and year to the total of non affected workers in that firm, month and year. I use firm
fixed effect, month and year fixed effect, a interaction of month and fraction of affected workers, and the controls are gender, race, tenure, wage
and age as explained in table 14. In the regressions where treated#month isn’t used, a dummy for treated group is included. In regressions where
month#year isn’t used, a dummy for the period after March 2015 is included. The DiD variable is the interaction between a continuous variable,
the proportion of affected workers in the firm, with a dummy for the period after March 2014 until December 2014.
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Figure 1: Before March 2015, affected workers

Histogram of unjustified fired workers without previous UI application, from January 2012 to February 2015

Figure 2: Before March 2015, not-affected workers

Histogram of unjustified fired workers with previous UI application, from January 2012 to February 2015
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Figure 3: March to June 2015, affected workers

Histogram of unjustified fired workers without previous UI application, from March 2015 to June 2015

Figure 4: March to June 2015, not-affected workers

Histogram of unjustified fired workers with previous UI application, from March 2015 to June 2015
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Figure 5: After June 2015, affected workers

Histogram of unjustified fired workers without previous UI application, from July 2015 to December 2015

Figure 6: After June 2015, not-affected workers

Histogram of unjustified fired workers with previous UI application, from July 2015 to December 2015
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Figure 7: Distribution of firms by share of treated workers

Histogram of firms in each month and year according to share of workers in the affected groups, that is, 6
to 17 months of tenure if no previous UI successful application and 6 to 11 months of tenure if only one
previous UI successful application. Not weighted by firm size.

Figure 8: Distribution of cost statistic

Distribution of the cost statistic resulting from a bootstrap procedure with 50 repetitions and 10% of the
sample extracted without repetition

Figure 9: Distribution of SUI

Distribution of the SUI resulting from a bootstrap procedure with 50 repetitions and 10% of the sample
extracted without repetition
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Appendix A: Solving the model

We start with the derivative of Welfare to Potential Benefits Duration.

dW

dP
=

(
∂W (b, P, τ(b, P ))

∂P
+
dτ(b, P )

dP

∂W (b, P, τ(b, P ))

∂τ

)
(18)

First, deriving τ with respect to P

dτ(b, P )

dP
= d

(
E + f(b, P )B(b, P )b

T − f(b, P )D(b, P )

)
/(dP )

(19)

=

(
b
d[f(b, P )B(b, P )]

dP
+
d[f(b, P )D(b, P )]

dP
τ

)
1

T − f(b, P )D(b, P )
(20)

Consider now ∂W (b,P,τ(b,P ))
∂τ , by the Envelope Theorem τ will only affect W though the con-

sumption of employed workers, and the effect is negative, so:

∂W (b, P, τ(b, P ))

∂τ
= −

∫ T

0
{(1− f∗S∗t ) v′(cet )}dt

Notice this is just

∂W (b, P, τ(b, P ))

∂τ
= −(T − f∗D∗)v′(cet )

Then the indirect effect of a raise in benefit duration on Welfare is:

dτ(b, P )

dP

∂W (b, P, τ(b, P ))

∂τ
=

− v′
(
b
d (f(b, P )B(b, P ))

dP
+ τ

d (f(b, P )D(b, P ))

dP

)
(21)

First, notice that:

∫ T

0
f St u(cut )dt =

∫ P

0
f St u(b+ yu)dt+

∫ T

P
f St u(yu)dt

The direct effect of a raise in benefit on Welfare, by Envelope Theorem, is only the effect of

benefit value in consumption. So:
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∂W (b, P, τ(b, P ))

∂P
= f SP (u(b+ yu)− u(yu) ) (22)

Putting everything together and subtracting the mechanical cost of increasing unemployment

benefit duration bfSP times average marginal utility of wage v′ from both the direct effect and the

indirect effect, and dividing everything by v′ we have:

dW (b, P )

v′dP
=fSP

u(b+ yu)− u(yu)− bv′

v′
−

−
(
b
d (f(b, P )B(b, P ))

dP
− bfSP + τ

d (f(b, P )D(b, P ))

dP

)
(23)

The first term is usually called Social Value which is the benefit of consumption smoothing

across states, and the second term is called moral hazard effect, the cost resulting from behavioral

changes, that is:

SV (P ) = f SP
u(b+ yu)− u(yu)− bv′

v′

MH(P ) = b
d (f(b, P )B(b, P ))

dP
− bfSP + τ

d (f(b, P )D(b, P ))

dP

So the Welfare sensitivity from a marginal increase in benefit duration normalized to average

marginal value of wage is:

dW (b, P )

v′dP
= SV (P )−MH(P )

Moral Hazard to Mechanical Cost

Schmieder and von Wachter (2017) recommend reporting the ratio of moral hazard to the

mechanical cost of different studies as a form of comparison instead of reporting labor supply

elasticities. Remember that total cost change is moral hazard plus mechanical effect and that the

mechanical cost of a change in maximum benefit duration is bf(b, P )SP (b, P ).

The ratio of Moral Hazard to Mechanical Cost of changes in P , that is θ(P ), is equal to

θ(P ) =

d{ bf(b, P )B(b, P ) + τf(b, P )D(b, P ) }
dP

bf(b, P )SP (b, P )
− 1 (24)

The upper term, bf(b, P )B(b, P ) + τf(b, P )D(b, P ), is the total cost of unemployment consid-

ering lost taxes and benefits paid, times unemployment inflow. So the derivative is how total cost
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change for a change in P . The lower term, the mechanical cost bf(b, P )SP (b, P ), is how many

exhausts their benefits times the total amount they had received.

We can rewrite the equation as:

θ(P ) =
bB + τ D

P bSP
εf,P +

τ D

bP SP
εD,P +

bB

bP SP
εB,P − 1

Using that B =
∫ P
0 Stdt then:

bB

bP SP
εB,P − 1 =

∫ P
0

dSt

dP
dt

SP

A common approximation in this literature is that elasticity of unemployment outflow to benefit

level is similar if we analyze the period when the worker is still receiving insurance or a longer period,

such that this hypothesis has empirical validity, a discussion can be found in Chetty (2008), and is

an approximation common in the literature, see for example Kolsrud et al. (2018)

This is:

dD

db

b

D
=
dB

db

b

B
=

∫ T
0

dSt

db
dt

db

Using the same approximation for variations in P instead of b, then

bB

bP SP
εB,P − 1 =

bB

bP SP
εD,P

It follows that:

θ(P ) =

(
bB + τ D

bP SP

)
(εf,P + εD,P ) (25)
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Appendix B: Heterogeneity

Here we solve the model considering individual heterogeneity, and show what is the parameter

of interest and how to recover it.

Workers and Planners Problem

For unemployment inflow the worker solves:

f∗i (P, τ) ∈ argmax
fi∈[0,1]

fiJi(P, τ) + (1− fi)
∫ T

0
{v(cei,t(P, τ))}dt− φi(1− fi) (26)

For unemployment outflow the worker solves:

Ji(P, τ) = max
si:[0,T ]→[0,1]

∫ T

0
{(1− Si,t)vi(cei,t(P, τ)) + Si,tui(c

u
i,t(P, τ))− Si,t ψi(si,t)}dt (27)

So it’s possible to rewrite the lifetime expected utility of a worker of type i as:

Wi = max
fi∈[0,1]

(1− fi)
∫ T

0
{v(cei,t)(P, τ)}dt− φi(1− fi) +

+ fi max
si:[0,T ]→[0,1]

∫ T

0
{(1− Si,t) vi(cei,t(P, τ)) + Si,t ui(c

u
i,t(P, τ))− St ψi(si,t)}dt (28)

The lifetime expected utility for a worker of type i, considering the optimal values of fi and the

optimal path of si,t is :

Wi(P, τ) = −φi(1− f∗i (P, τ)) +

∫ T

0
{f∗i (P, τ)S∗i,t(P, τ)ui(c

u
i,t(P, τ))+(

1− f∗i (P, τ)S∗i,t(P, τ)
)
vi(c

e
i,t(P, τ))− S∗i,t(P, τ)ψi(s

∗
i,t(P, τ))}dt (29)

Let Pr(i) be the proportion of type i in the active population. The first hypothesis is that the

Planner have a Utilitarian Welfare Function, such that Social Welfare is:

W =
I∑
i=1

WiPr(i)

The budget set is:
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τ

I∑
i=0

αi(T − fiDi)Pr(i) = E +

I∑
i=0

Pr(i) bi fi(P, τ)Bi(P, τ)

The planner’s problem is to balance the budget. Given b, P , and the agents’ choices are given

b, P, τ the government solves a fixed point problem to set τ balancing the budget in expected values.

Taking the derivative of W (P, τ(P ) considering τ(P ) we have

dW

dP
=

I∑
i=1

Pr(i)

(
∂Wi(P, τ(P ))

∂P
+
dτ(P )

dP

∂Wi(P, τ(P ))

∂τ

)

Solving the Model

First, deriving τ with respect to P

dτ(P )

dP
=

I∑
i=1

Pr(i)

(
bi
d(fi(P )Bi(P ))

dP
+
d(fi(P )Di(P ))

dP
τi

)
×

× 1

T −
∑I

i=1 Pr(i)fi(P )Di(P )
(30)

Consider now ∂Wi(P,τ(P ))
∂τ , by the Envelope Theorem τ will only affect Wi though the consump-

tion of employed workers, and the effect is negative, so:

∂Wi(P, τ(P ))

∂τ
= −

∫ T

0
{
(
1− f∗i S∗t,i

)
v′i(c

e
t,i)}dt

Notice this is just

∂Wi(P, τ(P ))

∂τ
= −(T − f∗i D∗i ) v′i(cet,i)

A second hypothesis is v′i(c
e
t,i) = v′(ce). Together with the first hypothesis, it means the planners

is indifferent between which worker he tax, there is no possible distributive gain between employed

workers.

Then the indirect effect of a raise in benefit on Welfare is:

dτ(P )

dP

∂W (P, τ(P ))

∂τ
= −v′

I∑
i=1

Pr(i)

(
bi
d (fi(P )Bi(P ))

dP
+
d (fi(P )Di(P ))

dP
τi

)
(31)

First, notice that:
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∫ T

0
fiSt,iu(cut,i)dt =

∫ P

0
fiSt,iu(bt + yui )dt+

∫ T

P
fiSt,iu(yui )dt

The direct effect of a raise in benefit on Welfare, by Envelope Theorem, is only the effect of

benefit value in consumption. So:

I∑
i=1

Pr(i)
∂Wi(b, P, τ(b, P ))

∂P
=

I∑
i

Pr(i)fiSP,i[u(b+ yui )− u(yui )] (32)

Putting everything together and subtracting the mechanical cost of increasing unemployment

benefit duration
∑I

i=1 Pr(i)bi fi SP,i times average marginal utility of wage v′ from both the direct

effect and the indirect effect, and dividing everything by v′ we have:

dW (P )

v′dP
=

I∑
i=1

Pr(i)

(
fiSP,i

ui(b+ yui )− ui(yui )− bv′

v′

)
−

−
I∑
i=1

Pr(i)

(
bi
d (fi(b, P )Bi(b, P ))

dP
− bifiSP,i + τi

d (fi(P )Di(P ))

dP

)
(33)

The social value of each unit transferred, and the ratio of moral hazard to mechanical cost, are,

respectively:

γ(P ) =

[
I∑
i

Pr(i) fi SP,i
ui(bi + yui )− ui(yui )− biv′

v′

]
/

[
I∑
i

Pr(i) fi bi SP,i

]
(34)

θ(P ) =

∑I
i Pr(i)

(
bi
d(fi(P )Bi(P ))

dP − bifiSP,i + d(fi(P )Di(P ))
dP τi

)
∑I

i Pr(i)fi bi SP,i
(35)

Identification

When potential duration of unemployment benefits change, there are two forces that change

the expected time in UI system, the change in behavior and the change in duration of potential

benefits, that is:

dB

dP
=

∫ P
0 St(P )dt

dP
= SP (P ) +

∫ P

0

dSt(P )

dP
dt
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Only the second term is a moral hazard cost. To simplify notation, a new variable B(P, P ∗)

will be defined where the support of integration is fixed. This permits me to take the derivative of

B(P, P ∗) and obtain only an effect that is a moral hazard cost.

Let Bi(P, P
∗) =

∫ P ∗
0 Si,t(P )dt such that

dB(P, P ∗)

dP
=
∫ P ∗
0

dSt(P )

dP
dt

Let Y (P, P ∗) = bifi(P )Bi(P, P
∗) + τifi(P )Di(P ) , then:

θ(P ) =

(
I∑
i

Pr(i)
d Y i(P, P

∗ = P )

dP

)
/

(
I∑
i

Pr(i) fi bi SP,i

)

Using

d Y i(P, P
∗ = P )

dP
≈ Y i(P

′, P ∗ = P )− Y i(P, P
∗ = P )

P ′ − P

Then θ(P ) ≈ λ/α where

λ ≡ [
I∑
i

Pr(i)Y i(P
′, P ∗ = P )]− [

I∑
i

Pr(i)Y i(P, P
∗ = P )] (36)

α ≡
I∑
i

Pr(i) (P ′ − P ) fi bi SP,i (37)

Notice that λ is a ATE of a change in P over Y and also notice that α is an expected value of∑I
i Pr(i) fi bi SP,i times a constant (P ′ − P ). To identify the ratio of moral hazard to mechanical

cost, we need to recover these λ and α from data. The important result is that, under the two

hypothesis used, the cost statistic for welfare analysis can be recovered from Data as a ratio of an

ATE of a constructed variable Y and a mean of (P ′ − P ) fi bi SP,i
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