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Abstract

During a period of COVID-19-induced job losses and mobility restrictions, the government of
Colombia's launched Empléate, an innovative Pay-for-performance (P4P) program that
targeted impoverished and vulnerable workers. Empléate operated at a national scale and had
a novel financial arrangement: in contrast to traditional programs wherein service providers
are remunerated based on their activities, service providers in Empleate only received
payments based on successful placement of participants into formal employment. They were
also granted premia for sustaining participants in formal jobs months for 3 to 6 months after
insertion. This article presents the results of a randomized impact evaluation of Empleate
conducted between September 2020 to April 2021. The Intention-to-Treat (ITT) estimates
show that program participants were 9% more likely to secure a formal job five to eight months
post-treatment. Impacts were larger among men and among individuals with work experience
in sectors less affected by the pandemic, with the impacts rising to 22% and 17% respectively.
There is no evidence of impacts among women and among individuals without secondary
education. These ITT impacts likely underestimate real Average Treatment Effects (ATE) due
to issues of imperfect compliance. Complementary analysis from survey data suggests
creaming, underscoring the importance of ensuring an adequate allocation of financial risk on
P4P contracts. Nevertheless, many design features are promising and positive impacts are
noteworthy considering the adverse repercussions in Colombia’s formal labor market inflicted
by the pandemic.

JEL CODES: H43, H57, 138, J24,

KEYWORDS: Labor Markets, Employment Programs, Results-Based-Financing, Active
Labor Market Policies, Poverty



Executive Summary

o This paper presents experimental estimates of the impact of Empléate, a pay-for-performance
(P4P) employment program in Colombia that targeted poor and vulnerable workers from
September 2020 to April 2021, at a time when there were severe mobility restrictions and
massive job losses in the country due the COVID-19 Pandemic.

e The program was administered by Prosperidad Social, the government agency in charge of
social protection programs in Colombia. Prosperidad Social contracted service providers to
provide a flexible combination of services that could include intermediation, job placement,
case management, training services, and transportation allowances. As this was a P4P program,
payments to service providers were conditional on formal employment of participants.
Specifically, Prosperidad Social paid to service providers if and only if beneficiaries were
placed in a formal job right after the intervention. The program also paid additional premia if
the participant remained on the job after three months and after five months, respectively. In
addition, the program paid premia for placement of specific demographic groups (e.g., women
aged 40 or more, disadvantaged youth who participated in the program Jovenes en Accion and
people with disabilities). These outcomes were verified through the auditing of contracts and/or
social security administrative records. This P4P scheme was an innovation in service delivery
in Colombia since employment programs typically make payments to service providers to fund
inputs and implementation costs.

e This paper analyses data from service providers contracted to implement the program,
including employment and training agencies, as well as large private firms with structured
training programs.

e Applicants to the program were randomly assigned to receive services from each of the nine
service providers or to be in a control group that received no services. Given the expectations
of excess demand, program administrators agreed to randomly allocate eligible participants to
treatment and control groups.

e As is often the case of voluntary programs, however, there was less than full compliance. A
large number of workers assigned to treatment did not take up the treatment. The number of
these “non-takers” was large partly due to delays in the operation of the program which
deferred provision of services, intense screening from program providers, and difficulties
participating because of mandatory lockdowns due to the pandemic. Yet, non-compliance was
mostly confined to the treatment group. Contamination among the control group was low, with
few participants assigned to the control group getting access to services.



e We use administrative data (social security and social assistance) to collect socioeconomic
information and tracking changes in the formal labor market of beneficiaries. ITT estimates of
the effects of the program show that being randomly assigned to the treatment group has no
effects on formal employment in the short run (two to five months after program application)
but has an impact on formal employment in the medium run (five to eight months after program
application). This suggests that the financial incentives given to service providers to retain
beneficiaries in formal jobs for at least five months were particularly effective. Specifically,
compared to those who were randomly assigned to the control group, participants assigned to
the program were 9% more likely to have a formal job five to eight months after the treatment.
This impact increases to 22% in the case of people with work experience in sectors that were
less affected by the Covid-19 pandemic?. It is also higher among men, for whom the impact is
17%. There is no evidence of employment effects for women and people without secondary
education. Given the low compliance levels of treated individuals, these estimated impacts
likely underestimate average treatment effects.

e ITT estimates also show that being randomly assigned to the treatment group has no effects
either on the monthly average wage in the short run or in the medium run. However, people
receiving services from firms increased their monthly average wage in the medium run (five
to eight months after program application) by US$ 5.4 (or 20,394 Colombian Pesos)* or 14%
compared to those randomly assigned to the control group. Also, people with work experience
in sectors that were less affected by the pandemic raised their monthly average wage in the
same period by US$6.4 (or 24,013 Colombian Pesos) * or 17% compared to those from the
control group. These were the only groups of interest that showed statistically significant wage
effects.

e Moreover, ITT estimates show that, conditional on having a formal job, being assigned to the
program increased the probability of working in a large firm (with more than twenty workers)
by 3%. These effects were larger for men (8%), people with work experience in sectors that
were less affected by the pandemic (8%), people without a college degree (5%) and those 30
years of age or older (4%)°. When comparing impacts between different types of service
providers, larger effects were observed among the subsample of beneficiaries that received
services from private firms.

e ITT estimates show no effects among the three demographic groups for which there was
additional premia paid for placement (i.e., women aged 40 or more, disadvantaged youth who

2 Sectors different from: services, commerce, hotels, restaurants, entertainment, and recreation.
3 Value in dollars is estimated using the official exchange rate on September 1%,2020 (i.e., 3,745 Colombian Pesos
per dollar).
4 Value in dollars is estimated using the official exchange rate on September 1%,2020 (i.e., 3,745 Colombian Pesos
per dollar).
5> Even though private providers were in different parts of the country, there may be positive selection if applicants to
private firms were generally more motivated or better prepared.
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participated in the program Jovenes en Accion and people with disabilities). These results
highlight that additional financial incentives that are too small may not be sufficient to promote
employment among workers who face difficulties entering the labor market.

e We complement the impact evaluation with an analysis of follow up survey of a random sample
of eligible individuals for the program (assigned to the treatment and control groups). This data
provides suggestive evidence of positive selection (creaming): beneficiaries were more likely
to be male, had a higher educational attainment and a longer labor market history than average
eligible participants. This is likely due to the strong incentives created by program. Given that
100% of the payment was contingent on placement and retention, the risk transfer to providers
may have been too large. Moreover, the implementation schedule was tight, reducing the
capacity to supply intensive services (indeed, our data shows that even though service
providers could choose from a wide array of services that included training and skill
certification, in most cases the intervention was limited to intermediation services and job-
search assistance workshops). In this context, positive selection (creaming) may have been
efficient, ensuring that services were delivered only to participants who were easier to employ,
such as men with higher levels of educational attainment. This issue underscores the
importance of ensuring an adequate allocation of financial risk on performance-based
contracts.

e Nevertheless, many design features of Empléate are promising and ITT estimates indicate it
had positive effects: individuals with low levels of education were able to keep formal jobs
months after the intervention. Given the elevated levels of informality and instability in
Colombia’s labor market and given the dramatic impact of the pandemic, this is a
commendable achievement.



1. Introduction

This paper presents the results of the experimental evaluation of the Empléate program,
which was implemented in Colombia in September of 2020. The program was introduced in
the middle of a deep recession faced by Colombia following the COVID-19 outbreak.Mobility
constraints to control the pandemic reduced demand sharply and shut down large parts of the
economy. Financial constraints created by the loss of jobs and income, also reduced demand. As
the crisis unfolded globally, international trade and capital flows halted. As a result, in 2020
output shrank by 7% and unemployment and inactivity rose sharply. In April 2020, 4.5 million
jobs were lost with respect to February and the unemployment doubled, reaching 21%, and was
even higher among women and youth. The number of people leaving the labor force also
increased dramatically, especially among women with young children who assumed childcare
responsibilities due to school closures.

Amidst this crisis, the Department of Social Prosperity (Prosperidad Social), the
government agency which administers programs to alleviate poverty in the country, decided to
implement Empléate, a pilot program targeted to the poor and vulnerable, which provided
intermediation, training, and job-search assistance services to find formal employment. Empléate
had two salient characteristics. First, it was a pay-for-performance (P4P) program in which
payments to service providers were contingent on formal job placement and on retention in formal
jobs for at least 3 and 5 months, respectively. Second, Empléate allowed a great deal of
flexibility in terms of the services the providers could give workers. The services included
interviewing assistance, resume preparation assistance, help with wardrobe for interviews, soft
skills training, technical training, transportation, and post-placement assistance. According to a

recent meta-analysis of employment programs around the world, these two characteristics



improve the likelihood of success of employment programs (Kluve et al, 2016).

Given the over-subscription expected for this program, Prosperidad Social agreed to
randomly assign individuals to the treatment. Interested individuals were asked to fill up an entry
survey. Once their eligibility criteria (i.e., a high poverty level, lack of formal employment in the
last four months, Colombian nationality, and to have not been a beneficiary of any other social or
employment programs) was verified, applicants were randomly assigned to the treatment. Many
individuals assigned to the treatment did not end up participating in the program due to
administrative delays, problems with the operation of the program, the fact that the number of
people that applied to the program and were randomly assigned was much higher than the number
of people that service providers could attend, and further verification of vacancy requirements by
the service provider. By contrast, there were little non-compliance in the control group: as most
of those assigned to the control group did not participate in the program.

This paper shows Intention-to-Treat (ITT) estimated effects of Empléate on the labor market
outcomes of individuals randomly assigned to the program from September 2020 to April 2021,
using administrative data from social security records. Non-compliance from the treatment group
implies that ITT estimates will be downward biased. ITT estimates show a positive impact of 9%
on the probability of being in a formal job from five to eight months after the intervention. These
results appear to be driven by impacts among workers with work experience in sectors that were
less affected by the pandemic (22%), men (17%) and among workers without college (10%). Also,
there is a positive impact of 14% on monthly average wage five to eight months after program
application, for those participating with private firms as service providers, and an impact of 17%
for workers with experience in sectors that were less affected by the pandemic. There are also
positive impacts on firm size, conditional on being employed. Individuals assigned to treatment

had a 3% higher probability of working in a firm of more than 20 workers. This result also appears
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to be driven by the impact on men (8%), workers with experience in sectors less affected by Covid-
19 (8%), individuals older than 30 years of age (5%), and workers with no college degree (4%).
There is no evidence that Empléate improved labor market outcomes of women and individuals
younger than 30, nor in the three groups with additional premia (women aged 40 or more,
disadvantaged youth who participated in the program Jovenes en Accion and people with
disabilities). All of these ITT estimates are likely to be lower bound estimates of the effects of the
program, given the low compliance among those offered treatment.

The rest of the paper proceeds as follows. Section 2 provides a literature review of P4P
programs. Section 3 describes the Empléate program. Section 4 describes the randomization and
the methodology used to estimate intention-to-treat effects. Section 5 describes the administrative
and survey data we use in the analysis. Section 6 presents estimates of overall impacts on several
employment outcomes, such as employment and wages, as well as estimates of heterogeneous
effects and robustness checks. Section 7 presents an analysis using complementary information
from a follow up survey that informs of the underlying mechanisms driving the impacts. Section

8 concludes.

2. Literature Review

Governments of developed and developing countries engage in a variety of Active Labor
Market Policies (ALMP) to increase opportunities in the labor market for specific demographic groups.
Some of these ALMPs include: i) training programs, that seek to improve skills, ii) wage subsidies that
seek to rise the labor demand of firms, iii) job search, and intermediation assistance that seek to improve
the matching of firms and workers, and iv) public work programs that seek to increase labor demand.

Interest in the effectiveness of ALMP typically increase during economic downturns, such as the global
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financial crisis or, more recently, the pandemic. Other global trends, such as automation and
emigration, which structurally affect the demand and supply of skills in the labor market, have also
increased the attention to this type of policies (McKenzie, 2017).

The impact evaluation literature of ALMPs is abundant. Evidence of causal effects has been
available for decades, particularly in developed countries. In recent years, the evidence of experimental
evaluations has risen dramatically. Evidence from developed countries has also increased notably. This
has allowed for systematic reviews that summarize experimental and non-experimental evidence in
developing countries (for instance, Card et al, 2017, Kluve et al 2017, Yeyati, 2019, McKenzie, 2017).

Generally, these reviews find mixed evidence on the effectiveness of ALMPs. Average impacts
vary widely across groups, type of service and the time frame in which the impact is evaluated. The
economic context in which the programs are implemented, and design features are also important in
determining their effectiveness.

The literature shows that, frequently, average impacts are small or null. For instance, Kluve et
al (2017) reviews a large body of evidence, 113 counterfactual impact evaluations of youth employment
programs in developed and developing countries, using meta-analysis methods that address issues
stemming from publication bias and selective reporting. They find that just one third of the evaluations
have a positive impact on labor market outcomes, such as employment or earnings. And McKenzie
(2017), in a smaller review of 22 experimental evaluations in developing countries, finds that impacts
are generally modest. A typical intervention leading to a 2 or 3 percent increase in employment that
often is not statistically different from zero. And in a systematic review of over 200 recent impact
evaluations of ALMP, Card et al. (2017), find that average impacts are small or zero in the short term,
but become larger or more positive 2 or 3 years after program completion.

With respect to the type of intervention, Card et al (2017) find that the effectiveness depends

on the type of intervention and, in some cases, on the time profile. Programs that emphasize human
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capital accumulation (e.g.., training and private sector employment) have larger effects in the medium
and longer runs whereas job search assistance programs that emphasize “work first” tend to have
similar impacts in the short and long run. Public sector employment subsidies have small or null
impacts at all time horizons. Regarding heterogeneity across participant groups, the authors find that
female participants and long term unemployed tend to experience larger effects. However, impacts vary
across demographic groups: disadvantaged participants appear to benefit more from work first
programs whereas training and private sector employment subsidies tend to have larger average effects
for the long term unemployed. Thus, there appears to be benefits to matching specific participant
groups to specific types of programs. This conclusion is consistent with Kluve et al (2016), who do not
find evidence of certain types of programs systematically outperforming others. They find, instead,
evidence suggesting that programs that can adapt, from a broad portfolio of interventions, different
services to different types of beneficiaries, tend to have better results.

A very important and related finding stems from the systematic review by Kluve et al, (2016),
who show that programs that integrate multiple interventions are more likely to have a positive impact.
Thus, there is no single specific combination that always works: programs that profile beneficiaries and
combine varied interventions to respond to the diverse needs of a heterogeneous group of participants
are more successful. Also important is the evidence about incentives systems for service providers.
Kluve et al (2016) find that programs that make payments to service providers based on their
performance have a greater chance of positive outcomes. They are, however, unable to identify the
specific type of contractual arrangement that is more successful.

Thus, Kluve et al (2016) find evidence in favor of key features of P4P employment
programs, which provide incentives to service providers and allow for flexibility in the
intervention. Some authors have also assessed possible unintended consequences of P4P designs,

such as “creaming” or “cherry-picking,” in which providers have perverse incentives to restrict
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services only to more-employable participants. A well-studied intervention is Job Training
Partnership Act (JTPA), implemented by the U.S. Department of Labor (DOL) in 1982 (Hawkins,
1982) which distributed funds to state programs and pre-defined performance outcomes. A
common criticism of the JTPA is that training centers engaged in self-selecting their trainees
("creaming") to avoid the hardest to employ. In addition, Courty and Marschke (1998) found a
moral-hazard problem where managers of participating agencies manipulate performance
outcomes to maximize their awards. Heckman et al. (1997) found, however, that these concerns
regarding "creaming" in the JTPA were exaggerated. Anderson et al. (1993) found evidence of
creaming in the JTPA based on participating agencies from Tennessee and showed that participants
who were poorly educated or in poor health were systematically deemed ineligible. The potential
effects of creaming by Tennessee agencies indicate that the 71% placement rate would fall to about
62% if participants were randomly enrolled. On the other hand, Heckman and Smith (1995) find
no evidence of self-selection and selection by agency staff. Similarly, while agency staff may
attempt to engage in creaming, Bell and Orr (2002) use the JTPA and several other job-training
programs in their evaluation and find those staff ratings of trainees explain less than 10% of the

variation in earnings and welfare benefits after participation in the program.

Colombia has experience implementing this type of P4P contracted-out employment
programs. The Jovenes en Accion (JeA) program, which started implementation in 2002, had a P4P
component that paid part of the cost of offering training to the providers up-front and the remaining
the trainees were placed in an internship. Attanasio, Kugler and Meghir (2011) and Kugler et al.
(2022) conducted an experimental evaluation of this program and show that the JeA program had

both short- and long-term benefits for participants that more than covered the costs of the program.

More recently, Colombia has invested in a novel type of results-based contracts: social impact

bonds. These are a special type of P4P contracts in which governments enter into agreements with
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service providers and investors to pay for the delivery of social outcomes. Typically, investors
provide funding for the intervention upfront, allocating resources to service providers to cover their
operating costs. If the outcomes agreed upon are achieved and verified by an external agency, the
government makes payments for these outcomes to the investors. Financial risks are, therefore, not
assumed by the government nor the service providers. They are, instead assumed by social investors
who, in principle, may receive a moderate return on investment. Since 2017 Colombia has launched
four social impact bonds targeting employment support to the vulnerable. Quasi-experimental
evidence from a recent study indicates that the first of these impact bonds -Empleando Futuro —had
large and persistent positive effects. Three months after the intervention, participants had a
probability of being formally employed that was 12 percentage points larger than that of the control
group. This effect is 8 percentage points a year and three months later (Chaparro et al, 2020).

Thus, there is evidence that several design features can improve the effectiveness of ALMPs,
such as PMP arrangements. The literature also examines how the business cycle may affect the
effectiveness of ALMP, albeit with conflicting results. Card et al. (2017) find that ALMP are more
likely to show positive impacts during recessionary periods, especially through fleeting shocks. They
also find that human capital programs are more cyclically sensitive. Yeyati et al (2019), on the other
hand, reach a different conclusion. In their systematic review of 102 interventions, they find the
effectiveness programs positively correlate with per capita GDP growth and negatively with the
unemployment rate during implementation.

A new strand of literature examines the persistence of the impacts of ALMP after an economic
crisis such as the one derived from the COVID-19 pandemic. Barrera et al. (2021) analyze if a pre-
pandemic job training program in Cali - Colombia targeting low-income youth sustains its benefits
through the pandemic. They find that the crisis washed away all the benefits of the program on

employment and earnings, and that there does not seem to be a recovery on labor outcomes of trainees.
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Some reasons the authors identify that may explain these are the significantly high magnitude of the
economic shock of the pandemic, the short duration of the training program, and the fact that the
services sector was the most affected by the pandemic as well as the most common sector for training
in the program. Similarly, Hanushek et al (2017) finds that when the skills provided by training
programs are too specific, they may be inadequate to adjust to economic shocks.

We contribute to this literature with a randomized control trial of a P4P employment program
in Colombia, Empleate, that provided very strong monetary incentives to service providers by
conditioning all the payments to employment outcomes. Thus, unlike many P4P programs (e.g.,
Jovenes en Accion), service providers received no upfront payments and assumed all the financial risk
of the program. Possible unintended consequences, such as creaming, are discussed. We also contribute
to the literature that examines the impact of downturns on the effectiveness of ALMPs; Empleate was

implemented in 2020, amidst the largest economic downturn in Colombia’s recent history.
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3. Colombia’s P4P employment programs and Empléate

P4P contracting models have been implemented in employment programs in the US and the UK since
the late 1980°s. More recently, OECD countries like Australia, the UK, Netherlands, Sweden, and Italy have
adopted models of large-scale outcomes-based contracting (OECD,2022). As discussed in the previous section,
Colombia also has experience implementing employment programs with PAP components and has achieved
positive results.

In 2017, with the launch of Empleando Futuro, Prosperidad Social started an agenda to
introduce innovative outcomes-based financing components in employment interventions.
Empleando Futuro was the first contracted social impact bond in a developing country for which
there was government outcome funding (Brookings, 2017). Since then, Prosperidad Social created
an outcomes fund to reduce the transaction costs of implementing several new P4P initiatives.

Empléate was one of them.

In Empléate, Prosperidad Social established a financing arrangement in which nine service
providers received payments contingent on the verified achievement of results®. By tying funding
to outcomes, Prosperidad Social intended to align the incentives of service providers results and,
also, to give service providers flexibility in the design and delivery of the interventions. Service
providers did not receive upfront payments at the beginning of the program. They only received
payments based on outcomes with the rates shown in Table 1. Thus, for each beneficiary that got
a formal job at the end of the intervention, they received approximately USD $405. If a beneficiary

still had a formal job three or five months after the intervention, they received an additional USD

¢ There were 12 services providers participating in the program. We only evaluate results from participants serviced by 9,
as the other 3 providers started program before the random assignment was feasible.
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$149 and USD $68, respectively. There were extra payments for employment results among
beneficiaries with disabilities, women aged 40 or more, and graduates from Jovenes en Accion, a

program targeted to vulnerable youth that provides subsidies for tertiary education and vocational

training.
Table 1. Payments for outcomes in Empléate Program
Payment per beneficiary
(USD)

Beneficiary gets a formal job at the end of the intervention $405
Beneficiary remains in a formal job 3months after the $149
intervention

Beneficiary remains in a formal job Smonths after the $68
intervention

Premium if beneficiary has a disability $68
IPremium if beneficiary is a women aged 40 or more $68
Premium if beneficiary participated in the Jovenes en Accion $68
program

Notes: Payments in dollars are estimated using the official exchange rate in September 1%,2020 (i.e., 3745 Colombian
Pesos per dollar).

Participants in Empléate had to meet at least one of the following criteria to be eligible:
1. be poor or vulnerable according to Colombia’s proxy mean test, SISBEN; ii. be a graduate from
the Jovenes en Accion program, a cash transfer program targeted to vulnerable youth conditional
on education and training; iii. be a member of the Red Unidos, an antipoverty strategy targeted to
poor families that provides psychosocial support and preferential access to social services.
Moreover, they should not have had a formal job in the last 4 months, as verified by social security
registries (PILA), nor participated in employment programs in the last three years. Finally, they
had to be Colombian citizens and 18 years old or older at the time they participated in the program.

Service providers could receive basic intermediation services (such as registration in the
15



Public Employment Service, job -search workshops or aptitude testing) or more “specialized”
services, such as occupational training or childcare support. Data from a follow up random survey,
shows that 99% of beneficiaries received basic intermediation services and only 14.8% received
specialized services. The most frequent basic services were: registration in the Public Employment
Service Information System (78.9% of beneficiaries), psychological and technical testing (33.6%),
and workshops providing job-search tools (32.1%). Specialized services were way less frequent
and, when present, consisted of: resume polishing and document management (13.3%), technical
training (8.4%), support during the selection process, such as. home visits, specific labor skills
tests (5.7%), and complementary support to provide work attire, transportation, and childcare
(5.6%). (see Appendix 1 for more details).

We evaluate the program Empléate from September 2020 to April 20217 when it operated in
14 regions of the country®. More than 70% of the participants lived in Bogota or the northern
regions (i.e., departments of Atlantico, Cordoba, and Bogota). Participants were on average 30
years old, and 77% were women. The vast majority were ranked as poor according to the proxy
means test (91.4% belong to two lowest socioeconomic strata), 19.7% had completed higher
education, 25.5% had a job before their application to the program and their average income was
COP 588,810 (which is less than one minimum wage). When applying to the program, 65.6% of
beneficiaries expected to have a salary equivalent to one minimum wage and 30.4% a salary of
between one and two minimum wages. Most (58.2%) aspired to having a stable work in a company.

There are important differences in the design of Empleate and JeA which, as discussed in the
previous section, had positive short run and long run impacts according to an experimental

evaluation by Attanasio, Kugler and Meghir (2011) and Kugler et al. (2022). Whereas in JeA, a

7 The program operated until November 2021, but we only consider cohorts until April 2021.
8 Service providers were based in the following sates or departments: Antioquia, Atlantico, Cundinamarca, Valle del Cauca,
Meta, Risaralda, Santander, Norte de Santander, Cordoba, Huila, Bolivia, Magdalena, Narifio y Bogota D.C.
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fraction of the payment was made upfront and the other conditional on the internship, in Empleate
all payments to service providers were contingent on employment outcomes. Another difference
is the combination of services: JeA program focused more on human capital accumulation, offering
technical and soft skills through classroom and on the job training, but it did not offer basic
placement services, retention services and tools for remote work. On the contrary, Empléate was
more focused on job assistance and placement, rather than training. Both programs offered a

monetary stipend to cover for transportation and childcare costs.

4 Methodology

4.1. Randomized Experiment

Random assignment was applied to a group of individuals who, according to data provided
by Prosperidad Social, met the eligibility criteria and expressed interest in the program. This
process had several stages. First, Prosperidad Social and service providers invited potential
participants through multiple channels (e.g., social media, press, radio, local advertising, flyers,
etc.). Second, interested participants filled out a short survey and Prosperidad Social verified
eligibility criteria (i.e., poverty level, lack of formal employment in the last four months,
nationality, and not having been a beneficiary of other employment program) using administrative
data. Eligible participants were, then, randomly allocated to treatment or control groups and the
contact information of the treated individuals was sent to the service providers.

The program operated on a rolling schedule, with program administrators permanently
summoning participants and providing services. There were twenty-two randomizations from
September 30 to April 30. However, the program continued its operations until November 2021.

Randomizations were done at the level of the service provider since individuals applied to the
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program through each of the service-providers operating in their location and they could be
assigned to different vacancies within the same provider.

There were twelve service providers but only nine participated in this study. Service
providers included firms, private and non-profit organizations as well as regional institutions in
charge of the administration of a wide array of public subsidies and social services including
training and employment agencies.’

Each randomization was done using a random number generator in Stata, which ranked
individuals within each service provider. The top 85" percentile of applicants according to the
ranking were assigned to the treatment group and the remaining 15" percentile were assigned to
the control group.'® For each randomization, we verified there were no systematic differences in
baseline characteristics, including gender, age, level of education, and housing conditions.

For several reasons, the treated group was a non-randomly selected subset of those assigned
to the treatment. First, as it is often the case in voluntary programs, not all of those expressing
interest eventually participated in Empléate. Also, due to administrative difficulties, sometimes
there were delays between the enrollment and service provision, reducing program participation
of those assigned to the treatment. More importantly, service providers screened among those
assigned to treatment and selected those that had a greater chance to be employed at the end of the
program. In fact, many service providers had pre-identified potential vacancies and selected
participants that met specific vacancy requirements (e.g., age or specific education degrees) among
those assigned to the treatment.

Given that this screening process was prevalent, a vast number of those assigned to the

% These providers included: Corporacién Gestion Empresarial, Fundacion Colombia Incluyente, Contrapensimeta, Fenalco

Meta, Combarranquilla, Corporacion Minuto de Dios, Andes BPO, Cajasan, Academia Sint, Audio VisualesSurcolombiana

and Industrial Cacaotera de Huila and Comfenalco Valle.

10 A majority was assigned to the treatment group as requested by the program administrators. Given that lprogram operated

under difficult and uncertain conditions (severe lockdowns amidst the pandemic), and program outreach was challenging,

they wanted to reduce the risk of having insufficient participation.
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treatment, did not participate in the program. Table 2 below classifies the sample according to
random assignment (Zi) and program participation (Di). Between September 2020 and April 2021,
21,928 eligible individuals were randomly assigned to the treatment and 3,842 were randomly
assigned as controls. There was unfortunately a severe compliance problem confined to the
treatment group. Of those assigned to the treatment, a vast majority, 20,513, did not participate in
the program and only 1,415 (6%) did. On the contrary, compliance was very high among those
assigned to the control group: very few (51 individuals) participated in the program, and 3.791
(99%) did not. The fact that compliance was so high among the control group, with very little

contamination, is reassuring.

Table 2. Participants by lottery assignment and program participation.

Randomly Assigned to Randomly Assigned to Total
Control Zi=0 Treatment Zi=1
Did Not
Participate Group A: 3,791 Groups B: 20,513 24,304
Di=0 (99% of control group)
Participated
Di=1 Group C: 51 Group D: 1.415 1,466
(6% of treatment group)
Total 3,842 21.928 25,770

Given that Group D, the group that receives the assigned treatment, is a non-random
selection of those that were assigned to the treatment, comparisons between this group and the
control group would be misleading. It is very likely that the selection of those assigned to treatment
into Group D is positive: those who were selected by service providers due to their employment
attributes may have earned more even without participating in the program. Below, we describe

the identification strategy we use to address the bias due to non-compliance.
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4.2. Identification Strategy

Given random assignment, we estimate the causal effects of the Empléate program using the
following regression model:

Yi= o + pAssigned; + 0; + n;
(1)

where the Assigned; indicator takes the value of 1 if the person is randomly assigned to the program
and zero if they were assigned to the control group. The outcome variable, Yi, is an indicator of: (i)
formal employment two to five months after the intervention; (ii) formal employment five to eight
months after the intervention; (iii) monthly average wage two to five months after the intervention; (iv)
monthly average wage five to eight months after the intervention; (v) and formal employment in a large
firm (more than twenty workers) after the intervention. Since the randomization occurred at the level
of the service provider, we include service-provider fixed effects 6.
We also estimate the following specification with covariates to control for any remaining
imbalances between the treatment and control group:
Yi= o+ pAssigned; + 0; + BXi + 1
(2)
where the vector X in this specification includes baseline controls including gender, age, level of
education (dummies for elementary, high school, technical education, and college, in which no
schooling is the excluded category), and marital status. To improve precision of the estimates and
control for any baseline imbalances, the model also includes pre-treatment characteristics: (i) the
baseline score in Colombia’s official proxy means test to target social spending (SISBEN), which is an
indicator of poverty and socioeconomic status, (ii) labor history indicators that measure the number of

months with formal employment and employment in a large firm 3 years before program participation
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and (ii1) an indicator that shows if the person had a formal job 6 months before the program. The
sensitivity of the estimates to these three variables is examined. We also control for regional fixed
effects.

We estimate fully saturated models for different groups of workers to examine potential
heterogeneous effects across demographic characteristics (gender, age and educational attainment)
and types of service providers (private firms, and employment and training agencies). Also, we
estimated separate models for the groups with special premia in the program: women older than 40
years old, graduates of the program Jovenes en Accion, and people with disabilities. Finally, we run
separate models based on the pre-treatment experience to identify potential differences in the
impacts across sectors that were more, or less, affected by the pandemic.

The coefficients p in these regressions can be interpreted as an intention-to-treat (ITT)
effects since there was not full take up among those assigned to treatment. Given the low take-up
of treatment, ITT estimates can be interpreted as a lower bound of the average treatment effect
(ATE).

Administrative delays likely means that those who made it into the Empleate program were
those who could not get jobs elsewhere, which means that there was negative selection. On the
other hand, given the strong incentives for service providers from the P4P program, it is possible
(and consistent with evidence provided below) that creaming of applicants and positive selection
occurred. However, the downward bias from ITT parameters and the administrative delays

probably outweigh the upward bias from creaming.
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5. Data Description
5.1. Baseline Data

a. Initial Survey

Individuals interested in applying to the program were asked to fill a short baseline survey with
33 questions in total. This survey collected basic information on name, location, type of
identification document, date of birth, department (or state) and municipality, urban or rural
location, gender, marital status, ethnicity, number of children, level of education, current labor
situation, work experience, and type of support required to obtain a job. While 19,889 completed
this baseline questionnaire of the 25,770 total individuals randomized, there were 5,881 who did

not complete this survey.

b. SISBEN III and SISBEN IV

We merged the baseline information with information from the unified vulnerability
assessment and identification system for social programs collected by the National Planning
Department, known as SISBEN (Sistema de Seleccion de Beneficiarios para Programas Sociales)
in Colombia. SISBEN III was collected between 2013 and 2018 and the SISBEN IV from 2018 to
the present. The data collected by SISBEN includes detailed information about the total number
of people living in the household, number of children, marital status, level of education,
employment, salary, as well as living conditions in the household (including access to clean water,
electricity and sanitation). We use SISBEN data to complement baseline information (gender,
marital status, age, level of education) for the 5,881 individuals that did not complete the baseline
survey. We also use the score in SISBEN as a measure of poverty and socioeconomic status.

c. PILA
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We merge the baseline information with administrative information from the Colombian
social security records, which comes from the Integrated Social Security Form (known as PILA in
Spanish) to examine the impacts of Empléate on formal employment after participation in the
program. These records provide information on formal employment (as measured by
contributions to social security) and firm size. Indicators of formal employment take the
value of 1 if the person reports social security contributions 2 to 5 months or 5 to 8 months
after applying to the program, and zero if the person signed up for the program and does
not make contributions during these periods. Historic information, three years prior to
program participation, is also available and can be used to include exogenous covariates

in the estimations.

d. Follow-up Survey

A follow-up survey was collected by the surveying company SEI between August and
September of 2021 to a random sample of individuals assigned to treatment and control. Among
those assigned to the treatment, the survey oversampled those who participated in the program
(1,615 were surveyed in the treatment group and 1,615 in the control group). The survey included
information on sociodemographic characteristics, level of education and employment history.
Importantly, the survey included questions about the services provided by the Empléate program
and the characteristics and participant perceptions of the services. The survey includes questions
about how the participants learned about the program; when and how they applied; what their
expectations were; what services they received, and whether they were placed into a job through
the program. Due to the small sample size, data from this survey is not meant to be used in the
estimations but rather, to inform our study on the mechanisms that may explain the impacts from
the program. For example, the survey is informative about the type and number of services received

by the beneficiaries. The survey was also used to analyze employment characteristics of the
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treatment and control group after the intervention.

5.2. Descriptive Statistics

Table 3 shows descriptive statistics of baseline characteristics of observations in the control
group (Column 1) and the treatment group (Column 2), respectively. The bottom row shows the
number of observations: eighty-five percent of the sample was assigned to the treatment. Column
3 reports the estimated difference in baseline characteristics between treatment and control groups
and Column 4 shows p-values for a difference in means t-test. Since randomization was stratified
within service providers, we estimate these differences in baseline characteristics using service

providers fixed effects.

Overall, the two samples are balanced, indicating that the randomization worked well. The
only exceptions are the indicators for higher education and age. The control group has a slightly
higher probability (0.017 percentage points) of having a higher education degree at a 5%
significance level. The control group is also slightly younger, being on average 0.36 years younger
than the treatment group at a 10% significance level.

Table 3 shows that 24% of those in the treatment and control groups are male. The average
age is 36 years old and 29% are married. Forty four percent in the treatment group and 45.7% in
the control group have a high school degree. Overall, 37% have a technical education degree, and
only 8.5% of the control group and 9% of the treatment group have a college education. Given that
everyone in the sample qualifies for social programs provided by the government, it includes only
households classified as poor or vulnerable according to SISBEN, Colombia’s proxy mean tests.
The average SISBEN score for the control group as well as the treatment group is 21.6 points.'! A

small share of approximately 6% beneficiaries had participated in the Jovenes en Accion program.

' SISBEN cutoff scores for program participation were: (i) for main cities: 0 to 41.74; (ii) for the rest of the urban
population: 0 to 45.47; and (iii) for rural areas: 0 to 36.83.
24



We also use administrative data from social security records in PILA to build variables
that describe formal labor history. Table 3 shows that about a third of the sample worked in a
formal job in the six months before the program. Around 86% worked at least once in a large
formal firm (with more than 20 employees) in the three years before the treatment. And on average
they contributed only 7 months to social security in the three years before the treatment. Yet,

Columns 3 and 4 show that these labor histories are very similar among the treatment and control

groups.
Table 3. Descriptive statistics by random assignment
P-value
Randomly Randomly Difference in difference
Variable assigned  to assigned to means in means
control, Zi=0 treatment, Zi=1 Mm-2) T-test
-2
Male 0.243 0.245 -0.001 0.845
[0.007] [0.003]
Age 35916 36.275 -0.359* 0.081*
[0.188] [0.080]
Married 0.298 0.295 0.003 0.726
[0.007] [0.003]
Primary education or less 0.040 0.043 -0.003 0.414
[0.003] [0.001]
High school education 0.457 0.440 0.017** 0.045*
[0.008] [0.003]
Technical Education 0.372 0.379 -0.008 0.370
[0.008] [0.003]
College education or more 0.085 0.090 -0.005 0.309
[0.004] [0.002]
SISBEN score 21.671 21.597 0.074 0.740
[0.205] [0.086]
Former participant of Jovenes en 0.060 0.057 0.003 0.507
Accion program [0.004] [0.002]
Employed 6 months before 0.293 0.280 0.013 0213
treatment [0.010] [0.004]
Big formal employer (with 0.874 0.881 -0.007 0.356
more than 20 employees 3 [0.007] [0.003]
years before treatment
# of months contributing to social
. 6.907 6.680
security before treatment (3 years 0.226 0.162
before treatment) [0.151] [0.062]
N 3,842 21,928
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6. Impact of Empléate

Table 5 shows ITT estimates of the effects of the program on employment outcomes which
are likely lower bounds of the average effect of the treatment on the treated. Column (1) shows
estimates of participating in the program on the probability of having a formal job, measured as
contributions to social security in administrative data, two to five months after the treatment.
Column (2) also reports the impact on the probability of formal employment, five to eight months
after the treatment. Column (3) and (4) show, respectively, the impact on monthly average wage
two to five months and five eight months after program application. Column (5) shows the impact
on the probability of working in a big firm after program application. The table has 12 panels, the
first of which shows estimates for all the sample. The remaining panels show estimates for the
samples of women, men, individuals younger than 30 years old, individuals aged 30 or more,
women aged 40 or more, people with high school, people without high school, people with college,
people without college, beneficiaries that received services from training and employment
agencies, beneficiaries that received services from private firms with training programs, people
with work experience in sectors that were most affected by the pandemic (tourism, service and

commerce), and those with work experience in other sectors.

There are no short-run effects (i.e., two to five months after the treatment), which could be
explained by locking-in effects or delays in social security registration. Impacts are only observed
on the probability of being employed five to eight months after the treatment. This may suggest
that the financial incentives that were given to service providers to retain beneficiaries in formal
jobs five months after the treatment had a significant impact. Program participants were 2.3

percentage points more likely to have formal employment five to eight months after the treatment,
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which is equivalent to a 9% increase with respect to the control group baseline. These effects were
driven by greater impacts on people with work experience in sector less affected by Covid-19
(22%), men (17%), people with high school and no college (10%), and those receiving services

from private firms (12%).

Also, the program shows no effects on wages. Only people who were randomly assigned
to the treatment group that participated with private firms as service providers, increased their
monthly average wage five to eight months after program application by COP 20,394 (US$ 5.4)!2
or 14% compared to those randomly assigned to the control group. And people with work
experience in sectors less affected by the pandemic raised their monthly average wage in this
period by COP 24,013 (US $ 6.4) ' or 17% compared to the control group. These effects are

statistically significant at a 10% level.

There are also effects of the program on the probability of working in a big firm (more
than twenty workers). Program participants were 2.6 percentage points more likely to work in a
big firm from 1 to 8 months after the program, which is 3.2% greater than the control group
baseline. The effects were driven mostly by men (8%), people with work experience in sectors less

affected by the pandemic (8%), people without college (4%) and people older than 30 (5%).

Finally, the program does not show statistically significant effects on any of the
employment outcomes analyzed for the groups that had differential incentives for placement and
retention such as women older than 40 years old, graduates of the program Jovenes en Accion, and

people with disabilities.

12 Value in dollars is estimated using the official exchange rate in September 1%,2020 (i.e., 3745 COP per dollar).
13 Value in dollars is estimated using the official exchange rate in September 1%,2020 (i.e., 3745 COP per dollar).
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Table 5. ITT estimates of the effect of the program on employment outcomes

)

Employed in the
formal sector 2-5
months after the

(0]

Employed in the
formal sector 5-8
months after the

©))

Monthly average

wage in the

formal sector 2-5

“)

Monthly average

wage in the

formal sector 5-8

©)

Employed in a big firm
(more than 20 workers)

treatment treatment months after the months after the
treatment treatment
A. Al
. 0.006 0.023** 2,271 11,784 0.026*
ITT estimate
(0.010) (0.012) (5,684) (7,911) (0.015)
Observations 12,198 9,001 12,198 9,001 4,764
Control group mean 0.299 0.260 124,147 137,070 0.808
B.  Women
. 0.006 0.015 -278 6,371 0.012
ITT estimate
(0.012) (0.013) (6,509) (8,909) (0.017)
Observations 8,783 6,638 8,783 6,638 3,215
Control group mean 0.283 0.248 119,637 132,107 0.829
C. Men
. 0.009 0.050%* 9,992 25,818 0.058**
ITT estimate
(0.021) (0.025) (11,591) 16,986) (0.028)
Observations 3,415 2,363 3,415 2,363 1,549
Control group mean 0.340 0.296 136,010 150,973 0.762
D. 30 or younger
. 0.006 0.024 9,773 10,258 0.012
ITT estimate
(0.016) (0.016) (8,623) (10,839) (0.021)
Observations 4,931 4,797 4931 4,797 2,049
Control group mean 0.337 0.269 130,540 142,666 0.845
E. Older than 30
. 0.009 0.026 -2,066 13,521 0.039*
ITT estimate
(0.013) (0.017) (7,531) (11,622) (0.021)
Observations 7,267 4,204 (7,267) (4,204) 2,715
Control group mean 0.271 0.250 119,440 130,323 0.778




F. Women older than 40

ITT estimate 0.024 0.044 1,239 12,296 0.046
(0.019) (0.029) (10,308) (17,857) (0.032)
Observations 3,387 1,362 3,387 1,362 1,146
Control group mean 0.230 0.206 105,822 111,070 0.779
G. People with high
school
ITT estimate 0.008 0.027** 2,152 12,559 0.020
(0.011) (0.012) (5,870) (8,159) (0.015)
Observations 11,486 8,585 11,486 8,585 4,543
Control group mean 0.302 0.259 126,156 138,015 0.814
1. People without high
school
ITT estimate -0.012 -0.119 1,119 -45,172 0.340%**
(0.058) (0.087) (36,018) (51,170) (0.115)
Observations 364 186 364 186 122
Control group mean 0.224 0.345 81,756 169,369 0.565
J. People with college
ITT estimate 0.029 0.009 4,308 5,030 -0.022
(0.032) (0.036) (19,784) (29,255) (0.052)
Observations 1,474 1,089 1,474 1,089 653
Control group mean 0.340 0.288 166,740 174,413 0.776
K. People without college
ITT estimate 0.007 0.027** 2,959 11,748 0.035%*
(0.011) (0.013) (6,005) (8,264) (0.015)
Observations 10,376 7,682 10,376 7,682 4,012
Control group mean 0.295 0.258 119,222 133,895 0.810
L. People receiving
services from training and
employment agencies
ITT estimate -0.009 0.013 2,650 -15 0.028
(0.014) (0.016) (7,750) (10,206) (0.022)
Observations 5,848 4,615 5,848 4,615 2,027
Control group mean 0.265 0.246 103,890 130,800 0.810




M. People receiving
services from private

firms
ITT estimate 0.018 0.032%* 778 20,394* 0.025
(0.015) (0.017) (8,285) (12,226) (0.020)
Observations 6,350 4,386 6,350 4,386 2,737
Control group mean 0.330 0.275 142,335 143,631 0.806
N. Graduates from
Jovenes en Accion
ITT estimate -0.000 0.052 10,678 47,266 0.062
(0.038) (0.042) (20,570) (28,769) (0.047)
Observations 907 711 907 711 390
Control group mean 0.398 0.294 173,040 146,028 0.763
O. People with disabilities
ITT estimate -0.032 0.181 24,389 85,997 -0.062
(0.127) (0.139) (74,552) (83,848) (0.234)
Observations 132 111 132 111 38
Control group mean 0.308 0.077 115,418 34,943 0.600
P. People with experience
in sectors most affected by
Covid19?
ITT estimate -0.007 0.006 3,998 -1,327 -0.008
(0.018) (0.020) (10,032) (13,198) (0.025)
Observations 3,958 3,307 3,958 3,307 1,562
Control group mean 0.318 0.270 123,163 142,000 0.864
Q. People with experience
in sector less affected by
Covid19?
ITT estimate 0.028 0.057%** 3,817 24,013* 0.059**
(0.018) (0.019) (9,604) (13,334) (0.025)
Observations 4,170 3,467 4,170 3,467 1,756
Control group mean 0.320 0.260 139,945 144,771 0.754

Note: ITT estimates of the effect of being selected to participate on the program on formal employment, as measured by social security records, and on working on a big firm

(more than 20 workers). All estimates are derived from regressions that include age, gender, marital status, level of education, SISBEN score, formality six months before

program participation, having worked on a big firm three years before program participation and total number of registers in PILA three years before program participation,

service provider fixed effects and regional fixed effects. Robust standard errors *, ** and *** denote statistical significance at the 10%, 5% and 1% level, respectively.

1. Sectors most affected by Covid-19 include services, commerce, hotels, restaurants, entertainment, and recreation.

2. Sectors less affected by Covid-19 include construction, education, health, scientific and technical activities, manufacturing, agriculture, financial activities, transport, water
distribution, communications, realtor activities, mining, vehicle reparation, among others.



Table 6, Table 7, and Table 8 present robustness tests of the stability of the ITT estimated
effects when adding and removing regressors from the main specification for employment,
monthly wage, and firm size, respectively. Specifications in Column A only include
socioeconomic controls; those in Column B add number of records in PILA three years before
program application; those in Column C add employment in a big firm three years before program
application; those in Colum D add formality six months before program application; Column E
add service provider fixed effects; and Column F include regional fixed effects. Column F is our
preferred specification.

Table 6, Table 7, and Table 8 show that results found in Table 5 are robust to different
specifications. There is no statistically significant effect of the program on short-run formal
employment (two to five months after program participation) in any of the six panels. The
statistically significant effect of the program on medium-run formal employment (five to eight
months after program participation) is robust to different specifications (Panels B, C, D, E and F).
Additionally, there is no statistically significant effect of the program on short-run monthly average
wage (two to five months after program participation) in any specification. Medium-run monthly
average wage shows a statistically significant effect only on panel B, but not in the rest of the
panels. Also, the statistically significant effect of the program on the probability of working in a

big firm is robust to all specifications (Panel A to D).
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Table 6. Robustness tests for ITT estimates of the effect of the program on formal employment

(0)) 2)
Employed in the formal sector 2-5 months after the treatment Employed in theformal sector 5-8 months after the treatment

(A) B) © (D) (E) () (A) B) © (D) (E) ()

Eligible -0.003 0.004 0.006 0.006 0.007 0.006 0.012 0.021%#* 0.023* 0.023%* 0.023%* 0.023%*
(0.007) (0.006) (0.010) (0.010) (0.010) (0.010) (0.008) (0.007) (0.012) (0.012) (0.012) (0.012)

# of 23,910 23,910 12,199 12,199 12,199 12,198 18,015 18,015 9,002 9,002 9,002 9,001
observations
Mean control 0.193 0.193 0.299 0.299 0.299 0.299 0.167 0.167 0.260 0.260 0.260 0.260
Socioeconomic Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
controls
Number of
records in PILA No Yes Yes Yes Yes Yes No Yes Yes Yes Yes Yes
3 years before
treatment
Ern ployed in a No No Yes Yes Yes Yes No No Yes Yes Yes Yes
big firm 3 years
before treatment
Formality  six No No No Yes Yes Yes No No No Yes Yes Yes
months before
treatment
Serv¥ce No No No No Yes Yes No No No No Yes Yes
provider fixed
effects
Regional fixed No No No No No Yes No No No No No Yes
effects

Note: ITT estimates of the effect of being selected to participate on the program on formal employment, as measured by social security records. Socioeconomic controls include age,

gender, marital status, level of education and SISBEN score. Robust standard errors *, ** and *** denote statistical significance at the 10%, 5% and 1% level, respectively.




Table 7. Robustness tests for ITT estimates of the effect of the program on monthly wage

3) )
Monthly average wage in the formal sector 2-5 months after the treatment Monthly average wage in the formal sector 5-8 months after the treatment
(A) B) © (D) (E) F) (A) B) © (D) (E) (F)

Eligible -1,569 1,824 1,924 2,142 2,333 2,271 4,562 9,698** 11,534 11,676 11,575 11,784

(3,627) (3,295) (5,695) (5,694) (5,684) (5,684) (4,999) (4,614) (7,918) (7,918) (7,906) (7,911)
# of 23,910 23,910 12,199 12,199 12,199 12,198 18,015 18,015 9,002 9,002 9,002 9,001
observations
Mean control 77,926 77,926 124,147 124,147 124,147 124,147 86,989 86,989 137,070 137,070 137,070 137,070
Socioeconomic Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
controls
Number of
records in PILA No Yes Yes Yes Yes Yes No Yes Yes Yes Yes Yes
3 years before
treatment
Employed in a
big firm 3 years No No Yes Yes Yes Yes No No Yes Yes Yes Yes
before
treatment
Formality ~_ six No No No Yes Yes Yes No No No Yes Yes Yes
months before
treatment
Ser\qce No No No No Yes Yes No No No No Yes Yes
provider fixed
effects
Regional fixed No No No No No Yes No No No No No Yes
effects

Note: ITT estimates of the effect of being selected to participate on the program on monthly average wage. Socioeconomic controls include age, gender, marital status, level of

education and SISBEN score. Robust standard errors *, ** and *** denote statistical significance at the 10%, 5% and 1% level, respectively.




Table 8. Robustness tests for ITT estimates of the effect of the program on firm size

(€))
Employed in a big firm (more than 20 workers)
A) (B) © D) (E) (F)

Eligible 0.023* 0.025%* 0.027* 0.026* 0.026* 0.026*

(0.014) (0.014) (0.015) (0.015) (0.015) (0.015)
# of observations 6,028 6,028 4,765 4,765 4,765 4,764
Mean control 0.808 0.808 0.808 0.808 0.808 0.808
Socioeconomic Yes Yes Yes Yes Yes Yes
controls
Number of records in
PILA 3 years before No Yes Yes Yes Yes Yes
treatment
Employed in a big No No Yes Yes Yes Yes
firm 3 years before
treatment
Formality six months No No No Yes Yes Yes
before treatment
Service provider fixed No No No No Yes Yes
effects
Regional fixed effects No No No No No Yes

Note: ITT estimates of the effect of being selected to participate on the program on working on a big firm (more than 20 workers).
Socioeconomic controls include age, gender, marital status, level of education and SISBEN score. Robust standard errors *, ** and
*** denote statistical significance at the 10%, 5% and 1% level, respectively.

7. Program Design and Implementation

The impact evaluation was complemented with a descriptive analysis using a follow up
survey and interviews with program managers. This helped us understand the mechanisms
underlying the observed impacts of the Empléate as well as implementation challenges.

First, the surveys provide information about the combination of services delivered.
Interestingly, even though a potential benefit of P4P contracts is that, by focusing on outcomes
instead of inputs, they give providers more flexibility and a scope for innovation in service

provision, there was not much variation in delivery across service providers. Although Empléate’s
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contractual arrangements gave service providers the opportunity to deliver a wide range of
specialized services (such as training and certification, counseling to improve the labor profile,
support for transportation, dressing or childcare), according to the survey, most beneficiaries
(85%) didn’t receive them. Providers mostly delivered basic intermediation services, such as
registration in the employment service information system, short job search workshops, and
psycho-technical tests. (Appendix 1). Thus, the program was mainly a job placement intervention
rather than one that developed or certified skills.

Administrative data also shows some evidence of creaming. When comparing individuals
that were randomly assigned to the program and those that were effectively treated, the latter are
10 percentage points more likely to be male, are 10 years older, and are 9 and 5 percentage points
more likely of having a technical and university degree, respectively. Beneficiaries also have a
greater chance of having a recent formal job, previous experience in a formal firm and a longer
history of contributions to social security. Thus, beneficiaries in general have attributes that are
positively related to job readiness (Appendix 2).

As was shown in Table 5, Empléate had a greater effect on the employability of individuals
treated by private firms than of those treated by traditional employment and training agencies.
Evidence from administrative data suggests that, to some extent, these greater effects could have
been driven by more intense screening by private firms: they are older, have a much longer history
of formal jobs and a higher socioeconomic status (as measured by the SISBEN score) than those
treated by traditional employment and training agencies'* (Appendix 3). Also, evidence from the
follow up survey shows that traditional employment and training agencies gave at least one
specialized service to a higher proportion of beneficiaries compared to firms (17% vs 10%).

However, when analyzing each type of specialized service, there were no statistically significant

14 There are also differences in other attributes, such as education and gender, but the magnitudes are not very large
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differences between the two types of service providers. And, when comparing the provision of
basic services between firms and employment and training agencies, firms offered personalized
or group interviews to a higher proportion of beneficiaries (30% vs 25%), whereas employment
and training agencies offered self-employment tools workshops and job search tools workshops
to a higher share of beneficiaries (19% vs 13% and 35% vs 26%) (Appendix 4). Thus, the greater
impact of Empleate when training was provided by firms does not seem to be explained by type
of services they offered, but with a more intense screening.

This evidence of creaming in Empléate may be revealing a perverse incentive to restrict
the intake to more employable participants. Such incentives have been documented in other P4P
designs and may have been prevalent in Empléate due to its design features. Given that 100% of
the payment to service providers was contingent on placement and retention, the risk transfer to
service providers may have been too large, reducing their capacity to supply the right services and
creating incentives to intense creaming. This issue underscores the importance of ensuring an
adequate allocation of financial risk on performance-based contracts.

However, in certain contexts, some creaming may be efficient to the extent that it ensures
that services are only delivered to participants who can benefit from the program. This may have
been the case in Empléate, to the extent that, due to mobility restrictions amidst the pandemic, the
program had large implementation difficulties which delayed the operation. Service providers that
had identified job opportunities weren't able to place beneficiaries on a timely manner. They also
had difficulties reaching potential beneficiaries during the lockdown. Thus, the intensity of
services provided was limited and the program may have only been efficient to those with lower

employability barriers.
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8.

Conclusion

This paper presents the findings from an experimental evaluation of a P4P employment
program implemented in Colombia during the COVID-19 recession, Empléate. By contracting
out employment services using P4P, this program adopted an innovative service delivery model,
uncommon in Latin America. Service providers only received payments contingent on
employment outcomes; namely, formal job placement upon program completion and formal
employment for at least three and five months after the intervention.

The evaluation is based on a randomized control trial conducted from September 2020 to
April 2021. Individuals who qualified for the program and expressed interest in the program were
randomly assigned to a treatment or a control group and those assigned to the treatment group
could receive a variety of services to help them get jobs and stay in their jobs. However, as is often
the case in voluntary programs, there was less than full compliance. A very large number of
workers assigned to treatment did not take up the treatment.

ITT estimates show the program had a positive impact on the probability of being formally
employed five to eight months after the intervention. This impact was of 22% for people with
experience in sectors less affected by the pandemic, 17% for men, and of 10% for those without
college. This suggests that the financial incentives that were given to service providers to retain
beneficiaries in formal jobs five months after the treatment were particularly effective. Also, that
the negative effects the pandemic had on specific economic sectors traduced to the results of the
program, since people with work experience on these areas did not show any impact on
employment outcomes. Moreover, there was a positive effect of 14% on the monthly average wage
five to eight months after program application for people that participated with private firms as
service providers, and of 17% for people with work experience in sectors less affected by Covid-

19. There were also positive impacts on the probability of working on a large formal sector firm

37



for men (8%), people with work experience in sectors less affected by the pandemic (8%), people
without college (5%) and individuals 30 years or older (4%). There is no evidence of employment
effects for women and people without secondary education. Given the low compliance levels, these
estimated impacts likely underestimate average treatment effects.

Moreover, administrative data provides suggestive evidence of creaming: beneficiaries
were more likely to be male, had a higher educational attainment and a longer history on the formal
labor market than average eligible participants. Creaming may have been induced by two factors.
First, due to mobility restrictions amidst the pandemic, the program had large implementation
difficulties which delayed its operation. Service providers that had identified job opportunities
were not able to start providing services on a timely manner and had difficulties reaching potential
beneficiaries. The implementation schedule was also affected by administrative delays. This
reduced the possibility of providing a wider array of services. Indeed, data from a follow up survey
conducted to a random sample of eligible individuals to the program (assigned to the treatment
and control groups), shows that even though service providers could choose to provide a range of
services that included training and skill certification, in most cases the intervention was limited to
basic intermediation services such as registry in the employment service and short job-search
assistance workshops. In this context, creaming may have been efficient, ensuring that this low-
intensity intervention was delivered only to participants who could benefit from the services.
Second, and maybe more importantly, the design of the P4P incentives was such that the service
providers may have assumed too much risk. Given that 100% of the payment was contingent on
placement and retention, the risk transferred to providers may have been too large, reducing their
capacity to supply the right services and creating incentives for intense creaming. This issue
underscores the importance of ensuring an adequate allocation of financial risk on performance-

based contracts.
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Nevertheless, many design features of Empléate are promising and it had positive effects
on keeping individuals with low levels of education in formal jobs months after the intervention.
Given the high levels of informality and instability in Colombia’s labor market and given the

dramatic impact the pandemic had on formal jobs, this is a commendable achievement.
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Appendix 1. Services provided in Empléate

Services received by beneficiaries

% from total

beneficiaries

Basic Services
Registry in the Public Employment Service Information System 78.9
Psycho-technical test 33.6
Personalized or group interview 26.9
Basic skills workshops 16.4
Self-employment tools workshops 17.1
Job search tools workshops 32.1
None 0.9
Specialized Services
Improvement of labor profile (e.g., reconstruction of CVs;
employability tools; document management support; psychosocial 13.3
support)
Complementary supports (e.g., tools supply; dressing and hairdressing;
transport; support for minor or third people care; support for 5.6
disabilities; telecommuting and digital tools)
Training services (e.g., tailor training, technical certifications; specific

. . 8.4
skills strengthening)
Selection process Support (e.g., home visits; depth interviews; 57

psychosocial tests; specific labor skills tests)
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Appendix 2. Descriptive statistics by beneficiaries from the treatment group

Non P-value
beneficiaries Beneficiaries, Difference inmeans differencein
Variable 7i=0 Zi=1 1)-(2) means T-test

’ MH-2)

Male 0.239 0.329 -0.090*** 0.000%**
[0.003] [0.012]

Age 36.084 39.061 -2.977*** 0.000***
[0.082] [0.323]

Married 0.305 0-160 0.145%** 0.000%**
[0.003] [0.010]

Primary education or less 0.043 0.045 -0.002 0.703
[0.001] [0.006]

High school education 0.449 0.306 0.143%** 0.000***
[0.003] [0.012]

Technical Education 0.374 0.457 -0.083%** 0.000***
[0.003] [0.013]

College education or more 0.087 0.134 -0.04 8%k 0.000***
[0.002] [0.009]

SISBEN score 21.612 21.380 0.232 0.507
[0.088] [0.363]

Former participant of Jovenes 0.056 0.083 _0.027%%* 0.000%%*

en Accién program [0.002] [0.007]

Employed 6 months before 0.278 0.305 -0.028% 0.070%

treatment [0.004] [0.015]

Big formal employer (>20 0.879 0.899 -0.019* 0.077*

employees) (3 years before [0.003] [0.010]

treatment

# of months contributing to social 6.511 9.143 .630%%% 0.000%**

security before treatment (3 [0:06 4] [0:264] ' ’

yearsbefore treatment)

N 20,513 1,415

48



Appendix 3. Descriptive statistics of eligible population by type of service provider

Training and P-value
. . Difference inmeans differencein
Firms, Zi=0 Employment
Variable agencies Zi=1 M- means T-test
»-@)
Male 0.225 0.261 -0.036%** 0.000%**
[0.004] [0.004]
Age 38.370 34.237 4.134%** 0.000%**
[0.109] [0.094]
Married 0.292 0.298 -0.006 0.291
[0.004] [0.004]
Primary education or less 0.047 0.039 0.008%* 0.001***
[0.002] [0.002]
High school education 0.496 0.397 0.099%** 0.000%**
[0.004] [0.004]
Technical Education 0.326 0.423 -0.096%*** 0.000%**
[0.004] [0.004]
College education or more 0.099 0.081 0.018*** 0.000***
[0.003] [0.002]
SISBEN score 25.236 18.491 6.745%** 0.000%**
[0.106] [0.107]
Former participant of Jovenes 0.064 0.053 0.011%** 0.000%**
en Accion program [0.002] [0.002]
Employed 6 months before 0.290 0.271 0.018%* 0.018**
treatment [0.005] [0.006]
Big formal employer (>20 0.883 0.877 0.006 0.298
employees) (3 years before
treatment [0.004] [0.004]
# ofmonths contributing to social 7.969 5506 9 37wk 0.000%**
security before treatment (3
yearsbefore treatment) [0.089] [0.073]
N 12,380 13,737
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Appendix 4. Descriptive statistics of services provided to beneficiaries by type of service provider —

Information from follow up survey

. . Training and Difference in means difl;ezzlllllzin
Variable Firms, Zi=0 Employment
agencies Zi=1 M- means T-test
MH-2)
Received any basic service 0.995 0.990 0.005 0.381
[0.004] [0.004]
Received any specialized service 0.106 0.170 -0.065%** 0.004%**
[0.016] [0.014]
Number of basic services received 1.942 2.104 -0.162* 0.091*
[0.071] [0.057]
Number of specialized services received 0.237 0.377 -0.139%* 0.013**
[0.040] [0.034]
Number of basic and specialized services
receive 2.179 2.481 -0.301** 0.019%*
[0.093] [0.077]
B: Registry in the Public Employment
Service Information System 0.773 0.797 -0.024 0.342
[0.022] [0.014]
B: Psycho-technical test 0.330 0.339 -0.009 0.758
[0.024] [0.017]
B: Personalized or group interview 0.306 0.251 0.055%* 0.046**
[0.024] [0.016]
B: Basic skills workshop 0.142 0.175 -0.033 0.158
[0.018] [0.014]
B: Self-employment tools workshop 0.127 0.192 -0.066%** 0.005***
[0.017] [0.014]
B: Job search tools workshop 0.264 0.349 -0.085%%** 0.003%**
[0.023] [0.017]
S: Improvement of labor profile 0.850 0.908 -0.058 0.295
[0.057] [0.025]
S: Complementary supports 0.475 0.344 0.131 0.134
[0.080] [0.042]
S: Training services 0.550 0.573 -0.023 0.803
[0.080] [0.043]
S: Selection process Support 0.375 0.389 -0.014 0.872
[0.078] [0.043]
N 379 770

Note: Services that have a B before the description, means that they are basic services, the ones that have an S before the description

means that they are specialized services.
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