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Abstract
This paper documents strategic delays in the timing of layoffs around an age-at-layoff
threshold entitling workers to a four months increase in potential UI benefit duration in Italy.
Manipulation is quantitatively important with over 10% of layoffs in the two months before
workers’ fiftieth birthday being delayed. We use bunching techniques to study the selection
patterns and moral hazard responses of manipulators. Affected workers increase their average
UI benefit receipt and nonemployment duration by 3.4 and 3.1 months, respectively. A
survival analysis shows that the behavioral response is concentrated in the months with
additional UI coverage. We also find manipulators to be highly selected both on observables
and unobservables. We estimate that, even absent manipulation, manipulators would have
had substantially longer UI benefit receipt durations, nonemployment durations and benefit
exhaustion rates compared to non-manipulators. The documented selection on exhaustion
risk decreases the moral hazard cost of extended potential benefit duration for manipulators
and implies only modest selection on moral hazard. Manipulation is most prevalent among
female, white-collar, part-time, permanent contract workers at small firms suggesting that
adjustment costs, bargaining power and proximity to superiors play a role for workers’ ability
to engage in manipulation. Overall, our results highlight the importance to take layoff
responses into account when designing targeted UI schemes.
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Introduction

The targeting of public policies on the basis of observable individual characteristics is ubiquitous
in OECD countries. Governments tax individuals based on their marital status, provide welfare
payments which depend on the number of children in the household, or tie disability insurance
to particular medical conditions. The theoretical desirability for targeting based on immutable
tags has long been recognized (Akerlof [1978]). In practice however, policy makers often rely on
imperfect tags, that leave room for strategic manipulation and selection into benefit schemes.
This paper studies manipulation in the context of unemployment insurance (UI). Until 2015
the Italian UI scheme featured a discontinuous jump from eight to twelve months of potential
UI benefit duration (PBD) depending upon whether the worker was laid off before or after her
fiftieth birthday.
We start by providing clear graphical evidence of manipulation in the form of systematic delays
of the exact timing of layoffs around the age-at-layoff threshold. We estimate that 10% of all
layoffs within two months before workers’ fiftieth birthday are strategically delayed. Having
established the presence of manipulation we study two set of questions: who selects into being
a manipulator and what are the consequences of manipulation on manipulators’ subsequent
job search efforts. We then combine the insights from this analysis to study the moral hazard
cost of providing extended UI coverage to manipulators. While extending potential benefit
duration trivially increases government expenditures through longer benefit receipt durations
even absent any behavioral response, the economic cost of the policy depends on individuals’
behavioral response. Such cost might be relatively small if most of the increase in UI benefit
receipt is mechanical. Intuitively, this would be the case if manipulators are individuals who
have long nonemployment durations with and without extended PBD. Manipulation in this
scenario would be motivated by liquidity concerns and would not distort workers’ subsequent job
search efforts. To the contrary, larger benefit payments could also stem from lower job search
intensity and reflect a behavioral moral hazard response. Distinguishing between these two views
of manipulation is thus important not only from a positive but also from a normative perspective.
To answer these questions we build on recent work by Diamond and Persson [2017], who analyze
the effect of manipulation in a different context using bunching techniques.1 . The central idea
is to exploit the local nature of manipulation by extrapolating outcomes from regions that are
unaffected by manipulation to learn about what would have happened in the manipulation region
in the absence of it.
We find that, through manipulation, manipulators increase their UI benefit receipt duration by
3.4 months, or 0.85 months for each additional month of PBD. We find a somewhat smaller but
still sizable effect, 3.1 months, for manipulators’ nonemployment duration response. A survival
analysis reveals that the nonemployment duration response is concentrated during the months of
additional coverage.
We then proceed to study selection into manipulation by comparing characteristics and (coun1

Diamond and Persson [2017] study test score manipulation in high-stakes school exams in Sweden
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terfactual) outcomes of manipulators and non-manipulators. Non-manipulators are individuals
who are laid off just before their fiftieth birthday but who do not engage in manipulation. We
find that manipulators would have had higher survival rates in nonemployment at any length
of the nonemployment spell compared to non-manipulators. In particular, manipulators would
have exhausted the less-generous eight month coverage with a probability of 0.8, which is large
both in absolute terms as well as relative to non-manipulators’ exhaustion risk of 0.6. These
results identify long-term unemployment risk as an important motivation of individuals’ decision
to engage in manipulation.
Manipulators’ high exhaustion risk of the less generous eight months scheme make large parts
of the benefit duration response mechanical. The moral hazard cost of extending PBD for
manipulators is around 0.26-0.86 depending on the tax rate.2 Comparable estimates of the
average population obtained from a “donut” regression discontinuity design are slightly smaller
between 0.12-0.55. Manipulators are thus adversely selected on their moral hazard cost and
moderately increase the efficiency cost of the UI system. However, both estimates are in the
lower range of comparable estimates in the previous literature. In addition, our analysis restricts
attention to the cost comparison and does not take into account heterogeneity in marginal
utilities or risk preferences.3 Nevertheless our results highlight the importance to take layoff
responses into account when designing targeted UI benefits.
Lastly, we compare manipulators and non-manipulators based on observable characteristics.
We find manipulation to be most prevalent among female, part-time, white-collar, permanent
contract workers at small firms. This is suggestive that lower adjustment costs, higher bargaining
power of workers and closer proximity between workers and their supervisors may facilitate
manipulation.
Our work relates to several strands of the literature. A large body of work studies the disincentives
effect, the consumption smoothing benefit or the effect on post-reemployment outcomes, such
as wages, of unemployment insurance exploiting similar policy variation, see e.g. Card et al.
[2007a], Schmieder et al. [2012], Landais [2015], Nekoei and Weber [2017], Johnston and Mas
[2018] among others. Contrary to our setting, these papers rely on the absence of manipulation
to identify the treatment effects of interest whereas we study the effect of manipulation in a
setting where it does occur. Further while most previous studies of UI focus on the distortion of
job search efforts of the unemployed, we examine strategic behavior at the point of layoff.Our
work also closely relates to two recent contributions by Doornik et al. [2018] and Khoury [2018]
who exploit manipulation in UI systems around an eligibility and seniority threshold in Brazil
and France, respectively. Doornik et al. [2018] provide evidence of strategic collusion between
workers and firms who time layoffs to coincide with workers’ eligibility for UI benefits in Brazil.
Khoury [2018] exploits a discontinuity in benefit levels for workers laid off for economic reasons
and estimates an elasticity of employment spell duration with respect to UI benefits of 0.014.
2

We follow Schmieder and von Wachter [2017] and calculate the ratio of behavioral cost (BC) and mechanical
cost (MC) of extended benefit duration. The BC/MC ratio measures how many additional dollars of tax revenue
have to be raised to finance one dollar of UI transfer, in addition to the one dollar itself. Contrary to marginal
effects and elasticities, BC/MC ratios are comparable across groups with different exhaustion risk.
3
A full assessment of the welfare effects is beyond the scope of this paper.

2

Due to the nature of their policy variation neither of these papers studies the selection patterns
we analyze in our work.
From a methodological perspective our work is most closely related to the work by Diamond
and Persson [2017], who study manipulation in Swedish high-stakes exams. Gerard et al. [2018]
develop bounds on treatment effects for regression discontinuity design in settings where the
running variable is subject to one-sided manipulation. The construction of the counterfactual
density relies on standard bunching techniques, such as Saez [2010], Chetty et al. [2011] and
Kleven and Waseem [2013].
Although the contribution of the paper is empirical we do relate to the literature on the theoretical
desirability of tagging (Akerlof [1978]) and ordeals (Nichols and Zeckhauser [1982]). We show that
the bargaining over the exact timing of layoffs between workers and firms serves as a screening
mechanism for long-term unemployment risk. In recent work Michelacci and Ruffo [2015] argue
for higher UI benefits for young workers by analyzing the canonical Baily [1978]-Chetty [2006]
trade-off from a life-cycle perspective. Age as an useful tag for redistribution has also been
studied in the context of taxation by e.g. Weinzierl [2011] and Best and Kleven [2013].
The fact that we find substantial manipulation and positive selection on long-term unemployment
risk also speaks to a recent literature studying the role of private information and adverse
selection in unemployment insurance, see e.g. Hendren [2017] and Landais et al. [2017]. This
literature studies the role of private information about ex-ante unemployment risk in shaping
the market for UI. Our results indicate that individuals hold information about their expected
duration of unemployment at the point of layoff. Understanding to what degree this information
is held privately is beyond the scope of this paper.
The remainder of this paper as organized as follows. Section 2 introduces the institutional setting
and describes the data, Section 3 presents our identification strategy and Section 4 its empirical
implementation. All results are contained in section 5. Section 6 concludes.

2

Institutional Setting and Data

2.1

Institutional Setting

In this paper we focus our attention on Ordinary Unemployment Benefits (OUB).4 , that is the
main UI scheme active in Italy from the eve of World War II, till January 2013.5 In recent
history, OUB covered all employees in non-farm private and public sectors who lost their job due
to end of their (temporary) contract, or got fired, or resigned for just cause (e.g. harassment
or unpaid wage). Other types of voluntary quits were not eligible, same for self-employed and
dependent self-employed.
4

Indennità di Disoccupazione Ordinaria a Requisiti Normali in Italian.
OUB has been introduced through Regio Decreto 14th in April 1939 and replaced in January 2013 by a similar,
but more generous benefit scheme. The latter is known as Social Insurance for Employment or ASpI (Assicurazione
Sociale per l’Impiego).
5
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Eligibility was also conditioned on experience criteria: first, the worker must have had contributed
for the first time to social security at least 2 years before the date of layoff; second, the worker
must have had worked for at least 52 weeks in the last 2 years. Crucially for our purposes,
potential benefit duration for OUB-eligible individual was age-dependent and was not related to
other factors (e.g. work experience, gender, geographical area). Individuals who were laid off
before turning 50 were entitled to 8 months of benefits (34.7 weeks) and to 12 months of benefits
(52 weeks) if laid off afterwards. Such a notch in the PDB age-schedule generated economic
incentives to delay the date of layoff. Benefit levels were based on the average monthly wage over
the three months preceding the layoff: 60% of the average wage for the first 6 months; 50% for
the following 2 months and 40% for the remaining period. Firms were not subject to additional
contributions in case of dismissal beyond a severance payment which is proportional to tenure
(roughly one monthly wage for each year).6
During the same time period two other main UI schemes were in place: the Reduced Unemployment Benefits (RUB) and the Mobility Indemnity (MI).7 RUB was directed to the same
workers targeted by the OUB but who did not manage to meet the contribution requirements.
Such scheme only required 13 weeks (78 days) worked in the last year but still at least 2 years
from the first contribution to social security. It involved a monetary transfer proportional to the
days worked in the previous year (up to 180 days) and granted 35% of the average wage in the
previous year for the first 120 days and 40% for the following 60 days.8 Interestingly enough,
this subsidy could be requested up to the 31st March in the solar year following the period of
unemployment, so it was delayed with respect to the unemployment period depending on when
the unemployment spell(s) occurred. This measure, while still providing some income support, is
considerably less generous than the previous one and, in addition, the delayed payments made it
an imperfect substitute with respect to the OUB. MI is targeted to workers fired during mass
layoffs or business reorganizations. This measure combines a long and generous income support
with active labor market policies to improve the occupational perspectives of the worker. During
the period under study the potential duration of the scheme depended on the age at layoff of the
worker and on the geographic area with a maximum potential benefit duration of 48 months
(in southern regions) and 36 months (in northern regions). The amount was 100% of the wage
integration subsidy for the first 12 months (annually set by law) for the first 12 months and
80% of the following months. This measure represents a particularly attractive alternative for
individuals involved in mass layoffs and could lead to a large selection in our sample. The scheme,
however, is characterized by several eligibility criteria concerning the tenure of the worker (at
least one year), the type of contract (permanent), and several dimensions of the firm (sector
and size). Workers not meeting these criteria would not be eligible. Our sample of workers
laid off from open ended contracts will under represent workers laid off in mass layoff and firm
restructuring.
6
Starting from 2013, a reform introduced an additional contribution per layoff computed based on tenure of the
worker in the last 3 years and on a fraction of the maximum amount for the unemployment subsidy. It is worth
stressing that our analysis abstract from this element as we restrict our attention to years before the reform and
the contribution is not related to the months of eligibility for the benefit.
7
The Italian names are respectively Indennità di Disoccupazione Ordinaria a Requisiti Ridotti and Indennità di
Mobilità
8
For additional information, we remand to Anastasia et al. [2009].
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2.2

Data

We use confidential administrative data from the Italian Social Security Institute (INPS) on
the universe of UI claims in Italy between 2009 and 2012 and combine them with matched
employer-employee records covering the universe of working careers in the private sector.
Information on UI claims comes from the SIP9 database, which collects information on the
universe of income support measures administered by INPS as a consequence of job separation.
For every claim we observe the scheme type (e.g. OUB or RUB), its start date, duration, amount
paid, but also information related to the worker and the firm. This includes details about the
type of contract, the broad occupation and part-time status. The SIP database does not report
the date of the first job after receiving unemployment benefits. For this reason we merge claims
data with the UNIEMENS archive.10 The latter provides information on the careers of all
employees in the non-agricultural private sector and it reports detailed information on jobs at
monthly frequency such as taxable labor income, type of contract and start date of the job.
In order to construct non-employment duration after job loss we count the number of weeks
elapsing between the layoff date in the SIP and the first date of hire the UNIEMENS. Crucially,
we require the latter to be subsequent to the date of end of UI. This prevents us from using data
on short jobs which might be compatible with the receipt of UI.
If the worker does not find any job up to December 2016, we compute the number of weeks from
layoff up to the end of the observation period. As this would imply that workers are observed for
different horizons depending on the year of layoff, we censor all durations to 4 years which is the
maximum common horizon for all individuals in our sample.
One could be concerned that our sample is composed of workers in the late stage of their career
and that some of them might use unemployment benefits to transition towards retirement without
entering employment again. This does not seem to be the case as only 1,500 workers in our
full sample claim a pension before the end of our observation window. For these workers, we
define the non-employment spell as the period between the end of the previous employment and
the date in which they claim their pension. Finally, our data do not cover transitions towards
self-employment, agricultural sector or public employment. This kind of transitions are unlikely
for workers employed in the private sectors at this late stage of their career and their exclusion
should not substantially affect our results.
We restrict our attention to individuals who claimed benefits between 46 and 54 years of age,
and to unemployment spells which started from February 2009 up to December 2012. The data
do not cover years prior to 2009 and the introduction of a new subsidy in January 2013 prevents
us from including later years. After the exclusion of problematic observations we are left with
565,843 observations. Such sample includes 103,236 unemployment spells originating from the
public sector and 462,607 spells originating from the private sector. In the core of the analysis
9

Sistema Informativo Percettori
The use of unemployment status could provide us with an administrative proxy for this duration. However, we
do not have access to this information and it likely to be a poor proxy as in many cases exit from unemployment
does not correspond to the start of a new job as noted in Card et al. [2007b].
10
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we will focus on workers who lost their job in the private sector and were holding permanent
contracts.
Table 1 reports summary statistics for our main sample. Workers spend on average 26 weeks
(6 months) receiving unemployment benefits, but they spend on average 86 weeks (1 year and
8 months) in nonemployment before finding a new job in the private sector. The censoring to
4 years leads, as expected, to a small decline in this quantity. Workers are mostly male, blue
collars, and on full time contracts. They have spent about 27 years in the labor market since
their first contribution to the system and 4.4 years in their last firm. In terms of geographic
distribution, 40% of them were laid off in the South or in the Islands.11 They earn about 64 euros
per day which is equivalent to about 1600 euros per month (26 paid days per month). The last
firm is relatively old (15 years) and large (85 employees), but this is mostly driven by a few very
large firms.

3

Conceptual Framework

This section provides a self-contained sketch of our identification and estimation strategy and
explains the sources of variation in the data that are used to pin down parameters of interest.
The main idea is to exploit the local nature of manipulation by extrapolating outcomes from
regions that are unaffected by manipulation to learn about what would have happened in the
manipulation region in the absence of it. As in standard bunching techniques, we first assess the
range of the manipulation region; then construct a counterfactual layoff frequency and recover
the number/share of manipulators. We then repeat this exercise on other outcomes that are
not directly manipulated, such as benefit and nonemployment durations, to learn whether these
outcomes respond to manipulation. Intuitively, any unusual change in these outcomes together
with an estimate of how many manipulators are causing it, lets us recover manipulators’ duration
responses. Our approach is closely related to that of Diamond and Persson [2017]. In the
remainder of this section we lay out our approach in more detail.
Quantifying Manipulation: Consider a hypothetical manipulated layoff density as in Figure
3a. Absent any manipulation we would expect the frequency of layoffs to be smooth in the
neighborhood of the cutoff. Manipulation instead causes a sharp drop in the number or layoffs
right before age 50 and a spike right after. As in standard bunching techniques, we determine
the missing region by visual inspection. Following Kleven and Waseem [2013] we then iteratively
fit a counterfactual density as to balance the missing and excess mass. The difference between
the observed frequency and the fitted counterfactual lets us recover missing and excess shares (X
% and Y% respectively) as well as the number of manipulators in the missing and excess region.
Effects of Manipulation: Equipped with a measure of how many manipulators there are, we
then study outcomes which are not directly manipulated but potentially affected by it. Figure
3b illustrates the idea for one of our outcomes of interest: benefit receipt duration. Manipulation
11

This area encompasses the following regions: Abruzzo, Basilicata, Calabria, Molise, Puglia, Sardinia and
Sicilia.
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provides workers with additional UI benefit coverage from month eight to twelve. Thus benefit
receipt duration is an outcome that is likely to be affected by it, both mechanically and due to
behavioral responses. Consider a hypothetical statistical relationship between benefit duration
and age at layoff, as in Figure 3b. In order to estimate how manipulators’ benefit receipt
duration responds we take the difference between two quantities: manipulators’ actual benefit
receipt duration and manipulators’ counterfactual benefit receipt duration had they not been
able to manipulate. As illustrated in 3b we obtain these quantities by separately studying the
missing and excess region. As for manipulators’ actual benefit receipt duration, we fit a flexible
counterfactual on the right side of the threshold and estimate the difference between the observed
and predicted duration. Intuitively, average benefit receipt duration in the excess region is higher
than predicted by the un-manipulated region to the right, only because there is manipulation.
The extent to which observed and predicted duration differ, together with an estimate of how
many manipulators are causing it, lets us recover manipulators’ actual benefit receipt duration.
We use analogous arguments to back out manipulators’ counterfactual benefit receipt duration
on the left side of the threshold.
Selection into Manipulation: The described procedure also lets us study selection into
manipulation by comparing manipulators’ counterfactual benefit receipt duration to that of
non-manipulators, individuals in the missing region who did not manipulate. Our illustrative
example in Figure 3b highlights this comparison and would suggest that manipulators would
have had longer benefit receipt durations than non-manipulators even absent manipulation.
Apart from benefit receipt and nonemployment durations, the described strategy is readily
applicable to other outcomes such as the probability to be unemployed after any number of
months. This will allow us to study both responses and selection pattern along the survival
function. A survival analysis is crucial in our setting because we exploit policy variation that
introduces differences in potential benefit receipt only after eight months of nonemployment.
Individuals are thus likely to select on long-term unemployment risk, consistent with our results
in section 5. In light of the selection patterns we document, it is worth bearing in mind that we
are estimating the effect of manipulation on individuals who endogenously decide to engage in
manipulation. As Diamond and Persson [2017] all estimates are Wald-type estimators.

4

Regression Framework

In this section we present the details of how we operationalize our identification strategy in a
regression framework.

4.1

Estimating the Number and Share of Manipulators

To quantify the amount of manipulation we follow standard bunching techniques (Saez [2010],
Chetty et al. [2011], Kleven and Waseem [2013]). At every age, we estimate a counterfactual
layoff frequency by fitting a second order polynomial to the observed frequency, but excluding

7

data from the manipulation region. Concretely, we group all layoffs into two week bins based on
the workers’ age at layoff and estimate the following specification:

cj =

P
X
p=0

βp · apj +

zL
X

γs · I[aj = s] + νj ,

(1)

s=zU

where cj denotes the absolute frequency of layoffs in headcounts in bin j, aj is the mid-point
age in bin j, P denotes the order of the polynomial. Coefficients γs control flexibly (bin-by-bin)
for differences between the observed data and the counterfactual frequency in the manipulation
region [zL , zU ]. The whole counterfactual layoff frequency can be recovered from the fitted values
of equation 1 omitting the contributions of the missing and excess region dummies, i.e. the
counterfactual number of individuals in bin j is given by ĉj =

PP

p=0 β̂p

· aij .

Crucial to our estimation procedure is a definition of the manipulation region [zL , zU ]. Here we
follow the procedure employed in Kleven and Waseem [2013]. We first rely on visual inspection
to determine zL . We set this to be six weeks away from the age fifty cutoff (three bins).
Subsequently, we try different specifications that increase zU by little margins (one bin at the
time), until the difference between the missing mass and the excess mass is sufficiently small. If
the counterfactual density could be recovered without error by a polynomial, we would stop when
PzL

s=zU

γs · I[aj = s] = 0. In practice we stop when this quantity falls below a critical threshold.

This procedure leaves us with a manipulation region of six weeks to the left and four weeks to
the right of the cutoff.
The observed layoff frequency and the estimated counterfactual are enough to compute the
headcount for four groups inside the manipulation region: (1) manipulators in the missing
region (2) manipulators in the excess region, (3) non-manipulators in the missing region and (4)
non-manipulators in the excess region. Expressions are as follows

missing
Nmani
=

X

γs

s∈missing

X

excess
Nmani
=

γs

s∈excess
missing
Nnon
mani =

X

cs

s∈missing

X

excess
Nnon
mani =

cs − γs ,

s∈excess

missing
excess , that is manipulators move from left-hand side to
where it must hold that Nmani
= Nmani

right-hand side of the manipulation region but never leave it. Given the headcount, we compute
two relevant shares that are useful for the calculation of effects of manipulation in the next
section.
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missing
Nmani

smissing =
sexcess

missing
missing
Nmani
+ Nnon
mani
excess
Nmani
= excess
excess
Nmani + Nnon
mani

With all these ingredients, we are now ready to move to the estimation of treatment effects and
selection.

4.2

Estimating Duration Responses

We now move to the estimation of effect of manipulation on manipulators. Manipulation
provides manipulators with four additional months of PBD. As outlined in section 3, we estimate
manipulators’ duration reponse as the difference between manipulators’ actual and counterfactual
duration. In order to compute both quantities we relate differences in observed and predicted
durations in the missing and excess region to the missing and excess share of manipulators,
respectively.
As a first step we run the following regression on individual-level data:

yj = α +

P
X

βp≤50 · apj · I[aj ≤ 50] +

p=1

P
X

βp>50 · apj · I[aj > 50]

p=0

(2)

+ δmissing · I[aj ∈ missing] + δexcess · I[aj ∈ excess] + ξj ,
where yj the outcome of interest, e.g. weeks of benefit receipt duration, βp≤50 and βp>50 are
coefficients of two P th degree polynomials in age, that are constructed based on information
from the left-hand side and right-hand side respectively. This way, we allow for a treatment
effect of longer potential benefit duration on our duration outcomes and identify the effect of
manipulation only as deviations from the predicted values. Notice that the second summation
term starts from p = 0, so as to allow a differential intercept of the two polynomials, even absent
manipulation. We refer to the coefficient β0>50 as the “Donut-RD”. Under some assumptions this
coefficient captures the average treatment effect of four more months of PBD in a world without
manipulation as shown in Barreca et al. [2011].12
As in equation 1, the counterfactual polynomial is estimated by excluding observations from the
manipulation region [zL , zU ]. The coefficients δmissing and δexcess capture the difference in average
duration between the observed data and the estimated counterfactual in the missing and excess
region, respectively.13 The central idea of our estimation is the re-scaling of these estimated
differences by the respective share of manipulators responsible for it. Therefore we calculate
12

See Scrutinio [2018] for an application to Italian unemployment benefits.
δmissing will be less or equal to zero if the observed average duration is below the counterfactual in the missing
region. A coefficient δmissing 6= 0 indicates that manipulators would have had different outcomes even absent
manipulation and are in this sense selected.
13
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missing
missing
∆Ȳ missing ≡ Ȳnon
=
mani − Ȳmani

δmissing
smissing

which gives us the difference in durations between manipulators and non-manipulators in
the missing region in a world without manipulation. Note that the average duration of nonleft
manipulators in the missing region Ȳnon
mani is an observable quantity and given by
missing
missing
Ȳobserved
= Ȳnon
mani =

1

X

missing
Nnon
mani

j

yj · I[aj ∈ missing],

which allows us to recover manipulators’ counterfactual duration as
missing
missing
missing
Ȳmani
= Ȳnon
.
mani − ∆Ȳ

Following the analogous argument on the right-hand side, we first re-scale the regression coefficient
to obtain

excess
excess
∆Ȳ excess ≡ Ȳnon
mani − Ȳmani =

δexcess
.
sexcess

We then combine this re-scaled duration difference to the observable average duration in the
excess region, which is given by

excess
excess
excess
excess
Nnon
mani · Ȳnon mani + Nmani · Ȳmani
excess
excess
Nnon
mani + Nmani
X
1
yj · I[aj ∈ excess].
= excess
excess
Nnon mani + Nmani j

excess
Ȳobserved
=

Combining the above and rearranging terms gives us an estimate of manipulators’ actual duration
in the form of
excess
excess
Ȳmani
= Ȳobserved
−

excess
Nnon
mani
excess
excess
Nnon mani + Nmani

· ∆Ȳ excess

Finally, we compute manipulators’ duration response as
missing
TE
excess
Ymani
≡ Ȳmani
− Ȳmani
.

4.3

Tracing Nonemployment Survival

The previous section constructed treatment effects related to benefit and nonemployment average
durations for manipulators. However, the outlined estimation technique is also readily applicable
to other outcomes of interest. In particular, it lets us study survival probabilities in nonemployment. This is relevant in our context because the exploited policy variation provides additional
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potential UI benefits only after the eighth months of nonemployment. Tracing out the change in
the survival curve is crucial from an efficiency perspective as we will outline in section 5.5. In
terms of selection, exhaustion and long-term unemployment risk are likely key determines that
motivate individuals’ decision to engage in manipulation.
Analogously to section 4.1, we group individuals in two week age-at-layoff bins and measure how
many individuals are still in nonemployment after a given month m. We perform this analysis
for four years, representing the longest time horizon which we observe all individuals after their
layoff. We run 4 × 12 = 48 regressions of the kind

cm
j

=α+

P
X

βpm,≤50

·

apj

· I[aj ≤ 50] +

p=1

P
X

βpm,>50 · apj · I[aj > 50]

p=0

(3)

m
m
· I[aj ∈ missing] + γexcess
· I[aj ∈ excess] + ξj ,
+ γmissing

where cm
j is the headcount of individuals still in nonemployment after month m who were laid
off in age bin j. Similarly to section 4.1, the βpm are the coefficients of a P th order polynomial
in aj , where aj is the mid-point of age bins. The γ m coefficients recover the difference between
the observed and counterfactual headcount and thus the number of manipulators who are still
unemployed after month m in the missing and excess region. For each month m, we compute
the number of individuals of each group who are still unemployed after month m. Formally, we
define

missing,m
Nmani
=

X

γsm

s∈missing
excess,m
Nmani
=

X

γsm

s∈excess
missing,m
Nnon
mani

=

X

cm
s

s∈missing
excess,m
Nnon
mani

=

X

m
cm
s − γs ,

s∈excess

as the headcounts for the four groups in each month after layoff.14 By re-scaling each N value
by the same quantities’ value in month 0, we obtain an estimate of the probability for staying
unemployed for at least m months after layoff. We define

missing,m
missing,m
missing,0
Pmani
≡ Nmani
/Nmani
excess,m
excess,m
excess,0
Pmani
≡ Nmani
/Nmani
missing,m
missing,m
missing,0
Pnon
mani ≡ Nnon mani /Nnon mani
14

In theory, all N s must be weakly decreasing in m. However, we do not restrict our estimation procedure and
might thus violate this argument due to estimation error. Reassuringly, in practice these instances are rare.
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excess,m
excess,m
excess,0
Pnon
mani ≡ Nnon mani /Nnon mani ,

as the survival probability in nonemployment after month m of the respective group. We now
turn to our estimation results.

5

Results

In this section we examine the main findings. We start by presenting graphical evidence
of manipulation in the form of strategic delays in the timing of layoffs around the fiftieth
birthday threshold. After quantifying the magnitude of manipulation, we show how manipulators
change their subsequent job search behavior by first studying changes in benefit receipt and
nonemployment duration. In order to unpack duration responses, we recover manipulators’
survival curves under both the 12 months and 8 months UI scheme. We perform a similar exercise
with non-manipulators to assess the degree of selection on underlying long-term unemployment
risk. Lastly, we combine these findings to estimate the moral hazard cost of providing extended
UI benefit to manipulators.

5.1

Evidence of Manipulation

To provide graphical evidence of manipulation, Figure 1 plots the relative frequency of layoffs
against workers’ age at layoff. Figure 1a covers the entire age range from 26 to 64 years of age,
while figure 1b zooms into a narrower, four year window around the age-fifty threshold.15 Both
figures show a clear drop in the frequency of layoffs just before and a pronounced spike after
the age-fifty threshold. While the spike is concentrated in the immediate four weeks after the
threshold, the decline in the density is spread over six weeks before workers’ fiftieth birthday.
From now on, we refer to the six week window before and the four week window after the fiftieth
birthday threshold as the missing and excess region, respectively.
Following the procedure in Section 4.1, we estimate that 13.3% of all layoffs in the missing
region or around 10% in the two months prior to the fiftieth birthday threshold are strategically
delayed.16 This amounts to a total of around 490 manipulated layoff dates which corresponds to
17% of all layoffs in the two weeks smaller excess region.17
To assess the robustness of these findings we present additional evidence showing that manipulation
indeed comes from incentives of the UI system. By plotting the layoff frequency over the entire
age range Figure 1a we already ruled out potential concerns that our findings are caused by
other mechanisms like (round-) birthday effects or retirements spillovers. Figure 2 contains
15

All our estimates for the counterfactual density and counterfactual outcomes will be based on this narrower
window.
16
The counterfactual relationship appears almost perfectly linear and is very robust to the choice of the order of
the polynomial.The determination of the manipulation region closely follows the procedure in Kleven and Waseem
[2013] and is explained in more detail in Section 4.
17
While the total number of manipulated layoffs might appear small, its worth bearing in mind that this number
is uninformative about the size of the behavioral response. We are currently working on estimating the implied
elasticity of the employment spell duration w.r.t. potential benefit duration.
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two additional placebo checks. Figure 2a plots the layoff density after the 2015 abolishment of
the age discontinuity. Consistent with our main finding, there is no evidence of manipulation
around the fiftieth birthday threshold once the policy is removed. Figure 2b reproduces figure
1, splitting observations depending on whether workers were employed in the private or public
sector, and whether they were working under a permanent or temporary contract. Manipulation
is confined to the private sector for individuals with permanent contracts with no visible evidence
of manipulation among the other groups. The stark difference between the layoff frequency
around the discontinuity between permanent and temporary contracts lends further support to
the re-timing interpretation of manipulation. By definition, temporary contracts have a certain
and predefined date of layoff and thus leave no room for this type of manipulation. The difference
in results by type of employer is consistent with higher hiring and firing rigidities and regulations
in the public sector.
We consider the graphical evidence presented until here as this papers’ first main contribution.
It documents that incentives generated by the UI system can influence the timing dimension of
layoffs and thereby the length of an employment spell. Complementing previous work on the
extensive margin response of job separations, we focus on the timing dimension of the layoff
decision.18 Having established sizable manipulation we now turn to the estimation of its effect
on manipulators’ subsequent benefit and nonemployment durations.

5.2

The Effects of Manipulation: Duration Responses

In this section we present results on the effect of manipulation on manipulators’ subsequent
benefit receipt and nonemployment duration. Successful manipulation provides workers with
four months of additional potential UI coverage after the eighth month of nonemployment. Even
absent any behavioral response manipulators’ benefit receipt duration is likely to mechanically
increase due to the additional months of coverage. We elaborate on this point and its implications
for the moral hazard cost in section 5.5.
In order to asses whether manipulators respond by increasing their benefit receipt and nonemployment duration, we begin by plotting both duration outcomes against workers’ age-at-layoff
in figure 4. Figure 4a shows average benefit durations for workers laid off at different ages,
while figure 4b depicts average nonemployment durations workers censored at four years.19 Both
graphs show a clear pattern: consistent with the presence of an effect of manipulation both
duration outcomes show a drop before and a spike after the age threshold.
To quantify these findings we follow the methodology laid out in section 4.2. Table 2 reports
the corresponding dummy coefficients of specification 2. Passing the age threshold is associated
with a 10.6 weeks increase in benefit duration (column 1) for the average individual. Since our
specification contains dummies for the missing and excess region, this difference represents the
jump in the estimated counterfactual polynomial and we refer to it as a “donut” regression
18

Jäger et al. [2018] and Doornik et al. [2018] both study the extensive margin response of job separations to UI
benefits.
19
We face the usual censoring problem for individuals with very long nonemployment durations and therefore
restrict attention to the longest time horizon for which we can observe all individuals.
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discontinuity coefficient (see Scrutinio [2018] for details). More interesting for our estimation of
the effect of manipulation are the reported coefficient on the missing and excess region dummies
(row 2 and 3). Benefit durations are 0.5 weeks shorter in the missing and 1.2 weeks longer in
the excess region compared to the estimated counterfactual polynomial. All coefficients are
statistically different from zero. For nonemployment duration (column 2) we find the same
qualitative pattern. Average nonemployment duration jumps up by 8.0 weeks when crossing
the age threshold, is 2.6 weeks shorter and 3.8 weeks longer in the missing and excess region
respectively.
Its worth stressing that the qualitative patterns in figure 4 and table 2 alone are not sufficient to
draw conclusions about the size of the behavioral response by manipulators.20 This is because
results of changes in average durations do not take into account the underlying concentration
of manipulation in each bin. Intuitively, if manipulation is spread out over a larger region the
observed drops or spikes in average durations are attenuated even without any change in the
underlying behavioral response. In our setting, the concentration of manipulation differs between
missing and excess region both because of a size difference, six weeks compared to four weeks,
but also because of a nonzero slope in the underlying layoff density. It is therefore crucial to
combine the above estimates with our share estimates from section 5.1.
When following the methodology laid out in section 4.2, we find that manipulators increase
their benefit receipt and nonemployment duration by 14.5 and 13.3 weeks, respectively (table
3).21 The first estimate implies a very large take up of 0.83 months of additional UI benefits
per months of additional PBD. The latter points to sizable behavioral responses as a result of
extended PBD. In order to unpack the behavioral response we now turn to the survival analysis,
that is, we study the effect of manipulation on the probability of still being unemployed in each
months after the layoff.

5.3

The Effects of Manipulation: Survival Analysis

In this section we unpack the duration effects of manipulation established in the previous section.
As we will describe in more detail in section 5.5 this exercise is not only interesting from a
positive but also relevant from a normative perspective. Intuitively, it’s crucial to understand
when manipulators respond to distinguish between relatively expensive moral hazard responses
during months of benefit receipt to those that happen after benefit exhaustion.
We use the technique detailed in section 5.3 to trace the entire four year monthly survival
curve of manipulators in nonemployment under both the eight and twelve months PBD scheme.
Figure 5 plots results from the corresponding regression analysis of specification 3. Figure 5a
shows the estimated nonemployment survival of manipulators under the eight and twelve months
potential benefit duration scheme.22 The difference between the two curves reveals the effect
of manipulation along manipulators’ survival curve. It shows virtually no difference in survival
20

They are not even conclusive about whether or not manipulators response is larger than the “donut” coefficient
capturing the effect of extended PBD on an average individual.
21
We are currently working to obtain bootstrap confidence intervals for our estimates.
22
We are currently working on constructing valid bootstrap confidence intervals for our point estimates.
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probabilities in the first six to seven months, after which the two curves start diverging. The
shift in manipulators’ survival curve is substantial with their nonemployment probability after
twelve months increasing from 0.55 under the eight months to 0.76 under the twelve months
PBD scheme.
To illustrate the change in nonemployment exit rates, figure 5b plots the implied hazard rates.
Perhaps unsurprisingly, the behavioral response is concentrated in the months eight to twelve
and coincides with the time of extended UI coverage. However, as pointed out, there is very
little evidence of anticipated moral hazard in the first eight months of nonemployment. Perhaps
somewhat surprisingly, manipulation appears to have a very long lasting effect on individuals’
job finding probabilities. The two survival curves in figure 5a show a substantial gap even as far
out as forty months after layoff. We are currently exploring reasons for this long lasting effect,
which seems to large to be solely explained by intertemporal income shifting through savings.
We now move from studying the effects of manipulation to examine selection into manipulation.

5.4

Selection into Manipulation

This section presents the results of our selection into manipulation analysis (see section 3 for
details). We start by comparing nonemployment survival rates of non-manipulators, individuals
in the missing region, who did not engage in manipulation, to manipulators’ counterfactual
survival rate. Both groups are or would have been eligible for eight months of potential benefit
duration.
To this end, we take the estimated counterfactual survival rate of manipulators under the eight
month PBD scheme from the previous section and compare it to observed mean survival rate in
the missing region. The latter is readily observable in the data and requires no extrapolation
or estimation as explained in section 3. Figure 6 plots the results of the comparison of nonmanipulators’ and manipulators’ survival curves under the eight months PBD scheme. Figure 6a
documents a pronounced pattern: manipulators would have had a higher probability of survival
in nonemployment after any number of months after the layoff even absent manipulation. In
particular, manipulators would have exhausted eight months of UI benefits with a probability of
0.8, compared to non-manipulators’ exhaustion rate of 0.6. The implied hazard rates, shown
in figure 6b, reveal a substantial lower rate of nonemployment exits in the early months of
nonemployment. Manipulators would have left nonemployment at higher rates only after the
seventh to eights months following very low rates of exits in the early part of the spell. These
findings establish long-term unemployment risk as an important factor in individuals’ decision
to engage in manipulation. Similarly to other insurance context, we find that manipulators
are adversely selected on their long-term unemployment risk. Our results also imply that
manipulators are sufficiently forward looking and aware of their weak re-employment prospects.
In a second step we study the difference between manipulators and non-manipulators based on
observable characteristics. We are currently working on improving the analysis in this part of
the section. Figure 7 provides first evidence of differences in observable characteristics between
manipulators and non-manipulators. Manipulation is more prevalent among female, part-time,
15

white-collar workers at small firms. These findings suggest that adjustment costs, bargaining
power and proximity to superiors play a role in workers’ ability to engage in manipulation.

5.5

Effective Moral Hazard Cost of Manipulators

This section combines several of the previous results to calculate the moral hazard cost of
extended potential benefit durations of manipulators. We follow Schmieder and von Wachter
[2017] and calculate the ratio of behavioral cost (BC) and mechanical cost (MC) of extended
benefit duration. The BC/MC ratio measures how many additional dollars of tax revenue have
to be raised to finance one dollar of UI transfer, in addition to the one dollar itself. When it
comes to comparing the effects of extensions of potential benefit duration, marginal effects and
elasticities alone are not sufficient, because they do not take into account the varying size of
the population at risk of benefit exhaustion. Intuitively, differences in benefit receipt duration
responses between two groups might either be due to one groups’ higher responsiveness or due to
the fact that one group simply has a higher probability of still being unemployed at the point of
the potential UI benefit duration extension.23
To distinguish between the behavioral and mechanical part of the benefit duration response in
our setting, it useful to decompose the difference in benefit receipt durations under the twelve
and eight months scheme as follows:

∆B = B

12

8

−B =

Z 12
0

St12 dt

−

Z 8
0

St8

Z 12

=
0

|

(St12

−

{z

St8 )dt
}

behavioral response (∆B M H )

Z 12

+
8

|

St8 dt

{z

,

(4)

}

mechanical effect (ME)

where B and S denote the average benefit receipt duration and the survival rate each under
the twelve and eight months PBD scheme, respectively. The behavioral moral hazard response
captures the part of the benefit duration increase that is due to the outward shift of the survival
curve, i.e. the behavioral response. The mechanical effect corresponds to the remaining increase in
benefit receipt duration that would mechanically occur even absent any behavioral response. Since
different groups of individuals might have very different mechanical effects a naive comparison
of the benefit duration increase is not conclusive about the size of the underlying behavioral
response. We therefore follow Schmieder and von Wachter [2017] and normalize the behavioral
response by the mechanical effect. Concretely, we calculate the behavioral and mechanical cost
by multiplying both quantities with their respective unit cost to the government and take their
ratio:
BC τ =0 b · ∆B M H
=
,
MC
b · ME

(5)

where b denotes the statutory benefit replacement rate and τ represents the tax rate on UI, which
we turn to below. The BC/MC ratio measures by how many additional dollars benefit receipt
23

For a more detailed discussion of BC/MC ratios we refer to Schmieder and von Wachter [2017].
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increases for each dollar of mechanical increase.
Thus far we focused on additional benefit payments and abstracted from the second source of cost
to the government: the loss in tax revenues due to longer nonemployment durations. Contrary
to the analysis of benefit durations, longer nonemployment durations do not entail a mechanical
effect and are solely the result of a behavioral response. Formally, we have:

∆N = N 12 − N 8 =

Z ∞
0

St12 dt −

Z ∞
0

St8 =

Z ∞
0

|

(St12 − St8 )dt
{z

,

}

behavioral response (∆N M H )

where, as above, N and S denote the average nonemployment duration and the survival rate
each under the twelve and eight months PBD scheme, respectively. Since all of the increase in
nonemployment duration constitutes a moral hazard response we add the resulting cost to the
behavioral cost and adjust formula 5 as follows:
BC τ
b · ∆B M H + τ · ∆N M H
=
MC
b · ME

(6)

Equipped with formula 6 we estimate BC/MC ratios for manipulators and the average population
based on our estimates from previous sections. All results are presented in table 4. We start
by decomposing manipulators’ benefit duration responses into the behavior and mechanical
part as in equation 4 using our estimated survival rates from section 5.3. Consistent with the
previously established high exhaustion risk, we find that close to 80% of manipulators’ benefit
duration response represents a mechanical effect. Put differently, for the 11.57 weeks of additional
mechanical benefit payments, manipulators collect an additional 2.96 weeks of benefits due their
behavioral moral hazard response, resulting in a total benefit duration increase of 14.54 weeks.
Based on the benefit duration decomposition, we calculate the BC/MC ratio using the statutory
replacement rate of 0.4 for the months eight to twelve and for various values of the UI tax rate.24
Table 4 reports BC/MC ratio for manipulators ranging from 0.26 to 0.83 depending on the tax
rate. We repeat this exercise for estimates of the average population based on the “donut” RD
coefficients in table 2 and find lower BC/MC ratios for the average population in the range of
0.12 to 0.55. These results show that manipulators although highly selected on exhaustion risk
are still more responsive to the PBD extension and are thus adversely selected on their moral
hazard cost.25 These findings also imply that manipulators raise the overall moral hazard cost
of the UI system, although the increase in actual UI bills due to manipulators is likely small
due to the few current opportunities to engage in manipulation. Nevertheless, our results imply
that governments ought to take layoff responses into account when designing differentiated UI
schemes and that there are potential limits to the governments ability to precisely target these
24
There is some disagreement in the literature on what the appropriate tax rate in this context is. Early studies
have used a 3% UI tax, however, recent work argues for higher tax wedges (Lawson [2017]).
25
This comparison rests on implicit assumption, namely, that manipulators’ response to the extended PBD
would have been the same in a world in which they are exogenously moved over the threshold and not through
manipulation. Put differently, that manipulation itself has no other effect on subsequent job search efforts apart
from its effect on PBD.
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transfers. It is worth pointing out that our BC/MC ratios for manipulators, as well as for the
average population, are in the lower range of estimates in the previous literature (see Schmieder
and Von Wachter [2016] for an overview).

6

Concluding Remarks

This paper shows that incentives generated by the UI scheme can influence the firm-worker
separation process. We document substantial manipulation in forms of strategic delays in
the timing of layoffs around an age-at-layoff threshold entitling workers to a four months
increase in potential UI benefit duration. Using novel bunching techniques we study the effects
of manipulation on manipulators’ subsequent job search efforts as well as the selection into
manipulation decision. We find that manipulators are responsive to the extended UI coverage
and select strongly on long-term unemployment risk. Combining these findings we calculate
the effect moral hazard cost of manipulators and show that it exceeds the one of the average
population implying selection on moral hazard. Overall, our results highlight the importance
to take layoff responses into account when designing differentiated UI schemes and point to
potential limits of a governments’ ability to target UI benefits.
Although a full welfare assessment is beyond the scope of this paper we deem it a fruitful avenue
for future research. So is the more general question of the desirability of differentiated UI policies.
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Figures

Figure 1: Layoff frequency for permanent contract private sector workers
(a) Age-at-layoff between 26 and 64 years
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(b) Age-at-layoff between 46 and 54 years
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McCrary: .1073 (.0096); obs: 249581

Note: The figure shows the density of layoffs in the private sector, for individuals working on
a permanent contract and eligible for regular UI (DORN). The data cover the period February
2009 till December 2012. Panel (a) plots the density for the entire age range from 26 to 64 years,
while Panel (b) does so for the age range from 46 to 54 years. In both panel each dot represents
a two week bin. In Panel (b) the underlying individual-level data is made of 249,581 layoffs.
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Figure 2: Layoff frequency after abolishment and by work arrangement
(a) Layoff frequency after abolishment in 2016 and 2017 (NASPI)
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(b) Permanent vs. temporary contracts and private vs. public sector
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Note: Panel A shows the layoff frequency after the abolishment of the age-at-layoff discontinuity under
the new benefit scheme (NASPI) in the years 2016 and 2017. Panel B depicts layoff frequencies for
layoffs of workers in the public and private sector and for open-ended (permanent) and temporary
contracts. Dots represent two week bins.

22

Figure 3: Illustration of Identification Strategy

Layoff frequency
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(b) Effects of and Selection into Manipulation
Estimated share of manipulators:
Missing region: X%
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Note: This figure illustrates our identification strategy. Panel A illustrates how we estimate the
number and respective share of manipulators in both the missing and excess region. Panel B constructs
manipulators’ benefit duration response and illustrates the relevant comparison when studying selection
into manipulation. Section 4 lays out how we estimate the fitted counterfactuals in practice.
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Figure 4: Benefit and nonemployment duration
(a) Benefit duration
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(b) Nonemployment duration (cens. 4 years)
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Note: Panel A plots average benefit receipt duration (in weeks) against workers’ age-at-layoff. Panel B
shows nonemployment duration censored at four years after layoff. Dots represent two week bins.
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Figure 5: Manipulators with 8 and 12 months of potential benefit duration
(a) Survival in nonemployment

(b) Monthly nonemployment hazard

Note: Panel A plots manipulators’ actual and counterfactual survival in nonemployment after each
months since layoff. Our estimation strategy is outlined in section 4.3. For all months the two estimates
are obtained from regression specification 3. Panel B shows the implied hazard rate from leaving
nonemployment. Numbers are calculated based on the point estimates from panel A.
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Figure 6: Manipulators and non-manipulators with 8 months of potential benefit duration
(a) Survival in nonemployment

(b) Nonemployment hazard

Note: Panel A plots manipulators’ and non-manipulators’ survival in nonemployment after each months
since layoff. The estimation of the former is outlined in section 4.3. The latter represents the observed
mean survival rate in the missing region (see section 3 for details). Panel B shows the implied hazard
rate from leaving nonemployment. Numbers are calculated based on the point estimates from panel A.
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Figure 7: Selection on observables
(a) Female

(b) Tenure
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(d) White-collar
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(f) Actual earnings (last six months)
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Note: The figure shows regression coefficients of a modified version of specification 2, in which the dummies for
missing and excess regions are replaced by two week bin dummies in the age range 49.5 to 50.5 and plotted above.
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Tables
Table 1: Sample characteristics
Variable
Weeks of benefits receipt
Weeks of nonemployment (cens. 4y)
Female
Full time
White-collar
Years since first job
Tenure
Tenure temporary
South and Island
Log daily income
Age last firm (in months)
Firm size (Municipality)
# Workers
# Spells

Average
26.180
71.286
0.377
0.804
0.183
27.448
4.352
0.919
0.394
4.139
184.316
84.933
329206
459604

Standard deviation
15.911
74.719
0.485
0.397
0.387
8.857
5.292
1.504
0.489
0.439
164.459
608.161

Note: Summary statistics at spell level for individuals receiving the Subsidy for Ordinary Unemployment with Normal Requirement between 46 and 54. The sample
excludes individuals coming from the public sector and individuals with seasonal contracts. Weeks of nonemployment defined as the distance between the layoff originating
the unemployment benefit and the first hiring date after the end of unemployment
benefit. Tenure defined as the number of years, even with breaks, spent with the same
employer with any contract (Tenure) or with a specific type of contract (Temporary).
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Table 2: Dummy coefficients for main specification
(1)
Benefit receipt
duration
in weeks

(2)
Non-employment
duration (4 years)
in weeks

10.567***
(0.206)
-0.473**
(0.225)
1.202***
(0.371)

7.999***
(1.020)
-2.646*
(1.603)
3.832***
(1.020)

249,581

249,581

I[aj > 50]
I[aj ∈ missing]
I[aj ∈ excess]

Observations

Note: The table reports OLS coefficients from specification 2. All
regressions include a constant and two second order polynomials
fitted separately on both sides of the age-50 threshold and excluding the excess and missing regions. Standard errors clustered at
Local Labour Market Level. Level of significance: *** p<0.01, **
p<0.05, * p<0.1.

Table 3: Duration estimates
(1)
Benefit duration
in weeks

(2)
Non-employment
duration in weeks
(cens. 4y)

under 8 months scheme

28.36

103.01

under 12 months scheme

42.89

116.31

response

14.53

13.30

24.82

83.22

(a) Manipulators

(b) Non-manipulators
under 8 months scheme

Note: The table reports benefit and nonemployment duration levels and responses of manipulators and non manipulators. Responses are computed as the
difference between the level under the 12 month scheme and the level under the 8
month scheme. Numbers are obtained from the procedure detailed in Section 4.2.
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Table 4: Decomposition of benefit duration response and BC/MC ratios
(1)
Benefit receipt
duration response
∆B
in weeks

(2)
Behavioral
response
∆B M H
in weeks

(3)
Mechanical
effect
ME
in weeks

(a) Manipulators

14.53
(100%)

2.96
(20.4%)

11.57
(79.6%)

(b) Average population

10.57
(100%)

1.16
(11.0%)

9.41
(89.0%)

(4)
BC/MC
(τ = 0)

(5)
BC/MC
(τ = 3%)

(6)
BC/MC
(τ = 20%)

(c) Manipulators

0.26

0.34

0.83

(d) Average population

0.12

0.19

0.55

Note: The upper part of the table reports the decomposition of manipulators’ benefit
duration response (in weeks) into a mechanical and a behavioral component, following
the methodology detailed in Section 5.5. The lower part of the table reports BC/MC
ratios, under different assumptions about the UI tax. The methodology is detailed also
in the same section.
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