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This paper studies the effects of unemployment benefit schemes on individual productivity. We created
employment and unemployment in the field and compared workers’ productivity under no unemploy-

ment benefits to productivity under two different unemployment schemes. In one scheme, the unemployed
received an unconditional monetary transfer. In the other, the monetary transfer was obtained conditional on
the unemployed spending some time on an ancillary activity. Our results challenge the standard economic
theory prediction that unemployment benefits, especially unconditional compensations, hinder workers’ effort.
We find that workers employed under the unconditional scheme are more productive than workers under the
conditional one, and both schemes make workers more productive than having no unemployment benefit. We
discuss two possible explanations for our results based on reciprocity and differential psychological costs of
unemployment across unemployment benefit schemes.
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1. Introduction
This paper uses data from a novel empirical design
to investigate whether and how the type of unem-
ployment benefit system affects the productivity of
workers. According to the International Labor Orga-
nization (ILO 2010), 42% of countries worldwide
have some type of statutory unemployment benefit
institution (UBI) that differs across countries. While
most Western European nations and some devel-
oping countries like Colombia provide unconditional
monetary benefits to the unemployed, others like
Argentina, Australia, and Brazil offer benefits only
conditional on the unemployed performing some kind
of work in return. Yet a third set of countries like the
United States, the United Kingdom, and Chile offer
both conditional and unconditional-type programs.1

Despite being widely implemented through the
world, little is known about the impact of these

1 See Ochel (2005) for a survey on conditional unemployment pro-
grams (also called “workfare programs’’) and Gueron (1990) for a
discussion on the two types of schemes.

institutions on worker’s productivity.2 From a purely
economic perspective, one would expect the produc-
tivity of workers under unconditional systems to be
the lowest, simply because the cost of being unem-
ployed is lower than under conditional schemes and
lower than under no compensation at all. However,
whether this prediction finds empirical support is still
an open question that this paper aims to address.

Investigating this question using observational data
is challenging for several reasons. To name only a few,
the implementation of different UBIs is likely to be
correlated with country-specific institutional charac-
teristics that may affect workers’ productivity through
other channels. Moreover, obtaining independent and

2 There is existing research on the effect of different variations of
unconditional schemes (e.g., different sizes of the monetary ben-
efit, different application requirements, different maturities of the
benefit) on unemployment duration, search effort, and reservation
wages (e.g., Abbring et al. 2005, Boone et al. 2007). However, to our
knowledge, there is no empirical evidence on the effects of unem-
ployment benefits on productivity.
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objective measures of individual-level productivity is
a difficult task, as is finding the right counterfactual
for assessing how these measures are affected by the
specific UBI in place.

For these reasons, we developed a novel empiri-
cal strategy to study this issue. In a nutshell, we cre-
ated employment and unemployment in the field for
a one-month period. We employed over 300 research
assistants (RAs) and recorded an objective measure
of their productivity under different unemployment
schemes on a daily basis. The RAs were students
from two major private universities in Bogotá, Colom-
bia (University of Rosario, hereafter University A,
and University of Los Andes, hereafter University B).
Their job was to code into a computer spreadsheet
news items on local politicians taken from the online
archives of Colombian newspapers. Individual pro-
ductivity was measured by counting the number of
news items correctly codified. Before starting the job,
the RAs were informed that the demand for coders
would vary from day to day. Some days there would
be a shortage of vacancies and those with lower
productivity would become temporarily unemployed.
Some other days there would be an increase in the
demand for coding, allowing some of the unem-
ployed to return to work.

Importantly, we did not randomize the treatment
(i.e., UBIs) at the individual level. Such design was
purposefully ruled out because having different RAs
working under different conditions within the same
university, while making the subjects more compa-
rable across treatments, would have generated con-
tamination inasmuch as peers or classmates are hired
simultaneously to do the same job under different
working conditions. This could have raised suspicion
and undermined the experiment.3

For identification purposes, instead, we imple-
mented the study in two separate stages that took
place within a one-year difference and with dif-
ferent subjects, but with the task described being
identical in both stages. In one stage, we ran simul-
taneously two identical Comparison interventions in
each university.4 This constituted the benchmark of
our analysis and resembled a system in which no

3 According to the taxonomy proposed by Harrison and List (2004),
our empirical design fits the characteristics of a natural field experi-
ment in that we created a controlled environment in which subjects
naturally undertook certain tasks and did so without knowing that
they were taking part in an experiment. However, since the treat-
ment was not randomly assigned at the individual level (while it
was at the university level), we call our intervention a quasi-field
experiment. In what follows and for simplicity we will refer to our
intervention simply as the “intervention’’ or the “experiment.’’
4 Due to the nonrandomized nature of our study across individuals,
hereafter we explicitly avoid the word “control” and refer to the
benchmark with no UBI as the “comparison.”

UBI is in place. Indeed, the unemployed in this stage
received no monetary compensation, independent of
their university. In another stage each university was
randomly assigned to one UBI, with all the employ-
ees within each university receiving the same treat-
ment. Employees in University A were assigned to
the Unconditional UBI treatment; hence, if they became
unemployed, they were given an unconditional mon-
etary compensation, equivalent to 30% of the daily
salary of their employed peers. Employees in Univer-
sity B were assigned to the Conditional UBI treatment;
hence, the unemployed received an equivalent (30%
of daily salary) compensation in exchange for spend-
ing 30 minutes (one third of a coding shift) doing an
administrative task.

We identify the effect of unemployment benefit on
productivity by comparing the productivity under no
unemployment benefits to that under the two UBI
schemes. We then contrast productivity under uncon-
ditional and conditional benefit payments by com-
paring the productivity differential of the two groups
based in University A (Unconditional UBI and Com-
parison) with the differential productivity of the two
groups based in University B (Conditional UBI and
Comparison).

We show that productivity does not differ across
universities in the Comparison treatment. However,
once the different compensation schemes are in place,
we find that the productivity under both unemploy-
ment benefit schemes is higher than under no unem-
ployment benefits. Moreover, the productivity gain
of the employees working under the Unconditional
UBI scheme more than doubles that of their counter-
parts working under the Conditional UBI scheme. This
suggests that an unconditional unemployment bene-
fit stimulates rather than discourages workers to exert
effort.

These results are at odds with the conventional eco-
nomics perspective. Because effort is costly, when fac-
ing the possibility of being laid off, people should
try to avoid unemployment more under a conditional
UBI than under an unconditional one. Additionally,
the highest effort should be observed when there is
no unemployment benefit in place, since a laid-off
worker would receive nothing. However, we observe
exactly the opposite, and we show that the results
are not driven by differential attrition across treat-
ments or by the differential reaction to the different
UBIs of subjects with initially unbalanced characteris-
tics across universities.

We explore the potential mechanisms that could
explain our results. One candidate explanation is
that workers reciprocate with higher effort the unem-
ployment compensation they are offered. Another
possibility is that individuals facing unemployment
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experience psychological costs that differ across treat-
ments, and workers internalize such costs. Although
our data do not allow us to prove or disprove either
of these two potential channels, we believe that both
can play an important role in explaining the effects of
unemployment benefits, and we leave the analyses of
their relative importance open for future research.

Our paper contributes to several strands of the
literature. First, while the literature on incentives
and workers’ productivity studies the effect of incen-
tive schemes provided within the working place
(Prendergast 1999; Bandiera et al. 2005, 2007), we
show how productivity responds to more general
institutional arrangements.

Second, we contribute to the literature on the
labor market consequences of unemployment benefits
(see Fredriksson and Holmlund 2006 for a review).
For instance, we complement Acemoglu and Shimer
(2000), who study how UBIs affect ex ante produc-
tivity by determining the type of jobs for which the
unemployed apply. In contrast, we show how UBIs
can affect productivity ex post, once the job has been
chosen.5

Third, from a methodological point of view, this
paper illustrates the possibility of using field or quasi-
field experiments to study different questions con-
cerning the dynamics of unemployment.6 The closest
related paper in this respect is Black et al. (2003), who
use random assignment to the unemployment insur-
ance system to show that the threat of being forced to
take up reemployment training services reduces the
duration of the benefit. Falk et al. (2006) run a labora-
tory experiment on the effect of UBIs on labor supply
(instead of productivity). In their experiment, the job
of “employees” is counting the number of zeros in a
zeros-and-ones matrix printed on a sheet of paper. An
important feature of our design is that we are able
to precisely measure workers’ productivity without
departing from a natural job setting.

Finally, to the best of our knowledge, this is the
first paper to look at the effect of different types of
unemployment benefits on productivity, a problem of
first-order importance that is greatly unexplored. As
such, this paper helps to pave the road to answer-
ing important policy questions that have been studied
very little but that are highly relevant.

The rest of this paper is organized as follows. Sec-
tion 2 introduces the empirical strategy. Section 3

5 Besley and Coate (1992) develop a theoretical model to com-
pare unconditional- versus conditional-type schemes. Their focus
is, however, different from ours, as they study the optimal design
of conditional programs considering that work requirements may
serve as screening and deterrence devices.
6 See List and Rasul (2011) for an overview of the use of field exper-
iments in labor economics.

describes the sample and the data collected. Section 4
analyzes the data, Section 5 presents the results, and
Section 6 discusses potential underlying mechanisms
behind the results. Section 7 concludes.

2. Empirical Strategy
Before describing the strategy designed to study
the effect of different UBIs on workers’ productiv-
ity, it is useful to briefly outline the predictions
of the standard labor economics model. See Online
Appendix A (available as supplemental material at
http://dx.doi.org/10.1287/mnsc.2016.2511) for a sim-
plified formal version of this model, which we use to
derive the hypotheses we test in this paper.

Workers in our experiment receive a fixed wage
independent of their effort so, in principle, there
are incentives to shirk. However, the probability of
becoming unemployed depends on workers’ produc-
tivity, so unemployment should act as a disciplinary
device for workers. This idea, originally introduced
by Shapiro and Stiglitz (1984), essentially implies that
workers’ exerted effort depends positively on the cost
of becoming unemployed: the higher the cost, the
lower the incentives to shirk and the higher the aver-
age expected productivity. This implies that workers
employed under an unconditional UBI should be less
productive than workers employed under a condi-
tional UBI or under no UBI.

To test these predictions we developed an exper-
imental design that created employment and unem-
ployment in a controlled natural environment. We
observe workers’ productivity in three different set-
tings: one featuring an unconditional UBI, another
one with a conditional unemployment compensa-
tion, and a third one with no unemployment benefit
scheme in place. In this section we summarize the
most important aspects of our design and refer the
interested reader to Online Appendix B, where we
explain the details of every aspect of the intervention.

We employed over 300 RAs for a one-month period
in two private universities located in Bogotá, Colom-
bia, University of Rosario (University A) and Univer-
sity of Los Andes (University B).7

The job was to code news items on local politicians
from the online archives of the two main Colombian

7 Each participant was assigned to 1 of 18 groups, according to their
availability of time and their university. Subjects who indicated
availability in more than one slot were randomly allocated to one
of these slots. Once subjects were assigned to a group, they were
not allowed to change it during the entire period of the project.
Subjects could not work from home. The distribution of groups was
balanced across days, time of the day, and the newspaper to code.
Each group would have a work shift of 1.5 hours per day, two days
per week, during four weeks. See Table B.1 in Online Appendix B.3
for a detailed description of the groups.

D
ow

nl
oa

de
d 

fr
om

 in
fo

rm
s.

or
g 

by
 [

13
7.

56
.8

2.
99

] 
on

 1
5 

A
ug

us
t 2

01
6,

 a
t 1

1:
56

 . 
Fo

r 
pe

rs
on

al
 u

se
 o

nl
y,

 a
ll 

ri
gh

ts
 r

es
er

ve
d.

 

http://dx.doi.org/10.1287/ mnsc.2016.2511


Blanco, Dalton, and Vargas: Unemployment Benefit Schemes and Productivity
4 Management Science, Articles in Advance, pp. 1–18, © 2016 INFORMS

newspapers. We recorded daily individual productiv-
ity, measured as the number of news items correctly
coded.8

Workers were exposed to both negative and pos-
itive employment shocks, the sequence and timing
of which were unknown. Their productivity on the
last day they worked determined whether they would
become unemployed or remain employed (in the face
of a negative shock), or be reemployed (in the face of
a positive shock).9

Unemployed subjects were assigned to one of three
treatments: Unconditional UBI, Conditional UBI, or
Comparison. In the Unconditional UBI treatment, unem-
ployed workers received one third of the daily salary
in the form of an unconditional cash transfer. In
the Conditional UBI treatment, the unemployed were
required to work one third of the daily shift in order
to receive the benefit. Finally, those assigned to the
Comparison treatment did not receive any monetary
benefit.10

For identification purposes we implemented the
study in two separate stages, with the work involved
in each stage being identical. In one stage, we ran
simultaneously the two identical Comparison treat-
ments in each university. This constituted the bench-
mark of our analysis and resembles a system in which
no UBI is in place. In another stage we implemented
the two UBI treatments with compensation, one in
each university and with all the employees within
each university receiving the same treatment. The
Unconditional UBI scheme was implemented in Uni-
versity A and the Conditional UBI scheme in Uni-
versity B. To avoid spillover and contagion between
subjects assigned to different treatments within the
same university, we implemented the UBI interven-
tions with compensation (i.e., the Unconditional UBI
and the Conditional UBI) and the Comparison treatment
with a one-year difference.11

This design allows us to overcome several poten-
tial confounders that are intrinsic to alternative
approaches. For instance, a random allocation of the
UBI at the individual level within universities, while

8 In Online Appendix B.2 we explain how we controlled that the
news items were correctly coded.
9 Since we are interested in testing the effect of UBIs on productiv-
ity, we needed to make the probability of becoming unemployed
dependent on effort. If the probability of becoming unemployed
were independent on effort, there would not be a clear reason for
different UBIs to affect productivity.
10 The unemployment benefit was introduced in the most natu-
ral way possible. Employees were told that, given their commit-
ment to work for the whole month, the unemployed were going
to be offered the possibility to receive a payment for the days they
remained unemployed.
11 Students who were RAs in the first year were not eligible to work
in the second year.

probably making the subjects more comparable across
treatments, would have generated spillovers and con-
tamination inasmuch as peers or classmates from the
same university are hired simultaneously to do the
same job under different working conditions.12 This
within-school contamination is the same reason that
other experiments have proposed treatment alloca-
tion at a higher unit of aggregation (e.g., Miguel and
Kremer 2004).

By allocating subjects to treatments across universi-
ties, we may in principle lose comparability. However,
as it can be seen in Table 1, the two populations
are very similar in terms of observable character-
istics, with the exception of gender and socioeco-
nomic status.13 Most importantly, by carrying out the
same Comparison treatment in each university, we can
control for the unobserved heterogeneity among stu-
dents, to the extent that it is not correlated with the
response to treatment incentives.14 Another alterna-
tive could have been to expose the same subject to dif-
ferent UBIs at different moments. Although this type
of design has proven to be instrumental in other labor
market field experiments (e.g., Bandiera et al. 2007),
in our particular setup it would have created a con-
fusing and excessively artificial setting, thus probably
introducing noise in the data.

To recruit participants, we sent an email to all
social sciences students announcing the opening of
temporary RA positions to work for a research group
that we created for the purpose of this study. The
job announcement stated that, during the one-month
duration of the project, the number of vacancies per
day would vary and that their daily employment sta-
tus would depend on their work performance and on
the shifting labor demand. These two factors would
in turn determine the final pay, and applicants were
told to expect a final payment varying between US$32
and US$90. The interested candidates had to fill in
a preformatted CV online, which we used to gather
sociodemographic information such as age, gender,
residential address (from which we inferred socioe-
conomic status), GPA, current job, etc. Importantly,
we did not mention in the open call the specific
treatments (the unemployment benefit schemes) to

12 Think of a situation in which two classmates meet and find out
that they are both RAs in the same project, but one has been offered
money unconditionally when unemployed while the other has to
do some costly activity as a compensation for the money. Arguably,
this would create an important confusion among subjects that with
sufficient propagation could have jeopardized the experiment or, at
least, generated all types of noise in our data.
13 We address the concerns regarding this imbalance in Section 6.1.
14 We compare the productivity differential of the two groups based
in University A (Unconditional UBI and Comparison) with the pro-
ductivity differential of the two groups based in University B (Con-
ditional UBI and Comparison).
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Table 1 Baseline Sample Differences Across Universities and Treatments

Within University A Within University B Across universities

Unconditional UBI Comparison Difference Conditional UBI Comparison Difference UBI Comparison
(1) (2) (1) − (2) (3) (4) (3) − (4) (1) − (3) (2) − (4)

Panel A: Individual characteristics
Gender (1 = female)a 0063 0058 0005 0045 0040 0006 0018∗∗ 0019∗

400065 400075 400095 400045 400075 400085 400085 400105
Age 21030 21013 0017 20094 20056 0038 0036 0056∗

400255 400235 400345 400155 400235 400295 400285 400335
Socioeconomic status b 3063 3076 −0013 4050 4034 0016 −0086∗∗∗ −0058∗∗

400125 400125 400175 400095 400165 400185 400165 400205
GPA (1–5 scale) 3095 3094 0001 3098 3091 0007 −0003 0003

400075 400045 400095 400035 400045 400065 400075 400065
Currently working (1 = yes)a 0008 0005 0003 0009 0017 −0007 −0001 −0011∗

400045 400035 400055 400025 400055 400055 400045 400065
Major ( = 1 econ. related)a 0068 0055 0014 0069 0056 0013 −0001 −0002

400065 400075 400095 400045 400075 400085 400075 400105

Panel B: Baseline psychological characteristics
Self-esteem (day 0) 35083 34080 1004 35076 3507 0006 0007 −0091

400415 400525 400655 400275 400455 400535 400495 400705
Job satisfaction (day 1) 24019 24020 −0002 23085 24013 −0028 0034 0007

400465 400635 400775 400335 400515 400655 400595 400825

Panel C: Initial productivity 4day 15
All sample 29092 18013 11079∗∗∗ 28080 18029 10051∗∗∗ 1011 −0016

420285 410445 420745 410365 410985 420615 420575 420415
Dropouts 17022 12012 5010 22096 14050 8046∗∗ −5074 −2038

430805 410275 430085 410815 430165 430495 430875 430355
Finalizers 3202 23013 9007∗∗ 30030 22008 8022∗∗ 109 1005

420485 420025 430565 410625 420215 430675 420945 430005
Difference −14098∗∗ −11001∗∗∗ −3096 −7034∗∗ −7058∗ 0024 7064 3043

(Dropouts− Finalizers) 460085 420505 460185 430345 430855 450485 460795 440495

Notes. Variables are defined as follows. Gender, Age, and GPA are self-explanatory. For Socioeconomic status, see Section 3, in particular Footnote 29. Currently
working: Answer to the question “Are you currently working?’’ was scored 1 if yes and 0 if no. Major: Answer to the question “What is your major area of
study?’’ was scored 1 if economics, business, or finance and 0 if any other of the social sciences. For Self-esteem, see Section 3, in particular Footnote 30.
For Job satisfaction, see Section 3, in particular Footnote 31. Finalizers were subjects who remained in the project until the last day. Dropouts were subjects
who dropped out of the study at some point between the first and the last working days. For Productivity, see Online Appendix B.2.

aTest of difference in means using � (Pearson’s �2) test because variable is dichotomous.
bTest of difference in means using Fisher’s exact test because variable is categorical. The rest of the mean differences are checked using the t-test.
∗Significant at 10%; ∗∗significant at 5%; ∗∗∗significant at 1%.

which individuals would be assigned. This was only
explained later, during the induction day. By doing
this we ruled out any potential self-selection of appli-
cants into treatments.

Coders’ daily productivity was measured by the
number of news items correctly coded per day. The
quality of their work was controlled by our research
assistants, and the workers knew this.15 After con-

15 In principle, coders had incentives to cheat by adding fake entries
into their files. To avoid this, we assigned a team of six research
assistantss to control the quality of the entries. On the induction
day, coders were informed that the quality of their work was
going to be monitored. Every afternoon after the working day,
our assistants would randomly select 15% of each coder’s entries
(20% if there were 100 or fewer entries for a single coder) and con-
trol their quality following a common evaluation protocol. They
would check, for example, if the entry came from real news or was
invented, if the data entered were consistent with the information
in the news, etc.

trolling for quality, the assistants would record the
true productivity of each coder and create a produc-
tivity ranking of coders per group and day. These
rankings were used to determine who would become
unemployed (reemployed), in case of a negative (pos-
itive) shock. Importantly, coders did not have access
to these rankings until the last day of work.

2.1. Sequence of the Study and Payment
The first session was exclusively an induction day,
when we explained the characteristics of the job
and the contractual conditions. During the induction,
coders did not work. Those who accepted the terms
and conditions of the job signed a consent form and
were officially hired.16 Thereafter, each working day
lasted 90 minutes in total: 70 minutes was used for

16 Only one subject did not sign the informed consent and, hence,
decided not to take the job.
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Table 2 Sequence of Unemployment Shocks

Day 1 2 3 4 5 6 7 8
Shock − + + + − + +

% unemployment rate 0 60 55 45 35 60 50 0

Note. Bold type denotes negative employment shocks.

coding and the rest of the time was used to save the
file, send it to us by email (from the work account we
specially created for each participant), and fill in some
questionnaires.17 Each session was supervised by two
research assistants randomly allocated across groups.
The research assistants would make sure that the ses-
sions ran smoothly. They would set up the computers,
record attendance, answer questions about coding,
administer questionnaires, etc.

We created involuntary unemployment (shortage of
vacancies) on all days except for the first and last
days, when we had full employment. Unemployment
increased on the second and sixth days and decreased
(i.e., vacancies were opened) during the rest of the
project. Table 2 shows the unemployment rate for
each working day. The rate is 0 on the first and the
last working days as we were interested in study-
ing the behavior of subjects both in an environment
of unemployment and in one in which there was
no involuntary unemployment, and no competition
for vacancies. The rest of the days featured positive
unemployment rates that were rather high, varying
from 35% to 60%.18

On the days in which there was a negative shock
(i.e., an increase in the unemployment rate), the
coders ranked last according to their productivity on
the previous day became unemployed. In turn, in
cases in which there was a positive demand shock
(i.e., decrease in the unemployment rate), unem-
ployed subjects were informed via email of the num-
ber of job vacancies to be opened the next day. If
they wanted to apply to fill one such vacancy, they
had to reply to that email stating so, to be consid-
ered eligible.19 New vacancies were filled according to

17 Subjects were informed that other researchers were interested in
collecting supplementary data so, as part of the work activities,
they would be asked to answer a set of questionnaires. They were
told that answers to these questionnaires were going to be treated
anonymously and would only be used for academic purposes.
18 Note that, by making workers experience a high risk of being laid
off, we are maximizing the chance that unemployment schemes
have behavioral effects. We did this on purpose for our intervention
to make sense and because we needed power to make inference on
the behavior of both employed and unemployed individuals. We
could have obtained such power by recruiting more people into
the job, but we faced both budget constraints and a limited pool
of potential workers. A detailed explanation of the choice of the
magnitude and the sequence of unemployment rates is provided in
Online Appendix B.4.3.
19 The unemployed were free to choose whether to apply for a new
vacancy or not. Applying was not a requirement for receiving the
unemployment benefits.

applicants’ productivity on their last day of employ-
ment. At the beginning of every working day, two
research assistants would receive the subjects, check
their respective coder’s ID, and inform them about
their condition as employed or unemployed for that
day. To be considered as part of the labor force, all
subjects had to attend their working session on time,
even those who were unemployed or had applied for
a vacancy. If they failed to do so (without any justi-
fied cause, such as illness), they were considered to
have withdrawn from the project.

The remuneration per 90 minutes of work was the
market rate for research assistants in the universities
where the intervention took place. We paid subjects
COP$14,250 (approximately US$8).20 This salary was
over four times the minimum wage in Colombia for
such a working shift. In addition, there was a bonus of
COP$40,000 (approximately US$22) for the best coder
of each group, i.e., the participant who codified the
largest number of correct entries in any given ses-
sion. The maximum possible remuneration was US$
90, earned by subjects who came to the induction
day (US$6), were employed during the eight working
days (US$8 × 8 days = US$64), and won the bonus
for best coder of that group (US$20). The minimum
possible remuneration of someone who participated
in the project over the whole period was US$32 if the
person was assigned to a treatment with a UBI and
US$14 if that person was assigned to the Comparison.
To minimize attrition, we paid on the last day of the
project, and subjects who withdrew from the project
were entitled to request only half of the money earned
by the last day they showed up to work.

2.2. Interventions
As mentioned above, we implemented three different
interventions: the Comparison treatment, without any
UBI; and two treatments designed to capture the most
important aspects of the two main existing UBIs, an
Unconditional UBI and a Conditional UBI.

The amount of the unemployment monetary com-
pensation was identical in the two UBI treatments and
equivalent to one third of the daily shift salary of
the employed. This is, of course, an abstraction of the
real-world UBIs in which unemployment compensa-
tions vary, even within countries, according to sev-
eral characteristics of the unemployed like the spell of
unemployment. While we do not think that abstract-
ing from this variation is relevant for our purpose,
we did make an effort to replicate other features

20 At the time of the study, the average hourly salary of a research
assistant was COP$10,300 (approximately US$5.8).
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of the actual implementation of UBIs. For instance,
when applying for the benefit in reality, unemployed
individuals have to fulfill some requirements, includ-
ing signing up, filling in paperwork, and showing
up regularly at some administrative office. We had a
similar procedure in our two treatments: the unem-
ployed who wanted to receive the benefit had to
show up every working day at the place of work on
time. If assigned to the Unconditional UBI, the unem-
ployed could leave immediately after filling in some
short questionnaires, which would grant them the
benefit for that day (although payable at the end of
the project).21 If assigned to the Conditional UBI, the
unemployed could choose whether to complete the
ancillary task necessary to receive the compensation
for that day or to leave, which meant turning down
the compensation.22 In any case the unemployed had
to show up and sign an attendance sheet. Failing to do
so implied quitting the job altogether and not being
considered part of the labor force for the rest of the
project (i.e., being unable to apply for a position when
new vacancies were opened).

For comparability, unemployed coders in the Com-
parison treatment were also required to show up every
working day at the time and place of work if they
wanted to be considered part of the labor force. They
were invited to leave immediately after filling in some
short questionnaires. This process did not entitle them
to any money.23

3. Data
3.1. Initial Sample and Attrition
Table 3 summarizes the sample size for the differ-
ent treatments at the beginning and at the end of

21 With the questionnaires we measure various psychological traits
that we use to test the mechanisms behind our main result.
22 The task, which lasted 30 minutes, was to place letters in
envelopes and paste on them randomly assigned (real) postal
addresses. We manipulated the content of the letter in two subtreat-
ments. A Charity subtreatment used letters that asked for donations
to a social NGO. A Placebo subtreatment used letters to publicize
the business of a local private firm. While the existence of these
subtreatments within the Conditional UBI treatment does not affect
the incentives exploited for this paper, these data will be used in
companion papers.
23 We acknowledge that asking the unemployed in the Unconditional
UBI and Comparison treatments to show up every working day may
be too stringent. However, we decided to impose this rule to make
the three treatments comparable. If we hadn’t implemented the
same rule in all treatments, the additional cost of receiving com-
pensation under the Conditional UBI scheme would not only have
been the 30 minutes of activity, but also going to the place of work.
This would have created an additional variation in the treatment.
Our design solves this concern by imposing the same rule for the
three treatments, at the cost of making the situation somewhat less
realistic.

the study (day 1 and day 8).24 We started the project
with 306 subjects: 60 assigned to the Unconditional UBI
scheme, 143 assigned to the Conditional UBI scheme,
and 103 assigned to the Comparison group (55 of
which were in University A and 48 of which were in
University B).25

Since the study lasted a month, there was some
attrition. Of the starters, approximately 19% in the
two UBI treatments and 48% in the Comparison treat-
ment dropped out between the first and the last day
of activities.26 This difference is not surprising, as the
incentives to show up for the unemployed in the
Comparison treatment were only to ensure their con-
tinuity in the project (i.e., to be able to apply for
future open vacancies), but not to get any type of
unemployment compensation. In the UBI treatments,
instead, showing up would not only ensure the con-
tinuity of the unemployed in the project but also
the (conditional or unconditional) monetary transfer.
Nevertheless, as shown in the last row of Table 3, the
attrition rate is very similar between the Unconditional
UBI and Conditional UBI treatments, and between the
Comparison group in University A and the Compari-
son group in University B.27 This is important since,
for identification, we will compare the productiv-
ity differential of the two groups based in Univer-
sity A (Unconditional UBI and Comparison) with the
productivity differential of the two groups based in
University B (Conditional UBI and Comparison). If attri-
tion were significantly higher for the group of coders
assigned to the Unconditional UBI scheme, and the
remaining employees were the most productive, dif-
ferential attrition would then confound our results.28

24 Table B.2 in Online Appendix B.4.3 shows the daily counterpart
of Table 3, reporting the number of subjects who are employed,
working, or who dropped out of the study, each day and in each
treatment.
25 As already mentioned, in the Conditional UBI treatment we
implemented two different subtreatments that had to do with the
contents of the letters to be put in envelopes. This explains the
oversampling in that treatment.
26 They did so by not showing up on time to the place of work on
at least one working day, regardless of their employment status.
27 These differences are in fact not significant. The p-value of the
t-test of mean differences in the attrition rate across universities is
0.38 for the UBI treatments and 0.67 for the Comparison group.
28 Panel C of Table 1 confirms that attrition is negatively corre-
lated with initial productivity. Coders who eventually dropped out
through the intervention have a lower first-day productivity than
coders who remained in the project until the last day, and this
is true in every treatment. This rules out the possibility that the
observed productivity differences across treatments are driven by
the fact that dropouts in the Conditional UBI scheme are the most
productive workers and dropouts in the Unconditional UBI scheme
are the least productive ones. On the contrary, the observed dif-
ferences in productivity suggest that attrition should mechanically
increase the average productivity in the Comparison groups, which
goes against our findings.
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Table 3 Recruitment and Attrition

UBIs Comparison

University B University A University B University A
Conditional UBI Unconditional UBI No UBI No UBI Total

Day 1 143 60 48 55 306
Day 8 114 51 24 30 219
Attrition rate (%) 20 15 49 45 28

Notes. The first two rows report the number of subjects in each category. The attrition rate is the share of subjects
who dropped by day 8 compared to the initial labor force on day 1.

It is also worth noting that the exogenous daily
unemployment rate (described in Table 2) is computed
over a sample of workers net of dropouts. In other
words, the higher attrition in the Comparison treatment
does not reduce the probability of the remaining work-
ers to become unemployed. Hence, differential attri-
tion cannot explain the observed results by reducing
differentially the effort of the subject assigned to the
Comparison treatment relative to that of the subjects
assigned to either UBI. We explore further the role of
attrition in Section 5 to conclude that attrition does not
drive our results.

3.2. Sample Differences
We start by looking at average baseline individ-
ual characteristics across treatments both for the
entire sample as well as for the sample of dropouts.
Although we show that there is balance across treat-
ments in terms of several characteristics, a few dif-
ferences remain. In the empirical analysis we deal
with the remaining imbalance in several ways (see
Section 6.1).

Table 1 reports the sample composition in terms
of baseline individual characteristics, psychological
measures, and starting productivity. The information
about the individual characteristics (panel A) was
gathered from the preformatted CV that applicants
had to fill out online in order to apply for the job. The
psychological measures of self-esteem and job satis-
faction (panel B) were collected from the question-
naires that the participants filled during the induction
day (called day 0 in Table 1) and during the first day
of work (day 1), respectively. The initial productivity
(panel C) is that recorded on the first day of work for
each individual.

The students recruited in each university were quite
similar in many respects. We observe initial differ-
ences between the two groups in terms of gender,
age, whether the subject currently has another job,
and average socioeconomic status of the coders.29 The

29 Neighborhoods in Bogotá have a score from 1 to 6 (called strata)
which is used to price-discriminate the tariff charged for public
services. People who live in strata 5 and 6 (and to some extent 4)
subsidize the utilities of those living in strata 1 and 2. Real estate

sample from University A displays a larger preva-
lence of female coders relative to University B in both
the Comparison stage and the UBI stage, and coders
are slightly older but have a lower probability of
having another job in the Comparison stage only. In
turn, coders from University B are relatively wealth-
ier in both stages. In contrast, we see no initial dif-
ferences across universities in terms of average GPA
or whether the major of study is related to economics
(i.e., economics, finance, or business) versus other
social sciences in either treatment. Importantly, within
universities there are no significant differences in any
of the individual characteristics across stages, which
provides support to our empirical strategy, explained
in Section 2.

As indicated by panel B of Table 1, we do not
observe individual differences across universities in
terms of the psychological traits that we collected at
the start of the study. We focus on two psychological
variables: self-esteem and job satisfaction. Self-esteem
was measured using a validated Spanish version of
the Rosenberg (1965) self-esteem scale (RSES), one
of the most widely used self-esteem measures in
social science research, and it indicates subjects’ over-
all evaluation of their own worthiness or value.30 To
measure job satisfaction, we used a modified version
of the Macdonald and MacIntyre (1997) job satisfac-
tion scale.31

and rent prices are positively correlated with this stratification.
Therefore, the income level of a household is highly correlated to
the stratum of its neighborhood, hence, the use of this proxy in
the absence of objective household income or consumption data.
Importantly, the stratum is not self-reported. On the contrary, in the
preformatted CV that applicants completed online, they reported
their address of residence. We geocoded each address to determine
the respective stratum.
30 The RSES is a compound of ten items answered on a four-point
scale ranging from strongly agree to strongly disagree. The Span-
ish version of the RSES scale was validated by Martin-Albo et al.
(2007) and has been shown to have satisfactory levels of internal
consistency and temporal stability in a population of Spanish uni-
versity students. We only changed a few words so that the scale
better matched Colombian use of the Spanish language.
31 We shortened and adapted this scale to the specificities of the
job. The resulting scale is compounded of six items, answered on a
five-point scale ranging from strongly agree to strongly disagree.
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In panel C of Table 1, we look at differences in
day 1 productivity. Average initial productivity does
show significant differences across treatments within
university, but no differences between universities.
The difference across treatments within each univer-
sity is not surprising, since productivity is an out-
come and hence the gap can be attributed to the
exposure to different unemployment benefit schemes.
Panel C also shows that attrition is negatively corre-
lated with initial productivity, as already mentioned
in Section 3.1. Coders who eventually dropped out
through the intervention have a lower first-day pro-
ductivity than coders who remained in the project
until the last day, and this is true in every treatment.

The fact that the students recruited in both uni-
versities are overall very similar in terms of a large
number of characteristics is not surprising since both
universities are private, offer roughly the same majors
within the social sciences, target students from the
same backgrounds, and are among the best universi-
ties in Colombia.

Table C.1 in Online Appendix C is equivalent to
Table 1, but it is limited to the sample of subjects who
dropped out of the study at some point between the
first and the last working days. Sample differences for
dropouts are very similar to the differences shown for
the whole sample. There is a relatively large balance
of subjects’ characteristics across treatments with the
exception of age, socioeconomic status, and whether
the student currently has another job. The fact that
dropouts differ across some dimensions further justi-
fies the inclusion of these as controls in the empirical
analysis, to account for potential selection caused by
unevenly distributed attrition.

4. Analysis
The aim of this paper is to evaluate whether and how
UBIs in general, and the type of UBI in particular,
affect the productivity of workers. Our measure of
productivity is the number of news items correctly
coded by each subject in each working session. Fig-
ures 1(a) and 1(b) show the daily average productivity
by treatment stage (i.e., Comparison or UBI) across uni-
versities. In turn, Figures 2(a) and 2(b) show the daily
average productivity by university across treatments.

The first salient feature is that workers’ produc-
tivity is higher with unemployment benefits than
without them. This happens in both universities, sug-
gesting that an unemployment benefit, regardless of
its type, increases workers’ productivity. Second, Fig-
ure 1(a) shows that productivity in the Comparison
stage does not differ significantly across universities.
If anything, in most working days of the Comparison
stage, the average productivity of the employees in
University B is slightly higher than in University A.

(This difference is, however, not significant.) But, as
shown in Figure 1(b), in the UBI stage there is a swap
in the productivity advantage on most working days,
and coders of University A (who worked under the
Unconditional UBI scheme) are significantly more pro-
ductive than their peers at University B (who worked
under the Conditional UBI scheme). Indeed, the aver-
age productivity of the entire working period in the
Comparison stage is approximately eight news items
coded less per day in University A compared to Uni-
versity B. In contrast, the average productivity of the
entire working period in the UBI stage is approxi-
mately 16 news items coded more per day in Uni-
versity A (Unconditional UBI) compared to Univer-
sity B (Conditional UBI). This observation, which is
robust to looking at the entire sample or at the sam-
ple net of dropouts, implies that the productivity gain
obtained in the Unconditional UBI scheme is higher
(24 news items or so) than that obtained in the Con-
ditional UBI scheme, a finding that is more striking
given the fact that the average productivity of the first
day of work does not significantly differ across uni-
versities in either stage (see panel C of Table 1). The
fact that the productivity difference across universities
in the Comparison stage is small and not significant
reassures us that the difference observed between the
Unconditional UBI and Conditional UBI schemes is not
driven by differences in characteristics between stu-
dents of University A and University B.

A third noteworthy aspect of the figures is that pro-
ductivity is very similar across treatments on both the
first day of work (day 1) and the last day of work
(day 8). Recall that on the first day nobody had expe-
rienced unemployment (i.e., the actual effect of the
treatments had not been experienced) and, on the last
day there was no possibility of becoming unemployed
anymore. This suggests that the observed differences
in productivity reported in this paper are due to treat-
ment effects when the possibility of becoming unem-
ployed was present and clear.

Finally, in all figures there is a spike on day 6.
This spike can be explained by a pure mechanical
effect. Recall that, together with day 2, day 6 is the
day with the highest unemployment rate during the
project: 60%. However, in contrast to day 2, on day
6 most of the attrition had already taken place. This
implies that only the very best coders worked on day
6, significantly raising the mean productivity on that
day. Importantly, note that the productivity spike hap-
pens in all treatments (unconditional, conditional, and
Comparison); hence, it is not driven by a treatment-
specific shock.

We now investigate further and more formally the
main pattern emerging from the figures, namely that
the presence of any UBI fosters productivity and that
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Figure 1 Daily Average Productivity by Treatment Stage Across Universities

Figure 2 Daily Average Productivity by University Across Treatments

(a) Daily average productivity in University A (b) Daily average productivity in University B
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this stimulus is larger in schemes with an uncondi-
tional compensation. For this purpose, we estimate a
regression model that, controlling for individual char-
acteristics, allows us to identify both the differential
productivity of each UBI relative to the Comparison
treatment, as well as the additional productivity dif-
ferential that stems from being under a particular
UBI relative to the other. The latter is indeed our
main interest: we want to shed light on which unem-
ployment compensation scheme is more productivity
enhancing and hence has potentially larger economic
benefits.

Recall, however, that our study follows a between-
subjects design; hence, each subject is either treated
(by working under one of the two UBIs) or non-
treated (by working under a scheme with no com-
pensation). That is, to avoid spillovers and contagion
between treated and comparison groups within each
university, we do not have a panel of subjects who
were first nontreated and then treated.32 However,

32 Hence, while our specification resembles a difference-in-
differences model, we do not claim to use a standard difference-in-
differences empirical approach.

recall from Table 1 that the samples of coders are
largely balanced both across universities and, within
them, across stages. This is so in terms of important
observable characteristics including, for instance, ini-
tial productivity.33 Conditional on controlling for the
characteristics that do seem to be slightly unbalanced,
this ensures that any result we may find with this
approach is solely driven by the effect of the UBI
treatments. Pooling the data across individuals and
working dates we estimate the following regression
model:

yitus = �+�1UniversityAu +�2UBIs

+�34UniversityA×UBI5us + �′Xitus + �itus1 (1)

where yitus is the productivity of individual i on work-
ing session t, in university u, and experimental stage
s; UniversityAu is a dummy variable that takes the
value of 1 for subjects in University A (where both the

33 In all the regressions we control for the characteristics that turned
out to be significantly different across universities (i.e., gender, age,
working conditions, and socioeconomic stratum).
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Comparison and the Unconditional UBI treatments took
place) and 0 for participants in University B (Com-
parison and Conditional UBI treatments); and UBIs is a
dummy variable that takes the value of 1 for subjects
who participated in the UBI stage (where the Uncon-
ditional UBI scheme took place in University A and
the Conditional UBI one in University B) and 0 for
those in the Comparison stage. Note that the interac-
tion between UniversityA and UBI picks up the sub-
jects who where assigned to the Unconditional UBI.

The vector Xitus includes control variables such as
gender, age, whether the subject has any other part-
time job, socioeconomic stratum fixed effects, and
day fixed effects (hence the t subscript). These fixed
effects account, respectively, for any omitted charac-
teristic that is common to all individuals with the
same socioeconomic background, and for any aggre-
gate shocks that may affect all subjects on any work-
ing day (including potential learning over time). One
additional control we use is the size of the coding
group that each subject encounters every working
day. This is because the initial group sizes are unbal-
anced (see Table B.1), and moreover, if attrition affects
groups differentially, then the resulting pool after
employment shocks will differ, insomuch as the daily
exogenous unemployment rate is the computed net
of dropouts. In turn, the differential group size may
affect the incentives for workers to make effort. Thus,
controlling for the time-varying group size takes into
account the tournament incentives in our design and
allows us to estimate the sole behavioral effect of the
UBI that the worker faces.34

5. Results
Table 4 reports the regression results of the estima-
tion of Equation (1). In columns (1)–(3) the depen-
dent variable is the productivity level (as measured
by the number of correctly coded news items), and
in columns (4)–(6) the dependent variable is the log-
arithm of the productivity. Hence, the estimated coef-
ficients reported in the first three columns can be
interpreted in terms of the number of news items
coded, while those in the last three columns report
percentage changes in productivity. As we do not nec-
essarily favor one interpretation over the other, in the
rest of the tables we just report absolute productivity
numbers.35

34 As an alternative specification (not reported), we interact both
the UniversityA and the UBI dummies, as well as their interaction,
with the time-varying group size. This specification allows us to
test whether the treatment effects are stronger for smaller groups,
where competition is fiercer in the light of unemployment shocks.
Results (available from the authors upon request) confirm that this
is the case.
35 Equivalent log-productivity tables can be provided by the authors
upon request.

To investigate the extent to which individual
characteristics may confound the estimates, while
columns (1) and (4) include no controls, columns (2),
(3), (5), and (6) include the full set of individual con-
trols in Xitus . The estimated coefficients are remark-
ably stable when the controls are included. To address
any potential inference problem due to serial correla-
tion, we report robust standard errors clustered at the
group level in columns (1), (2), (4), and (5). However,
as there are only 18 groups, which is a relatively small
number for a cluster unit, columns (3) and (6) report
bootstrap standard errors (1,000 repetitions) clustered
at the group level on a regression model that includes
all the controls.36

First, note that the estimated coefficient associated
with the University A dummy (�1 in the equation)
is negative and small (and not significant when the
dependent variable is the number of news items). This
is equivalent to saying that the average productiv-
ity of coders across universities is very similar in the
Comparison stage, with workers in University A being
slightly less productive than their peers in Univer-
sity B.37 Second, the estimated coefficient associated
with the UBI stage dummy (�2) is positive and sig-
nificant, suggesting that, within University B, coders
who worked in the UBI stage (i.e., under the Con-
ditional UBI treatment) are approximately 23 news
items (or 62%) more productive than their counter-
parts assigned to the Comparison treatment (19 news
items, or 57%, once controls are added). Third, the
increase in productivity in the UBI relative to the com-
parison stage is larger in University A. Indeed, work-
ers under the Unconditional UBI coded approximately
24 news items (54%) in excess of the extra news items
coded by workers under the Conditional UBI (�3 in
the equation). Note that the magnitudes and signif-
icance of these figures are robust to adding the day
fixed effects and the individual controls, and signifi-
cance is not compromised when standard errors are
bootstrapped, even if their magnitude increases.

From a purely economic perspective, the observed
productivity under the Unconditional UBI scheme
should be the lowest among our experimental groups
(see Hypothesis 1 of the formal model presented in
Online Appendix A). Our results reject this hypoth-
esis. In fact, the estimate of �3 implies the opposite:

36 We cluster at the group level because each subject was competing
with the rest of participants within his or her group when it came to
decide who would be laid off. If subjects talked to each other after
a coding session, they could roughly estimate the effort-minimizing
productivity level needed to keep the job.
37 The constant can be interpreted as the average number of news
items coded in University B during the Comparison stage, which in
this case is equivalent to almost 42 news items (70 when controls
are included). �1 represents the additional news items coded in
University A.
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Table 4 The Effect of Unemployment Benefit Institutions on the Productivity of Workers

Dependent variable: Productivity Log of productivity

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

University A −70895 −30261 −30261 −00374∗ −00309∗ −00309∗

(Unconditional UBI and Comparison) 4501005 4300935 4404915 4002115 4001625 4001805
UBI stage 23015∗∗∗ 18071∗∗∗ 18071∗∗∗ 00620∗∗∗ 00568∗∗∗ 00568∗∗∗

(Unconditional UBI in Uni. A and Conditional UBI in Uni. B) 4306565 4502635 4602735 4000965 4001015 4001155
University A×UBI stage 23046∗∗∗ 24010∗∗∗ 24010∗∗∗ 00547∗∗ 00538∗∗∗ 00538∗∗∗

(Unconditional UBI) 4605885 4604385 4709145 4002275 4001695 4001975
Constant 42011∗∗∗ 69056∗∗ 69056∗∗ 30209∗∗∗ 30460∗∗∗ 30460∗∗∗

4103755 4270635 4280605 40008315 4005015 4005255
Individual controls Ø Ø Ø Ø
Bootstrapped standard errors Ø Ø
Observations 1,223 1,223 1,223 1,223 1,223 1,223
R2 00089 00303 00303 00115 00216 00216

Notes. Ordinary least squares regression. Robust standard errors, clustered at the group level, are in parentheses. Columns (3) and (6) use bootstrap (1,000
repetitions) to compute the standard errors. Columns (1)–(3) use as dependent variable the productivity level (i.e., the number of news items correctly coded).
Columns (4)–(6) use instead the log of (1+productivity) and hence coefficients can be interpreted as percentage changes. Control variables include gender,
age, whether the subject has another job, the size of the group faced by each worker every working day, socioeconomic stratum fixed effects, and day fixed
effects.

∗Significant at 10%; ∗∗significant at 5%; ∗∗∗significant at 1%.

the productivity of workers under the Unconditional
UBI treatment is the highest. We consider this to be
the main result of the paper, namely that the produc-
tivity of workers under the Unconditional UBI is the
highest among the three unemployment compensa-
tion schemes that we examine.

The standard economic approach also suggests that,
if the productivity of those assigned to the Condi-
tional UBI scheme is higher than the one observed for
the Comparison group, it must be that the unemploy-
ment monetary compensation of the Conditional UBI
is lower than the cost of the effort required to be enti-
tled to the compensation (Hypothesis 2 of the model).
Our estimate of �2, which is positive and significantly
different from 0, suggests that this is the case.

5.1. Multiple Hypothesis Testing
In a recent paper, List et al. (2015) suggest that multi-
ple hypothesis testing (MHT) is likely to affect infer-
ence in experimental economics in three common
scenarios: the identification of treatment effects for
multiple outcomes, estimating the effect of multiple
treatment conditions, and estimating heterogeneous
treatment effects based on different subsamples.
These three scenarios are present in our study, so we
apply the statistical correction procedure suggested
by List et al. (2015) to control for the fact that we
use our data to test multiple hypotheses. The testing
procedure asymptotically controls the probability of
obtaining false rejections of the null hypothesis (that
a specific treatment effect is 0). In this subsection we
focus on the first two potential problems and deal
with the third in Section 6.4.

Column (1) of Table D.1 in Online Appendix D
reports the mean differences of all our pairwise
treatment comparisons (Conditional UBI versus Com-
parison, Unconditional UBI versus Comparison, and
Unconditional UBI versus Conditional UBI) in terms of
both productivity and log productivity. Column (2)
reports the p-value (and its significance) obtained
from performing the standard single testing proce-
dure on each outcome/comparison. In contrast, col-
umn (3) reports the p-value adjusted by the multiplic-
ity of hypotheses tested, using the correction proce-
dure of List et al. (2015).

Table D.1 shows that accounting for multiple test-
ing does not change our substantive results, namely
that workers employed under Conditional UBI display
higher productivity than workers in the Comparison
treatment and that this gap is even larger when com-
paring the Unconditional UBI scheme with the default
Comparison scheme. In fact, the productivity of work-
ers under Unconditional UBI is significantly higher
than that of workers under Conditional UBI.38 This is
reassuring that our main results are not endangered
by potential false positives due to the testing of mul-
tiple hypotheses.

6. Potential Explanations
In this section we investigate the potential explana-
tions of our results. After ruling out the possibility

38 Adjusted p-values are in fact somewhat larger only for the Uncon-
ditional UBI versus Conditional UBI comparison using productivity
as outcome, but not enough to compromise statistical significance.
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that they are driven by sample imbalance, by differen-
tial attrition, or by differential self-selection into work-
ing, we explore two possible explanations based on
insights from behavioural economics.

6.1. Sample Imbalance
Sample imbalance is unlikely to explain our results
for various reasons. First, we note that the esti-
mated treatment effects are virtually unchanged once
we control for the unbalanced characteristics (see
Table 4).

Second, our design allows us to deal with the
potential bias caused by unbalanced attributes. This
is because, in addition to the implementation of the
Conditional UBI and Unconditional UBI treatments, two
identical Comparison treatments also took place, one
in each university. We thus look at the differential
productivity gain of the benefit schemes relative to
the no-benefits benchmark, instead of simply compar-
ing the outcomes of two university populations, one
receiving a different active benefit scheme. While the
latter comparison would likely be contaminated by
the heterogeneity of subjects across universities, our
approach is less vulnerable to this threat, provided
that subjects of the same university look alike across
treatments. This is in turn very plausible, as balance
within universities is achieved on all observable char-
acteristics (see Table 1).

Third, recall that there are no productivity dif-
ferences across universities in the Comparison stage
(these only arise in the UBI stage). In this case, unbal-
anced characteristics are likely to cause bias if they
affect productivity differentially only after the intro-
duction of an active unemployment benefit scheme,
but are harmless when no compensation is offered.
That is, any hypothetical confounder needs to drive
selection only in the presence of a benefit scheme,
but not so in the Comparison stage. This is a theoreti-
cal possibility that we acknowledge, even if it seems
unlikely.

Fourth, to be sure, in Table E.1 of Online Ap-
pendix E, we reproduce the baseline results of Table 4
on randomly generated samples that are forced to
be balanced, across universities and in both stages,
in terms of the originally unbalanced variables, both
in the entire sample (Table 1) and in the subsample
of coders who dropped out during the intervention
(Table C.1). As a benchmark, column (1) of Table E.1
reproduces column (2) of Table 4.39 To compute col-
umn (2) of Table E.1 we followed the following
bootstrap-like simulation procedure: (i) We randomly
extracted female subjects from University A in order

39 Recall that the estimation that produces this column includes all
the individual-level controls that are unbalanced.

to get the sample perfectly balanced across universi-
ties in terms of gender, both in UBI and in the Compar-
ison stages. (ii) We ran the baseline regression model
on the gender-balanced sample and obtained the new
estimated treatment effects. (iii) We repeated steps (i)
and (ii) 100 times, each time extracting a different
random subsample of female coders in order to get
balance in terms of gender, and rerunning the regres-
sion model; (iv) We averaged the treatment effects
across the 100 estimated coefficients and the standard
errors of the 100 regression estimates. Coefficients in
columns (3), (4), and (5) are each computed using this
same algorithm but producing balance in terms of
age, socioeconomic status, and whether the coder is
currently working, respectively. Column (6) uses 100
randomly generated balanced subsamples in terms of
all four originally unbalanced characteristics simulta-
neously (thus the smaller number of observations).40

The results are the same, both in terms of magnitude
and statistical significance, across columns (2)–(6) and
compared to the benchmark column (1) (taken from
Table 4). This is reassuring that our results are not
driven by the fact that students from the two univer-
sities are somewhat different in terms of a few char-
acteristics.

6.2. Attrition
The evidence shown in Section 3.1 already suggests
that our main results are not likely to be explained by
differential attrition patterns. We showed that base-
line productivity is negatively correlated with attri-
tion (Table 1, panel C), and that attrition rates do not
differ across treatments in the UBI stage. Moreover,
in our main regression estimates (Table 4) we con-
trolled for all the individual-level characteristics that
displayed significant differences across treatments for
the subsample of dropouts (Table C.1). In this sub-
section we investigate this concern further, and we
conclude that attrition is indeed very unlikely to con-
found our results.

We first estimate Equation (1) with daily attrition as
the dependent variable. In addition to controlling for
individual characteristics, we control for events that
are likely to affect the individual’s decision to drop
out.41 Table E.3 shows that the proportion of dropouts
is significantly smaller in the UBI stage relative to
the Comparison (coefficient of the UBI stage dummy)
and that attrition is not significantly different across
the two UBI treatments (coefficient of the interaction

40 Table E.2 in Online Appendix E reports the achieved balance in
terms of all individual characteristics.
41 These are as follows: whether subjects were unemployed on the
day before each observation, the length of the unemployment spell
experienced, whether subjects applied to a vacancy on the day
before and were rejected, and the subject’s initial productivity.
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term). Hence, since attrition is negatively correlated
with productivity, it cannot explain the productivity
differences that we observe. Note that the only fac-
tor that significantly affects the decision of dropping
out is whether the subject was unemployed on the
previous day.42 However, in Table E.4 we show that
this factor does not affect attrition differentially across
treatments.43

Second, we estimate Equation (1) for the subsample
of subjects who did not drop out, who we call finaliz-
ers, as they stayed until the last day of the project. The
results, reported in Table E.5, are remarkably similar
to our benchmark results, both in magnitude and sig-
nificance: (i) coders hired under a UBI scheme are on
average more productive than coders who are offered
no unemployment compensation; (ii) relative to the
Comparison coders, the productivity gain of coders
assigned to the Unconditional UBI is larger than that
of coders assigned to the Conditional UBI; (iii) there
are no differences in the productivity of coders in
the Comparison groups in University A and University
B once individual controls and day fixed effects are
accounted for.

6.3. Self-Selection into Working
Although there is no differential attrition across treat-
ments, there might still be differential selection into
work. Workers who return to work, or those who
remain always employed may be significantly differ-
ent across treatments. To test this, we run Equation (1)

42 Once we control for this, neither the length of the unemployment
spell nor a rejected job application nor the baseline productivity are
correlated with attrition.
43 Table E.4 shows estimates of Equation (1) with daily attrition
as the dependent variable. We limit the sample to attrition taking
place between working days 3 and 8. This is because, since the first
unemployment shock took place on day 2, the decision to drop out
before day 3 is independent of having experienced unemployment,
which is the confounder of interest. Second, in addition to control-
ling for the indicator of having experienced unemployment on the
previous days, in columns (1)–(3) we interact this dummy with both
the university and the stage indicator (respectively University A and
UBI stage), as well as with their interaction. We are thus interested
in the triple interaction (University A × UBI stage × Unemployed day
before), which captures the extent to which there is differential attri-
tion between Unconditional UBI and Conditional UBI for those who
experienced unemployment on the previous day. For robustness
and to facilitate the interpretation, columns (4) and (5) of Table E.4
estimate versions of Table E.3 on both the subsample of workers
who, on a given working day, had experienced unemployment on
the day before and the subsample of workers who had not. The
results of both approaches (triple interaction in columns (1)–(3) and
conditional subsamples in columns (4) and (5)) lead us to rule out
the possibility that the unemployment experience led to differential
attrition across UBI treatments. Indeed, neither is the triple inter-
action between University A, UBI stage, and Unemployed day before
significantly different from 0, nor is the interaction between the first
two terms in either the subsample of previously unemployed or
that of previously not unemployed.

on the subsample of the unemployed who returned
to work (who we call returners) and on the sub-
sample of workers who never became unemployed
(always employed), using as dependent variable the ini-
tial (day 1) productivity. We do so to study whether
workers who ended up in either subsample differ
across treatments in their baseline ability to perform
the task.

Results, reported in Table E.6, suggest that, while
workers assigned to either UBI are more productive
on day 1 than their Comparison counterparts, nei-
ther returners nor always employed feature a differen-
tial baseline productivity between the Unconditional
UBI and Conditional UBI treatments. This suggests
that, while endogenous self-selection into different
subsamples may indeed bias the comparison between
receiving an unemployment benefit versus receiving
none, it is less likely to account for our main result,
namely that unconditional unemployment schemes
are more effort enhancing than conditional ones. This
is because, within the subsamples of returners and
always employed, and controlling for individual char-
acteristics, workers do not seem to differ across the
two UBI treatments in terms of their baseline ability.

This does not rule out, however, that selection still
exists in terms of other unobserved characteristics
that are correlated with effort. However, as we have
argued, any existing selection is most likely driven by
the intervention itself, and thus, if existing, we inter-
pret this possibility as a treatment effect, rather than
as a confounder.

6.4. Reciprocity
We have argued that results are most likely not
driven by sample imbalance, differential attrition, or
self-selection. One alternative candidate explanation
is that workers may have reciprocated with higher
effort the differential generosity of the compensations
offered. While we cannot directly test this particular
channel and disentangle its effect from that of alterna-
tive hypotheses, we discuss its plausibility with sug-
gestive evidence from our data.

Reciprocal workers can reciprocate the actual mate-
rialization of the unemployment benefit (which occurs
when they become unemployed and receive the com-
pensation) or the sole existence of the benefit (i.e.,
the good intention).44 One way of reciprocating the
actual benefit reception is by refraining from drop-
ping out of the labor force despite facing unemploy-
ment. However, such behavior is also consistent with
the higher material gain of receiving the monetary

44 In the model of Rabin (1993), reciprocal behavior is triggered by
the other players’ intentions, defined as the beliefs about how kind
the other player is. Kube et al. (2012) also show that nonmonetary
gifts can trigger positive reciprocity.
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Table 5 The Effect of Unemployment Benefit Institutions on the Productivity of Workers (Subsamples of Returners and Always Employed)

Dependent variable: Productivity
Sample: Returners Always employed

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

University A −14048∗ −60465 −60465 −40795 −30096 −30096
(Unconditional UBI and Comparison) 4709245 4901775 4110185 4901275 4707395 4100925
UBI stage 00977 11071 11071 32021∗∗∗ 22085∗ 22085∗

(Unconditional UBI in Uni A and Conditional UBI in Uni B) 4802065 4805435 4100595 4804335 4110115 4120465
University A×UBI stage 17024∗ 70588 70588 27077∗∗ 35043∗∗∗ 35043∗∗

(Unconditional UBI) 4906905 4100435 4130045 4110945 4110975 4150055
Constant 36023∗∗∗ 90074∗∗ 10304∗∗∗ 58016∗∗∗ 11304 108097

4607525 4330895 4310165 4408695 4860625 4920535
Individual controls Ø Ø Ø Ø
Bootstrapped standard errors Ø Ø
Observations 126 126 126 601 601 601
R2 00042 00203 00203 00117 00298 00298

Notes. Ordinary least squares regression. Robust standard errors, clustered at the group level, are in parentheses. Columns (3) and (6) use bootstrap (1,000
repetitions) to compute the standard errors. Columns (1)–(3) focus on the sample of subjects who experienced unemployment but were rehired and look at
their productivity on the day when they resume activities. Columns (4)–(6) focus on the sample of workers who never experienced unemployment. Control
variables include gender, age, whether the subject has another job, the size of the group faced by each worker every working day, socioeconomic stratum fixed
effects, and day fixed effects.

∗Significant at 10%; ∗∗significant at 5%; ∗∗∗significant at 1%.

compensation, relative to quitting the labor force and
to no longer receiving it. Thus, the lower dropout
rates under more generous UBIs that we do observe
in our sample (see Table E.3) can neither confirm nor
rule out the existence of reciprocal responses per se.

Another way of reciprocating the actual benefit
reception is by exerting high effort in the case that
a vacancy is opened and the unemployed worker
is rehired. We compare the differential productiv-
ity of returners across treatments. Once we control
for unbalanced individual characteristics, we find
no evidence of returners reciprocating more gen-
erous benefit schemes with higher effort (Table 5,
columns (1)–(3)). All the productivity differences we
observe across treatments are caused by workers who
never became unemployed (Table 5, columns (4)–(6)),
which suggests that if reciprocity were indeed
explaining the productivity differences, it would only
be through workers reciprocating good intentions.45

All in all, we can neither rule out reciprocity as
a potential channel nor do we have compelling evi-
dence in its favor. Exploring the role of reciprocating
both actions and intentions in the effect of differ-
ent benefit schemes on productivity requires further
research.

45 Table D.2 in Online Appendix D uses the correction procedure
of List et al. (2015) for the MHT described in Section 5.1 to test
simultaneously the significance of all pairwise treatment compar-
isons on productivity, for both the subsample of returners and that
of always employed. The results validate the findings in Table 5 in
that there are no treatment differences for the subsample of return-
ers, while the treatment effects found in the subsample of always
employed survive the implementation of the correction procedure.

6.5. Psychological Costs of Unemployment
Besides reciprocity, another potential behavioral
explanation of our results that has strong leverage
in the psychology literature has to do with the psy-
chological costs of unemployment, which may differ
across unemployment schemes.

The literature distinguishes three major sources of
psychological costs of unemployment: idleness, social
stigma, and shame (for a review, see Darity and
Goldsmith 1996). We do not expect that idleness was
salient in our setup, since workers were college stu-
dents engaged in all types of university activities. In
contrast, precisely given our sample of well-educated
students from two prestigious private schools, the
feelings of social stigma or shame of becoming unem-
ployed may well matter for behavior. In particular,
becoming unemployed due to a low productivity in
a relatively easy task could in principle hurt self-
image.46 Anticipating such psychological cost, work-
ers exert higher effort to avoid unemployment. To
the extent that such negative feelings are present in
our setup, we can expect them to differ across UBIs,
with workers under the Unconditional UBI anticipat-
ing more stigma or shame of losing their job and
being paid for doing nothing and hence exerting the
highest effort.

We test whether this conjecture is likely to explain
our results by assessing whether unemployment does
affect self-esteem, and whether it does so differentially

46 Psychologists define shame as an overwhelming and unpleasant
emotion associated with feelings of worthlessness, inferiority, and
a damaged self-image (Ausubel 1955).
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Table 6 The Effects of UBIs on the Change in Self-Esteem

Dependent variable: Change in self-esteem
Sample: Always unemployed Always employed

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

University A 305 30561 30561 00773 10287∗∗ 10287
(Unconditional UBI and Comparison) 4201615 4205235 4401825 4005955 4004495 4007885
UBI stage 305∗∗∗ 40820∗∗ 40820∗∗ 00079 00207 00207
(Unconditional UBI in Uni A and Conditional UBI in Uni B) 4004685 4109015 4109975 4005525 4007415 4009285
University A×UBI stage −508∗∗ −60532∗∗ −60532 −00822 −10083 −10083
(Unconditional UBI) 4204845 4209985 4402395 4007235 4006835 4100375
Constant −4 10577 20182 −5 20907 30800

0 4600865 4809985 4004645 4407145 4407225
Observations 39 39 39 76 76 76
R2 00119 00276 00276 00014 00066 00066
Individual controls Ø Ø Ø Ø
Bootstrapped standard errors Ø Ø
Notes. Ordinary least squares regression. Cross-sectional regression of the change in self-esteem for the always unemployed (columns (1)–(3)) and the always
employed (columns (4)–(6)). Standard errors, clustered at the group level, are in parentheses. Columns (3) and (6) use bootstrap to compute the standard
errors. In columns (1), (2), (4), and (5) the standard errors are robust. Control variables include gender, age, whether the subject has another job, the size of
the group faced by each worker every working day, and socioeconomic stratum fixed effects.

∗∗Significant at 5%; ∗∗∗significant at 1%.

under different UBI schemes. We do so by estimat-
ing the model specified in Equation (1), but using as
outcome the change in self-esteem between the begin-
ning (day 0) and the end of the intervention.47 We
focus on the sample of workers who remained unem-
ployed since the first unemployment shock on day 2
and throughout the experiment.

Results from this estimation are described in col-
umns (1)–(3) of Table 6. The estimated coefficient
associated with the interaction term suggests that
unemployed coders under the Unconditional UBI expe-
rienced a differential drop is self-esteem relative to
their peers in the Comparison and the Conditional UBI
treatments, both without (column (1)) and with (col-
umn (2)) individual controls.48 Because of the cross-
sectional nature of the regression and the focus on
the subsample of the subjects who remained unem-
ployed throughout the intervention, we only have 39
observations. Not surprisingly, when group-clustered
standard errors are bootstrapped, significance is lost
(column (3)).

As a placebo, we run the same regressions for the
sample of always employed. The results (columns (4)–(6))
confirm the intuition that self-esteem is not harmed

47 We measured self-esteem on day 6 instead of on day 8 (the last
day) because day 6 was the last unemployment shock and hence
the last day on which we could measure self-esteem for a large
fraction of the unemployed.
48 Arguably, in our experiment the unemployed had the chance
to avoid the negative psychological feeling by choosing not to
receive the benefit. However, nobody chose that option. One possi-
ble explanation is that, once the self-esteem was damaged, rejecting
or accepting the benefit would not restore it.

for those who do not experience unemployment. Al-
though this suggestive evidence is consistent with the
psychological costs hypothesis, it is far from conclu-
sive, and more research aiming at understanding the
psychological costs of unemployment across UBIs is
needed.

7. Conclusion
This paper uses a novel empirical design to study,
for the first time, the effects of UBIs on individual
productivity. Our design allows us to measure work-
ers’ productivity under the two most widely imple-
mented unemployment benefit schemes (conditional
and unconditional) and under a situation without
unemployment benefit.

Contrary to the conventional economic perspective,
we observe that an unconditional unemployment ben-
efit makes workers more productive than a condi-
tional compensation scheme, and that both schemes
make workers more productive than having no unem-
ployment benefit. After ruling out several candidate
explanations related to potential threats to internal
validity, we discuss two plausible behavioral mecha-
nisms, namely positive reciprocity and the psycholog-
ical costs of unemployment. While both explanations
could in principle explain our results, pinning down
the relative contribution of each mechanism is out-
side the scope of this paper. We leave this for future
research.

The paper sheds light on a topic that is of fore-
most importance for policy purposes, but of which
very little is known. The lack of evidence has to do,
precisely, with the challenges of identifying causal
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effects, either by using observational data or by con-
ducting a randomized field experiment with ran-
dom treatment assignment at the individual level.
Our intervention, coupled with the empirical strat-
egy, was designed to overcome these obstacles in the
best possible way, while at the same time providing
a fair balance between internal and external valid-
ity. Since individual random assignment to treatments
was not feasible, we picked similar schools, with sim-
ilar student populations, to do our intervention on
balanced samples, both across and within universities.
In addition, and in spite of this balance, to account
for potential persisting unobserved differences across
samples, instead of making a simple comparison of
conditional and unconditional UBIs, we looked at the
differential productivity gain of [Unconditional UBI −

Comparison] relative to [Conditional UBI−Comparison].
Further, we implemented identical treatments in all
respects except for the type of unemployment com-
pensation offered. Of course, while no alternative is
a perfect substitute for individual-level randomiza-
tion, we believe that our approach minimizes poten-
tial biases and thus we have confidence in our results.

Although using a real job in a natural environment
gives higher external validity than an artificial task in
a lab setting, we acknowledge that our population is
not representative of the labor force as a whole. Hav-
ing said that, our sample is arguably representative of
an important segment of the world’s population who
currently suffers from relatively high unemployment
rates, namely well-educated youth. According to the
European Commission (2013), the youth unemploy-
ment rate in Europe is more than twice as high as the
adult one. The chances for a young unemployed per-
son to find a job are low, and, when young people do
work, their jobs tend to be less stable. Moreover, the
unemployment among young people with academic
degrees is an increasing problem both in developed
and the developing countries. In Africa, for example,
young people with a university education have the
highest unemployment rates (African Economic Out-
look 2013).

Supplemental Material
Supplemental material to this paper is available at http://dx
.doi.org/10.1287/mnsc.2016.2511.
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