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Abstract 

Policymakers are increasingly concerned about high and rising inequality of earnings and 
wealth globally (Kanbur, 2019; Wood, 2018). One key driver is the unequal distribution 
of productive skills within societies and across countries (Martin, 2018; Stijn et al., 2019). 
Improving opportunities for disadvantaged population groups to acquire new skills, there-
fore, presents an important policy lever to tackle inequalities (OECD, 2019). This thesis 
provides new evidence on how to design skills trainings that effectively improve partici-
pants’ economic well-being. Based on counterfactual impact evaluations, the four chapters 
assess the effectiveness of training programs in three core policy areas: vocational skills, 
entrepreneurship, and financial literacy. The findings demonstrate the importance of de-
signing well-targeted and tailored interventions that simultaneously address the multi-
faceted needs, constraints, and opportunities faced by lower-skilled, disadvantaged indi-
viduals.  

Keywords: skills training, entrepreneurship, financial literacy, youth employment, im-
pact evaluation, cost-effectiveness, targeting, lower-middle income countries. 

JEL Classification: D11, D42, L12, L16, L66, L67. 

 

Zusammenfassung 

Politische Entscheidungsträger sind zunehmend besorgt über die hohe und steigende Ein-
kommens- und Vermögensungleichheit weltweit (Kanbur, 2019; Wood, 2018). Ein wesent-
licher Faktor ist die ungleiche Verteilung von Bildung und produktiven Fähigkeiten in-
nerhalb von Gesellschaften sowie zwischen Ländern (Martin, 2018; Stijn et al., 2019). Die 
Förderung von benachteiligten Bevölkerungsgruppen neue Kompetenzen zu erwerben ist 
daher ein wichtiger politischer Hebel zur Bekämpfung von Ungleichheiten (OECD, 2019). 
Diese Dissertation liefert neue Erkenntnisse darüber, wie Trainingsmaßnahmen gestaltet 
werden können, um das wirtschaftliche Wohlergehen von Teilnehmer effektiv zu verbes-
sern. Auf der Grundlage kontrafaktischer Wirkungsevaluierungen wird in den vier Kapi-
teln die Effektivität von Trainingsmaßnahmen in drei zentralen Politikbereichen analy-
siert: berufliche Fähigkeiten, Unternehmertum und finanzielle Bildung. Die Ergebnisse 
zeigen, wie wichtig es ist, zielgerichtete und maßgeschneiderte Maßnahmen zu entwickeln, 
welche gleichzeitig auf verschiedene Bedürfnisse, Einschränkungen und Chancen von ge-
ringer-qualifizierten, benachteiligten Personen eingehen.  

Schlüsselwörter: Trainingsmaßnahmen, berufliche Bildung, Unternehmertum, finanzi-
elle Bildung, Jugendbeschäftigung, Wirkungsevaluierung, Entwicklungsländer.  

JEL Klassfizierung: D11, D42, L12, L16, L66, L67.  
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INTRODUCTION 

1 Motivation and Background  

The growing importance of productive skills for individual economic well-being 

Skills and knowledge constitute a key part of human capital and are considered a crucial 
determinant of individuals’ overall and economic well-being (Hanushek et al., 2015).1 Not 
only do skills underlie successful participation in markets, democratic institutions and 
civic life (OECD, 2019a). In addition, knowledge and skills are required to access and 
benefit from (new) services and products offered on markets, e.g. fertilizers (Nakano et 
al., 2018). Examples of the importance of skills range from the basic literacy skills re-
quired to participate in elections, to the knowledge to benefit from financial products, to 
the vocational skills for successfully competing in labor markets. Among the broad range 
of well-being outcomes affected by skills, this thesis focuses on those skills that affect an 
individual’s productive capacity and earning potential. These skills, sometimes called 
“productive skills”, improve an individual’s opportunity to successfully participate and 
benefit from labor and product markets (Hanushek et al., 2015). 

While productive skills have always been an important factor of economic well-being, 
their importance has increased rapidly over the recent decades. One key reason are the 
mega-trends that globally shape markets and societies, i.e. globalization, demography, 
and automation/digitalization (OECD, 2019a). Empirically, this development can be ob-
served by a rising skill premium since the 1980s (Kunst et al., 2021).2 Several studies 
show that this rising skill premium is a major driver of widening income and wealth 
disparities within and across countries (Dabla-Norris et al., 2015). One reason is that 
societies and markets have become increasingly liberalized and hence individuals are pro-
gressively able to benefit from the skills they possess (Stewart & Berry, 2000). At the 
same time, this liberalization also heightened competition in labor markets between in-
dividuals with similar skill levels (Harrigan & Reshef, 2015). Globalization intensified this 
development, as workers and firms increasingly compete with their skills on international 
rather than domestic markets (Kunst et al., 2021). Finally, technological developments – 
such as automation and digitalization – further amplified the growing relevance of a range 

                                        
1 I refer to economic (or material) well-being as a composite of aspects such as income, consumption and 
wealth – for a definition and conceptual framework of well-being see OECD (2013). Training can be broadly 
defined as “any planned activity that is used to transfer or modify the knowledge, skills and attitudes through 
learning experiences.” (Milhem et al., 2014).  
2 Broadly defined, the skill premium reflects the earnings of higher skilled labor relative to that of less skilled 
labor. 
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of specific skills for labor market success (e.g. transferable skills). Evidence suggests that 
this “skill-biased technological change” has significantly driven the rising skill premium 
in many countries since the 1970s (Hémous & Olsen, 2021).  

Levels and access to skills development continue to be unequally distributed 

Against the background of a rising skill premium, the distribution of skills is an increas-
ingly important determinant of diverging earnings and wealth between individuals (Au-
tor, 2014, 2019). However, despite the growing importance of skills, access to education 
and opportunities to acquire additional skills are distributed highly unequally within 
countries (Stijn et al., 2019; Valiente & Lee, 2020). One key issue driving these inequali-
ties is access to basic skills via the educational system: While formal educational attain-
ment increased globally in recent decades, this often did not translate into improved skill 
levels since the quality of formal education is often still weak (Filmer et al., 2020). The 
Covid-19 crisis has further aggravated disparities in basic education since learning dis-
ruptions were most severe in countries with the lowest human capital index and, within 
countries, for youth from disadvantaged backgrounds (Saavedra et al., 2020).  

Another issue is that access (and uptake) of post-educational opportunities for upskilling 
and reskilling continue to be highly unequal: In many countries, post-education training 
participation is lowest among those who need training the most, e.g. lower-educated and 
unemployed individuals (OECD, 2019a, 2019b). This concerns not only labor market-
related training opportunities but also other policy domains, such as financial education 
(Lusardi, 2019). Supply- and demand-side factors of acquiring skills can explain this 
unequal access and uptake of training opportunities across different socio-economic 
groups. These factors include individual financial constraints, cultural barriers, infor-
mation asymmetries, and psychological aspects. Many of the factors that constrain access 
to skills development opportunities stem from coordination and information failures in 
related markets (see Chapter 2). Such market failures provide a rationale for governments 
or NGOs to address inequalities by supporting access to skills training for disadvantaged 
groups. 

Mixed evidence on the effectiveness of skills training programs in many policy areas 

Meanwhile, a final issue may contribute to the unequal distribution of skills despite sig-
nificant policy efforts to support human capital accumulation: Impact evaluations and 
literature reviews of skills training programs often report rather limited improvements in 
skills or intended long-term outcomes (e.g. earnings). This concerns a broad variety of 
policy areas in which training programs have been evaluated. One prominent example 
are meta-analyses which commonly find that vocational trainings have small average 
effects on employment and earnings on average (Card et al., 2018; Kluve et al., 2019). 
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Similar conclusions are commonly reported in reviews of entrepreneurship and business 
trainings for self-employed individuals (Cho & Honorati, 2014; Grimm & Paffhausen, 
2015) and studies of financial education programs (Kaiser et al., 2020; Kaiser & Menkhoff, 
2017; Miller et al., 2015).  

Even though these meta-analyses report small average impacts, they commonly find sig-
nificant heterogeneity in impact estimates across studies and programs. That is, training 
programs differ widely in their effectiveness to improve participants’ skills and higher-
level outcomes (e.g. earnings, wealth, savings). Consequently, a key conclusion of most 
review studies is that the effectiveness of training programs depends strongly on the 
details of program design and implementation. This suggests that there is significant 
scope to enhance the effectiveness of training programs by improving small choices in 
their design and delivery. However, even though the literature and evidence on skills 
training interventions has increased in recent years, there is still a lack of clear evidence-
based guidance for designing more effective skills training interventions.  

2 Thesis contribution and outline 

I hence argue that well-designed post-educational skills training programs are an im-
portant policy lever to address inequalities within and across countries. Skills training 
will be even more important in the post-Covid period to counter the disruption in basic 
education for this generation (OECD, 2021). To contribute, my thesis provides evidence 
about the design of skills training programs that effectively improve skills and higher-
level outcomes among participants. My thesis focuses on two particular sets of skills that 
are among the key drivers of inequalities in earnings and wealth (Dabla-Norris et al., 
2015): vocational skills and financial literacy. The interventions under study range from 
vocational training, to entrepreneurship support, to financial education. Accordingly, 
each chapter assesses a different set of higher-level outcomes, each ultimately related to 
individual economic well-being (e.g. labor market participation, rural income-generating 
activities, and savings behavior).  

The thesis is composed of four chapters. The first chapter sets the background for Chap-
ters 2 and 3, by comparing how vocational skills trainings and other active labor market 
programs improve employment and earning outcomes among youth. The following two 
chapters analyze the effectiveness of two particular skills training programs in Serbia and 
Kenya. Finally, the fourth chapter comprises an impact evaluation of a financial literacy 
training program in Kenya. In the remainder of the introduction, I provide a short over-
view of these individual chapters and their findings before summarizing the overall con-
clusions of my dissertation.  
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Chapter 1: Do youth employment programs improve labor market outcomes? A 
quantitative review.  

The first chapter serves as a background for the subsequent impact evaluations of specific 
training programs to improve job-relevant skills among participants. The chapter provides 
a systematic review and meta-analysis of impact estimates from 113 active labor market 
programs on employment and earnings-related outcomes of youth. In a first step, the 
review classifies a wide range of youth employment programs according to the different 
“types” of interventions they provide – namely skills training, employment services, sub-
sidized employment, and entrepreneurship support. Based on a systematic search of pub-
lished and unpublished impact evaluations between 1990 and 2015, the chapter demon-
strates that skills trainings are a key component of most youth employment programs. 
Trainings feature in 64 percent of all programs and constitute the largest group of stand-
alone interventions in the sample.  

The meta-analysis reveals that skills training programs do not perform better or worse 
than other types of labor market programs. In fact, the type of intervention does not 
correlate with reported effect size estimates, once the meta-analysis accounts for features 
regarding design, implementation, and evaluation study characteristics. This finding is in 
contrast to studies and literature reviews that conclude that skills training programs 
constitute a less effective labor market program than alternative programs per se (Fox & 
Kaul, 2018; McKenzie, 2017). 

To identify factors of programs and studies that correlate with more positive effect size 
estimates, the review extracts a wide range of program and study features from primary 
studies. Results based on multivariate meta-regression point towards three key design 
features of successful youth labor market programs: first, integrating multiple interven-
tions into comprehensive packages that simultaneously address the various barriers faced 
by youth on the labor market; second, profiling beneficiaries and tailoring the program 
to their needs; and third, establishing individualized follow-up systems and designing 
incentive mechanisms for service providers matter. These findings present the basis for 
in-depth program-specific analysis in the subsequent chapters.3 

                                        
3 A follow-up meta-analysis that updates the data and focuses on skills training-related programs is currently 
underway but not part of this thesis.  
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Chapter 2: Simulating the workplace: A (better) alternative to improve labor market 
outcomes of disadvantaged youth? 

The second chapter connects to the first chapter by analyzing the impact of an innovative 
intervention to deliver vocational skills to disadvantaged youth in Serbia. The interven-
tion subsidized skills trainings that were conducted in simulated work environments sit-
uated at vocational training institutes (VTIs). The intervention was designed against 
common criticism that traditional classroom-based training programs have only limited 
impacts because they do not provide youth with practical and soft skills highly demanded 
by employers. To assess the effectiveness of this intervention, its impact is compared to 
an intervention that matches youth to firm-based trainings at private-sector employers. 
Thus, both interventions aim to improve youth labor market outcomes by supporting 
access for youth to trainings in skills that are demanded on the labor market. However, 
the former follows a demand-side approach by subsidizing (VTI-based) training, whereas 
the latter follows a supply-side approach by incentivizing firms to train disadvantaged 
youth.  

The impact evaluation design benefits from access to novel data from the Serbian public 
employment service that is linked with employer-employee data from the Serbian com-
pulsory social security register. The empirical analysis draws on this comprehensive ad-
ministrative data to construct a counterfactual comparison group in a dynamic selection-
on-observables identification framework. In addition, a detailed follow-up survey is con-
ducted to assess the relevance of informal labor market outcomes among beneficiaries. 
The chapter shows that both VTI-based and firm-based trainings significantly improve 
formal (registered) labor market outcomes of youth. While impacts estimates are smaller 
for VTI-based trainings in the short term, they are increasing in the medium- to long-
term. Since impacts for firm-based training are decreasing, the effect sizes between both 
approaches are converging with follow-up duration. The results indicate that VTI-based 
trainees take more time to translate acquired skills into improvements in formal labor 
market outcomes. Furthermore, results from the follow-up survey uncover a significantly 
larger share of informal employment among VTI-based trainees. This suggests that the 
impacts of VTI-based trainings may be comparatively underestimated in administrative 
data which fails to capture (more) prevalent informal employment. To frame these find-
ings, the chapter uses the framework of market failures to discuss factors that constrain 
youth access and uptake of skills training. The discussion highlights both the role of skills 
training as a signaling and screening device, as well as the importance to integrate trans-
ferable and firm-specific skills acquisition. 
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Chapter 3: The market-based dissemination of modern-energy technologies as a business 
model for rural entrepreneurs: Evidence from Kenya. 

The third chapter relates to the previous two chapters by assessing the impacts of an 
entrepreneurship training program in rural Kenya on the incomes and economic well-
being of beneficiaries. The program supported individuals to start a business either with 
improved cookstoves or small solar lighting devices. Thereby, the program followed two 
interrelated goals: On the one hand, to disseminate modern-energy technologies in rural 
areas that typically lack access to these technologies at affordable prices. On the other 
hand, to generate opportunities for non-farm income generation for rural farmers who 
often struggle with (seasonal) underemployment and a strong dependence on agriculture. 
To meet both goals, the program followed a market-based approach: It mobilized pro-
spective micro-entrepreneurs in their communities, trained them in relevant technical and 
business skills, and provided continuous business support. In addition, to spur demand 
for beneficiaries’ products, the program conducted information campaigns about the 
health benefits of these energy technologies in surrounding areas. The intervention also 
stressed the importance of practical, applied learning in a real work setting and prospec-
tive participants had to present a list of initial customers prior to training. This ensured 
not only that entrepreneurs were able to directly apply their newly gained knowledge; 
furthermore, this served as an ex-ante verification that their prospective business is met 
by demand on the market.  

The evaluation is based on a quasi-experimental staggered-implementation design to iden-
tify the causal impact of the program in a cross-sectional survey. That is, the empirical 
analysis compares income-generating activities of existing entrepreneurs (who entered the 
program on average a year before the survey) to income-generating activities of later 
cohorts of entrepreneurs, surveyed before they entered the program. Given that both 
groups face the same selection mechanism into training and business uptake, the empirical 
design identifies the Complier Average Treatment Effect (CATE). The results show that 
both cookstoves and solar entrepreneurs intensify and diversify their income-generating 
activities, often by shifting away from subsistence farming as a main source of income. 
At the same time, only cookstoves entrepreneurs observe significant improvements in 
individual- and household-level incomes as well as perceived economic well-being. Impact 
estimates do not only differ between the two technologies but also across subgroups in-
cluding gender, age, and baseline occupation. The results suggest that existing earning 
opportunities of participants play a key role in whether options for new income-generating 
activities also translate into higher earnings. Moreover, the findings substantiate that 
market-based interventions can foster energy access in rural areas by supporting the es-
tablishment of local businesses.  
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Chapter 4: The impact of voluntary financial literacy training on financial behavior. 
Large-sample evidence from Kenyan bank account data. 

The fourth chapter focuses on a different set of skills by assessing the impacts of a finan-
cial literacy training program administered in Kenya. Literature reviews and meta-anal-
yses report rather small average impacts of financial education programs on financial 
knowledge and behavior; and highlight significant heterogeneity across contexts and de-
sign characteristics (Kaiser et al., 2020; Kaiser & Menkhoff, 2017). Impacts are particu-
larly heterogeneous for actual financial behavior, such as observed savings and borrowing 
decisions. And under which conditions newly acquired financial knowledge actually trans-
lates into changes in financial behavior is often not clear (Kaiser & Menkhoff, 2017).  

This chapter contributes new evidence by analyzing the impact of a large-scale financial 
education program on the financial behavior of participants, using individual-level bank 
account data for more than 640,000 participants. The program offered individuals across 
all of Kenya a three-month-long weekly financial literacy training. To reach out to po-
tential participants, the program collaborated with one of the largest banks in the country 
and stationed trainers throughout the bank’s extensive network of local branches. In 
addition to training existing bank customers, trainers sought collaboration with commu-
nity-based organizations and non-governmental organizations to offer trainings to un-
banked individuals in villages around each branch. The empirical strategy exploits this 
sequential rollout of the training program within and across branches of the bank to 
identify the causal impact of training participation. By comparing financial behavior 
between earlier and later cohorts of the program, the empirical design addresses the 
potential bias of self-selection into the training.  

The results show that participation in training has a positive but short-lived impact on 
account ownership (the extensive margin). One year after the training, the share of indi-
viduals that keep active accounts at the bank reverted to pre-training levels. Among 
those who keep an active account, the training raised account usage in terms of transac-
tions and deposits but had little impact on savings levels (the intensive margin). These 
results suggest that the program’s impact may be largely confined to a marketing effect 
rather than improved financial behavior itself. A detailed analysis of effect heterogeneity 
across subgroups shows that participants who likely had less financial knowledge before 
the training (e.g. lower educated and farmers) observe the strongest impact on account 
usage and monthly savings levels. The findings imply that financial education programs 
may be improved by directly targeting (and tailoring) interventions at individuals who 
are less financially included, rather than targeting broader socio-demographic groups. An 
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improved targeting could, for example, be informed by more detailed assessments of fi-
nancial knowledge and behavior in registration surveys among eligible population groups. 

3 Conclusions 

This dissertation provides empirical evidence that helps to improve our knowledge of 
designing and implementing effective skill training programs across a variety of policy 
areas. The four chapters provide evidence on programs related to vocational skills, entre-
preneurship, and financial literacy. At the same time, the findings allow for more general 
recommendations for the design of skills training programs in other policy areas as well. 
Across the four chapters of this dissertation, three interlinked design elements emerge as 
being of key importance for the design of effective training programs:  

First, targeting individuals who are most likely to benefit from additional skills.  

Targeting those with the highest expected benefits often implies targeting disadvantaged 
individuals with low prior levels of the respective skills or higher-level outcomes (e.g. 
earnings). The rationale for targeting on the baseline levels follows both from efficiency 
as well as an equity consideration: First, it is generally more efficient since the marginal 
(private) return to additional skills is often higher at lower baseline levels of skills (Heck-
man et al., 2008). Second, it is the more equitable approach when the goal is to address 
existing inequalities in skills, knowledge, and economic well-being. Finally, it is both 
equitable and efficient as it may reduce deadweight loss associated with supporting skills 
acquisition for individuals that would have financed the investment themselves in absence 
of the program (OECD, 2019a). Chapters 1 and 4 showed that targeting of individuals 
should, ideally, be performed based on an individual assessment of prospective partici-
pants (i.e. profiling), rather than through broadly defined eligibility criteria based on 
socio-demographic characteristics. Chapter 3 showcased an entrepreneurship program 
that selected candidates by having prospective beneficiaries gather initial customer lists 
to elicit each applicant’s motivation and ensure local demand for products. 

Second, tailoring the training content and delivery methods to participants’ baseline 
skills as well as expected post-training opportunities.  

Even though this recommendation may seem trivial, many training programs still follow 
a “one-size-fits-all” approach – applying prototype teaching methods or curricula designs 
to a heterogeneous group of participants. This second conclusion of my dissertation has 
two key aspects. First, the delivery model of skills trainings needs to be adapted to 
participants’ prior knowledge, capacities, and learning habits. In this regard, a key insight 
from all chapters is the importance of combining abstract and applied active learning 
(e.g., simulations and experimental learning). As Chapter 2 discussed in more detail, this 
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appears particularly important when training programs are targeted at low-skilled or 
disadvantaged individuals.4 As in the case of targeting, tailoring the training content and 
delivery typically requires an in-depth ex-ante assessment of participants’ characteristics 
and competencies, as well as the context in which they are expected to apply their skills. 

The second aspect is that the skills content of trainings needs to be aligned with the 
actual opportunities of participants to apply and benefit from them upon graduation. 
Chapter 1 highlights that labor markets in many lower- and middle-income countries lack 
formal dependent employment opportunities. Hence, rather than focusing on employabil-
ity, training programs may need to deliver skills that improve participants’ success in 
own-account work or entrepreneurship. Similarly, Chapter 2 demonstrates the importance 
of aligning the skills content to demand on the labor market – ideally based on a careful 
appraisal of the share of vocational (hard) skills and transferable (soft) skills that trainees 
require. The entrepreneurship program in Chapter 3 enhanced local demand for products 
of entrepreneurs by conducting information campaigns about their benefits in surround-
ing areas. In the case of financial education programs, Chapter 4 discusses whether par-
ticipants may lack the means and opportunities that allow them to translate their finan-
cial knowledge into actual behavior (e.g. the possibility to save and easily access bank 
accounts).  

Third, providing additional support measures to address the (multiple) constraints and 
barriers of the target group.  

To design precisely tailored interventions does not only concern “which” and “how” skills 
are delivered. My findings point to the importance of providing complementary services 
and support measures to participants of training programs. This is particularly important 
for programs set in lower-income contexts and those that target disadvantaged groups, 
who often suffer from multiple, simultaneous barriers and constraints (c.f. Chapter 2). 
Complementary services can include financial support throughout training, gender-spe-
cific mentoring in the workplace, or marketing campaigns to spur demand for products 
of trained entrepreneurs. At the same time, additional measures often imply additional 
costs for programs. To ensure that programs remain cost-effective, they have to identify 
the most crucial support measures. To this end, training programs should be based on 
an in-depth ex-ante assessment of the barriers that could constrain individuals to partic-
ipate and benefit from the training.  

                                        
4 While Chapter 2 discusses the case of vocational trainings, similar results have been shown for studies of 
financial literacy programs (Kaiser et al., 2020; Skimmyhorn, 2016). 
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This list of conclusions about key design elements is by far not exhaustive – the individual 
chapters discussed many other elements that deserve attention. One example is the im-
portance of carefully designing contracts and payment systems in order to incentivize 
training providers to deliver high-quality trainings (e.g. results-based payment). Another 
example is the relevance of monitoring and evaluation systems, which allow results-based 
management and, ideally, real-time learning and adaptive programming. Finally, post-
training certification of acquired skills appears particularly important for trainings that 
hinge on the posterior signaling effect in market interactions (e.g. job trainings). At the 
same time, the evidence for these elements is still limited. There is much need to evaluate 
more systematically which of these lower-level design elements of skills training programs 
are relevant in which setting, and to what extent their relevance generalizes across pro-
grams and contexts. 
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Abstract 

Bringing young people into productive work is a key labor market challenge in both 
developing and developed economies, and a multitude of labor market interventions have 
been implemented to assist vulnerable youths. To assess whether these interventions have 
succeeded in improving young people’s labor market outcomes, this study systematically 
and quantitatively reviews 113 impact evaluations of youth employment programs world-
wide. Of a total of 3,105 effect estimates we extract from these studies, one-third are 
positive significant. The unconditional average effect size across all programs is small, 
both for employment-related outcomes (Hedges’ g = 0.05, SE = 0.02) and earnings-
related outcomes (Hedges’ g = 0.04, SE = 0.02). We analyze correlates of success in a 
meta-regression framework. We find that (i) programs are more successful in middle- and 
low-income countries; (ii) the intervention type is less important than design and delivery; 
(iii) programs integrating multiple services are more successful; (iv) profiling of benefi-
ciaries, individualized follow-up systems and incentives for services providers matter; and 
(vii) impacts are of larger magnitude in the long-term. Some of these findings provide 
new and important insights about the design and delivery of interventions, whereas others 
confirm those of previous reviews. Ultimately, our findings provide practitioners with an 
improved evidence base about how certain design features contribute to successful youth 
employment programs in different contexts. 

Keywords: Youth employment, active labor market policy, impact evaluations, system-
atic review, meta-analysis. 
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1 Introduction 

The global financial crisis that began in 2007 reversed the gradual declining trend in 
global youth unemployment rates observed between 2002 and 2007 and lead to increasing 
youth unemployment between 2007 and 2010. In 2017, the global youth unemployment 
rate settled at 13.1 percent, with nearly 70.9 million youth actively looking for jobs (ILO 
2017). While the unemployment rate among youth is expected to remain relatively con-
stant in the near future, it is still well above its pre-crisis level of 11.7 percent. Youth 
remain overrepresented among the unemployed and shaken by working poverty and 
changing patterns in the labor market. Over 160 million youth are working, yet living in 
poverty (ibid). To respond to the youth employment challenge, many countries have im-
plemented active labor market programs (ALMPs) aiming to connect youth to wage- or 
self-employment.  

Despite the importance of this challenge, little systematic evidence exists about the ef-
fectiveness of programs targeting youth employment. While several studies have synthe-
sized research findings on the effectiveness of ALMPs for the general population (e.g., 
Card et al. 2010, 2017), very few reviews have focused specifically on programs and out-
comes for youth. The most relevant review of labor market interventions for youth to 
date, Betcherman et al. (2007), has served as the basis for technical assistance and policy 
advice worldwide. Since then, a large amount of research has been produced and pub-
lished, using experimental or quasi-experimental methods to determine the effects of new 
– and sometimes innovative – youth employment programs. These studies, for instance, 
range from experimental evaluations of prototypical skills training for high-school drop-
outs in the Dominican Republic (Ibarrarán et al. 2014), a wage subsidy pilot for female 
community college graduates in Jordan (Groh et al. 2016), an innovative entrepreneurship 
training for university students in Tunisia (Premand et al. 2016) to a quasi-experimental 
study of a temporary-work-based approach in Germany (Ehlert et al. 2012). 

Whereas there are two recent reviews that have covered parts of this new evidence, they 
either did not proceed to apply designated empirical methods such as meta-analysis 
(JPAL 2013), or they have focused on (potentially selective) subsets of the available 
evidence (IEG 2012). Other review studies have put their emphasis on specific types of 
intervention or outcomes (Tripney et al. 2013 on TVET programs, Grimm and Paffhausen 
2015 on micro-entrepreneurs, both in low- and middle-income countries) or only covered 
specific regions (Escudero et al. 2017 and Vezza 2014 for Latin America and the Carib-
bean, Hardoy et al. 2018 for the Nordic Countries). Moreover, knowledge gaps unpacking 
how issues related to design and implementation affect the effectiveness of different pro-
grams have not been previously addressed.  
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This paper consolidates the evidence from all available rigorous evaluations of ALMPs to 
understand the relative effectiveness of youth-targeted interventions and some of the key 
factors that influence their performance. The analysis builds on an extensive systematic 
review, which relied on a comprehensive search of all available impact evaluations, yield-
ing 113 studies fulfilling inclusion criteria of adequate thematic focus and methodological 
rigor to be included in a meta-analysis. These 113 studies reported results for a total of 
107 different youth employment interventions within 87 separate ALMPs. The systematic 
search and selection process allows us to address potential issues stemming from publi-
cation bias and selective reporting. The criteria for inclusion and exclusion, search strat-
egy, methods, and statistical procedures, selection process, and quantitative results are 
presented comprehensively in the systematic review protocol and technical report in 
Kluve et al. 2014 and 2017, respectively. This paper builds on the review’s database 
(Kluve et al. 2018) and expands the knowledge base through new empirical evidence from 
multivariate meta-regression analysis.  

The paper contributes to the existing literature in at least four important dimensions: 
first, it is based on the most thorough and comprehensive systematic reviewing effort of 
youth employment programs to date. We collect statistical information to construct a 
total of 3,105 treatment effect estimates. This sample is considerably larger than in pre-
vious studies in labor market economics and allows us to make more generalizable infer-
ence, which is one of the primary goals of this genre of research.  

Second, the findings introduce important nuances in the debate on the effectiveness of 
youth employment programs, in particular with regard to developing countries. In con-
trast to recent, rather sobering evidence about ALMPs for youth in developed countries 
(Card et al. 2017), we find that youth employment interventions are more successful in 
middle- and low-income countries compared to programs conducted in richer economies. 
Importantly, this result holds when accounting for differences in program and evaluation 
design of interventions, and is thus not simply an artifact of different types of interven-
tions implemented in contexts that are hard to compare.  

Third, while there is no evidence that certain types of programs, or combinations of 
programs, systematically outperform others, we find that programs that integrate multi-
ple interventions and services are more likely to have a positive impact – in particular in 
low- and middle-income countries. We conjecture that the success of youth employment 
programs rests on their ability to respond to multiple needs and constraints facing a 
heterogeneous group of beneficiaries. One implication is that successful youth employ-
ment programs will need to be able to offer a comprehensive set of interventions, from 
training to counseling, intermediation, and income support.  
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And fourth, looking at characteristics that contribute to successful youth employment 
programs, we find that profiling beneficiaries and individualized follow-up and monitoring 
systems are crucial design features. Profiling means proactively using information about 
individual participants to direct them to the services that best fit their constraints, while 
engagement through follow-up and monitoring means including a focus on features that 
increase the likelihood that participants finish and/or perform well in the programs. 
These findings support the idea that interventions responding to specific participant 
needs are likely to lead to better employment and earnings prospects for their beneficiar-
ies. 

In sum, relating our findings to the above-mentioned reviews, we obtain some results that 
are new, some that add additional detail to previous findings, and some that agree with 
findings so far. Novel results include our meta-analytical evidence on integrating multiple 
interventions and on profiling and monitoring characteristics detailed above. Our results 
are also more detailed by showing, for instance, that the importance of the comprehen-
siveness of programs only applies to low- and middle-income countries and less so for 
high-income countries, and by substantiating that there are general differences in youth 
program effectiveness by country income group, a fact for which until now the evidence 
had been rather tentative. Finally, our study and newly collected data confirm previous 
results, in particular the importance of human capital-based programs and their dynamic 
time horizon with increasing effect sizes over the post-program time. 

2 Interventions of interest  

Youth can face different constraints that affect access to wage- or self-employment; con-
straints that can be addressed through targeted interventions. For instance, they might 
not have the necessary skills and/or work experience, they might not have information 
about job opportunities and/or knowledge about the job search process, or they might 
be less able to access capital to start a business. This paper seeks to shed light on which 
type of intervention (or combination of interventions) is most successful in releasing these 
constraints. We cluster the youth employment interventions into four typologies: (i) train-
ing and skills development; (ii) entrepreneurship promotion; (iii) employment services; 
and (iv) subsidized employment interventions.  

The ALMPs examined in this paper include at least one of these intervention types but, 
importantly, often combine multiple interventions and/or provide different interventions 
to individual participants. The review hence makes an important distinction between 
programs and interventions: a youth employment program is a single entity that may 
consist of one or several interventions. Interventions are components/tracks of programs, 
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or in some contexts also identified as sub-programs within an overall larger program. For 
example, if a program has a training track and an employment services track, and par-
ticipants take one or the other, these are considered to be two individual sub-tracks 
within the same program.5 It is also possible to find a comprehensive intervention that 
offers, for instance, both skills training and employment services to the same participant. 
Program examples consisting of several interventions include the Job Corps program in 
the United States, the Economic Empowerment for Adolescent Girls program in Liberia, 
the Projoven program in Peru, and the Employment Fund in Nepal. Interventions are 
defined based on characteristics such as the type of intervention or the population tar-
geted. The identification of components within programs allows for the analysis of inter-
actions across interventions.  

We hypothesize that participation in ALMPs will ultimately improve the employment 
and earnings outcomes of youth. Table 1 provides a stylized results chain for each type 
of intervention, mapping out the causal process from intervention delivery to (potential) 
labor market effects. For more details on how we define each intervention type, please 
refer to Appendix A2. Broadly, employment service interventions provide youth with job 
counseling, job search assistance, and/or mentoring services; entrepreneurship promotion 
interventions provide recipients with business advisory services and/or finance and mar-
ket access; skills training interventions offer skills training for young people to improve 
their employability and job access, and subsidized employment interventions comprise 
wage subsidy and public work programs. 

 

                                        
5 Note that, by this definition of track, we are assuming that each intervention within a program has sepa-
rate groups of participants that do not overlap. On the other hand, if a program has a single track that in-
cludes two different services, whereby the same participants take both training and employment services, 
this would be considered a single intervention consisting of two different types. 
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 Types of interventions and constraints 

Type of constraint faced by youth Type of inter-
vention 

Rationale Services under this type of inter-
vention 

Risks Illustrative ex-
amples 

Information gap, limited access to networks, ob-
stacles to applying for jobs (e.g. high transport 
costs) 

Employment & 
Intermediation 
Services 

Creating mechanisms that 
make information exchange 
between (for) employers and 
workers less costly. 

Information Systems/ Counselling, 
based on accurate labor market infor-
mation Mentoring, Training, Job search 
assistance, Support services 

Displacement of 
employment  

Programa In-
serjovem (Portu-
gal), Jordan New 
Opportunities For 
Women 

Limited Access to Credit; Lack of financial capi-
tal, Limited Social Networks, Limited know-
how in setting up a business, bookkeeping, and 
similar skills, Value chain exclusion or discon-
nect 

Youth Entrepre-
neur Promotion 
Programs 

Directly supplying young en-
trepreneurs with access to the 
specific inputs needed for a 
business to succeed. 

Microfinance, business skills training, as-
sessments by experienced professionals, 
facilitating access to value chains, men-
torships that teach management and 
other know-how  

Moral-hazard, 
low-potential pro-
jects, and expen-
sive assessments 
of profitability. 

Women's Income 
Generation Sup-
ports (WINGS, 
Uganda), The 
Prince's Trust 
(UK) 

Inadequate supply of skills – technical, cogni-
tive, and non-cognitive, Low Skill Level, No or 
little work experience, Skills Mismatch, Missing 
“soft” non-cognitive skills, lack of basic skills 
(numeracy/literacy) 

Skills training 
for young peo-
ple 

Training workers with the 
technical, vocational, non-cog-
nitive skills that make them 
desirable to firms 

Different types of training: technical and 
vocational skills, business skills, literacy 
and/or numeracy, behavioral and non-
cognitive skills that are implemented 
both in classrooms or on the job (OJT) 

Governance of 
program. 

Job Corps (US), 
Chile Joven 

Little work experience among youth 
Minimum Wages and mandatory benefits  
Workers productivity is not high enough to out-
weigh the costs of employment of youth  

Subsidized Em-
ployment 

Lowering hiring and labor 
costs of employing workers to 
allow them to gain work expe-
riences which makes them 
more productive. 

Direct payments to employers, tax de-
ductions to employers, direct payments 
to workers, public works. 

Deadweight loss 
(creation of more 
jobs than re-
quired). 

JUMP wage subsi-
dies (JWS, Ger-
many), Youth Hires 
(Canada) 
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3 Search, selection, and coding of primary studies  

The underlying systematic review focused on studies that investigate the impact of single 
ALMPs on labor market outcomes of young people, and that meet well-defined criteria 
related to program population and context (youth targeting), type of intervention, whether 
the study is based on counterfactual analysis, looks specifically at labor market outcomes, 
and several others. The publication format of the study can range from grey literature to 
articles in academic journals, published or posted between 1990 and 2014.  

3.1 Inclusion criteria  

Population and context. – The review is global in coverage and considers interventions from 
all countries, regardless of their level of development. Studies must have investigated 
ALMPs that (i) are designed for – or primarily target – young women and men aged 15 to 
35; (ii) target unemployed youth or those with low levels of skills or limited work experience 
or who are generally disadvantaged in the labor market; and (iii) aim to promote employ-
ment and/or earnings/wage growth among the target population, rather than simply 
providing income support (cf. Heckman et al. 1999).  

Intervention. – Eligible studies must evaluate an ALMP that provided at least one of the 
four categories of interventions (also shown in Table 1) – training and skills development, 
entrepreneurship promotion, employment services, and/or subsidized employment.  

Comparison. – The systematic review includes counterfactual impact evaluation studies 
that measure change in at least one outcome of interest among intervention participants 
and relative to non-intervention participants based on a counterfactual analysis (comparing 
treatment and control groups). Eligible comparison groups include those that receive no 
intervention or are due to receive the intervention in a pipeline or waitlist study. Hence, we 
exclude studies that only measure impacts relative to some other intervention without a 
comparison group. Note that the comparison group of some studies might be exposed to 
interventions other than the evaluated intervention.  

Outcome. – Eligible studies must report at least one measure of one of the primary outcomes 
of interest, namely: employment, earnings, or business performance. The review also cap-
tures outcomes that are measured conditional on other ones and excludes studies that focus 
only on intermediary outcomes without measuring impacts on the above-mentioned primary 
outcomes.  

Study design and characteristics. – The review focuses on completed experimental and 
quasi-experimental evaluations, and considers the following research designs and impact 
evaluation methods: (i) randomized experiments, (ii) methods for causal inference under 
unconfoundedness (classical regression methods, statistical matching, propensity score 
matching), and (iii) selection on unobservables (instrumental variables, regression disconti-
nuity design, difference-in-differences). We consider studies that have been published in a 
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peer-reviewed journal, as a working paper, mimeo, book, policy or position paper, evalua-
tion or technical report, or as dissertation or thesis. Studies published in any language were 
eligible and the pre-registered search and selection process included a translation of studies 
where necessary. The date of publication or reporting must have been between 1990 and 
2014 (inclusive).  

3.2 Study search and selection methods  

The search for relevant literature was based on a variety of sources to ensure that published 
and unpublished studies (“grey literature”) relevant to the research question are included. 
The search process consisted of (i) a primary search – searching of a wide range of general 
and specialized databases, and (ii) a complementary search – hand-searching of relevant 
websites; searching of dissertations, theses, and grey literature databases; literature snow-
balling; and contacting authors and experts. The search included search terms in English, 
Spanish, French, German, and Portuguese. For each source, the review team tested and 
documented several strategies and identified one or more preferred search strategies that 
yielded a comprehensive and precise set of potentially relevant results.  

The primary and complementary search resulted in 32,117 records based on search in more 
than 70 sources, including: 12 specialized databases; 11 general databases; 35 websites, such 
as institutional and conference websites; five dissertations, theses, and grey literature data-
bases; and nine other reviews and meta-analyses. Eighty-six studies were selected as eligible 
for the analysis. After extracting data from the preliminary set of 86 included studies, the 
review team screened 6,782 additional records that were identified through reference lists 
and citation tracking of included studies. This led to the selection of 27 additional studies. 
Overall, our comprehensive search and selection process resulted in 113 studies considered 
eligible for inclusion in this review, which report results for a total of 107 different youth 
employment interventions within 87 separate ALMPs. 

The next step in the data collection process was to extract information from each study 
about the evaluated ALMP, the study sample, and the corresponding effect size estimates 
using a coding tool and a written coding manual along with other quality assurance mech-
anisms.6 The information collected included (i) study characteristics, (ii) intervention char-
acteristics, (iii) characteristics of the subject samples of analysis, and (iv) detailed infor-
mation about the impact estimates. 

                                        
6 The coding tool and coding manual can be retrieved from the authors on request. 
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4 Study and intervention characteristics  

4.1 Characteristics of included studies  

Table 2 provides an overview of the 113 studies included in the database. Sixty-five of the 
studies analyzed interventions from high-income countries and 48 studies covered interven-
tions from low- and middle-income countries, demonstrating the global coverage of the 
review and the substantial share of impact studies from developing and emerging markets 
(Table 2, panel (a)). We were successful in identifying unpublished studies, which is one of 
the core contributions of this review: only around one-third of the studies is from peer-
reviewed journals, with the remainder split between technical reports from implementing 
organizations and working papers (panel (c)).  

Almost half of the studies in the sample were published after 2010, with 21 studies published 
in 2014 alone (Table 2, panel (b)). Most of the latter are working papers. Table 2 also 
provides an overview of the types of outcomes that are evaluated by these studies (panel 
(g)). Within the employment outcome category, most studies estimate the effect on the 
individual employment probability, while 35 studies estimate the effect on hours worked 
(not reported separately in the table). Since only entrepreneurship promotion interventions 
measured business performance outcomes, there are limited observations for these outcomes 
across the sample. 

 Study characteristics 

 n %  n % 

a) Country income   e) Timing of Follow-up   

High-income  65 58% Follow-up <= 1 year 58 51% 

Low and middle-income  48 42% Follow-up > 1 year 71 63% 

b) Year of Publication   f) Subgroup analysis  

1991-2000 14 12% Gender Disaggregated 56 50% 

2001-2005 20 18% Low-income participants 4 4% 

2006-2010 27 24% Education level of participants 13 12% 

2011-2014 52 46% g) Outcome Category   

c) Type of Publication   Employment 98 87% 

Peer-Reviewed Journal 41 36% Earnings 91 81% 

Working Paper 28 25% Business Performance 10 9% 

Technical Report 30 27%    

Other (Book/Dissertation) 14 12% h) Main Intervention Type   

   Skills Training 74 65% 

d) Evaluation Design   Entrepreneurship Promotion  12 11% 

Experimental 53 47% Employment Services  11 10% 

Natural Experiment 12 11% Subsidized Employment  17 15% 
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Quasi-experimental 50 44% Unspecified 9 8% 

Notes: Number of studies = 113. Reports may not be exclusive across the different typologies in this table. 
E.g. one study may estimate multiple outcomes or look into more than one intervention type. 

 

In contrast to other systematic reviews, we find a large share of experimental studies in the 
form of randomized control trials (RCTs). Most of the experimental results have been pub-
lished recently (66 percent after 2010) and, hence, are not included in previous reviews. 
Figure 1 shows the increase in rigorous experimental evidence; furthermore, before 2011 
most RCTs in the sample were conducted in developed countries, while the last five years 
have seen a remarkable increase in RCTs run in developing countries. Most notably, in 2014, 
12 out of 15 RCTs included in this review come from non-developed countries; five of them 
evaluated youth employment programs in Sub-Saharan Africa. 

Regarding the program evaluation features, 39 studies provide impact estimates at multiple 
time points. In addition, 71 studies measure changes in outcomes of interest at more than 
12 months after treatment exposure (Table 2, panel e)). These longer-term effects are esti-
mated primarily for skills training interventions. Relatively few studies provide a subgroup 
analysis in addition to the overall analysis (Table 2, panel (f)), unless the study did not 
evaluate an intervention already targeted at a specific group (e.g. females). In particular, 
only half of the reports in the sample provide separate results for males and females. Only 
a few reports in our sample provide separate treatment effects for disadvantaged, low-in-
come, or low-educated youth. 
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Figure 1. Number of studies by year of publication  

4.2 Characteristics of evaluated interventions  

Some of the 87 youth employment programs covered in this review consist of several inter-
ventions. To provide evidence of which interventions and combinations work best, these 
different types are evaluated separately in the meta-analysis.  

Table 3 provides an overview of the characteristics of the 107 interventions in the sample. 
Many of the interventions provide a combination of different components (panel (c)), with 
more than 50 percent of studies having skills training as the main category of intervention 
(panel (a)).7 In particular, over 30 percent of interventions provide a combination of differ-
ent components for participants (panel (c)). Among single-component interventions, skills 
training-only programs constitute a similarly large share (30 percent).  

The 113 studies included in this review cover a wide range of countries from all major world 
regions. As in previous reviews of ALMPs (e.g., Card et al. 2010 and Betcherman et al. 
2007), a large share of the interventions that are evaluated have been implemented in de-
veloped countries. Another large share of studies comes from Latin America and the Car-
ibbean, where many countries have experimented with ALMPs – in particular, skills train-
ing – and started to evaluate their impact early in the 1990s using quasi-experimental and 
experimental designs. As mentioned above, we include a relatively large number of recent 
ALMP evaluations from Sub-Saharan Africa (15), which contrasts with the number of eval-

                                        
7 The review defines “main category of intervention” as the largest and predominant intervention type within 
a program. If several intervention types are equally distributed across the target population (i.e., an individ-
ual is exposed to more than one intervention type with the same level of intensity), the main category of in-
tervention is classified as comprehensive. 
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uations found in other developing and emerging regions. With regard to scale, most inter-
ventions have a national coverage. In 30 cases, the evaluations considered localized inter-
ventions implemented as pilots (Table 3, panel (f)).  

As regards to program targeting, we identify 16 interventions (15 percent) that serve only 
young women and 45 interventions (42 percent) that focus exclusively on low-income and 
disadvantaged youth. Forty-five percent of interventions target unemployed youth. With 
respect to implementation, most interventions have public and private entities delivering 
services, ranging from the provision of in-classroom training to internships agreements and 
mentoring. Non-Governmental Organizations (NGOs) appear as implementers in about one-
third of the evaluated interventions in the sample (Table 3, panel (g)). 
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 Study characteristics 

 n %   n % 

a) Main category    d) Country income level   

Skills Training 55 51%  High-income  60 56% 

Entrepreneurship Promotion  15 14%  Low and middle-income  47 44% 

Employment Services  10 9%     

Subsidized Employment  21 20%  e) Intervention Region   

Unspecified 6 6%  OECD 56 52% 

    Sub-Sahara Africa 15 14% 

b) Has Component    Europe and Central Asia 4 4% 

Skills Training 68 64%  Latin America & Caribbean 22 21% 

Entrepreneurship Promotion  18 17%  Middle East & North Africa 6 6% 

Employment Services  40 37%  South Asia 4 4% 

Subsidized Employment  25 23%  f) Scale of Intervention   

    National 59 55% 

c) Combinations    Regional 21 20% 

Skills Training Only 31 29%  Local or pilot 30 28% 

Entrepreneurship Promotion Only 14 13%     

Employment Services Only 9 8%  g) Intervention features   

Subsidized Employment Only 12 11%  Target group:    

Training & Entr. Promotion 2 2%  Women only 16 15% 

Entr. Promotion & Empl. Services 1 1%  Unemployed  48 45% 

Empl. Services & Subsidized Empl.  3 3%  Low-Income/Disadvantaged  45 42% 

Training & Empl. Services & more 3 3%  Implemented with:   

    Government 75 70% 

    Private Sector 63 59% 

    NGO/Non-profit 37 35% 

    Multilateral organization 11 10% 
Notes: Number of interventions = 107       

5 Effect size computations and meta-analysis methods  

In order to summarize individual study results and to conduct a multivariate analysis we 
create two measures from the treatment effects reported in the original studies. The 
measures are the standardized mean difference (SMD) and a binary variable indicating 
whether the reported treatment effect is positive and statistically significant (PSS) at a five 
percent significance level.8  

                                        
8 We consider a treatment effect as statistically significant if it has a p-value from a two-tailed test of less 
than 0.05.  
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The SMD captures the relative magnitude of the treatment effect in a way that is unit-less 
and hence comparable across outcomes and studies. It is the ratio of the treatment effect 
(ATT, ITT, or LATE, see below) for a specific outcome relative to the standard deviation 
of that outcome within the evaluation sample that is used to estimate the treatment effect. 
The true effect size (𝜃𝜃) is the mean difference between the treatment (𝜇𝜇𝑡𝑡) and control groups 
(𝜇𝜇𝜇𝜇) as a proportion of the standard deviation of the outcome variables (𝜎𝜎):  

(1) 𝜃𝜃 = 𝜇𝜇𝑡𝑡−𝜇𝜇𝑐𝑐
𝜎𝜎  

The most intuitive form of estimating 𝜃𝜃 is applying Cohen’s d (Cohen, 1988) defined by  

(2) 𝑑𝑑 = 𝑌𝑌𝑡𝑡�������−𝑌𝑌𝑐𝑐��������

 �(𝑛𝑛𝑐𝑐−1)∗𝑆𝑆𝑐𝑐2+ (𝑛𝑛𝑡𝑡−1)∗𝑆𝑆𝑡𝑡
2

𝑛𝑛𝑡𝑡+𝑛𝑛𝑐𝑐−2

 

where 𝑌𝑌𝑡𝑡�  is the mean outcome of the treatment group and 𝑌𝑌𝑐𝑐�  that of the control group. The 
numerator of 𝑑𝑑 captures the treatment effect and is often reported as a treatment effect 
parameter estimate, such as an average treatment effect on treated (ATT), intention-to-
treat effect (ITT), or local average treatment effect (LATE), rather than as differences in 
means; thus, we use D to denote a treatment effect estimate. The denominator of 𝑑𝑑 is the 
pooled standard deviation from standard deviations of the treatment and control groups 
and is equivalent to  

(3) 𝑆𝑆𝑝𝑝 = �(𝑛𝑛𝑐𝑐−1)∗𝑆𝑆𝑐𝑐
2+ (𝑛𝑛𝑡𝑡−1)∗𝑆𝑆𝑡𝑡

2

𝑛𝑛𝑡𝑡+𝑛𝑛𝑐𝑐−2  

where 𝑛𝑛𝑡𝑡 and 𝑛𝑛𝑐𝑐 are the sample sizes of the control and treatment groups, respectively, and 
𝑆𝑆𝑡𝑡 and 𝑆𝑆𝑐𝑐 are the sample standard deviations of the control and treatment groups, respec-
tively. While 𝑑𝑑 is an intuitive estimator for 𝜃𝜃, it has been shown that 𝑑𝑑 has a bias, as it 
overestimates the absolute value of 𝜃𝜃 in small samples (Hedges, 1981). For this reason, we 
use a small sample size adjusted estimator referred to as Hedges’ g, which is discussed in 
Appendix A3. 

A challenge we encountered in the data extraction is the limited information available to 
compute g. Standard deviations for the treatment, control, and full sample groups were 
often missing, even after contacting the original study’s authors in attempts to acquire this 
information. In such cases, the standard deviation of the outcome variable is approximated 
using the formula from Borenstein et al. (2009b)  

(4) 𝑆𝑆𝑝𝑝 = 𝑆𝑆𝑆𝑆 ∗ �𝑛𝑛𝑐𝑐∗𝑛𝑛𝑡𝑡
𝑛𝑛𝑐𝑐+𝑛𝑛𝑡𝑡

 

where SE is the Standard Error of a means test (e.g. standard error of the regression coef-
ficient estimate).  

The median number of treatment effect estimates per study is 12, with some reports provid-
ing more than 100 estimates. We implement the following procedure to arrive at summary 
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effect sizes for each study and avoid permitting outcomes of one individual beneficiary 
influence the aggregate effect size measure twice: first, we identify a single effect size for 
each same independent group of study participants and per outcome to remove redundancy.9 
In cases without clear justification for dropping some effect sizes over others, we apply 
combine effect sizes from the same independent population as suggested by Borenstein et 
al. (2009a). The procedure is explained in detail in Appendix A4. 

With one effect size per intervention, we can create aggregate effect sizes for different group-
ings of interventions as well as an aggregate effect size for the whole sample. Given the 
breadth of interventions included in our sample, it is likely that not all interventions have 

an identical effect size but, rather, that each intervention’s true effect size (𝜃𝜃𝑖𝑖) deviates 
from the true aggregate effect size for the overall intervention group it belongs to. Further-
more, each observed effect size, estimated by Hedges’ g, contains a sampling error, and 
consequently giwill either be less than or greater than 𝜃𝜃𝑖𝑖. This can be expressed as  

(5) gi = 𝜇𝜇 + 𝜁𝜁𝑖𝑖 + 𝜀𝜀𝑖𝑖 = 𝜃𝜃𝑖𝑖 + 𝜀𝜀𝑖𝑖 

where μ is the true aggregate effect size for the group as a whole, ζ𝑖𝑖 is the deviation of the 
true effect size of intervention i from the group’s aggregate effect, and 𝜀𝜀𝑖𝑖 is the sampling 
error. In order to estimate the true aggregate effect size for the group as a whole (𝜇𝜇), 
equation (5) is estimated using a random effects regression. Moreover, we use a weighted 
random effects regression with weights defined as each study’s inverse variance to obtain 
the most accurate estimate of 𝜇𝜇. 

In the case of PSS, we provide a weighted average of the effect sizes such that each study 
within the group carries equal weight for the aggregates. As with Hedges’ g, the PSS average 
is based on independent groups created by methods described in Appendix A4. 

In this paper, we add to the results from the technical report of the systematic review 
(Kluve et al. 2017) and extend the quantitative analysis with multivariate meta-regression 
models. While equation (5) allows us to analyze the difference between groups of interven-
tions, multivariate regression models enable us to explore correlations between effect sizes 
and correlates of interest in the subsequent sections while controlling for potential con-
founding factors (e.g. differences in study design). We employ three different estimation 
procedures. In the Appendix A4, we discuss the strength and weaknesses of each approach 
as well as sources for potential differences in results.  

                                        
9 By redundancy we mean providing additional information about a group that is not needed for the desired 
level of aggregation. For example, if the goal is to create program aggregates for all participants, then male 
and female subgroup estimates may be dropped. On the other hand, if the goal is to create an aggregate for 
females for each program, then pooled estimates would be dropped.  
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First, we estimate a random effects inverse-variance weighted random effect regressions on 
Hedges’ g as in equation (5). Second, as a robustness check to this estimation procedure, 
we estimate weighted least square regressions with clustered standard errors on Hedges’ g: 

(6) 𝑌𝑌𝑖𝑖𝑖𝑖 = 𝑋𝑋𝑖𝑖𝑖𝑖𝛿𝛿 + 𝜀𝜀𝑖𝑖𝑖𝑖 

where 𝑌𝑌𝑖𝑖𝑖𝑖 is effect size i extracted from study j and 𝑋𝑋𝑖𝑖𝑖𝑖 are the relevant covariate values for 

the sample (or sub-sample) used in estimating 𝑌𝑌𝑖𝑖𝑖𝑖. To control for publication bias, we follow 

the procedure suggested by Stanley and Doucouliagos (2012). The authors argue that in-
cluding the squared standard error (i.e. the variance) of the effect size estimate in the 
weighted least squares model accounts for the potential effect of publication bias, and the 
resulting coefficient estimate would provide an indication of the magnitude (and signifi-
cance) of the effect (for a detailed discussion of the effect of small-sample and publication 
bias on our results, see Appendix A5). We weight the regressions by the inverse of the 
number of effect size observations contributed by each intervention and cluster standard 
errors at the intervention level. Third, for analysis of the bivariate effect size indicator 
𝐼𝐼𝑝𝑝𝑝𝑝𝑝𝑝,𝑖𝑖 , we estimate the following probit model via Maximum Likelihood:  

(7) 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃�𝐼𝐼𝑝𝑝𝑝𝑝𝑝𝑝,𝑖𝑖 = 1�𝑋𝑋𝑖𝑖� = 𝛷𝛷(𝑋𝑋𝑖𝑖𝛿𝛿) 

where Φ(. ) is the Cumulative Distribution Function (CDF) for the standard normal distri-
bution, 𝑋𝑋𝑖𝑖 is a vector of the covariates of interest, and δ is the vector of parameter being 
estimated. The covariates include intervention characteristics, outcome characteristics, and 
study characteristics. The results from this model are reported as marginal effects. For all 
regressions, we use the fully disaggregated effect sizes to retain the variation with respect 
to covariates. 

6 Results  

6.1 Aggregate effect sizes  

After reviewing the 113 primary studies, we identified and coded 3,567 treatment effects. 
We have the necessary statistical information to construct the binary PSS indicator variable 
for a total of 3,105 effect sizes and to compute standardized mean differences in 2,258 cases. 
Our number of effect sizes is substantially higher than in other systematic reviews: Card et 
al. (2017) use 857 estimates for 526 different program-type/participant subgroup combina-
tions; Tripney et al. (2013) calculate 92 effect sizes; Grimm and Paffhausen (2015) are able 
to code 116 effect sizes. Our substantially larger sample of effect sizes is, to some extent, 
the result of intensive efforts to acquire missing information from authors: solely relying on 
primary studies would have provided the required information to compute Hedges’ g for 
only 13 percent of reported treatment effects. Using the methods described in the previous 
section and Appendix A4 we create the aggregate PSS for the pooled sample as well for 
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several subgroups of interventions and outcomes separately.10 These resulting average effect 
sizes are reported in Table 4.  

Overall, the results from the random effects model show that many youth employment 
interventions have a positive and statistically significant effect, but that this does not apply 
to all subgroups of interventions. Slightly more than one-third of the impact estimates are 
positive and statistically significant. Across the various dimensions captured in Table 4 we 
observe that the percentage of positive statistically significant estimates typically lies in 
this range, with a few exceptions that are above forty percent (subsidized employment 
interventions and some particular intervention design features). Results from estimating the 
aggregate random effects model (equation (5)) are consistent with this, with an overall 
estimate for Hedges’ g of 0.04 and a 95 percent confidence interval ranging from 0.02 to 
0.06. The fact that the unconditional mean effect size across all studies is as small does not 
necessarily imply that youth employment programs are not effective, but that effect size 
estimates vary significantly across intervention types and/or program features.  

Looking at the differences across intervention categories, the unconditional analysis provides 
initial evidence on whether specific types of programs are more likely to succeed: we find 
that programs in which the main intervention focus is employment services or subsidized 
employment (along with interventions whose single focus is not specified) have an effect size 
that is statistically indistinguishable from zero. We estimate Hedges’ g for these three types 
of interventions quite precisely, without extreme or outlying values relative to the estimates 
of other subgroups, suggesting that our null results are “real” and that the reason for the 
generally insignificant effect sizes are indeed the small intervention impacts. The reason 
may be twofold: first, on the design side, this may be related to within-program / within-
study heterogeneity. That is, programs are not well-targeted or they are not offering the 
right combination of interventions to address a diverse set of beneficiaries facing multiple 
constraints. Second, even if programs are well designed, they may be affected by implemen-
tation challenges – in particular whether participants are actively participating and com-
pleting all components; and whether program staff are facing the right incentives to imple-
ment the program as designed.  

Further, there is a substantial contrast between entrepreneurship promotion interventions 
and skills training interventions with respect to the unconditional aggregate effect sizes. 
Whereas both types of interventions have similar proportions of positive and statistically 
significant impact estimates (0.37), the aggregate effect size for entrepreneurship programs 
is more than twice the aggregate effect size for skills programs (0.12 compared to 0.05), 
while having a much lower level of precision (standard error of 0.08 compared to 0.02).   

                                        
10 In this table, as in our main regressions, we winsorize standardized mean differences (Hedges’ g) at the 1% 
and 99% level, and drop outliers above 0.75 or a standard error above 0.75. Our results are robust to various 
measures of dealing with outliers. 
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 Study characteristics 

  
 

% PSS 
 Aggregate* 

Hedges' g 
95% Confidence Interval 

  Lower Bound Upper Bound 
Main category of program       
Skills Training   0.37  0.05*** 0.02 0.07 
Entrepreneurship Prom.  0.37  0.12*** 0.04 0.19 
Employment Services  0.17  0.00 -0.03 0.03 
Subsidized Employment  0.41  0.02 -0.01 0.05 
Unspecified  0.24  0.04 -0.03 0.10 

       
Outcomes       
Earnings Outcomes (combined) 0.32  0.04*** 0.02 0.05 
Employment Outcomes (combined) 0.36  0.05*** 0.03 0.06 
Specific outcomes:        
Employment Probability  0.39  0.06*** 0.04 0.08 
Number of hours/days worked  0.26  0.03** 0.00 0.06 
Income  0.35  0.04*** 0.02 0.06 
Salary/Wage  0.35  0.03*** 0.02 0.05 

       
Design features       
Offered extra services:  Yes 0.37  0.05*** 0.02 0.09 
 No 0.33  0.04*** 0.02 0.05 
Profiled participants: Yes 0.39  0.06*** 0.02 0.10 
 No 0.28  0.04*** 0.01 0.06 
Participant engagement: Yes 0.41  0.05*** 0.03 0.06 
 No 0.17  0.03* 0.00 0.06 
Incentives to service providers: Yes      
 No 0.43  0.06*** 0.03 0.09 
  0.32  0.05*** 0.01 0.08 
Type of participant       
Gender Male 0.35  0.04*** 0.02 0.06 
 Female 0.30  0.08*** 0.04 0.11 
Low-income/disadvantaged: Yes      
 No 0.35  0.06*** 0.03 0.10 
  0.34  0.03*** 0.01 0.05 
Country       
High Income Countries  0.34  0.02** 0.00 0.04 
Low and middle income (combined) 0.37  0.09*** 0.06 0.12 
Low income  0.34  0.15*** 0.10 0.21 
Middle income  0.38  0.06*** 0.03 0.10 
Sub-Saharan Africa  0.31  0.14*** 0.09 0.19 
Latin American and Caribbean 0.50  0.10*** 0.05 0.15 

       
Total  0.35  0.04*** 0.02 0.06 
Notes: PSS: Positive and Statistically Significant All aggregated measures estimated are based on independent 
groups. Aggregate Hedges' g represents estimate of μ from random effects inverse variance weighted regression 
(see equation 5 above). SMDs are winsorized at the 1% and 99% level, and cleaned of outliers above 0.75 or 
with a standard error above 0.75. For variable definitions see Appendix A3. *, ** and *** denote statistical 
significance at 10 percent, 5 percent, and 1 percent level of significance respectively. 
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Nonetheless it seems – from the perspective of unconditional estimates – that entrepreneur-
ship promotion programs have greater treatment effect magnitudes. At the same time, it 
should be noted that entrepreneurship programs and skills training programs are often 
implemented in different contexts. There is large variation for skills training programs 
(partly due to the large number of skills programs in our sample) in terms of target popu-
lations, scale, implementers, and location, among other factors. In contrast, the entrepre-
neurship programs in our sample are more homogeneous, as they tend to be implemented 
at a smaller scale, targeting poor and disadvantaged populations, and more frequently tak-
ing place in lower-income countries. Hence, the difference in effect size magnitudes should 
be interpreted with caution and requires testing with conditional analysis, which we do in 
the multivariate regressions below.  

In terms of outcomes, the aggregate estimates indicate comparable findings for earnings 
and employment results, with a similar proportion of positive and significant impact esti-
mates (0.32 and 0.36) and comparable aggregate effect sizes (0.04 and 0.05). Breaking down 
these categories into more specific outcomes (where we have a sufficiently large number of 
observations), we find that the impacts of youth employment programs tend to be the 
largest on the probability of employment.11 Youth employment program effects on other 
employment outcomes, which include labor force participation, unemployment duration, 
quality of employment,12 and hours worked, yield smaller values and drive the aggregate 
effect size for employment outcomes down. For the two most common types of earning 
outcomes, income and hourly wages, we observe very similar impacts (0.04 and 0.03). 

Both the PSS results and aggregate effect sizes show that several elements of the program 
design have a strong impact on the outcomes of programs, specifically i) including a focus 
on features that increase the likelihood that participants finish and/or perform better in 
the programs (engagement), ii) proactively using information about individual participants 
to direct them to the services that best fit their constraints (profiling), and iii) providing 
service providers with incentives based on results. The contrast is starkest with respect to 
the proportion of the estimates in evaluations that were positive and statistically significant. 
Programs with engagement mechanisms have over twice the proportion of positive and 
statistically significant estimates (0.41 compared to 0.17) than those without, while inter-
ventions that profile participants or incentivize service providers are each 11 percentage 
points more likely to report a significant positive impact. However, as with the other un-
conditional estimates discussed in this section, without conditional (multivariate) analysis 
the weight placed on these differences is limited, and they cannot be generalized, since often 
profiling and engagement mechanisms correlate with certain program types. For example, 

                                        
11 To provide a more representative picture we have combined employment and unemployment probabilities.  
12 Quality of employment captures intervention effects on outcomes such as attaining a fixed contract and re-
ceiving benefits.  



37 

subsidized employment programs by their very nature include financial incentives to con-
tinue participation, since there is a direct link between payment and attendance.  

Finally, the aggregate estimates provide initial evidence that youth employment programs 
in certain macroeconomic contexts and targeting certain populations have better evaluation 
results in general: programs that target low-income populations have larger effects com-
pared to programs without income targeting, and programs in high-income countries have 
smaller effects compared to those in low- and middle-income countries.  

6.2 Multivariate meta-regression results  

Our main objective is to analyze the effects of covariates on employment and earnings 
outcomes. We exclude business outcomes from the multivariate meta-analysis since the 
number of effect sizes is very small, pertains only to the sample of entrepreneurship inter-
ventions, and is often measured at enterprise rather than the individual level. As outcome 
measures, we use the probability of a PSS effect, as well as Hedges’ g, which is the SMD 
corrected for small-sample bias.  

In terms of covariates, we focus on four dimensions: the type of program; the country 
context and income level; individual characteristics of the participants; and general infor-
mation about program design. We start with the most parsimonious specification, including 
only the main type of interventions as covariates. As a first step, we add variables to control 
for evaluation design and publication type. Some meta-analyses aim to control for the qual-
ity of evaluations by coding a risk-of-bias score for each effect size based on how well the 
study addresses potential confounders (e.g. attrition). We favor a design-based approach as 
suggested by Duvendack et al. (2012) and include dummies for the respective method to 
control for unobservable sources of confounding in quasi-experimental studies. We believe 
this provides a more objective and transparent assessment to which extend empirical ap-
proaches correlate with effect size estimates without enforcing an (ex-ante) hierarchy of 
methods. We further include an indicator variable whether the treatment effect estimate 
represents an ITT estimator rather than the Average Treatment Effect on the Treated 
(ATET). The rationale is that the two types of estimators can have largely different impli-
cations in terms of effect size magnitude, external validity and policy making. Finally, we 
control for sample size to account for the possibility that large-sample studies are more 
likely to find statistically significant impacts.  

In a second step, we include further explanatory variables that are likely to correlate with 
the effect size estimate according to our theory of change. Due to missing information about 
intervention characteristics in the original studies, the inclusion of further covariates reduces 
the number of studies in the sample. Hence, the set of specifications reported aim to strike 
a balance between informative content and sample size. We provide further specifications 
in Appendix A6 which show that our qualitative results hold across specifications. 
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The results for our full sample of effect size estimates are presented in Table 5. Columns 
one to three of Table 5 show different specifications of the weighted least squares regressions 
on Hedges’ g in equation (6); columns four to six show the same specification using a 
(inverse-variance weighted) random effects regressions on Hedges’ g; and columns seven to 
nine display the probit regressions on whether the outcome is positive and statistically 
significant of equation (7). Table 6 and 0 contain results for estimating the same nine 
specifications separately in the sample of high- and low-income countries.  

The regression tables (Table 5) report the three different specifications mentioned above, 
each comprising different sets of covariates. Moving from specification (1) to (3), the power 
gains from the additional explanatory variables come at the cost of decreasing number of 
observations. We add covariates in four blocks: evaluation/study features, program design 
features, outcome characteristics, evaluation sample, and the implementing organization. 

We start by assessing differences in effect sizes across intervention types, with skills training 
programs as base category against which coefficient estimates should be interpreted. Over-
all, we do not observe a clear pattern indicating that specific program types or combinations 
of interventions systematically outperform others in the estimation results for the pooled 
sample. Even though coefficient estimates are negative in some specifications for certain 
intervention types (implying that skills training are the most effective), these patterns are 
generally not consistent across specifications and regression models. This result suggests 
that some of the differences in unconditional aggregate effect sizes found in the prior section 
may not hold when accounting for other features related to the intervention or evaluation 
design. Following our theory of change, this result is not surprising: we expect that the 
effect of any given intervention on labor market outcomes will depend on the interaction of 
specific design features with beneficiaries’ characteristics and country context. Hence, such 
design features may explain some of the variation within intervention types and we discuss 
these in turn. 

  



39 

 Meta-regression results: full sample 

All countries 
pooled 

Weighted Least Squares 
Hedges' g regressions 

 
Random Effects SMD  

regressions 

 
PSS probit  
regressions  

(1) (2) (3) 
 

(1) (2) (3) 
 

(1) (2) (3) 
Main intervention category 

        

(base=skills training) 
        

Entr. Prom. .03 .059 .067* 
 

.036** .002 .104*** 
 

.028 .024 .079  
[.59] [1.33] [1.70] 

 
[2.09] [.08] [4.14] 

 
[.25] [.21] [1.00] 

Empl. Serv. -.059** .015 .056 
 

-.026** -.001 .089*** 
 

-.138 -.028 .178  
[2.38] [.48] [1.04] 

 
[2.57] [.10] [3.17] 

 
[1.45] [.29] [1.18] 

Subs. Empl. -.036 -.084** .03 
 

-.031*** -.035** .027 
 

.035 -.235*** -.105  
[1.27] [2.14] [.88] 

 
[3.56] [2.04] [1.20] 

 
[.42] [2.62] [1.06] 

Unspecified .001 -.006 -.061 
 

-.041*** -.044*** -.038* 
 

-.093 .057 .007  
[.02] [.09] [.80] 

 
[3.06] [2.79] [1.81] 

 
[1.09] [.37] [.03] 

Study features 
           

Log Sample Size -.023** -.025** 
  

-.008** -.012*** 
  

.049* .050**   
[2.40] [2.56] 

  
[2.20] [2.95] 

  
[1.87] [2.06] 

Peer-Reviewed -.005 -.022 
  

-.01 -.006 
  

.032 .014   
[.19] [.84] 

  
[.96] [.61] 

  
[.43] [.17] 

ITT -.026 -.009 
  

-.021* -.008 
  

-.087 -.115*   
[.65] [.19] 

  
[1.74] [.69] 

  
[1.18] [1.94] 

Variance .092 -.908* -.649 
        

 
[.17] [1.86] [1.15] 

        

Research Design (base=RCT) 
          

RDD 
 

-.007 
   

.009 
     

  
[.09] 

   
[.09] 

     

DiD 
 

.122** .144** 
  

.016 .133*** 
  

-.007 
 

  
[2.03] [2.28] 

  
[.84] [3.97] 

  
[.05] 

 

Cross-sectional  
 

.094 .106** 
  

.003 .096*** 
  

.176 .181   
[1.48] [2.11] 

  
[.15] [3.65] 

  
[1.57] [1.28] 

Panel C.A. 
 

.036 .091 
  

-.028 .091** 
  

.183 .397*   
[.60] [1.29] 

  
[1.27] [2.45] 

  
[1.12] [1.92] 

Combined/other 
 

-.019 .003 
  

.011 .069*** 
  

-.19 -.006   
[.41] [.08] 

  
[.68] [4.64] 

  
[1.32] [.06] 

High income 
 

-.110*** -.146*** 
  

-.080*** -.156*** 
  

-.256*** -.469***   
[3.47] [4.39] 

  
[6.69] [1.58] 

  
[3.04] [4.20] 

Program design  
           

Additional services 
 

.017 .089*** 
  

.002 .105*** 
  

-.025 .125   
[.59] [3.39] 

  
[.15] [6.88] 

  
[.29] [1.31] 

Profiling 
 

.048 .065** 
  

.030** .041*** 
  

.104 .113   
[1.60] [2.44] 

  
[2.58] [2.75] 

  
[1.51] [1.35] 

Engagement .094*** .079*** 
  

.064*** .088*** 
  

.276*** .356***   
[2.90] [3.72] 

  
[5.15] [7.32] 

  
[2.95] [3.47] 

Incentives for SP .060* .03 
  

.031*** .060*** 
  

.096 -.028   
[1.82] [.96] 

  
[2.79] [4.62] 

  
[1.09] [.33] 

Soft skills training .018 
   

-.003 
   

-.141    
[.40] 

   
[.19] 

   
[1.26] 

Outcome  
         

Employment  .008 
   

-.014** 
   

-.018 
(base=earnings) [.43] 

   
[2.07] 

   
[.39] 

Estimate unadj.  -.12 
   

-.006 
   

.021 
diff. in means 

  
[1.66] 

   
[.44] 

   
[.14] 

Follow-up 1 year 
  

.066*** 
   

.051*** 
   

.270*** 
after exiting  

  
[3.36] 

   
[6.12] 

   
[4.01] 

Table continues on next page 
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All countries 
pooled 

Weighted Least Squares 
Hedges' g regressions 

 
Random Effects SMD  

regressions 

 
PSS probit  
regressions  

(1) (2) (3) 
 

(1) (2) (3) 
 

(1) (2) (3) 
Sub-sample 

    
.043** 

    

Low income/disadv. 
 

.021 
   

[2.53] 
   

.172*    
[.68] 

   
-.004 

   
[1.86] 

Male  
  

-.041* 
   

[.37] 
   

-.08 
(base=pooled) [1.70] 

   
-.01 

   
[1.52] 

Female 
  

.001 
   

[1.18] 
   

-.069 
(base=pooled) [.07] 

   
.007 

   
[1.24] 

Young (<25) 
  

.006 
   

[.83] 
   

.007    
[.18] 

       
[.07] 

Implementer 
         

(base=public & private) 
        

Government only 
  

-.034 
   

-.049** 
   

-.168    
[.75] 

   
[2.04] 

   
[1.08] 

Private sector only 
  

.044 
   

.039** 
   

.112    
[1.21] 

   
[2.25] 

   
[.93] 

Constant .071*** .189** .136 
 

.049*** .115*** .002 
    

  [3.79] [2.50] [1.62] 
 

[12.47] [3.71] [.06] 
    

R2  0.02 0.21 0.34 
 

. . . 
    

N 2,000 1,365 985 
 

1,999 1,365 985 
 
2,932 1,437 1,015 

# of interventions: 97 57 38 
 

97 57 38 
 

105 57 38 
# of studies: 96 69 52 

 
96 69 52 

 
104 66 50 

Notes: Regressions weighted by inverse of number of observations coming from each intervention and errors 
clustered at the intervention level. Marginal effects evaluated at the variable means reported for probit regres-
sions. Engagement refers to engagement mechanism for participants. SP = Service Providers. ITT = Inten-
tion-to-treat estimate. Research designs refer to: RCT = Randomized Controlled Trial; RDD = Regression 
Discontinuity Design; DID = (Regression-adjusted) Difference-in-Differences; Cross-Section C-A = Covari-
ate-adjustment (matching- or regression-based) with cross-sectional data; Panel C-A = Covariate-adjustment 
(matching- or regression-based) with panel data; Combined/other = Combination of methods or other meth-
ods. For variable definitions see appendix. * p<0.1; ** p<0.05; *** p<0.01. 

Second, we document that programs which profile beneficiaries are more likely to succeed 
and have larger effect sizes. Profiling, for example, allows program managers to better un-
derstand and respond to the needs and constraints facing different groups of beneficiaries. 
A program proactively taking information from participants to enable them to succeed, 
such as the Programa de Capacitación Jóvenes con Futuro (JCF) in Colombia or the Galpao 
Program in Brazil, uses information about participant aptitudes to place them in the type 
of training where candidates may be most likely to succeed. However, profiling does not 
necessarily imply that each individual needs to have a differentiated treatment. Instead, the 
ability to group beneficiaries into broad categories – from those who require only minimal 
support to those who are hard to serve – seems to be critical for the performance of the 
program. The Adolescent Girls Employment Initiative (AGEI) in Nepal applied an innova-
tive approach by incorporating a results-based system whereby training providers received 
different bonus payments for successfully placing participants from specific vulnerable pop-
ulations in “gainful” employment.  

Third, the continuous follow-up and engagement of beneficiaries is important for program 
performance. Following up on beneficiaries is not only necessary to assess whether a given 
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intervention is delivering the expected results, but also to obtain timely feedback in terms 
of whether adjustments to the intervention are required, both in the composition and in-
tensity of different services. In general, this requires having in place adequate monitoring 
and evaluation systems. For example, the Women’s Income Generation Support (WINGS) 
in Uganda, which focuses on entrepreneurship promotion activities, requires that staff main-
tain close supervision of business activities for the first few business cycles and provide 
advice on meeting market challenges and implementing sound business practices. While 
continuous follow-ups and monitoring also address the problem of beneficiary drop-out, 
providing incentives for beneficiaries to stay in the program can also be used for this pur-
pose. The Satya/Pratham program in India, which provides young women with specific 
skills training, requires beneficiaries to deposit Rs 50 per month for continuing in the pro-
gram. This means that participants have to be ready to commit a total of Rs 300 for the 
entire duration of the training program with a promise that upon program completion, they 
would be repaid Rs 350.  

Fourth, the evidence regarding incentives for providers continues to support what we see in 
the aggregate group statistics (Table 5), but is less persuasive regarding its influence on the 
proportion of results that are positive and statistically significant. In principle, programs 
that pay service providers based on results and performance are more likely to have positive 
impacts. There are different examples of how contracts and payment systems can be struc-
tured in this way. The 2008 Employment Package, a Turkish subsidized employment pro-
gram, combined a payroll tax subsidy to employers for newly hired employees with cuts in 
their social security payments of employers. In Contrat Jeune en Entreprise in France, a 
subsidized employment program with a negligible impact based on its evaluation results, 
firms are entitled to claim a subsidy whenever they hire an eligible young worker on an 
open-ended contract. Unfortunately, the information about contracting and payment sys-
tem in our sample of programs is quite sparse. We are thus only able to distinguish between 
programs that provide some type of incentive system to providers explicitly mentioned in 
the program materials and programs that do not have such an incentive.  

Fifth, another important finding for the design of interventions is that training programs 
that focus on soft or non-cognitive skills may not be the silver bullet that many expected 
them to be. Several studies have emphasized the role that non-cognitive skills have in de-
termining labor market outcomes. For example, programs such as the Jovenes in Latin 
America and the Caribbean became well known, in part, because of their focus on non-
cognitive skills training. There are also examples of soft-skills playing a prominent role in 
programs with large positive labor market outcomes. For instance, in The Employment 
Fund (Nepal) girls were taught soft skills during a 40-hour course based on a context-
tailored curriculum that identified the most relevant soft skills, including negotiating skills, 
dealing with discrimination, worker’s rights education, sexual and reproductive health, busi-
ness development, and financial management skills (among others). Our results, however, 
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suggest that other things being equal, programs that include training in socio-emotional, 
behavioral, and non-technical skills do not necessarily do better than other programs. On 
the contrary, under some specifications, once we control for key design features, these pro-
grams seem to have been less likely to achieve positive outcomes.  

The JOBSTART program in the U.S. offers an illustration of a training program with soft 
skills components and limited impacts. JOBSTART applied an intensive exposure model 
through which it provided school dropouts with training on work-readiness, life, and com-
munication skills. Another example of an intervention with soft skills training and limited 
impact is Entra 21, implemented in several Latin American countries by different organiza-
tions. In that case, soft skills were broadly defined from writing résumés and job search 
support to reproductive health (Alzua 2007).  

These empirical results from soft skills may be due to the broad set of non-technical skills 
components that have been applied in our sample, making it difficult to determine empiri-
cally which soft skill components are most likely to have positive impacts, and for which 
target group. Although much of the literature (Cunningham and Villaseñor 2016, Heckman 
and Kautz 2012) suggests soft skills are important for successful labor market outcomes, 
the empirical analysis in this literature on individuals’ outcomes tend to focus on one type 
of soft skills, rather than the breadth found in our sample. Duckworth et al. (2007) find 
that “grit” is key to achieving high-term goals. Almlund et al. (2011) find that the degree 
to which specific types of skills are important depends on the scenario; i.e. personality traits 
are more important for lower complexity jobs, higher complexity jobs demand better cog-
nitive skills. In our sample, there was no standard set of skills covered. While the most 
common skills were communication, work place conduct, team work, work readiness, job 
search skills, we could identify over 30 different types of skills.13 Moreover, there was signif-
icant variation in the design and implementation of soft skills components found in our 
sample, such as in modality, duration, and intensity. Training modality in our sample 
spanned classrooms, workshops, on the job, one-on-one instruction by counselors or men-
tors, through arts and sports, and through community service. Duration and intensity went 
from programs like Jordan Now, who offered an intensive 45-hour course over nine days, to 
Entra 21’s ADEC program in Argentina which covered 76 hours of life skills during its two-
year duration. 

Following our analysis of program design features, we turn to the relevance of having specific 
implementing organizations deliver a youth employment program. Results in the pooled 
sample suggest that programs implemented by the private sector alone, as opposed to joint 

                                        
13 Aside from those listed above other skills include problem solving, successful work habits, social skills, self-
esteem, personal planning, interpersonal relationships, leadership, time management, positive thinking, organ-
ization, financial management, competencies, anger management, negotiation, motivation, ethics, accountabil-
ity, problem resolution, life coping skills, taking feedback, and respecting diversity. Because of a lack of stand-
ard definitions for skills categories some of the skills may overlap. 
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public-private implementation or sole implementation by the government, lead to moder-
ately larger gains (as shown in the random effect regressions and probit regressions). Our 
main interpretation of this result is that programs managed by the private sector may be 
more likely to have built-in incentives to respond to the needs of employers and job seekers. 
In the next section, we further qualify this finding when disaggregating the sample in high- 
versus middle- and low-income countries.  

Turning to the impact on different participant groups, the multivariate regressions do not 
show differences in effect sizes based on participants’ age or gender. We find some evidence 
that programs focusing on vulnerable youth – either low-income workers or youth at risk – 
report larger effect sizes, consistent with the evidence in the aggregates discussed in Table 
4. Generally, one would expect that programs dealing with targeted groups should be better 
able to tailor their interventions according to specific needs. Our analysis, however, suggests 
that programs that are able to flexibly respond to each participant’s individual barriers are 
more likely to succeed than those that target specific groups with an ex-ante fixed approach 
to each beneficiary.  

In terms of the type of evaluation features, the pooled estimation results show some inter-
esting patterns. First, in line with other meta-analyses (e.g. Card et al. 2017), studies based 
on randomized experiments generally show smaller effect size estimates than quasi-experi-
mental studies, regardless of the method of adjusting for potential confounders used in the 
latter. Second, studies published in peer-reviewed journals also report lower effect size esti-
mates. Third, a larger sample size is significantly correlated with smaller effect size magni-
tudes, but with a significantly higher likelihood of finding a positive statistical significant 
effect.14 Fourth, in line with our expectations, effect size estimates based on an ITT estima-
tor tend to be smaller in magnitude than effect sizes based on ATET estimators, and are 
less likely to be positive significant. Finally, and most importantly, our meta-regression 
results clearly show that the duration between program exit and outcome measurement 
correlates significantly with effect size magnitude: program evaluations that estimate im-
pacts over one year after the intervention are more likely to identify significant results. This 
finding is in line with the detailed timing patterns carved out in Card et al. (2010, 2017). 
Our finding indicates that, in most cases, ALMPs do not have immediate effects either on 
employment rates or on earnings. Consequently, long-term evaluation studies are important 
to gauge true program success.15  

                                        
14 In Appendix A5, we assess whether we observe any systematic positive bias in reported effect size estimates 
that could be related to publication bias (the so-called file-drawer problem). Since we find some indication for 
publication bias, we discuss our measure to adjust for this and provide further robustness test of our main 
estimates.  
15 An alternative explanation is that programs that are already successful in the short-run are more likely to 
be followed-up in the long run -- i.e. sample selection, likely driven by research interest in successful programs. 
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Finally, the pooled meta-regression results clearly show that programs implemented in low- 
and middle-income countries are more likely to succeed and have larger effect sizes than 
programs implemented in high-income countries. The average effect size is 0.08 to 0.15 
standard deviations lower for programs conducted in high-income countries. One explana-
tion is that differences in performance reflect differences in the severity of the constraints 
facing beneficiaries to access jobs and improve their earnings. High-income countries could 
be dealing, on average, with population groups that are harder to serve or for whom there 
are fewer job opportunities relative to those facing beneficiaries in low- and middle-income 
countries. Moreover, the larger impacts can be associated with low- and middle-income 
countries having a low starting point, i.e. representing a “catch-up” phenomenon or condi-
tional growth. We also conjecture that programs in the latter set of countries tend to be 
newer and might have benefited from better designs and technical innovations.  

6.3 Results by country income level  

Stratifying the sample by country income group addresses a key dimension of impact het-
erogeneity of youth employment interventions. The types of interventions in the groups of 
countries are markedly different. For instance, in high-income countries employment services 
and subsidized employment interventions are more frequent. Middle- to low-income coun-
tries, on the other hand, tend to focus more on entrepreneurship programs. The empirical 
results, estimating the same outcomes and model specifications as in the pooled analysis 
for both groups separately are found in Table 6 and Table 7. For brevity, we focus the 
discussion on those results for which we observe differences between the two country groups 
or results deviating from the pooled results.  

As in the pooled analysis, differences between program types are not very strong overall, 
and few clear patterns emerge that hold across specifications. In high-income countries, for 
instance, we find some evidence that wage subsidies tend to be less successful than other 
interventions, which is consistent with other reviews of this type of program (see Almeida 
2012). In middle- and low-income countries, studies of employment service programs often 
report small and/or non-significant effect sizes. However, only few employment service pro-
grams remain in the low- and medium income country sample, meaning that our results 
could be driven by a small number of programs.  

Our findings in terms of program design and implementation are less ambiguous and gen-
erally support the results of the pooled analysis. Following the five indicators of program 
design (as in the pooled analysis above), we observe that: first, programs that add extra 
services to the main intervention tend to do better, regardless of the country income level. 
Second, the positive correlation of participant profiling in the pooled sample appears to be 
driven by low- and middle-income country programs (increasing both the proportion of 
positive evaluation estimates and the effect size magnitude). Third, participant engagement 
mechanisms are associated with more successful programs, regardless of country income. 
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Fourth, and somewhat surprisingly, incentive mechanisms for service providers are corre-
lated positively with the likelihood of obtaining positive and significant program effect sizes 
in high-income countries but are negatively correlated in low- and middle-income settings. 
Finally, in line with the pooled results, we do not find evidence that programs delivering 
soft skills report more positive effect size estimates in either country group.  

With regards to the role of the implementing organizations, we observe marked differences 
across country groups. For high-income countries, the evidence suggests that programs im-
plemented by the private sector (including NGOs) or public sector alone perform worse 
than those jointly implemented in a public-private partnership. The results for low- and 
middle-income countries reverse this pattern and show there is an advantage in outcomes 
for those programs that were solely implemented by the public or private sector. Both 
report on average around 0.11 standard deviations larger effect sizes that programs imple-
mented jointly by governments and the private sector. This finding suggests that, while 
public-private collaborations can be beneficial, they require a strong institution set-up 
which may not always be the case for programs implemented in low- and middle-income 
countries.  

 Meta-regression high-income country sample 

All countries 
pooled 

Weighted Least Squares 
Hedges' g regressions 

 
Random Effects SMD 

regressions 

 
PSS probit regressions 

 
(1) (2) (3) 

 
(1) (2) (3) 

 
(1) (2) (3) 

Main intervention category 
        

(base=skills training) 
        

Entr. Prom. -.073*** 
   

-.034 
   

-.32** 
  

 
[2.98] 

   
[.83] 

   
[2.18] 

  

Empl. Serv. -.044 .048 .494*** 
 

-.013 -.034 .415*** 
 

-.137 -.152 1.778***  
[1.53] [.83] [4.41] 

 
[1.15] [1.59] [3.47] 

 
[1.10] [.99] [12.82] 

Subs. Empl. -.033 -.026 -.028 
 

-.023** -.014 -.05 
 

.026 -.337** -.809***  
[.93] [.52] [.34] 

 
[2.37] [.60] [1.03] 

 
[.25] [2.44] [6.46] 

Evaluation features 
           

Log Sample Size  -.025* -.02 
  

-.007 -.015*** 
  

.066** .027   
[2.00] [1.23] 

  
[1.35] [2.85] 

  
[2.37] [1.39] 

Peer-Reviewed  -.033 -.044** 
  

-.024 -.023 
  

-.247** -.01   
[.70] [2.41] 

  
[1.43] [1.45] 

  
[2.40] [.39] 

ITT  -.006 .164 
  

-.026 .014 
  

-.470*** -.178***   
[.08] [1.23] 

  
[1.41] [.93] 

  
[3.67] [5.25] 

Variance 2.938** 1.010*** 1.182 
        

 
[2.58] [2.92] [1.66] 

        

Research Design 
(base=RCT) 

 
          

RDD 
 

.058 
   

.055 
     

  
[.56] 

   
[.47] 

     

DiD 
 

.077 .377** 
  

-.025 .217*** 
  

-.185* 
 

  
[1.13] [2.79] 

  
[1.08] [4.60] 

  
[1.73] 

 

Cross-sectional  
 

.031 .327** 
  

-.035 .340*** 
  

-.342** .920***   
[.32] [2.27] 

  
[1.21] [4.76] 

  
[2.30] [1.11] 

Table continues on the next page… 
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All countries 
pooled 

Weighted Least Squares 
Hedges' g regressions 

 
Random Effects SMD 

regressions 

 
PSS probit regressions 

Panel C.A. 
 

.012 .313** 
  

-.069** .123 
  

-.419** .799***   
[.14] [2.29] 

  
[2.35] [1.32] 

  
[2.26] [5.05] 

Combined/other 
 

-.068 .249* 
  

-.024 .104*** 
  

-.705*** -.051   
[.89] [1.98] 

  
[.87] [3.19] 

  
[4.15] [.98] 

Program design  
           

Additional services 
 

.059 .088   -.006 -.035   .062 .871***   
[1.11] [1.10]   [.34] [.99]   [.43] [13.22] 

Profiling 
 

-.007 .029   .048* .153***   -.092 -.840***   
[.20] [.51]   [1.72] [2.71]   [1.11] [1.56] 

Engagement  .117* .082   -.024 0   .494*** 0   
[1.86] [.81]   [1.38] [.01]   [3.14]  

Incentives for SP  .071 -.117       .240** -.222***   
[1.49] [1.10]       [2.39] [2.64] 

Soft skills training   -.728**    -.473***    -1.83***   
 [2.42]    [2.83]    [7.70] 

Outcome             
Employment    .008    -.004    -.038 
(base=earnings)   [.55]    [.57]    [.86] 
Estimate unadj.    -.146    -.039**    -.035** 
diff. in means 

 
 [1.66]    [2.03]    [2.30] 

Follow-up 1 year 
 

 .027    .063***    .13 
after exiting  

 
 [.65]    [6.14]    [.84] 

Sub-sample            
Low income/disad.   .793***    .594***    2.675***   

 [3.30]    [4.00]    [13.96] 
Male  

 
 -.014    .015    .022 

(base=pooled)   [.72]    [1.34]    [1.58] 
Female 

 
 -.043*    -.019    -.032 

(base=pooled)   [2.11]    [1.58]    [.63] 
Young (<25) 

 
 .039    -.004    -.027   
 [.89]    [.38]    [.70] 

Implementer            
(base=public & private)           
Government only 

 
 -.844***    -.422***    -1.69***   
 [3.27]    [3.11]    [9.70] 

Private sector only 
 

 -.259***    -.158    -.794***   
 [3.15]    [1.60]    [5.06] 

Constant .033 .062 -.099 
 

.033*** .135*** -.265** 
    

  [1.43] [.65] [.40] 
 

[6.80] [2.91] [2.27] 
    

R2  0.07 0.13 0.64 
 

. . . 
 

. . . 
N 1,299 788 489 

 
1,298 788 489 

 
1,715 841 456 

# of interventions: 53 27 16 
 

53 27 16 
 

60 27 16 
# of studies: 54 37 27   54 37 27   60 36 26 
Notes: See notes for Table 5 
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 Meta-regression low and middle-income country sample 

All countries 
pooled 

Weighted Least Squares 
Hedges' g regressions 

 
Random Effects SMD re-

gressions 

 
PSS probit regres-

sions  
(1) (2) (3) 

 
(1) (2) (3) 

 
(1) (2) (3) 

Main intervention category 
        

(base=skills training) 
        

Entr. Prom. .046 .052 .04 
 

.02 .050** .005 
 

.079 .05 -.026  
[.81] [1.03] [.92] 

 
[1.17] [2.18] [.17] 

 
[.61] [.35] [.38] 

Empl. Serv. -.055 .04 -.009 
 

-.029 .021 -.08 
 

-.136 .172 -.197  
[1.16] [.81] [.11] 

 
[.87] [.53] [1.54] 

 
[1.08] [1.24] [1.14] 

Subs. Empl. -.026 -.123 .103** 
 

.006 -.077** .118** 
 

.057 -.231 -.037  
[.71] [1.70] [2.56] 

 
[.24] [2.56] [2.17] 

 
[.46] [1.51] [.27] 

Unspecified .046 .052 .04 
 

.02 .050** .005 
 

.079 .05 -.026  
[.81] [1.03] [.92] 

 
[1.17] [2.18] [.17] 

 
[.61] [.35] [.38] 

Evaluation features 
           

Log Sample Size  -.028* -.031 
  

-.020*** .007 
  

.049 .101**   
[1.83] [1.55] 

  
[2.90] [.67] 

  
[1.03] [2.39] 

Peer-Reviewed  -.015 .004 
  

.035** .037* 
  

.117 -.035   
[.36] [.09] 

  
[2.41] [1.70] 

  
[1.11] [.31] 

ITT  -.038 -.04 
  

-.018 -.01 
  

-.007 -.019   
[.84] [1.26] 

  
[1.06] [.53] 

  
[.08] [.34] 

Variance -.695 -1.162** -.689 
        

 
[1.37] [2.27] [1.08] 

        

Research Design 
(base=RCT) 

 
          

RDD 
 

.133 
   

.041 
   

.107 
 

  
[1.70] 

   
[.64] 

   
[.37] 

 

DiD 
 

.1 .070* 
  

.061** .062 
  

.203 .341*   
[1.46] [1.77] 

  
[2.46] [1.60] 

  
[1.30] [1.84] 

Combined/other 
 

-.005 .061 
  

.052*** .067*** 
  

-.021 .272***   
[.09] [1.42] 

  
[2.77] [2.65] 

  
[.09] [2.79] 

Program design  
           

Additional services 
 

.032 .151*   .054** .224***   -.119 .575***   
[.55] [1.89]   [2.37] [4.77]   [.89] [3.48] 

Profiling 
 

.089** .088**   .100*** .125***   .160* .330***   
[2.34] [2.30]   [4.94] [5.00]   [1.67] [4.26] 

Engagement  .098* .041   .050** .007   .367*** .153   
[2.03] [1.09]   [2.32] [.23]   [2.84] [1.40] 

Incentives for SP  .043 -.034   .061*** -.024   .118 -.024   
[.82] [.88]   [2.99] [.81]   [.73] [.21] 

Soft skills training   .006    -.062**    -.506***   
 [.08]    [2.10]    [3.20] 

Outcome             
Employment    .033    -.021*    .095 
(base=earnings)   [1.17]    [1.69]    [1.42] 
Estimate unadj.    .180**    .117    0 
diff. in means 

 
 [4.25]    [1.17]     

Follow-up 1 year 
 

 .039*    -.002    .191*** 
after exiting  

 
 [1.79]    [.14]    [3.06] 

            
Table continues on the next page… 
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All countries 
pooled 

Weighted Least Squares 
Hedges' g regressions 

 
Random Effects SMD re-

gressions 

 
PSS probit regres-

sions 
Sub-sample            
Low income/disad.   .03    .039    -.044   

 [.99]    [1.58]    [.38] 
Male  

 
 -.044    -.036**    -.035 

(base=pooled)   [1.14]    [1.98]    [.50] 
Female 

 
 .027    .009    .014 

(base=pooled)   [1.07]    [.69]    [.26] 
Young (<25) 

 
 -.014    .040*    -.008   
 [.38]    [1.91]    [.05] 

Implementer            
(base=public & private)           
Government only 

 
 .067    .120**    .204   
 [1.04]    [2.35]    [1.38] 

Private sector only 
 

 .041    .082***    .446***   
 [.68]    [2.71]    [3.16] 

Constant .106*** .232* .218* 
 

.085*** .130** -.044 
    

  [3.98] [1.88] [1.98] 
 

[13.82] [2.19] [.57] 
    

R2  .02 .28 .29 
 

. . . 
 

. . . 
N 701 577 496 

 
701 577 496 

 
1,217 596 513 

# of interventions: 44 30 22 
 

44 30 22 
 

45 30 22 
# of studies: 42 32 25 

 
42 32 25 

 
44 30 24 

Notes: See notes for Table 5 

7 Conclusion  

Labor market prospects for youth are a cause of concern for policymakers worldwide. As a 
consequence, many programs have been implemented to bring young people into the labor 
market, connect them to jobs, increase their earnings, and/or help them set up and grow a 
business. However, the majority of these programs have not been properly evaluated and 
therefore there is, to date, limited information available about the types of interventions 
that work and the reasons why.  

This paper aims to improve our understanding of the effectiveness of youth employment 
programs, focusing on skills training, entrepreneurship promotion, employment services, 
and subsidized employment. To this end, we identify all relevant empirical studies with 
rigorous evaluations produced over the last ten years. We create a database with 113 studies 
and code information about 3,402 treatment effects on employment and earnings, benefi-
ciaries, and program design and implementation (Kluve et al. 2017). Our multivariate meta-
analysis draws on three different empirical approaches to ensure robust results: (i) random 
effects meta-regressions on the small-sample corrected standardized mean difference 
(Hedges’ g); (ii) Weighted least square regressions on Hedges’ g; and (ii) probit regressions 
on whether the original evaluation estimate is reported positive and statistically significant. 

The results of the meta-analysis show that, on average, evaluations of youth employment 
programs report statistically significant positive effects. However, the unconditional average 
magnitude of the effect size is small (the overall estimate for Hedges’ g is 0.04 with a 95 



49 

percent confidence interval ranging from 0.02 to 0.06). Furthermore, just above one-third 
of the programs in our database display statistically significant positive effects. The inter-
pretation of this result is not that youth employment programs do not work. Instead, dif-
ferences in performance seem to be related to design and implementation factors, as well as 
the characteristics of the country and population of beneficiaries. Our meta-regressions 
suggest several important factors that correlate with program success.  

First, there is no evidence that certain types of programs, or combinations of programs, 
systematically outperform others. Rather, we find evidence that programs that integrate 
multiple interventions and services are more likely to have a positive impact, in particular 
in low- and middle-income countries. Hence, while there is no specific combination of ser-
vices that always works, programs that add complementary services to the main interven-
tion, regardless of what those are, tend to do better. The interpretation is that the success 
of youth employment programs rests on their ability to respond to multiple needs and 
constraints facing a heterogeneous group of beneficiaries. In other words, the efficient port-
folio of services is specific to the population of beneficiaries. Programs that target multiple 
categories of beneficiaries are likely to need multiple portfolios of services. One implication 
is that successful youth employment programs will need to be able to offer a comprehensive 
set of interventions, from training to counseling, intermediation, and income support.  

Second, youth employment interventions are more successful in middle- and low-income 
countries. One interpretation could be that these programs are more recent and might have 
benefited from innovations in design and implementation. However, our result holds when 
accounting for differences in program and evaluation design of interventions implemented 
in low-income countries. An alternative conjecture may be that labor market constraints in 
middle- and low-income countries are more easily released. In addition, the programs’ in-
vestments in such contexts may more strongly affect highly disadvantaged populations, e.g. 
low-skilled and low-income youth.  

Third, we find evidence about the importance of profiling and individualized follow-up and 
monitoring systems in determining program performance. Consistent with the finding 
above, programs that profile beneficiaries are also able to better respond to their needs. 
But profiling does not necessarily imply having services tailored to each individual. Instead, 
it often involves being able to group beneficiaries in broad categories, from those requiring 
minimal support to the most disadvantaged or hard-to-reach. Efficient follow-up systems 
and incentives to keep youth in the program are consequently also critical for success. This 
often implies having in place robust monitoring and evaluation systems that allow a positive 
feedback loop to improve program performance.  

Fourth, evidence about the importance of incentive systems for services providers is posi-
tive, yet not uniform, pertaining only to programs implemented in high-income countries. 
At least conceptually, programs that pay providers based on performance are more likely 
to achieve their objectives. It remains unclear, however, what the best types of contracting 
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and payments systems are and how these need to be adjusted depending on the context. 
We are unable to capture these differences in design and therefore only code whether a 
given program offers some type of incentive at all.  

Fifth, the evidence suggests that involving non-public actors in the implementation of youth 
employment programs leads to moderately higher gains compared to pure public-sector 
implementation. The added benefit of such collaboration appears much stronger in high-
income settings suggesting that complementarities among government, private sector and 
civil society implementers can effectively factor in the needs of employers and jobseekers 
and translate into better labor market outcomes of youth. In lower income settings, sole 
implementation by non-public actors reports larger effect sizes than joint implementation. 
In those contexts, the success of multi-sectoral collaboration may be hampered by insuffi-
cient strategic alignment and institutional development.  

Last, but not least, we show that evaluation design matters: most importantly, our meta-
regression models show that the timing of outcome measurement is clearly correlated with 
reported effect size magnitude and statistical significance. This result shows the importance 
of evaluating programs in the medium- and long-term to gauge their success. At the same 
time, there are no systematic differences in reported effect sizes related to the age or gender 
of beneficiaries for which the effect size is estimated. Only programs that focus on vulnerable 
populations more often report large effect sizes.  

Relating our findings to other reviews, several of these results are new, some add additional 
detail to previous findings, and some confirm findings so far. Novel results include our meta-
analytical evidence on integrating multiple interventions and on profiling and monitoring 
characteristics. Our results are more detailed, for instance, when carving out important 
differences by country income group. Finally, our newly collected data confirm, for instance, 
the importance of human capital based programs and their positive effect dynamics over 
the post-program time horizon. 

The findings of this systematic review also bring to light the importance of including infor-
mation on program costs in impact evaluations. Our findings provide insights into mecha-
nisms and designs features that may improve youth employment program performance, but 
the general unavailability of standardized information on program costs limits our ability 
to make absolute statements about the efficient allocation of resources available to improve 
outcomes. The sporadic presentation of standardized program costs measures alongside im-
pact evaluation results may be the largest gap in our knowledge of what works and why to 
improve labor market outcomes of youth.   
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A2 Classification of interventions 

1. Skills training: training and skills development comprises programs outside the formal 
education system that offer skills training to young people to improve their employabil-
ity and facilitate access to jobs.16 The objective of skills training programs is to develop 
employment-relevant skills of jobseekers. Broadly speaking, employability skills refer to 
a set of job-specific technical skills but also include non-technical, soft (or behavioral) 
skills, such as self-management, teamwork, and communication. In this analysis, train-
ing, and skills development programs are classified according to the skill-set they target, 
i.e., technical skills, business skills, literacy or numeracy skills, and non-technical skills, 
such as behavioral, life, or soft skills.  

2. Entrepreneurship promotion: entrepreneurship promotion interventions aim to provide 
advisory services, as well as facilitate access to finance and markets. We disaggregate 
programs into those providing or facilitating access to credit, providing start-up grants, 
or fostering micro-franchising mechanisms. In addition, our analysis includes programs 
that offer business advisory services and mentoring, business skills training, and access 
to markets and value chains.  

3. Employment services: employment services deliver job counseling, job-search assistance, 
and/or mentoring services for (re)activation purposes, which are often complemented 
by job placements and technical or financial assistance. The basic idea for providing 
employment services to youth is that young workers have difficulty signaling their skills 
and credentials and/or lack the networks or knowledge to search effectively for vacancies 
and connect with employers. As a result, these programs often focus on improving job-
seeking skills and the efficiency of the matching process.  

4. Subsidized employment: subsidized employment interventions comprise wage subsidy 
and (labor-intensive) public work programs. Wage subsidies provide incentives for em-
ployers to hire (often first-time) job-seekers for a given period of time by reducing labor 
costs. The programs can take many forms, from grants to employers or trainees to 
reductions in social security contributions. The main objective of these programs is to 
allow young workers to build work experience and acquire job-relevant skills (Almeida 
2012). Public work programs and services, on the other hand, provide job-seekers with 
directly subsidized temporary jobs. These programs are mainly considered when there 
is not enough labor demand in the private sector (Grosh 2008) and often serve as a 
temporary safety net in times of crisis.  

                                        
16 The review excluded studies of formal training programs such as evaluations of vocational and dual training 
systems in Germany, Austria, and Switzerland.  
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A3 Data extraction and variable definitions 

Relevant information from included studies was systematically extracted using a coding 
tool and coding manual. The coding tool included information about variables related to 
study methods, characteristics of the intervention and its implementation, characteristics 
of the subject samples of analysis, outcome variables and statistical findings, and contextual 
features.  

At the effect-size level, the coding tool captured subgroup analysis of employment, earnings, 
and business performance outcomes and estimated treatment effects by age cohorts, gender, 
education level, income level, and location, among other dimensions. For some subgroups, 
such as those defined by education and income levels, we relied on the descriptions and 
classifications applied in the original studies. Types of outcomes were further disaggregated 
by occupation category (dependent vs. self-employment), status of occupation (formal vs. 
informal), and conditionality on other outcomes. To describe the data and empirical meth-
ods, the coding tool includes information about the research design, statistical methodology, 
type of significance test, type and method of measurement, date of data measurement, and 
data source. The coding tool also captured the form and year of publication.  

For each category of intervention (i.e., skills training, entrepreneurship promotion, employ-
ment services, and subsidized employment), the coding tool extracts information about the 
type of intervention, targeting and delivery mechanism, payment system and provider, du-
ration of specific interventions, selection of participants, and conditionality of eligibility17. 
General program characteristics record the target group by age, gender, education level, 
income level, location, and employment status, as well as the type of organizations involved 
in designing, financing, and implementing the program. The coding tool keeps a record of 
region, country, scale, and average duration of the program. Any awareness-raising efforts 
and gender considerations integrated in program design and implementation were also cap-
tured. A set of select variable definitions, which includes some of these design features, is 
included in Table A1. 

Three key program design features were also coded: the implementation of participant pro-
filing, mechanisms to keep beneficiaries engaged in the program, and incentives to service 
providers. Profiling is the identification of individual factors that represent a risk in the 
labor market and assigning appropriate services based on this. Collecting the information 
to assess the main constraints (risks) in the labor market include caseworker mentor discre-
tion, detailed screening, eligibility rules, or statistical profiling among others. A program is 
considered to profile if it uses information to assign participants specific services among an 
array of services offered or to determine the intensity of services (e.g. program duration). 

                                        
17 Program design and other information features coded were based on what the original design of the program 
was, whether or not the program was implemented as originally designed. This includes items such as program 
duration.  
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A key element of this is that the program collects information and proactively assigns 
services. Second, engagement mechanisms are features of the program to incentivize and 
increase the probability that beneficiaries will complete the program or perform well in the 
program. These are usually applied by either providing monetary (or in-kind) incentives for 
participants attending the programs or by individualized attention and guidance. Most 
frequently incentives include payments or living stipends that are contingent on attendance. 
This can also include incentives for participation such as taking away welfare or unemploy-
ment benefits. Individualized monitoring can be direct one-on-one supervision of program 
participants often through scheduled visits with a case manager or mentor.  

Third, incentives to service providers refers to instances in which payment to service pro-
viders on the field from the respective funders are linked to the outcomes of the beneficiaries, 
either in terms of program completion, performance within the program (e.g. test scores) 
or labor market outcomes, such as gaining productive employment after program exit. While 
these are design features that have been observed in successful programs, such as some of 
the Jovenes program in Latin America and the Caribbean, empirical evidence on whether 
these features systematically improve youth employment performance, to our knowledge, 
does not exist. On the other hand, this important information was often missing in the 
impact evaluation studies. To minimize the number of missing values for these design fea-
ture variables, additional information was researched from sources supplementary to the 
study. Such sources included project reports and projects’ websites. A separate section of 
the coding tool was used to record information when the study reported intermediary out-
comes or outcomes other than the ones considered in this review. This section also captured 
additional subgroup analyses, relative treatment effects, general equilibrium effects, costs 
of the program or cost-benefit analysis, as well as any implementation problems or empirical 
identification problems described by the author.  

The coding manual provided detailed instructions for coders, to ensure consistency in ex-
tracting and interpreting relevant information, in particular with regard to the selection of 
appropriate treatment effect estimates. Guidelines identified the treatment effect estimates 
with lowest risk of bias when studies reported multiple estimates for the same types of 
outcomes. Coders selected the preferred method of estimating the effect, which was then 
verified by a second reviewer. For example, estimates based on experimental designs were 
considered to provide the lowest risk of bias, followed by natural experiments and quasi-
experimental designs. Other considerations outlined in the manual to mitigate the effects 
of potential bias include the use of covariates, type of data used, and statistical methodology 
applied for the estimation.  
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Table A1. Selected variable definitions 

 

Information extracted from included studies was discussed with a second reviewer and cod-
ing decisions involving assumptions were documented by the researcher. When information 
at effect size level could not be obtained by the researcher from the primary studies, authors 
of included studies were contacted to provide missing information and clarify discrepancies. 
Additional details about inclusion criteria, search strategy, and data extraction are deline-
ated in the protocol of the systematic review (Kluve et al. 2014).  

Employment outcomes 
Employment Probability, Unemployment Probability, Participation Rate,  Hours Worked (or equivalent) ,  
Unemployment Duration, and Quality of Employment (e.g. contract, fixed, benefits).

Earnings outcomes Earnings, Income, Household Income,  Consumption,  Salary , or hourly  wage (or equivalent).

Incentives for service providers  
Funders of the project provide implementors payments (or bonuses) contingent on participant performance.  
Performance can refer to the outcomes of participants (getting a job after program) or performance within 
program such as completion or higher test scores. 

Incentives for participants  
Most frequently payments or living stipends that are contingent on attendance.  This also include incentives 
for participation such as taking away welfare or unemployment benefits. 

Monitoring
Direct one  on one supervision of program participants often through scheduled visits with a case manage or  
mentor.

Participant profiling 

Profiling is the identification of individual factors that  represent a risk in the labor market and assigning 
appropriate services based on this. Collecting the  information to asses the main contraints (risks) in the 
labor market include caseworker mentor discretion, detailed screening, eligibility rules, or statistical profiling 
among others. A program is considered to profile if it uses information to assign particpants specific 
services among an array of services offered or to determine the intensity of services (duration, etc.). A key 
element of this is that the program collects information and proactively assigns services. 

Exra services
The program offers services that fall into more than one of the four main categories (skills training, 
employment services, subsidized employment, and entrepreneurship promotion). A commonn case is 
offerring skills training combined with employment services. 

Low-income/ disadvantaged 
populations

This includes  low income, disadvantaed, at risk, and vulnerable youth and is based on targetting described in 
the evaluations.

Country income groups
Based on the World Bank's country and lending group definitions for the 2015 fiscal year. See  
http://data.worldbank.org/about/country-and-lending-groups.

Unadjusted mean differences The evaluation did not apply covariate adjustment in estimating treatement effect that was used. 

Younger participants
Codes a younger participant sample if the approximate mean age of the evaluation sample is below 22 
years. 

Implementers
Government implementers include local, regional, national governments, and multilateral organizations. 
Private sector implemeters consist of private firms, foundations, and NGOs. 

Soft skills training Training in non-cognitive, socio-emotional,  and/or life skills. 

Unspecified categroy 
programs

 Program balances equally among more than one service category (skills traning, entrepreneurship 
promotion, subsidized employment, employment services) and the evaluation information does not list any 
single service as predominant.  

Select variable definitions
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A4 Details on the meta-analysis methods 

We use two measures created from the treatment effects reported in the evaluations to 
enable us to both summarize their results succinctly as well as to conduct a multivariate 
analysis to investigate determinants of the evaluation results. The two measures are the 
standardized mean difference (Hedges’ g) effect size statistic and a binary variable whether 
the reported treatment effect is positive and statistically significant (PSS) on the 5 percent 
significance level.18  

Computation of the Standardized Mean Difference (SMD)  

The SMD captures the relative magnitude of the treatment effect in a way that is unit-less 
and hence comparable across outcomes and studies. It is the ratio of the treatment effect 
(ATT, ITT, or LATE, see below) for a specific outcome relative to the standard deviation 
of that outcome within the evaluation sample used to estimate the treatment effect. The 
true effect size (𝜃𝜃) is the mean difference between the treatment (𝜇𝜇𝑡𝑡) and control groups 
(𝜇𝜇𝑐𝑐) as a proportion of the standard deviation of the outcome variables:  

(A1) 𝜃𝜃 = 𝜇𝜇𝑡𝑡−𝜇𝜇𝑐𝑐
𝜎𝜎   

The most intuitive form of estimating 𝜃𝜃 is applying Cohen’s d (Cohen, 1988) defined by  

(A2) 𝑑𝑑 = 𝑌𝑌𝑡𝑡�������−𝑌𝑌𝑐𝑐��������
𝑆𝑆𝑝𝑝

= 𝐷𝐷
𝑆𝑆𝑝𝑝

 

where 𝑌𝑌𝑡𝑡
������ is the mean outcome of the treatment group and 𝑌𝑌𝑡𝑡

������ that of the control group. The 
numerator of d captures the treatment effect and is often reported as a treatment effect 
parameter estimate, such as an average treatment effect on treated (ATT), intention-to-
treat effect (ITT), or local average treatment effect (LATE), rather than as differences in 
means; thus we use D to denote a treatment effect estimate. The denominator of 𝑑𝑑 is the 
pooled standard deviation from standard deviations of the treatment and control groups 
and is equivalent to  

(A3) 𝑆𝑆𝑝𝑝 = �(𝑛𝑛𝑐𝑐−1)∗𝑆𝑆𝑐𝑐
2+ (𝑛𝑛𝑡𝑡−1)∗𝑆𝑆𝑡𝑡

2

𝑛𝑛𝑡𝑡+𝑛𝑛𝑐𝑐−2  

where 𝑛𝑛𝑐𝑐 and 𝑛𝑛𝑡𝑡 are the sample sizes of the control and treatment groups, respectively, and 
𝑆𝑆𝑐𝑐 and 𝑆𝑆𝑡𝑡 are the sample standard deviations of the control and treatment groups, respec-
tively. While 𝑑𝑑 is an intuitive estimator for 𝜃𝜃, research shows that 𝑑𝑑 has a bias and overes-
timates the absolute value of in small samples (Hedges, 1981). For this reason we use a 
small sample size adjusted estimator referred to as Hedges’ g, which is given by  

(A4) g = 𝑑𝑑 �1 − � 3
4(𝑛𝑛𝑡𝑡+𝑛𝑛𝑐𝑐)−9��. 

 

                                        
18 We consider a treatment effect as statistically significant if it has a p-value from a two-tailed test of less than 
0.05.  
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The standard error of Hedges’ g is given by  

(A5) 𝑆𝑆𝑆𝑆𝑔𝑔 = ��𝑛𝑛𝑡𝑡+𝑛𝑛𝑐𝑐
𝑛𝑛𝑐𝑐∗𝑛𝑛𝑡𝑡

+ 𝑔𝑔2

2∗(𝑛𝑛𝑐𝑐+𝑛𝑛𝑡𝑡)� . 

A challenge encountered in the data extraction was the limited information available to 
compute the SMD. Standard deviations for the treatment, control, and total sample groups 
were often missing, even after attempting to correspond with authors in attempts to acquire 
this information. In such cases, the standard deviation of the outcome variable was approx-
imated using the formula from Borenstein et al. (2009b)  

(A6) 𝑆𝑆𝑝𝑝 = 𝑆𝑆𝑆𝑆 ∗ �𝑛𝑛𝑐𝑐∗𝑛𝑛𝑡𝑡
𝑛𝑛𝑐𝑐+𝑛𝑛𝑡𝑡

 

where SE is the Standard Error of a means test (e.g. standard error of the regression coef-
ficient estimate).  

Creating one effect size estimate per intervention  

Most studies provide more than one impact estimate, but in order to arrive at summary 
effect sizes and aggregated effect sizes we have to combine them to arrive at a single effect 
size estimate per outcome for each program. Estimating summary effect sizes19 requires 
careful procedure to avoid permitting a single group of evaluation survey respondents to 
influence the aggregate disproportionately. For example, it is common that a treatment 
effect is reported in a study for the entire, pooled evaluation sample and subsequently 
reported for subgroups of the same sample, such as gender. The median number of treat-
ment effect estimates per study is 12, with some reports providing more than 100 estimates. 
In such instances, there can be a multitude of treatment effects reported for the same group 
where there is no a priori reason to give preference to one measure over another.  

In these scenarios it is possible to mitigate the disproportionate influence on the aggregate 
effect sizes. One way is by identifying a set of effect sizes that are derived from the same 
independent group of participants and then, where applicable, selecting the effect sizes for 
this group where it is possible to establish a preference, for example, keeping only pooled 
estimates and discarding of subgroup estimates when appropriate. By dropping some of the 
effect sizes derived from the sample, we remove redundancy.20,21  

Once redundant effect sizes are removed, it is likely to still be left with multiple effect sizes 
for each independent group without clear justification for dropping some over others. In 
order to arrive at overall effect sizes so as to have one effect size per intervention, we apply 

                                        
19 These can include intervention level, study level, and other types of aggregates.  
20 Here by redundancy we mean providing additional information about a group that is not needed for the 
desired level of aggregation. For example, if the goal is to create program aggregates for all participants, then 
male and female subgroup estimates may be dropped. On the other hand, if the goal is to create an aggregate 
for females for each program, then pooled estimates would be dropped.  
21 For the purpose of brevity, we do not include the guidelines we used to drop effect sizes within each group 
here. This is available upon request.  
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the method for combining effect sizes from the same independent population suggested by 
Borenstein et al. (2009a). The approach is as follows: let g𝑖𝑖𝑖𝑖 and 𝑆𝑆𝑆𝑆𝑔𝑔𝑖𝑖 be the ith effect size, 

where i = (1, . . , m), and its standard error, respectively, for the sample population (e.g. 
intervention) identified by j. To arrive at a single combined effect size for intervention we 
take a simple average:  

(A7) g𝑖𝑖 = 1
𝑚𝑚 ∑ 𝑔𝑔𝑖𝑖𝑖𝑖

𝑚𝑚
𝑖𝑖=1  

and calculate the standard error of gj by  

(A8) 𝑆𝑆𝑆𝑆𝑔𝑔𝑖𝑖 = �( 1
𝑚𝑚)2 �∑ 𝑆𝑆𝑆𝑆𝑔𝑔,𝑖𝑖

2𝑚𝑚
𝑖𝑖=1 + ∑ 𝜌𝜌𝑖𝑖𝑖𝑖𝑆𝑆𝑆𝑆𝑔𝑔,𝑖𝑖𝑖𝑖𝑆𝑆𝑆𝑆𝑔𝑔,𝑖𝑖𝑖𝑖𝑖𝑖≠𝑖𝑖 � 

where 𝜌𝜌𝑖𝑖𝑖𝑖 is the correlation coefficient between 𝑔𝑔𝑖𝑖𝑖𝑖 and 𝑔𝑔k𝑖𝑖.22  

Creating aggregate effect sizes for groups of interventions:  

With one effect size per intervention, we are able to create aggregate effect sizes for different 
groupings of interventions as well as an aggregate effect size for the whole sample. Given 
the breadth of interventions included in our sample, it is likely that not all interventions 
have an identical effect size but, rather, that each intervention’s true effect size (𝜃𝜃𝑖𝑖) deviates 
from the true aggregate effect size for the overall group it belongs to. Furthermore, each 
observed effect size, estimated by Hedges’ g, contains a sampling error and their g will 
either be less than or greater than 𝜃𝜃𝑖𝑖. This can be expressed as  

(A9) gi = 𝜇𝜇 + 𝜁𝜁𝑖𝑖 + 𝜀𝜀𝑖𝑖 = 𝜃𝜃𝑖𝑖 + 𝜀𝜀𝑖𝑖 

where 𝜇𝜇 is the true aggregate effect size for the group as a whole, 𝜁𝜁𝑖𝑖 is the deviation of the 
true effect size of intervention i from the group’s aggregate effect, and 𝜀𝜀𝑖𝑖 is the sampling 
error. In order to estimate the true aggregate effect size for the group as a whole (𝜇𝜇), 
equation (A9) is estimated using a random effects regression. Moreover, in order to obtain 
the most accurate estimate of 𝜇𝜇, a weighted random effects regression is applied in which 
the weights are each study’s inverse variance.23 

In the case of PSS indicator variable, we provide a weighted average of the treatment effect 
estimates such that each study within the group carries equal weight for the aggregates. As 
with Hedges’ g, the PSS average is based on independent groups created by methods de-
scribed in Section 5.2.  

Multivariate meta-regression analysis  

The multivariate analysis estimates regressions of the effect size on covariates of interest. 
Adding to the results from the technical report of this systematic review (Kluve et al. 2017), 
                                        
22 Ideally, we would estimate 𝜌𝜌𝑖𝑖𝑖𝑖 from the data. However, due to the lack sufficient number of observations an 
assumption on 𝜌𝜌𝑖𝑖𝑖𝑖 was required. The assumption of 𝜌𝜌𝑖𝑖𝑖𝑖 = 0 would likely overestimate precision, while the as-
sumption of 𝜌𝜌𝑖𝑖𝑖𝑖 = 1 will likely underestimate precision. We take the more conservative assumption that  
𝜌𝜌𝑖𝑖𝑖𝑖 = 1 ∀ (𝑖𝑖, 𝑗𝑗) 𝑤𝑤ℎ𝑒𝑒𝑒𝑒𝑒𝑒 𝑖𝑖 ≠ 𝑖𝑖.  
23 Note that the study’s variance corresponds to the term in equation (A3) squared.  
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in this paper we conduct a quantitative analysis using the Review’s database. We present 
results from three different meta-analytic models: (i) inverse-variance weighted random ef-
fect regressions on Hedges’ g (SMD), (ii) probit regressions on the indicator variable of a 
positive and statistically significant treatment effect estimate (PSS), and (iii) weighted least 
square regressions with clustered standard errors on Hedges’ g. For analysis of the PSS 
indicator (𝐼𝐼𝑝𝑝𝑝𝑝𝑝𝑝,𝑖𝑖) we estimate the following probit model via Maximum Likelihood:  

(A10) 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃�𝐼𝐼𝑝𝑝𝑝𝑝𝑝𝑝,𝑖𝑖 = 1�𝑋𝑋𝑖𝑖� = 𝛷𝛷(𝑋𝑋𝑖𝑖𝛿𝛿) 

where Φ(.) is the Cumulative Distribution Function (CDF) for the standard normal distri-
bution, 𝑋𝑋𝑖𝑖 a vector of the covariates of interest, and 𝛿𝛿 the vector of parameter being esti-
mated. The covariates include intervention characteristics, outcome characteristics, and 
study characteristics. The results from this model are reported as marginal effects.  

 For the analysis of the Hedges’ g, we estimate the following weighted least squares (WLS) 
regression:  

(A11) 𝑌𝑌𝑖𝑖𝑖𝑖 = 𝑋𝑋𝑖𝑖𝑖𝑖𝛿𝛿 + 𝜀𝜀𝑖𝑖𝑖𝑖 

where 𝑌𝑌𝑖𝑖𝑖𝑖 is effect size i extracted from study j and 𝑋𝑋𝑖𝑖𝑖𝑖 are the relevant covariates values 

for the sample (or sub-sample) used in estimating. 𝑌𝑌𝑖𝑖𝑖𝑖. For all regressions we used the fully 

disaggregated effect sizes to retain the variation with respect to covariates. We weight the 
regressions by the inverse of the number of effect size observations contributed by each 
intervention and cluster standard errors at the intervention level.  

It should be noted that the three multivariate methods that are being applied represent 
different strengths and weaknesses. When taken together, these multivariate methods pro-
vide us a strong appraisal of the robustness of our findings: the inverse-variance weighted 
random effects regressions enable more precise estimates from the studies in the meta-
analysis to have a greater influence on covariate coefficients. However, since these regressions 
are not weighted by the number of observations that each intervention contributes, and we 
are using fully disaggregated data to enable the greatest variation of covariates, it is possible 
that the interventions that contributed greater number of estimates and subgroup estimates 
have an unduly disproportionate influence on the regression results. Moreover, as discussed 
above, there is a very wide range of estimates that each study contributes.  

On the other hand, the WLS regressions, weighted by the inverse of the number of obser-
vations contributed from each intervention, assures that no single intervention has a dis-
proportionate amount of influence on results. Moreover, in the WLS regressions the errors 
are also being clustered at the intervention level. Given that groups of estimates were taken 
from different interventions, clustering the errors provides conservative estimates in the 
likelihood that the error structure contains heteroscedasticity at the intervention level. In 
contrast to the random effects regression, the WLS regressions are limited in that effect 
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sizes based on estimates with great precision are handled the same as those of lesser preci-
sion.  

Finally, the probit models, while being more general by only capturing the positive direction 
and statistical significance of estimates, permit us to use a much broader sample since the 
computation of Hedges’ g requires additional information that is often not available in 
studies. In our sample, only about two-thirds of the estimates that have information to be 
included in a probit regression also have enough information to calculate or impute Hedges’ 
g. Probit regressions on a binary variable similar to the one we apply are at times criticized 
in that statistical significance is driven by sample size. In order to mitigate this effect, we 
include sample size as a covariate. Further, we also include the weights and cluster errors 
as in the weighted least squares regressions, following the same rationale discussed above 
for the WLS regressions. Card et al. (2017) find that there is effectively no difference in 
their (qualitative) results derived from meta-analytical models based on effect sizes and 
models based on sign and significance.  

A5 Analysis of small-sample bias and publication bias  

A common concern of meta-analysis is that the set of included primary studies may contain 
a systematic (positive) bias due to publication bias. This section uses graphical and formal 
tests to check for publication bias in the sample of studies.  

In Figure A1, we assess publication bias visually using funnel plots that scatter the effect 
sizes (one aggregated effect per study) against the standard errors of the effect size esti-
mates. In the figure, each dot represents one treatment effect estimate, with the effect size 
(Hedges’ g) on the horizontal axis and its standard error on the vertical axis. The solid line 
crosses the horizontal axis at the overall average fixed effect estimate. The figure provides 
the funnel plot for the entire sample including all outcomes and all subgroups. Although 
most dots are spread around the solid line and within the triangular area (indicating the 
95 percent confidence interval), a degree of tendency towards the right is observable. These 
represent studies that report positive effects (with a medium level of precision, as measured 
by the standard error). This slight asymmetry may be an indicator of publication bias.  
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Figure A1. Funnel plot of aggregate effect sizes  

In Table A2, we formally test for publication bias using Egger’s test (Egger et al., 1997), 
which confirms the visual indication: the coefficient of the variable bias is positive and 
statistically significant at the 5 percent level for employment and earnings outcomes.  

Table A2. Egger’s test for small-sample bias  

  Outcomes 

 Full sample Employment Earnings/income 
Business perfor-

mance 

 (1) (2) (3) (4) 
Slope -0.003*** -0.009*** -0.002** 0.001 
Standard error (0.001) (0.002) (0.001) (0.001) 
Bias 0.870*** 1.003*** 0.998*** 0.099 
Standard error (0.060) (0.087) (0.099) (0.117) 
n 2169 1330 670 169 
Notes: *, ** and *** denote statistical significance at 10 percent, 5 percent, and 1 percent level of significance 
respectively. 

In light of this finding, we take several measures to account for the potential of publication 
bias in the multivariate meta-regression model: first, our main results are based on meta-
analytic models estimated by weighted least squares, using the precision of each estimate 
(i.e., its inverse sampling variance) as a weight. Secondly, we include indicator variables for 
publication status and study design into our main specifications. Finally, we follow the 
procedure suggested by Stanley and Doucouliagos (2012). The authors argue that including 
the squared standard error (i.e. the variance) of the effect size estimate in the weighted 
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least squares model accounts for the potential effect of publication bias, and the resulting 
coefficient estimate would provide an indication of the magnitude (and significance) of the 
effect. The coefficient on the variance of the effect size in Tables 5 through 7 is mostly 
insignificant and small in all but the baseline specification, which does not include covariates 
to adjust for evaluation features. The results of the extended specifications which include 
covariates to adjust for evaluation features are largely unchanged. This reassures us that 
the potential publication bias problem does not affect our main results.  
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A6 Extended meta-regression specifications 

Table A3. Weighted Least Squares Hedges' g regressions: pooled sample  
(1) (2) (3) (4) (5) (6) 

Main category (base=skills training) 
      

Entr. Prom. .03 .028 .059 .077** .075* .067*  
[.59] [.53] [1.33] [2.22] [1.72] [1.70] 

Empl. Serv. -.059** -.050* .015 .095** .038 .056  
[2.38] [1.86] [.48] [2.48] [.71] [1.04] 

Subs. Empl. -.036 -.007 -.084** .026 -.094* .03  
[1.27] [.24] [2.14] [.87] [1.89] [.88] 

Unspecified .001 .012 -.006 -.042 .051 -.061  
[.02] [.26] [.09] [.79] [.81] [.80] 

Evaluation features 
      

Log Evaluation Sample Size 
 

-.024*** -.023** -.032*** -.024*** -.025**   
[2.70] [2.40] [3.23] [3.06] [2.56] 

Publication Peer-Reviewed 
 

-.004 -.005 -.011 -.017 -.022   
[.19] [.19] [.54] [.53] [.84] 

Intention-to-treat estimator 
 

-.034 -.026 -.038 .004 -.009   
[1.13] [.65] [.87] [.10] [.19] 

Variance .092 -.647 -.908* -.567 -1.084** -.649  
[.17] [1.32] [1.86] [1.09] [2.16] [1.15] 

Research Design (base=RCT) 
      

RDD 
 

.029 -.007 
 

-.014 
 

  
[.43] [.09] 

 
[.16] 

 

DiD 
 

.085 .122** .075 .226*** .144**   
[1.65] [2.03] [1.39] [4.36] [2.28] 

IV 
 

.045 
    

  
[1.16] 

    

Cross-sectional C.A. 
 

-.024 .094 .120** .151** .106**   
[.47] [1.48] [2.42] [2.65] [2.11] 

Panel C.A. 
 

.006 .036 .06 .129 .091   
[.14] [.60] [1.17] [1.64] [1.29] 

Combined/other 
 

.032 -.019 -.005 .018 .003   
[.90] [.41] [.13] [.37] [.08] 

High income country 
 

-.036 -.110*** -.132*** -.126*** -.146***   
[1.11] [3.47] [5.14] [3.78] [4.39] 

Program design features 
      

Additional services 
  

.017 .083*** .044 .089***    
[.59] [3.73] [1.39] [3.39] 

Participant profiling 
  

.048 .065*** .046* .065**    
[1.60] [2.71] [1.79] [2.44] 

Participant engagement mechanism 
  

.094*** .086*** .093*** .079***    
[2.90] [3.88] [2.96] [3.72] 

Incentives for service providers 
  

.060* .036 .070** .03    
[1.82] [1.18] [2.04] [.96] 

Program has soft skills training 
    

-.02 .018      
[.48] [.40] 

Table continues on next page 
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(1) (2) (3) (4) (5) (6) 

Employment (base=earnings) 
   

.007 
 

.008     
[.41] 

 
[.43] 

Estimated unadjusted difference in means 
   

-.081 
 

-.12     
[1.44] 

 
[1.66] 

Measured >1 year after exit 
   

.063*** 
 

.066***     
[3.47] 

 
[3.36] 

Target/evaluation group 
      

Low income / disadvantaged 
   

.059*** 
 

.021     
[3.00] 

 
[.68] 

Male (base=male and female combined) 
   

-.043* 
 

-.041*     
[1.85] 

 
[1.70] 

Female (base=male and female combined) 
   

-.004 
 

.001     
[.15] 

 
[.07] 

Younger Participants 
   

-.035 
 

.006     
[1.35] 

 
[.18] 

Type of implementer (base=Private and public sector jointly) 
   

Government only 
    

-.087* -.034      
[1.84] [.75] 

Private sector only 
    

.045 .044      
[.95] [1.21] 

Constant .071*** .289*** .189** .188** .157** .136 
  [3.79] [4.20] [2.50] [2.23] [2.55] [1.62] 
R2  .02 .08 .21 .31 .27 .34 
N 2,000 1,981 1,365 1,020 1,330 985 
Number of interventions: 97 94 57 41 55 38 
Number of studies: 96 94 69 57 64 52 
Notes: Regressions weighted by inverse of number of observations coming from each intervention and errors 
clustered at the intervention level. Research designs refer to: RCT = Randomized Controlled Trial; RDD = 
Regression Discontinuity Design; DID = (Regression-adjusted) Difference-in-Differences; IV = Instrumental 
variables; Cross-Section C-A = Covariate-adjustment (matching- or regression-based) with cross-sectional 
data; Panel C-A = Covariate-adjustment (matching- or regression-based) with panel data; Combined/other = 
Combination of methods or other methods. For variable definitions see appendix. * p<.1; ** p<.05; ***p<.01 
 

Table A4. Random Effects SMD regressions: pooled sample  
(1) (2) (3) (4) (5) (6) 

Main category (base=skills training) 
      

Entr. Prom. .036** .027 .002 .107*** .036 .104***  
[2.09] [1.44] [.08] [4.58] [1.55] [4.14] 

Empl. Serv. -.026** -.006 -.001 .152*** .032 .089***  
[2.57] [.59] [.10] [7.63] [1.53] [3.17] 

Subs. Empl. -.031*** .001 -.035** .033 -.044** .027  
[3.56] [.09] [2.04] [1.53] [2.25] [1.20] 

Unspecified -.041*** -.032** -.044*** -.044** -.018 -.038*  
[3.06] [2.29] [2.79] [2.26] [1.10] [1.81] 

Evaluation features 
      

Log Evaluation Sample Size 
 

-.014*** -.008** -.016*** -.009** -.012***   
[5.86] [2.20] [3.95] [2.30] [2.95] 

       
Table continues on next page…       
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(1) (2) (3) (4) (5) (6) 

Publication Peer-Reviewed 
 

.007 -.01 -.003 -.005 -.006   
[.84] [.96] [.33] [.46] [.61] 

Intention-to-treat estimator 
 

-.022*** -.021* -.021* -.01 -.008   
[2.66] [1.74] [1.94] [.87] [.69] 

Research Design (base=RCT) 
      

RDD 
 

.049 .009 
 

-.013 
 

  
[.64] [.09] 

 
[.14] 

 

DiD 
 

.049*** .016 .023 .123*** .133***   
[3.87] [.84] [1.09] [4.98] [3.97] 

IV 
 

.053 
    

  
[1.21] 

    

Cross-sectional C.A. 
 

-.030** .003 .110*** .054*** .096***   
[2.55] [.15] [5.03] [2.78] [3.65] 

Panel C.A. 
 

-.003 -.028 .028 .085*** .091**   
[.19] [1.27] [1.04] [3.05] [2.45] 

Combined/other 
 

.022* .011 .036*** .053*** .069***   
[1.85] [.68] [2.65] [3.10] [4.64] 

High income country 
 

-.032*** -.080*** -.14*** -.10*** -.15***   
[3.87] [6.69] [11.52] [7.85] [1.58] 

Program design features 
      

Additional services 
  

.002 .074*** .037** .105***    
[.15] [5.69] [2.47] [6.88] 

Participant profiling 
  

.030** .047*** .033*** .041***    
[2.58] [3.44] [2.75] [2.75] 

Participant engagement mechanism 
  

.064*** .080*** .075*** .088***    
[5.15] [6.80] [5.92] [7.32] 

Incentives for service providers 
  

.031*** .062*** .040*** .060***    
[2.79] [5.47] [3.13] [4.62] 

Program has soft skills training 
    

0 -.003      
[.03] [.19] 

Outcome characteristics 
      

Employment (base=earnings) 
  

-.018*** 
 

-.014**     
[2.58] 

 
[2.07] 

Estimated unadjusted difference in means 
  

.005 
 

-.006     
[.32] 

 
[.44] 

Measured >1 year after exit 
  

.051*** 
 

.051***     
[6.13] 

 
[6.12] 

Target/evaluation group 
   

.088*** 
 

.043** 
Low income / disadvantaged 

   
[6.30] 

 
[2.53]     

-.007 
 

-.004 
Male (base=male and female combined) 

  
[.69] 

 
[.37]     

-.01 
 

-.01 
Female (base=male and female combined) 

  
[1.15] 

 
[1.18]     

-.008 
 

.007 
Younger Participants 

   
[.91] 

 
[.83]        

Table continues on next page…       
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(1) (2) (3) (4) (5) (6) 

Type of implementer (base=Private and public sector jointly implement) 
  

Government only 
    

-.07*** -.049**      
[4.55] [2.04] 

Private sector only 
    

.008 .039**      
[.46] [2.25] 

Constant .049*** .193*** .115*** .019 .081** .002 
  [12.47] [9.90] [3.71] [.48] [2.45] [.06] 
R2  . . . . . . 
N 1,999 1,980 1,365 1,020 1,330 985 
Number of interventions: 97 94 57 41 55 38 
Number of studies: 96 94 69 57 64 52 
Notes: See notes for Table A3. 
 

Table A5. Positive & statistically significant probit regressions: pooled sample  
(1) (2) (3) (4) (5) (6) 

Main category (base=skills training) 
      

Entr. Prom. .028 .046 .024 .048 .028 .079  
[.25] [.45] [.21] [.49] [.30] [1.00] 

Empl. Serv. -.138 -.101 -.028 .235** -.109 .178  
[1.45] [1.17] [.29] [2.01] [.80] [1.18] 

Subs. Empl. .035 -.06 -.235*** .004 -.304*** -.105  
[.42] [.79] [2.62] [.04] [2.80] [1.06] 

Unspecified -.093 .142 .057 .215 .091 .007  
[1.09] [1.27] [.37] [1.22] [.54] [.03] 

Evaluation features 
      

Log Evaluation Sample Size 
 

.042* .049* -.002 .076*** .050**   
[1.91] [1.87] [.07] [2.95] [2.06] 

Publication Peer-Reviewed 
 

-.005 .032 .106 -.005 .014   
[.06] [.43] [1.54] [.07] [.17] 

Intention-to-treat estimator 
 

-.189*** -.087 -.071 -.083 -.115* 
  [3.55] [1.18] [.94] [1.12] [1.94] 
Research Design (base=RCT)       
RDD 

 
     

DiD 
 

-.02 -.007 .101 -.079 
 

  
[.20] [.05] [.52] [.46] 

 

IV 
 

-.044       
[.60] 

    

Cross-sectional C.A. 
 

-.024 .176 .281* .194* .181   
[.27] [1.57] [1.91] [1.79] [1.28] 

Panel C.A. 
 

-.015 .183 .524*** .201 .397*   
[.12] [1.12] [2.84] [1.15] [1.92] 

Combined/other 
 

-.073 -.19 -.073 -.054 -.006   
[.85] [1.32] [.55] [.45] [.06] 

High income country 
 

-.121* -.256*** -.500*** -.238*** -.469***   
[1.65] [3.04] [4.78] [3.20] [4.20] 

Program design features 
      

Additional services 
  

-.025 .092 .071 .125    
[.29] [1.16] [.87] [1.31] 

Table continues on next page…       
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(1) (2) (3) (4) (5) (6) 

Participant profiling 
  

.104 .114 .087 .113    
[1.51] [1.46] [1.44] [1.35] 

Participant engagement mechanism 
  

.276*** .304*** .279*** .356***    
[2.95] [3.19] [3.03] [3.47] 

Incentives for service providers 
  

.096 .078 .056 -.028    
[1.09] [.76] [.66] [.33] 

Program has soft skills training 
    

-.175* -.141      
[1.95] [1.26] 

Outcome characteristics 
      

Employment (base=earnings) 
  

.001 
 

-.018     
[.01] 

 
[.39] 

Estimated unadjusted difference in means 
  

.273* 
 

.021     
[1.96] 

 
[.14] 

Measured >1 year after exit 
  

.200*** 
 

.270***     
[3.11] 

 
[4.01] 

Target/evaluation group 
      

Low income / disadvantaged 
   

.133* 
 

.172*     
[1.92] 

 
[1.86] 

Male (base=male and female combined) 
  

-.041 
 

-.08     
[.71] 

 
[1.52] 

Female (base=male and female combined) 
  

-.033 
 

-.069     
[.46] 

 
[1.24] 

Younger Participants 
   

-.097 
 

.007     
[1.00] 

 
[.07] 

Type of implementer (base=Private and public sector jointly implement) 
  

Government only 
    

-.158 -.168      
[1.21] [1.08] 

Private sector only 
    

.161 .112      
[1.59] [.93] 

Constant 
      

  
      

R2  
      

N 2,932 2,037 1,437 1,065 1,402 1,015 
Number of interventions: 105 95 57 41 55 38 
Number of studies: 104 92 66 54 62 50 
Notes: See notes for Table A3. 
 

Table A6. Weighted Least Squares Hedges' g regressions: high-income country sample  
(1) (2) (3) (4) (5) (6) 

Main category (base=skills training) 
      

Entr. Prom. -.073*** -.098*** 
    

 
[2.98] [2.84] 

    

Empl. Serv. -.044 -.062* .048 .215* .264*** .494***  
[1.53] [1.72] [.83] [2.10] [3.24] [4.41] 

Subs. Empl. -.033 -.029 -.026 .025 .033 -.028  
[.93] [.77] [.52] [.42] [.69] [.34] 

Unspecified -.011 -.011 -.031 -.043 .003 -.171 
Table continues on next page…       
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(1) (2) (3) (4) (5) (6) 

Evaluation features 
      

Log Evaluation Sample Size 
 

-.021** -.025* -.017 -.024*** -.02   
[2.27] [2.00] [.87] [2.87] [1.23] 

Publication Peer-Reviewed 
 

-.01 -.033 -.086 -.073* -.044**   
[.30] [.70] [.96] [2.05] [2.41] 

Intention-to-treat estimator 
 

-.011 -.006 .014 .037 .164   
[.37] [.08] [.16] [.57] [1.23] 

Variance 2.938** 1.568 1.010*** 1.304** .817 1.182  
[2.58] [1.61] [2.92] [2.21] [1.06] [1.66] 

Research Design (base=RCT) 
      

RDD 
 

.084 .058 
 

.069 
 

  
[1.10] [.56] 

 
[.59] 

 

DiD 
 

.114* .077 .024 .163** .377**   
[1.98] [1.13] [.45] [2.65] [2.79] 

IV 
 

.071** 
    

  
[2.58] 

    

Cross-sectional C.A. 
 

.019 .031 .157 .107 .327**   
[.47] [.32] [.56] [1.15] [2.27] 

Panel C.A. 
 

.038 .012 .011 .207** .313**   
[1.30] [.14] [.08] [2.06] [2.29] 

Combined/other 
 

.031 -.068 -.019 .027 .249*   
[.49] [.89] [.23] [.40] [1.98] 

Program design features 
      

Additional services 
  

.059 .177*** .034 .088    
[1.11] [4.47] [1.07] [1.10] 

Participant profiling 
  

-.007 .03 .042 .029    
[.20] [.80] [1.51] [.51] 

Participant engagement mechanism 
  

.117* .267*** .104* .082    
[1.86] [3.08] [1.89] [.81] 

Incentives for service providers 
  

.071 .166*** .095** -.117    
[1.49] [3.24] [2.57] [1.10] 

Program has soft skills training 
    

.075 -.728**      
[1.37] [2.42] 

Outcome characteristics 
      

Employment (base=earnings) 
   

.006 
 

.008     
[.34] 

 
[.55] 

Estimated unadjusted difference in means 
   

-.035 
 

-.146     
[.53] 

 
[1.66] 

Measured >1 year after exit 
   

.044 
 

.027     
[1.28] 

 
[.65] 

Target/evaluation group 
      

Low income / disadvantaged 
   

.139 
 

.793***     
[1.31] 

 
[3.30] 

Male (base=male and female combined) 
   

-.017 
 

-.014     
[.70] 

 
[.72] 

Female (base=male and female combined) 
  

-.073*** 
 

-.043*     
[2.99] 

 
[2.11] 

Younger Participants 
   

-.026 
 

.039 
    [2.99]  [2.11] 
Table continues on next page… 
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(1) (2) (3) (4) (5) (6) 

Type of implementer (base=Private and public sector jointly implement) 
  

Government only 
    

-.182*** -.844***      
[3.25] [3.27] 

Private sector only 
    

-.149*** -.259***      
[3.35] [3.15] 

Constant .033 .196** .062 -.401 -.06 -.099 
  [1.43] [2.39] [.65] [1.29] [.73] [.40] 
R2  .07 .13 .13 .49 .28 .64 
N 1,299 1,280 788 507 770 489 
Number of interventions: 53 50 27 17 27 16 
Number of studies: 54 52 37 29 35 27 
Notes: See notes for Table A3. 
 

Table A7. Random Effects SMD regressions: high income country sample  
(1) (2) (3) (4) (5) (6) 

Main category (base=skills training) 
      

Entr. Prom. -.034 .019 
    

 
[.83] [.23] 

    

Empl. Serv. -.013 -.009 -.034 .235*** .331*** .415***  
[1.15] [.74] [1.59] [5.50] [3.27] [3.47] 

Subs. Empl. -.023** -.013 -.014 -.01 -.083** -.05  
[2.37] [1.02] [.60] [.31] [2.04] [1.03] 

Unspecified -.026* -.031** -.034* -.047* -.097*** -.090***  
[1.84] [2.00] [1.83] [1.87] [3.59] [3.25] 

Evaluation features 
      

Log Evaluation Sample Size 
 

-.012*** -.007 -.010* -.013** -.015***   
[3.87] [1.35] [1.88] [2.57] [2.85] 

Publication Peer-Reviewed 
 

.005 -.024 -.028* -.030** -.023   
[.49] [1.43] [1.80] [2.05] [1.45] 

Intention-to-treat estimator 
 

-.023** -.026 -.027* .012 .014   
[2.29] [1.41] [1.80] [.76] [.93] 

Research Design (base=RCT) 
      

RDD 
 

.045 .055 
   

  
[.57] [.47] 

   

DiD 
 

.059*** -.025 .032 .194*** .217***   
[3.97] [1.08] [1.17] [4.43] [4.60] 

IV 
 

.053 
    

  
[1.14] 

    

Cross-sectional C.A. 
 

-.02 -.035 .260*** .317*** .340***   
[1.40] [1.21] [3.78] [4.57] [4.76] 

Panel C.A. 
 

.004 -.069** .059* 
 

.123   
[.23] [2.35] [1.72] 

 
[1.32] 

Combined/other 
 

.027 -.024 .011 .085*** .104***   
[1.46] [.87] [.57] [2.90] [3.19] 

Program design features 
      

Additional services 
  

-.006 -.015 -.057* -.035    
[.34] [.61] [1.82] [.99] 

Table continues on next page…       
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(1) (2) (3) (4) (5) (6) 

Participant profiling 
  

.048* .210*** .199*** .153***    
[1.72] [5.42] [4.52] [2.71] 

Participant engagement mechanism 
  

-.024 .111*** .023 0    
[1.38] [4.35] [.55] [.01] 

Incentives for service providers 
      

       
Program has soft skills training 

    
-.543*** -.473***      
[3.43] [2.83] 

Outcome characteristics 
      

Employment (base=earnings) 
   

-.008 -.006 -.004     
[.92] [.74] [.57] 

Estimated unadjusted difference in means 
   

-.008 -.041** -.039**     
[.41] [2.16] [2.03] 

Measured >1 year after exit 
   

.068*** .062*** .063***     
[6.15] [6.07] [6.14] 

Target/evaluation group 
      

Low income / disadvantaged 
   

.159*** .620*** .594***     
[4.02] [4.21] [4.00] 

Male (base=male and female combined) 
   

.016 .016 .015     
[1.31] [1.40] [1.34] 

Female (base=male and female combined) 
  

-.024* -.016 -.019     
[1.92] [1.37] [1.58] 

Younger Participants 
   

-.013 -.005 -.004     
[1.21] [.53] [.38] 

Type of implementer (base=Private and public sector joinly implement) 
  

Government only 
    

-.360*** -.422***      
[2.82] [3.11] 

Private sector only 
    

-.13 -.158      
[1.34] [1.60] 

Constant .033*** .139*** .135*** -.416*** -.287** -.265** 
  [6.80] [5.60] [2.91] [3.98] [2.48] [2.27] 
R2  . . . . . . 
N 1,298 1,279 788 507 489 489 
Number of interventions: 53 50 27 17 16 16 
Number of studies: 54 52 37 29 27 27 
Notes: See notes for Table A3.. 
 

Table A8. Positive & statistically significant probit: high income country sample  
(1) (2) (3) (4) (5) (6) 

Main category (base=skills training) 
      

Entr. Prom. -.327** -.152      
[2.18] [1.06] 

    

Empl. Serv. -.137 -.132 -.152 1.449*** 1.790*** 1.778***  
[1.10] [1.17] [.99] [3.74] [13.16] [12.82] 

Subs. Empl. .026 -.161 -.337** -.347*** -1.55*** -.809***  
[.25] [1.56] [2.44] [3.61] [12.46] [6.46] 

       
Table continues on next page…       
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(1) (2) (3) (4) (5) (6) 

Unspecified -.092 .166 .001 .035 -1.59*** -.854***  
[.98] [1.44] [.01] [.20] [9.80] [14.06] 

Evaluation features 
      

Log Evaluation Sample Size 
 

.039 .066** .035* .027 .027   
[1.64] [2.37] [1.90] [1.39] [1.39] 

Publication Peer-Reviewed 
 

-.085 -.247** .097 -.01 -.01   
[.96] [2.40] [.85] [.39] [.39] 

Intention-to-treat estimator 
 

-.212*** -.470*** -.255*** -.178*** -.178***   
[2.69] [3.67] [4.83] [5.25] [5.25] 

Research Design (base=RCT) 
      

RDD 
      

       
DiD 

 
.015 -.185* .506** 

  
  

[.11] [1.73] [2.27] 
  

IV 
 

-.035 
    

  
[.49] 

    

Cross-sectional C.A. 
 

.095 -.342** .255*** 1.279*** .920***   
[.84] [2.30] [13.44] [11.44] [1.11] 

Panel C.A. 
 

.02 -.419** .366** 
 

.799***   
[.17] [2.26] [2.13] 

 
[5.05] 

Combined/other 
 

.013 -.705*** -.084 -.051 -.051   
[.12] [4.15] [.86] [.98] [.98] 

Program design features 
      

Additional services 
  

.062 1.493*** 1.294*** .871***    
[.43] [6.42] [15.90] [13.22] 

Participant profiling 
  

-.092 -.299*** -1.58*** -.840***    
[1.11] [4.21] [13.03] [1.56] 

Participant engagement mechanism 
  

.494***       
[3.14] 

   

Incentives for service providers 
  

.240** 1.209*** -.543*** -.222***    
[2.39] [5.52] [4.02] [2.64] 

Program has soft skills training 
    

-3.77*** -1.83***      
[9.08] [7.70] 

Outcome characteristics 
      

Employment (base=earnings) 
   

-.057 -.038 -.038     
[1.37] [.86] [.86] 

Estimated unadjusted difference in means 
   

.264 -.035** -.035**     
[1.40] [2.29] [2.30] 

Measured >1 year after exit 
   

.074 .13 .13     
[.52] [.84] [.84] 

Target/evaluation group 
      

Low income / disadvantaged 
   

1.431*** 4.270*** 2.675***     
[4.25] [11.51] [13.96] 

Male (base=male and female combined) 
   

.021 .022 .022     
[.97] [1.58] [1.58] 

Female (base=male and female combined) 
  

-.008 -.032 -.032     
[.16] [.63] [.63] 

Younger Participants 
   

-.042 -.027 -.027     
[1.15] [.70] [.70] 

Table continues on next page…       
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(1) (2) (3) (4) (5) (6) 

Type of implementer (base=Private and public sector joinly implement) 
  

Government only 
    

-2.09*** -1.69***      
[8.79] [9.70] 

Private sector only 
    

-1.12*** -.794***      
[6.37] [5.06] 

Constant 
      

  
      

R2  . . . . . . 
N 1,715 1,313 841 489 456 456 
Number of interventions: 60 51 27 17 16 16 
Number of studies: 60 52 36 28 26 26 
Notes: See notes for Table A3. 
 

Table A9. Weighted Least Squares Hedges' g : low- & middle-income country sample  
(1) (2) (3) (4) (5) (6) 

Main category (base=skills training) 
      

Entr. Prom. .046 .049 .052 .064* .04 .04  
[.81] [.78] [1.03] [1.78] [.92] [.92] 

Empl. Serv. -.055 -.03 .04 .027 -.009 -.009  
[1.16] [.60] [.81] [.52] [.11] [.11] 

Subs. Empl. -.026 .01 -.123 .089* .103** .103**  
[.71] [.23] [1.70] [2.04] [2.56] [2.56] 

Evaluation features 
      

Log Evaluation Sample Size 
 

-.022 -.028* -.039*** -.031 -.031   
[1.32] [1.83] [2.84] [1.55] [1.55] 

Publication Peer-Reviewed 
 

-.014 -.015 .039 .004 .004   
[.54] [.36] [1.43] [.09] [.09] 

Intention-to-treat estimator 
 

-.067 -.038 -.047 -.04 -.04   
[1.32] [.84] [1.18] [1.26] [1.26] 

Variance -.695 -1.002* -1.162** -.623 -.689 -.689  
[1.37] [1.80] [2.27] [1.02] [1.08] [1.08] 

Research Design (base=RCT) 
      

RDD 
      

       
DiD 

 
.004 .133 .063 

  
  

[.05] [1.70] [1.05] 
  

IV 
      

Cross-sectional C.A. 
 

-.06 .1 .117** .070* .070*   
[.68] [1.46] [2.17] [1.77] [1.77] 

Panel C.A. 
      

       
Combined/other 

 
.014 -.005 .053 .061 .061   
[.31] [.09] [1.01] [1.42] [1.42] 

Program design features 
      

Additional services 
  

.032 .098*** .151* .151*    
[.55] [3.09] [1.89] [1.89] 

Participant profiling 
  

.089** .092*** .088** .088**    
[2.34] [3.41] [2.30] [2.30] 

Table continues on next page…       
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(1) (2) (3) (4) (5) (6) 

Participant engagement mechanism 
  

.098* .079*** .041 .041    
[2.03] [3.39] [1.09] [1.09] 

Incentives for service providers 
  

.043 -.009 -.034 -.034    
[.82] [.25] [.88] [.88] 

Program has soft skills training 
    

.006 .006      
[.08] [.08] 

Outcome characteristics 
      

Employment (base=earnings) 
   

.027 .033 .033     
[.97] [1.17] [1.17] 

Estimated unadjusted difference in means 
  

.147*** .180*** .180***     
[4.32] [4.25] [4.25] 

Measured >1 year after exit 
   

.035 .039* .039*     
[1.58] [1.79] [1.79] 

Target/evaluation group 
      

Low income / disadvantaged 
   

.056** .03 .03     
[2.09] [.99] [.99] 

Male (base=male and female combined) 
   

-.053 -.044 -.044     
[1.46] [1.14] [1.14] 

Female (base=male and female combined) 
  

.027 .027 .027     
[1.16] [1.07] [1.07] 

Younger Participants 
   

-.054* -.014 -.014     
[1.80] [.38] [.38] 

Type of implementer (base=Private and public sector joinly implement) 
  

Government only 
    

.067 .067      
[1.04] [1.04] 

Private sector only 
    

.041 .041      
[.68] [.68] 

Constant .106*** .304** .232* .247** .218* .218* 
  [3.98] [2.48] [1.88] [2.75] [1.98] [1.98] 
R2  .02 .06 .28 .27 .29 .29 
N 701 701 577 513 496 496 
Number of interventions: 44 44 30 24 22 22 
Number of studies: 42 42 32 28 25 25 
Notes: See notes for Table A3. 
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Table A10. Random Effects SMD regressions: low- and middle-income country sample  
(1) (2) (3) (4) (5) (6) 

Main category (base=skills training) 
      

Entr. Prom. .02 .015 .050** .077*** .005 .005  
[1.17] [.85] [2.18] [2.89] [.17] [.17] 

Empl. Serv. -.029 -.031 .021 .036 -.08 -.08  
[.87] [.92] [.53] [.83] [1.54] [1.54] 

Subs. Empl. .006 .026 -.077** .082 .118** .118**  
[.24] [1.10] [2.56] [1.49] [2.17] [2.17] 

Evaluation features 
      

Log Evaluation Sample Size 
 

-.019*** -.020*** -.019** .007 .007   
[3.78] [2.90] [2.19] [.67] [.67] 

Publication Peer-Reviewed 
 

.003 .035** .079*** .037* .037*   
[.24] [2.41] [4.46] [1.70] [1.70] 

Intention-to-treat estimator 
 

-.027* -.018 -.029 -.01 -.01   
[1.71] [1.06] [1.61] [.53] [.53] 

Research Design (base=RCT) 
      

RDD 
      

       
DiD 

 
-.021 .041 -.006 

  
  

[.74] [.64] [.08] 
  

IV 
      

       
Cross-sectional C.A. 

 
-.048** .061** .125*** .062 .062   
[2.26] [2.46] [4.34] [1.60] [1.60] 

Panel C.A. 
      

       
Combined/other 

 
.012 .052*** .060** .067*** .067***   
[.66] [2.77] [2.46] [2.65] [2.65] 

Program design features 
      

Additional services 
  

.054** .060** .224*** .224***    
[2.37] [2.34] [4.77] [4.77] 

Participant profiling 
  

.100*** .121*** .125*** .125***    
[4.94] [5.18] [5.00] [5.00] 

Participant engagement mechanism 
  

.050** .082*** .007 .007    
[2.32] [3.26] [.23] [.23] 

Incentives for service providers 
  

.061*** .043 -.024 -.024    
[2.99] [1.64] [.81] [.81] 

Program has soft skills training 
    

-.062** -.062**      
[2.10] [2.10] 

Outcome characteristics 
      

Employment (base=earnings) 
   

-.032*** -.021* -.021*     
[2.68] [1.69] [1.69] 

Estimated unadjusted difference in means 
   

.091 .117 .117     
[.88] [1.17] [1.17] 

Measured >1 year after exit 
   

-.008 -.002 -.002     
[.49] [.14] [.14] 

Target/evaluation group 
      

Low income / disadvantaged 
   

.059*** .039 .039     
[2.62] [1.58] [1.58] 

Table continues on next page…       
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(1) (2) (3) (4) (5) (6) 

Male (base=male and female combined) 
   

-.047*** -.036** -.036**     
[2.62] [1.98] [1.98] 

Female (base=male and female combined) 
 

.009 .009 .009     
[.64] [.69] [.69] 

Younger Participants 
   

.001 .040* .040*     
[.08] [1.91] [1.91] 

Type of implementer (base=Private and public sector joinly implement) 
  

Government only 
    

.120** .120**      
[2.35] [2.35] 

Private sector only 
    

.082*** .082***      
[2.71] [2.71] 

Constant .085*** .248*** .130** .075 -.044 -.044 
  [13.82] [6.30] [2.19] [1.01] [.57] [.57] 
R2  . . . . . . 
N 701 701 577 513 496 496 
Number of interventions: 44 44 30 24 22 22 
Number of studies: 42 42 32 28 25 25 
Notes: See notes for Table A3. 
 

Table A11. Positive & statistically significant probit: low- and middle-income country   
(1) (2) (3) (4) (5) (6) 

Main category (base=skills training) 
      

Entr. Prom. .079 .09 .05 .055 -.026 -.026  
[.61] [.74] [.35] [.61] [.38] [.38] 

Empl. Serv. -.136 -.087 .172 .213 -.197 -.197  
[1.08] [.69] [1.24] [1.26] [1.14] [1.14] 

Subs. Empl. .057 .024 -.231 .356* -.037 -.037  
[.46] [.27] [1.51] [1.65] [.27] [.27] 

Evaluation features 
      

Log Evaluation Sample Size 
 

.05 .049 -.01 .101** .101**   
[1.32] [1.03] [.24] [2.39] [2.39] 

Publication Peer-Reviewed 
 

.125 .117 .214** -.035 -.035   
[1.29] [1.11] [2.53] [.31] [.31] 

Intention-to-treat estimator 
 

-.155** -.007 -.024 -.019 -.019   
[2.14] [.08] [.37] [.34] [.34] 

Research Design (base=RCT) 
      

RDD 
      

       
DiD 

 
.125 .107 -.021 

  
  

[.81] [.37] [.08] 
  

IV 
      

Cross-sectional C.A. 
 

-.076 .203 .410*** .341* .341*   
[.54] [1.30] [2.61] [1.84] [1.84] 

Panel C.A. 
      

       
Combined/other 

 
-.073 -.021 .203 .272*** .272***   
[.57] [.09] [1.10] [2.79] [2.79] 

Table continues on next page…       
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(1) (2) (3) (4) (5) (6) 

Program design features 
      

Additional services 
  

-.119 -.015 .575*** .575***    
[.89] [.15] [3.48] [3.48] 

Participant profiling 
  

.160* .183*** .330*** .330***    
[1.67] [2.73] [4.26] [4.26] 

Participant engagement mechanism 
  

.367*** .382*** .153 .153    
[2.84] [3.85] [1.40] [1.40] 

Incentives for service providers 
  

.118 -.022 -.024 -.024    
[.73] [.13] [.21] [.21] 

Program has soft skills training 
    

-.506*** -.506***      
[3.20] [3.20] 

Outcome characteristics 
      

Employment (base=earnings) 
   

.109 .095 .095     
[1.63] [1.42] [1.42] 

Estimated unadjusted difference in means 
  

          
Measured >1 year after exit 

   
.137** .191*** .191***     
[2.01] [3.06] [3.06] 

Target/evaluation group 
      

Low income / disadvantaged 
   

.155 -.044 -.044     
[1.43] [.38] [.38] 

Male (base=male and female combined) 
   

.012 -.035 -.035     
[.13] [.50] [.50] 

Female (base=male and female combined) 
  

.101 .014 .014     
[1.37] [.26] [.26] 

Younger Participants 
   

-.16 -.008 -.008     
[1.12] [.05] [.05] 

Type of implementer (base=Private and public sector jointly implement) 
  

Government only 
    

.204 .204      
[1.38] [1.38] 

Private sector only 
    

.446*** .446***      
[3.16] [3.16] 

Constant 
      

  
      

R2  
      

N 1,217 724 596 530 513 513 
Number of interventions: 45 44 30 24 22 22 
Number of studies: 44 40 30 26 24 24 
Notes: See notes for Table A3. 
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A7 Characteristics of included interventions 

Skills training interventions: Education and skills are considered core factors in deter-
mining the outcomes for young people in the labor market. As a result, skills training 
programs are the most widely used labor market intervention for young people worldwide 
(Kluve 2010, Betcherman et al. 2007) and are increasingly delivered as complements to 
other labor market measures (Betcherman et al. 2007). Over half of youth interventions 
have some skills training components. About 50 percent of our included skills training in-
terventions are in high income countries, 35 percent in middle-income countries, and 12 
percent in low-income countries. The objective of these skills training programs is to develop 
employment-relevant skills of jobseekers to improve their chances of finding stable employ-
ment.  

Skills training interventions for youths are largely multifaceted with regard to the services 
provided, skills taught, and settings in which they are delivered. About 40 percent of the 
interventions complement training with other services. Combinations have paired training 
with employment services (31 interventions), subsidized employment (8 interventions), and 
entrepreneurship promotion (4 interventions). While most interventions offer technical 
skills, non-technical skills (or soft skills) are increasingly embedded in the training package, 
reflecting employers’ growing demand for these abilities (Cunningham, Sanchez-Puerta, & 
Wuermli 2010; Youth Employment Network & IYF 2009). Our sample has 29 interventions 
that incorporated soft skills within the overall training. 

A significant portion of the interventions rely on a results-based approach for the service 
providers to improve outcomes for beneficiaries: 18 out of a total of 32 skills training inter-
ventions with available information on payment systems rely on a results-based approach 
for service providers to improve outcomes for beneficiaries. In these cases, usually a central 
agency provides traditional bonus payments to service providers, contingent on the employ-
ment or earnings outcomes of beneficiaries.  

About one-third of programs apply participant profiling to match the services provided 
with participant needs. Profiling involves incorporating a mechanism in the program design 
to proactively assure that the specific constraints faced by the individuals within target 
group are being mitigated. This is generally implemented through (1) tailored services for 
each participant based on an individual assessment done by modelling or interviews by 
caseworkers or (2) increased emphasis on detailed targeting so a program’s services match 
the needs of its beneficiaries. The Adolescent Girls  

Employment Initiative (AGEI) in Nepal, for instance, provided technical and life skills 
training with a comprehensive incentive scheme. Training providers were selected through 
a competitive bidding process and offered a bonus payment based on the number of trainees 
with “gainful” employment six months after completing the training and a second bonus 
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for the share of participants meeting pre-specified vulnerability criteria and that were suc-
cessfully placed in employment (World Bank, 2015).  

Almost one-fourth of the skills training interventions in lower- and middle-income countries 
in our sample are located in Latin America and the Caribbean and follow the “Jóvenes” 
model.24 The model, piloted in the 1990s in Chile, combines in-classroom and on-the-job 
training in a demand-driven fashion. The design ensures private-sector involvement in the 
definition of training content via the workplace component, securing correspondence be-
tween the skills taught and those demanded by the productive sector. Moreover, implemen-
tation is demand-driven through a stringent, competitive bidding process for the selection 
of training providers and incentive payments schemes based on trainee outcomes.  

Entrepreneurship promotion interventions: Programs that focus on forming or sup-
porting youth entrepreneurs are comparatively rare in the dataset, comprising only 15 in-
terventions. These interventions are primarily found in low-income (e.g., Uganda and Libe-
ria) and upper-middle-income economies (Peru, Colombia, Tunisia, Bosnia, and Herze-
govina).  

Similar to skills training interventions, the entrepreneurship promotion interventions in-
cluded in the sample apply multipronged approaches, often providing technical and non-
technical skills training in entrepreneurship in combination with other services. Two-thirds 
of the evaluated entrepreneurship-oriented interventions fall into this group, most of them 
offering a combination of business skills training, business advisory services (including men-
toring), and access to finance. One An example is the Women’s Income Generation Support 
(WINGS) program in Uganda, which applies this specific combination of interventions. 
Only a small proportion of interventions in our sample (fewer than 3) provided access to 
finance through credits or grants in a single-pronged manner, or solely business skills train-
ing.  

Employment services interventions: The sample contains 10 employment service inter-
ventions embedded in 9 different programs that almost always deliver job counseling, job-
search assistance, and/or mentoring services, sometimes complemented by job placement 
services and/or financial assistance. The only intervention that focuses solely on financial 
assistance for job search is a subsidized transportation experiment by Franklin (2014) con-
ducted in Addis Ababa, Ethiopia. In contrast to other main intervention types, the employ-
ment service interventions examined in this review exhibit a trend toward single-pronged 
approaches, mostly the provision of job counseling, job search assistance, and/or mentoring 
services.  

While only 10 interventions in our sample belong to the main intervention category of 
employment services, 40 interventions make use of employment service elements. These are 

                                        
24 These programs were implemented in Argentina, Chile, Dominican Republic, Colombia, Peru, and Panama.  
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most frequently observed as sub-components of either skills training or subsidized employ-
ment interventions.  

Except for 3 regional or pilot studies set in low- or middle-income countries (Ethiopia, 
India, Jordan), employment services for youth have so far been evaluated mostly in high-
income countries (Finland, France, Germany, Portugal, the U.S.), where they are typically 
implemented by public employment agencies and operate on a national scale.  

Subsidized employment interventions: The evaluations included in this review contain 
a heterogeneous sample of 21 subsidized employment interventions. Within these 21 inter-
ventions, we find a broad range of intervention categories: reductions in employer social 
security contributions, reductions in employer labor/wage costs, direct subsidy payments to 
the individual (e.g., through vouchers), and labor-intensive infrastructure development pro-
jects, or any combination of these approaches. The interventions in our sample have been 
implemented exclusively in high-income economies. 

Of the subsidized employment interventions, 9 out of 21 are multipronged interventions 
combining different intervention types, such as skills training with job mentoring, all within 
the framework of a subsidized job. The remaining 12 interventions provide standalone sub-
sidized employment opportunities, such as the Targeted Jobs Tax Credit (TJTC) program 
in the U.S. In terms of the intervention setting, the majority of the subsidized employment 
interventions in our sample take place within private enterprises (for example, the Swedish 
employer-paid payroll tax or the French Contrat Jeune en Entreprise).  

A8 List of included interventions 

Table A12. List of included interventions  
Program Name Country Main category Reference(s) 
Apprenticeship Training Program and 
Entrepreneurship Support for Vulner-
able Youth  

Malawi Skills training Cho et al. (2013) 

Becate Mexico Skills training Van Gameren (2010) 
Chile Joven Chile Skills training Aedo et al. (2004) 
   Consultores (1999) 
Contrat de Qualification France Skills training Charpail et al. (2005) 

 
  

Pessao e Costa & Robin 
(2009) 

Economic Empowerment of Adoles-
cent Girls (EPAG) 

Liberia Skills training Adoho et al. (2014) 

Employment Fund Nepal Skills training Ahmed et al. (2014) 
Empowerment and Livelihood for Ad-
olescents (ELA) 

Uganda Skills training Bandiera et al. (2014) 

Entra 21 Argentina Skills training Alzua et al. (2007) 
 

  Alzua et al. (2013) 
Entra 21 Brazil Skills training Alzua et al. (2007) 



90 

Program Name Country Main category Reference(s) 
Formacion Tecnica y Tecnologica 
(FT&T) 

Colombia Skills training Santa Maria et al. (2009) 

Formación en Oficios para Jóvenes de 
Escasos Recursos 

Chile Skills training Sence (2008) 

Further training (medium to long-
term) (FT) 

Germany Skills training Caliendo et al. (2011) 

Galpao Brazil Skills training Kluve et al. (2014) 
German Apprenticeship Programme Germany Skills training Clark & Fahr (2002) 
JTPA U.S. Skills training Bloom et al. (1997) 
 

  GAO (1996) 
 

  Heckman & Smith (1999) 
 

  Heckman & Smith (2000) 
 

  Heckman et al. (1997) 
 

  Kornfeld & Bloom (1999) 
Job Corps U.S. Skills training Bampasidou (2012)  

  Bampasidou et al. (2014)    
Blanco et al. (2011)    
Blanco et al. (2013)    
Chen (2013)    
Flores-Lagunes et al. (2010)    
Frumento et al. (2012)    
Frölich & Huber (2014)    
Lee (2009)    
Schochet et al. (2003)    
Schochet et al. (2008)    
Zhang et al. (2009)  

JobStart U.S. Skills training Cave et al. (1993) 
Jordan New Opportunities for 
Women (NOW) 

Jordan Skills training Groh et al. (2012) 

Jovenes En Accion Colombia Skills training Attanasio et al. (2011) 
Labour Market Training Sweden Skills training Larsson (2003) 
Lei do Aprendiz Brazil Skills training Corseuil et al. (2014) 
Livelihoods Training for Adolescent 
Living 

India Skills training Mensch et al. (2004) 

Mandatory internships (Germany) Germany Skills training Saniter (2014) 
New Chance U.S. Skills training Chang et al. (2007) 
    Quint et al. (1997) 
Ohio Transitions To Independence 
Demonstration 

U.S. Skills training Fein et al. (1994) 

Preparatory training (PT) Germany Skills training Caliendo et al. (2011) 
Procajoven Panama Skills training Ibarraran & Rosas (2007) 

Programa Juventud y Empleo 
Dominican 
Republic 

Skills training Card et al. (2011) 

   Ibarraran et al. (2014) 
Programa de Escuelas taller y Casas 
de Oficio 

Spain Skills training 
Cansino Muñoz-Repiso & 
Sanchez Braza (2011) 
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Program Name Country Main category Reference(s) 
Programa de capacitación Jóvenes 
con Futuro (JCF) 

Colombia Skills training Santa Maria et al. (2009) 

Programes de Qualificació Professio-
nal Inicial (PQPI) 

Spain Skills training Blasco et al. (2014) 

Projoven Peru Skills training Chong & Galdo (2006) 
   Chong & Galdo (2012) 
   Chong et al. (2008) 
   Diaz & Jaramillo (2006) 
   Espinoza Peña (2010) 
   Galdo et al. (2008) 
   Ñopo & Saavedra (2003) 
   Ñopo et al. (2008) 
Quantum Opportunity Program 
(QOP) 

U.S. Skills training Rodriguez-Planas (2012) 

Satya/Pratham programme India Skills training Maitra & Mani (2014) 
School-to-Work Opportunities Act 
(STWOA) 

U.S. Skills training Gong (2005) 

   Griffith (2001) 

   Neumark & Rothstein 
(2006) 

   Page (2012) 
Secondary Career and Technical Edu-
cation programme 

U.S. Skills training Hollenbeck & Huang (2006) 

Senai Vocational Training Brazil Skills training 
Klasen & Villalobos Barria 
(2014) 

Short-term training (STT) Germany Skills training Caliendo et al. (2011) 
Summer Career Exploration Pro-
gramme 

U.S. Skills training McClanahan et al. (2004) 

Technical and Vocational Voucher 
Programme (TVVP)  

Kenya Skills training Hicks et al. (2013) 

Utvecklingsgarantin (UVG) Sweden Skills training Carling & Larsson (2005)  
Workforce Investment Act (WIA) U.S. Skills training Hollenbeck & Huang (2006) 
Youth Employment and Migra-
tion(YEM) 

Serbia Skills training Arandarenko et al. (2014) 

Proyecto Joven Argentina Skills training Aedo & Nuñez (2004) 
   Alzua & Brassiolo (2006) 
   Elias et al. (2004) 
    

Calificacion De Jovenes Creadores De 
Microempresas  

Peru Entrepreneurship  Parodi (2003) 

Créa Jeunes France Entrepreneurship  Crepon et al. (2014) 

Economic Empowerment of Adoles-
cent Girls (EPAG) 

Liberia Entrepreneurship  Adoho et al. (2014) 

Formacion Empresarial De La Juven-
tud (Project JUMP) 

Peru Entrepreneurship  Parodi (2003) 

Formacion de Lideres Empresariales Peru Entrepreneurship  Jaramillo & Parodi (2005) 
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Program Name Country Main category Reference(s) 

Jóvenes Rurales Emprendedores Colombia Entrepreneurship  Rojas et al. (2010) 

Partner Microcredit Foundation Ex-
periment 

Bosnia and 
Herzegovina 

Entrepreneurship  Bruhn & Zia (2013) 

Start and Improve Your Business 
(SIYB) programme 

Uganda Entrepreneurship  Fiala (2014) 

The Prince's Trust 
United 
Kingdom 

Entrepreneurship  Meager et al. (2003) 

Turning Theses into Enterprises Tunisia Entrepreneurship  Almeida et al. (2012) 

Women’s Income Generation Support 
(WINGS) 

Uganda Entrepreneurship  Blattman et al. (2013) 

   Blattman et al. (2014) 
Youth Opportunities Programme 
(YOP) 

Uganda Entrepreneurship  Blattman et al. (2013) 

  
  

Arbeit Sofort! Germany Empl. services Schneider et al. (2011) 

BPO recruiting services India Empl. services Jensen (2012) 

Counseling and Job Placement for 
Young Graduate Job Seekers 

France Empl. services Crepon et al. (2013) 

Finnish Vocational Labour Market 
Training (LMT) 

Finland Empl. services Hämäläinen' et al. (2014) 

Franklin Subsidized Transport Exper-
iment 

Ethiopia Empl. services Franklin (2014) 

Job search assistance (JS) Germany Empl. services Caliendo et al. (2011) 

Jordan New Opportunities for 
Women 2.0 (NOW) 

Jordan Empl. services Groh et al. (2014) 

Mandatory visits to job info. centers 
(Germany)  Germany 

Empl. services Saniter (2014) 

Programa Inserjovem Portugal Empl. services Centeno & Novo (2006) 
   Centeno et al. (2009) 
School-to-Work Opportunities Act 
(STWOA) 

U.S. Empl. services Gong (2005) 

   Neumark & Rothstein 
(2006) 

    

Contrat Jeune en Entreprise France Subsidized empl. Roger & Zamora (2011) 

JUMP wage subsidies (JWS) Germany Subsidized empl. Caliendo et al. (2011) 

Job creation schemes (JCS) Germany Subsidized empl. Caliendo et al. (2011) 

Jordan New Opportunities for 
Women (NOW) 

Jordan Subsidized empl. Groh et al. (2012) 

SGB III wage subsidies (WS) Germany Subsidized empl. Caliendo et al. (2011)  

School-to-Work Opportunities Act 
(STWOA) 

U.S. Subsidized empl. Gong (2005) 
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Program Name Country Main category Reference(s) 

   Neumark & Rothstein 
(2006) 

Special Youth Employment and 
Training Programme (SYETP) 

Australia Subsidized empl. Knight (2002) 

   Richardson (1998) 
Stage d'Initiation à la Vie Profession-
nelle (SIVP) 

Tunisia Subsidized empl. Broecke (2013) 

Stages de formation France Subsidized empl. Brodaty (2007) 

Stages d’Initiation à la Vie Profes-
sionnelle (SIVP) 

France Subsidized empl. Brodaty (2007) 

Subsidio al Empleo Joven Chile Subsidized empl. Universidad de Chile (2012) 

Swedish employer-paid payroll tax Sweden Subsidized empl. Egebark & Kaunitz (2014) 

Targeted Jobs Tax Credit (TJTC) U.S. Subsidized empl. Hollenbeck & Willke (1991) 

Travaux d’Utilité Collective (TUC) France Subsidized empl. Brodaty (2007) 

Youth Hires Canada Subsidized empl. Webb et al. (2014) 

Youth Practice Sweden Subsidized empl. Costa Dias et al. (2013) 
   Larsson (2003) 
Youth Wage Subsidies for South Af-
rica 

South Africa Subsidized empl. Levinsohn et al. (2014) 

    

2008 Employment Package Turkey Unspecified Barza (2011) 
ALMP for disadvantaged youth in 
Germany 

Germany Unspecified Ehlert et al. (2012) 

Apprentices Hiring Programme Chile Unspecified Sence (2006) 
CET replication sites U.S. Unspecified Miller et al. (2005) 
Jordan New Opportunities for 
Women (NOW) 

Jordan Unspecified Groh et al. (2012) 

National Guard Youth Challenge Pro-
gramme 

U.S. Unspecified Millenky et al. (2011) 

New Deal For The Young Unem-
ployed 

United 
Kingdom 

Unspecified Blundell et al. (2004) 

   De Georgi (2005) 
   Wilkinson (2003) 
Ninaweza Youth Empowerment Pro-
gramme 

Kenya Unspecified 
Alvares de Azevedo et al. 
(2013) 

School-to-Work Opportunities Act 
(STWOA) 

U.S. Unspecified Hall (2000) 

Teenage Parent Demonstration U.S. Unspecified Maynard et al. (1993) 
Youth Opportunity Grant Initiative U.S. Unspecified Jackson et al. (2007) 
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CHAPTER II. Simulating the workplace: An alternative to 
improve labor market outcomes of disadvantaged youth? 

with JOCHEN KLUVE* and LARA LEBEDINSKI‡ 

 
 
 
Abstract 

Traditional, classroom-based training programs have been criticized for their limited im-
pacts due to an inability to deliver practical and soft skills requested by employers. As an 
alternative, work-based learning at private-sector firms received increasing attention in re-
cent years. However, firms may undersupply general skills – locking youth into a “dead-end 
precarious job trap” rather than a stepping-stone to future employment. This paper assesses 
the impacts of a program for unemployed youth in Serbia that tries to find the middle 
ground: training via simulated work environments at vocational training institutes (VTIs). 
We compare this innovative approach to a more traditional intervention that matches youth 
to firm-based trainings. We exploit novel linked employer-employee data in Serbia to con-
struct a counterfactual comparison group in a dynamic selection-on-observables identifica-
tion framework. In addition, we conduct a detailed follow-up survey to assess informal labor 
market outcomes. Our findings show that both interventions significantly improve formal 
labor market outcomes of youth. While impact estimates are smaller for VTI-based train-
ings, our results indicate that effect sizes steadily increase over the medium term. In addi-
tion, survey evidence suggests that the benefits of VTI-based training may be comparatively 
underestimated in administrative data due to the higher relevance of informal labor market 
outcomes. We discuss our results in the framework of market failures (signaling vs. screen-
ing) and the role of transferable vs. firm-specific skills. 

Keywords: Active labor market programs, skills training, youth employment, impact eval-
uation, administrative data, informal employment, work-based learning 

JEL Classifications Numbers: D11, D42, L12, L16, L66, L67 
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1 Introduction  

Youth unemployment and skills training programs 

Widespread unemployment and underemployment of youth is a persistent challenge around 
the globe and particularly in many developing and transition economies. Globally, youth 
are more than three times more likely to be unemployed than adults, and this ratio has 
been increasing in recent years (ILO, 2020). More than every fifth of the world’s youth was 
not in employment, education, or training (NEET), with three-quarters of them female 
(ILO, 2020). Youth were also particularly hard hit by the Covid-19 economic crisis in 2020 
across all regions and country income groups, resulting in an employment loss of 8.7%, as 
opposed to 3.7% for adults in 2020 (ILO, 2021).  

Disadvantaged, low-skilled youth face particular barriers to access stable employment in 
the formal sector. Not only do youth from disadvantaged backgrounds (e.g. Roma) often 
lack vocational and soft skills that are in demand on the labor market. In addition, disad-
vantaged youth often have a lower ability to provide a clear signal about their productivity 
in the presence of labor market frictions (Bassi & Nansamba, 2021). Hence employers may 
find screening young workers without previous labor market experience too costly (given 
the risks) and tend to be overly pessimistic about their productivity (Abebe et al., 2021; 
Beam et al., 2018; Glover et al., 2017).  

Active Labor Market Programs (ALMPs) are a key policy option to improve disadvantaged 
youth labor market outcomes. Skills training programs are a particularly common option 
among the range of different ALMPs. One study estimates that the World Bank and its 
client governments invested nearly U.S. $1 billion per year on 93 skills training programs 
between 2002 and 2012 (Blattman & Ralston, 2015). However, the popularity of skills train-
ing programs among governments and donors has been criticized recently. One reason is 
that literature reviews and meta-analytic studies often find that impacts from training 
programs are only modest on average (Card et al., 2018; Kluve et al., 2019). Consequently, 
some argue that many training programs would not pass a cost-benefit test based on private 
returns and thus question whether training programs are the best use of limited public 
funds (Blattman & Ralston, 2015; McKenzie, 2017). 

From a theoretical perspective, two main reasons may underlie the limited effectiveness of 
skills training programs: First, youth may in fact not lack required skills but other factors 
impair their labor market prospects. In this case, improving their skills via training would 
be the wrong approach per se. However, employer surveys and skills assessment studies 
show that a lack of in-demand skills often ranks high above other barriers for employment 
of youth (World Bank, 2019a). This gap is more pronounced in lower- and middle-income 
countries and regards in particular work-related non-technical skills (Fox & Kaul, 2018; 
Ibarraran et al., 2014). However, traditional classroom-based training models are often not 
effective to deliver the practical skills and soft-/employability-skills that are demanded by 
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employers (Groh et al., 2016a; J-PAL, 2017). Furthermore, abstract learning may be difficult 
for youth who lack basic skills or have learning disabilities, as often the case in lower-income 
countries or among disadvantaged youth.  

Learning in (simulated) work-environments as an alternative 

As a consequence, work-based learning has received increasing attention recently as an 
alternative to classroom-based training. Workplace-based trainings by firms are by far the 
most prevalent delivery mechanism for work-based learning (Comyn & Brewer, 2018). How-
ever, three key concerns remain regarding the support of firm-based trainings: First, the 
skills delivered by employers may be highly firm-specific and hence trainees may end in a 
“precarious-job trap” (Corseuil et al., 2019). Second, on-site workplace-based training may 
not be suitable for all target groups and in all contexts. This may lead to high drop-out 
among marginalized groups (e.g. women), especially in lower- and middle-income countries 
(Cho et al., 2015; Groh et al., 2016b; Shonchoy et al., 2018). Third, support to firms to 
offer training carries a high risk of deadweight loss and/or substitution effects, e.g. if firms 
misuse the program to finance their existing training needs or acquire cheap labor (Brunetti, 
2017; O’Connell & Mation, 2019a). A middle ground between firm- and classroom-based 
trainings may be simulated work environments at vocational training institutes (VTIs). 
Such simulated work environments can include fake workshops, warehouses, or training 
kitchens. However, this delivery model has seen very little application so far and evidence 
of its effectiveness is virtually inexistent (Moyer et al., 2017). 

In this paper, we assess how training via simulated work environments compares to firm-
based trainings. To address this question, we compare the impact of two interventions that 
aim to improve labor market outcomes for disadvantaged youth in Serbia through work-
based learning. The first intervention matches youth with training opportunities in private-
sector firms (“firm-based training”). The second intervention finances trainings in simulated 
work environments run by private- or public vocational training institutes (“VTI-based 
training”). To underpin our analysis and findings, we discuss both interventions in the 
framework of market failures that underlie youth labor market challenges on the demand 
and supply side. The discussion points to the important role of work-based training as a 
device for youth to signal employability skills, as well as a device for employers to screen 
candidates without previous work experience.  

Empirical approach  

We estimate the impact of both interventions by applying a statistical matching and co-
variate reweighting strategy, based on recent studies in high-income settings (e.g., Caliendo 
& Tübbicke, 2020; Doerr et al., 2017; Huber et al., 2018). Specifically, we employ a sequen-
tial matching strategy to address the selection bias that is a key concern when static eval-
uation approaches are employed in a dynamic treatment setting (Fredriksson & Johansson, 
2008). Previous studies have stressed the importance of including pre-treatment labor mar-
ket outcomes as conditioning variables in the propensity score estimation (Biewen et al., 
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2014). Our empirical strategy benefits from newly available large-scale administrative data 
from the Serbian National Employment Service (NES). The data allows us to construct 
detailed panel data of labor market histories for the population of unemployed youth in 
Serbia. This enables us to include a wide range of time-varying pre-treatment characteristics 
in our matching procedure in a flexible manner.  

In addition, we complement the administrative data with original survey data collected 
among participants roughly ten months after entering the program. Unobserved labor mar-
ket outcomes are a key concern of studies based solely on administrative data in the pres-
ence of large informal sectors and/or weak public institutions (e.g., Attanasio et al., 2017; 
Novella et al., 2018; Quintana & Cravo, 2019). Firstly, this data permits us to assess the 
relevance of informal employment by matching the administrative data to the exact time 
of the interview. Secondly, the survey enables us to explore the mechanisms behind our 
main results by providing details on employment characteristics and wage levels.  

Results 

Our results show that impacts are significantly larger for firm-based trainings initially but 
that the gap decreases over the medium-term, which is mainly driven by the delayed time 
profile of VTI-based training outcomes. For firm-based trainings, we observe that a majority 
of youth are retained by firms following the intervention. However, effect size magnitudes 
decline with duration after training end, since the counterfactual comparison group catches 
up by gaining formal employment (convergence). Roughly eight months after training start, 
the probability of firm-trained youth to be formally employed is around 50 percentage points 
(p.p.) higher than in the matched comparison group (28.8%). VTI-based trainees, in con-
trast, take longer to obtain formal employment. But effect sizes are strictly increasing with 
time after training end as outcomes improve faster than among the matched comparison 
group (divergence). Eight months after training start, we observe a 13 p.p. higher proba-
bility to be formally employed over the comparison group mean (32.2%). Sub-sample anal-
ysis of early training cohorts indicates that impacts of the two interventions continue to 
converge in the nine to twelve months after training start. 

Furthermore, survey results suggest that labor market benefits of VTI-based trainings are 
underestimated compared to firm-based trainings. Firstly, informal employment is much 
more relevant to VTI-based trainees. For firm-based trainings, we document that self-re-
ported employment exceeds registered employment by around 12 p.p. at the time of the 
survey. Among VTI-based trainees, self-reported employment is almost 48 p.p. higher than 
formally registered. Secondly, despite the high rate of non-registered employment among 
VTI-based trainees, most indicators of job quality and perceived job satisfaction are com-
parable to those of firm-based trainees. Most importantly, reported incomes of VTI-based 
trainees are roughly 7,000 RSD (20%) higher than those of firm-based trainees. A key reason 
appears to be the large fraction of firm-based trainees who accepted entry-level positions 
with the training firm and earn just below the national median wage. In contrast, VTI-
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based trainees took more time to find employment (inside- or outside the formal labor 
market), but eventually succeeded in finding (at least) equally well-payed employment.  

Contributions 

Our study makes two important contributions to the literature of training-based active 
labor market programs. With regards to program design, our results show that delivering 
work-based learning via simulated work environments may be a valuable alternative to firm-
based training. Our review of the literature and theory reveals the key advantages of (i) 
combining theoretical and practical skills, (ii) catering to a wider target group, (iii) provid-
ing less firm-specific skills, and (iv) carrying less risk of deadweight loss and substitution 
effects. With regards to evaluation design, our results highlight two key considerations for 
studies of labor market interventions in less formalized economies. First, the importance of 
assessing long-term outcomes when comparing supply- and demand-side interventions, given 
their different mechanisms of impacting labor market outcomes. Second, the importance of 
combining administrative and survey data when comparing interventions, given that labor 
supply-side interventions may materialize in (informal) labor market outcomes which are 
comparatively less represented in administrative data.  

The remainder of the paper is organized as follows: The next section 2 discusses the theo-
retical background and empirical literature regarding supply- and demand-side training 
interventions. Section 3 provides an overview of the labor market context in Serbia and the 
implementation of both training interventions. Section 4 presents the administrative data 
and the evaluation sample construction. Section 5 presents the empirical approach and 
discusses the key identifying assumptions. The empirical results are presented in Section 6. 
Section 7 presents and analyses the survey data. The final section discusses our findings 
and concludes. 

2 Theoretical background and related literature  

In the following, we discuss the theoretical underpinnings of skills training as an active 
labor market intervention in the framework of market failures. We structure the discussion 
as follows: Sub-sections 2.1 and 2.2 provide an overview of the key market failures that 
constrain youth’ access to training and formal-sector employment. Each section focuses on 
one of the two key market failures that determine youth employment challenges: First, 
market failures that lead to an underinvestment in human capital and hence that youth do 
not possess the skills in demand on the labor market (“skills gap”). Second, information 
frictions, causing that youth cannot provide potential employers with a sufficient signal 
about their actual productivity (“signaling gap”). Sub-section 2.3 then discusses how the 
two interventions under study address these market failures, as well as their respective 
advantages and limitations. This section also provides an overview of existing empirical 
evidence from evaluation studies of related supply- vs. demand-side interventions. 
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2.1 Youth labor market challenge 1: skills gap 

Two types of skills gaps: skills shortages vs. mismatch  

A key factor of youth unemployment is that many do not possess the skills that are de-
manded by employers in the labor market. To frame the subsequent discussion, it is useful 
to clarify that this “skills gap” could be either because youth did not gather (basic) skills 
during their education (“skills shortages”), or because they have gathered skills which are 
not demanded by potential employers (“skills mismatch”) (Ognjenović, 2018). Two of the 
most frequently cited causes of existing skills gaps are a low quality of formal education 
and significant school dropout rates, in particular among youth from disadvantaged back-
grounds (e.g. Roma). Thus, the education system is considered one of the key policy levers 
to improve the skills of youth that enter the labor market (including VET and apprentice-
ship schemes). As this paper focuses on post-educational ALMP, we do not discuss the 
reasons underlying deficient educational outcomes or potential policies and programs to 
address these. 

Discussion of post-educational skill gaps often centers around vocational or technical skills. 
While vocational skills are an important driver for labor market outcomes, non-technical 
skills have received increasing attention recently (Calero et al., 2017). These non-technical 
skills are variously called practical/occupational skills (e.g. using equipment), employability 
skills (e.g. communication, time-management, problem-solving), socio-emotional skills (e.g. 
perseverance, self-control, teamwork).25 Employer surveys commonly find that such skills 
are one of the key factors preventing firms from hiring inexperienced youth. In particular, 
practical skills and employability skills are often ranked as a crucial competence and even 
more important than technical qualifications (World Bank, 2019a). Both technical but also 
non-technical skills are found to be even scarcer in countries with weak educational systems 
(Ibarraran et al., 2014). This is particularly problematic as many non-cognitive work-rele-
vant skills are difficult to deliver through short-term (classroom-based) training programs 
(Groh et al., 2016b; J-PAL, 2017). This regards in particular socio-emotional skills, which 
are shaped early in life and hence difficult to change later (Calero et al., 2017). 

How market failures cause underinvestment in skills 

In the presence of market failures, workers underinvest in their human capital since the 
private returns of the investment are difficult to anticipate.26 To guide the subsequent dis-
cussion, we identify three categories of market failures from the literature that can lead to 
suboptimal investment in skills by workers:  

                                        
25 Generally, these terms refer to a variety of work-relevant competencies but no unified conceptual approach 
exists so far. For brevity, we refer to such non-technical competencies as work-related soft skills in the following. 
26 We mostly focus the discussion on underinvestment by workers, but it is important to note that similar 
market failures cause an underinvestment into training workers by firms (Almeida et al., 2012; Glick et al., 
2015).  
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Information asymmetries – A first commonly cited market failure relates to imperfect or 
biased knowledge about the returns to additional human capital. For example, (i) workers 
have downward-biased expectations about the returns to investment; (ii) workers may not 
know about training opportunities; (iii) workers have limited knowledge about demand for 
particular skills; (iv) workers may have high inter-temporal discount rates.  

Rational choice – Second, it may be rational not to invest in additional training, if workers 
(correctly) anticipate that it would not improve their employability or increase their earn-
ings. This may be the case for several reasons: (i) a lack of adequate training opportunities 
or limited information about their quality; (ii) the risk the acquired skills cannot be clearly 
signaled to employers (e.g. lacks certification) (Spence, 1973); (iii) limited availability of 
higher productivity, better-paid jobs; (iv) if they correctly anticipate that employers are 
not willing to pay for additional skills due to imperfect competition for skills (poaching 
externalities) or asymmetric bargaining power (labor market imperfections).  

Barriers to access – Third, provided correctly anticipated positive returns to investing in 
specific training, workers may be limited by monetary and/or non-monetary constraints. 
Monetary barriers, in the form of liquidity and credit constraints due to capital market 
imperfections, have been cited widely in the literature (Crépon & Premand, 2019; Shonchoy 
et al., 2018).27 Non-monetary barriers, e.g. in the form of social norms, have only recently 
received more attention. However, in many contexts, they are found to be an important 
driver of underinvestment in skills, particularly for women (Chakravarty et al., 2019; Cho 
et al., 2013).  

Why underinvestment is more prevalent in lower- and middle-income countries 

The market failures leading to underinvestment in human capital are particularly relevant 
for (young) workers in lower- and middle-income countries (McKenzie, 2017). Already, the 
skills gap is more critical than in high-income countries due to the lower quality and reach 
of the formal educational system. Given a large number of low-skilled workers on the labor 
market, one may expect the returns to additional skills to be higher for each individual 
(Chakravarty et al., 2019). In reality, the incentives and possibilities for youth to invest in 
skills are often low due to weak institutions, lack of private-sector wage employment, and 
cultural norms.  

Three specific features of lower-/middle-income countries’ economies reduce the incentives 
for workers to invest in skills. First, accurate information about returns to investing in skills 
or the quality of training providers may be particularly difficult to obtain. Moreover, some 
studies suggest that behavioral biases (e.g. inconsistent time preferences or even cogni-
tive/psychological limitations) are more common in developing countries for various reasons 
(Bassi & Nansamba, 2021). Second, monetary and non-monetary constraints likely play an 

                                        
27 See (Hardy & McCasland, 2020) for a theoretical model how credit market imperfections can cause workers 
to underinvest in training even if they would expect a wage large enough to compensate them for the investment. 
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even more important role. Not only are youth in developing countries more likely to be 
credit constrained. In addition, non-monetary barriers are prevalent, given that youth are 
often expected to perform work in the household or family business. Third, the availability 
of private-sector wage employment – and hence formal on-the-job training opportunities – 
is limited in many countries. Rather self-employed and own-account work dominates among 
workers (Fox & Kaul, 2018). Access to jobs in the formal sector is typically more limited 
and hence often restricted to high-skilled workers (Attanasio et al., 2017). 

2.2 Youth labor market challenge 2: signaling gap 

How market failures impede workers ability to signal their skills  

The second key market failure relates to information frictions that act as a barrier for youth 
to access (formal sector) jobs. Generally, even if workers possess skills that are in-demand, 
unemployment will be higher among those with a lower ability to signal their productivity 
(Armand et al., 2020). Two aspects of information frictions on labor markets are typically 
discussed in the literature: On the labor supply-side, jobseekers may not be able to easily 
access information about vacancies or skills demanded on the labor market. On the labor 
demand-side, firms may not be able to easily access information about workers' skills or 
ability and hence their potential productivity. We focus the following discussion on labor 
demand-side challenges, given that the interventions under study mainly focus on address-
ing the signaling gap.28  

For firms, barriers to obtaining information about skills and ability of workers on the labor 
market have two implications: First, they increase the costs for firms of searching, screening, 
and hiring workers. Second, they decrease the (risk-adjusted) expected future benefits of 
hiring specific trainees (Caria & Lessing, 2019). From the workers’ perspective, their ina-
bility to provide reliable information about productivity implies a lower probability to be-
come hired given a specific skill set. In addition, it also implies lower starting wages since 
firms are willing to pay less to mitigate the risks associated with imprecise knowledge about 
worker productivity. Overall, these information frictions lead to sub-optimal hiring of work-
ers with less ability to provide a clear signal about their productivity – such as young labor 
market entrants.29 

The same market failures that lead to sub-optimal hiring of workers may lead to a sub-
optimal investment of firms in training. From the firms’ perspective, the current investment 
in human capital raises expected future productivity at a cost to the current period (Becker, 
1962). Firms may be reluctant to train workers if they cannot obtain sufficient information 
about their potential (post-training) productivity. In addition, employers may not be willing 

                                        
28 See Caria & Lessing (2019) for a discussion of information frictions from the labor supply-side and an overview 
of recent evidence for related programs in developing countries. 
29 See Bassi & Nansamba (2021) for a theoretical model showing how information frictions lead to inefficiencies 
in the matching process and hence play a key role in determining labor productivity and wages.  
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to provide training for workers because of externalities. If the provided human capital is 
not (entirely) firm-specific, firms may fear external poaching of trainees by other employers 
(ETF, 2013). 

How information frictions lower training of disadvantaged youth 

While information frictions are an issue for all workers, they disproportionately affect young 
labor market entrants. Their inability to provide clear productivity signals can be attributed 
to three related factors: First, graduating from the formal education system may be imper-
fectly correlated with actual productivity. Especially if many graduates lack technical, social 
or practical work-related skills. Second, youth do not possess work experience that would 
allow them to develop and demonstrate employability to potential employers (Abebe et al., 
2021). Third, due to the lack of previous work experience, youth lack job referrals and social 
networks from previous employers that could provide a valid signal to potential employers.  

In combination, these three factors are often considered to lead to a “vicious cycle”: Young 
labor market entrants do not receive (good) job offers because employers cannot observe 
their productivity (neither based the formal education nor work experience) and vice-versa. 
As a result, screening without prior work experience is too costly for the firm, especially 
given that managers tend to be downward-biased about the productivity of young people 
(Abebe et al., 2021; Beam et al., 2018). In fact, the interplay of these factors is what 
differentiates the challenges that youth face in the labor market from those of similarly 
skilled adults.  

In addition, information frictions may also explain why disadvantaged youth face particular 
barriers to access formal sector employment and training. Labor market regulations usually 
only apply to formal firms (e.g. minimum wages, worker protection). Since such regulations 
may increase the risks for selecting the wrong employees, they further increase the im-
portance and costs for screening for formal firms in comparison to informal firms (Almeida, 
2012). In addition, research shows that employers have negatively biased believes about 
discriminated groups (e.g. minorities), which can even act as a self-fulfilling prophecy 
(Glover et al., 2017). 

Why information frictions are more prevalent in lower-/middle-income countries 

Recent studies have shown various causes of high information frictions in less formalized 
labor markets: First, as discussed above the formal education system is often of low quality, 
and hence graduation does not provide a good indication about actual skills and produc-
tivity of youth (McKenzie, 2017). Second, credible certificates and (formal) references from 
employers or training institutions are less common (Caria & Lessing, 2019). Informal train-
ing systems (e.g. apprenticeships) are widespread and there are few standardized certifica-
tion systems (Corseuil et al., 2019). Third, jobs are less often hired through formal channels 
(e.g. job postings) than in more formalized economies (Abebe et al., 2021). In addition, 
many firms, especially in the informal sector, are too small to access screening services or 
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recruitment platforms (Bassi & Nansamba, 2021). For this reason, having social capital and 
networks to get to these vacancies is even more important. Finally, in case of misconduct 
of workers, managers cannot prosecute them if labor market institutions are weak and there 
is a limited rule of law (Bassi & Nansamba, 2021).  

In combination, these factors make screening of workers at recruitment more costly but also 
more important for firms operating in less formalized economies. At the extreme, screening 
costs may be inhibitive high to recruit or train low-skilled workers. It has been reported 
that (informal) firms in developing countries often demand up-front payments from appren-
tices or workers that are inexperienced (Hardy & McCasland, 2020). 

2.3 Labor market interventions in the presence of market failures  

The program we assess in this paper follows a specific approach to vocational training: 
Work-based learning. Specifically, the program provides two specific modalities of work-
based learning: (i) firm-based trainings and (ii) trainings in simulated workplaces at voca-
tional trainings institutes (VTIs). In order to improve youth’ access to each of these training 
modalities, the program follows two distinct approaches: (i) a labor supply-side approach 
(subsidizing VTI-based trainings) and (ii) a demand-side approach (matching youth to firm-
based trainings). In this sub-section, we provide a short overview of work-based learning in 
the framework of skills training programs. We then discuss both interventions in the light 
of related labor market supply- and demand-side interventions. 

(Simulated) Work-based learning  

What is work-based learning? Skills trainings programs differ in particular by their delivery 
mechanism – ranging from pure off-the-job to on-the-job training. The prototype off-the-
job delivery mode is classroom-based trainings that focus on technical or academic skills. 
On the other end of the spectrum are on-the-job trainings which are delivered to workers 
in their actual workplace. Work-based learning, according to the UN Inter-Agency Group 
for TVET, includes all types of learning that are delivered in a “real work environment” 
(IAG-TVET, 2017). Even though “real work environment” here specifically includes simu-
lated workplaces, by far the most prevalent delivery mechanisms for work-based learning 
are firm- or workplace-based trainings (Comyn & Brewer, 2018).  

What are firm-based trainings? A large variety of firm-based training schemes exist, de-
pending on the training modality and contractual status. These range from TVET and 
apprenticeship schemes, to job-shadowing, internships, to on-the-job trainings while work-
ing (Almeida et al., 2012). The firm-based trainings we consider in this paper can be con-
sidered in the framework of Active Labor Market Programs (ALMPs), rather than a TVET 
or apprenticeship scheme since they target individuals who have already left the formal 
schooling system and they are of a rather short duration (Almeida et al., 2012). Firm-based 
trainings are considered to overcome four issues that may limit the effectiveness of tradi-
tional school-based vocational trainings. First, since firms choose the vocations in which 
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they train, these skills are more likely already in demand on the labor market. Second, 
rather than teach equip trainees with a broader range of employability relevant skills – not 
only vocational skills but also soft-skill and practical work experience. Third, they allow 
firms to observe trainee’s abilities during the training. They hence reduce costs for employ-
ers to screen youth and potentially hire them after training. Firm-based trainings are hence 
considered particularly suited to break the “vicious circle”. 

What are simulated workplace trainings? Simulated workplace trainings replicate workplace 
processes and hence focuses on realistic practice to develop technical and employability 
skills. Hence, they generally focus on “learning-by-doing” in real employment settings. In 
comparison to traditional classroom-based trainings they may have several advantages: 
They provide not only technical skills but also work-related soft skills (e.g. communication 
skills). They may also be more suited to develop other socio-emotional skills (e.g. problem-
solving, self-organization) and trainees’ correct anticipation of working in a specific occu-
pation. In addition, they may particularly cater to youth from disadvantaged backgrounds, 
who are more often school dropouts, suffer from learning disabilities, and hence less ac-
quainted with learning in a formal, abstract fashion. So far, however, very few examples of 
simulated work-based training programs exist (Moyer et al., 2017). 

Related labor supply-side interventions  

Labor supply-side interventions typically address individuals with the aim to counteract 
market failures that lead to sub-optimal investment in skills acquisition. The most common 
supply-side intervention is to offer workers access to subsidized training – either at prede-
termined providers or via vouchers that beneficiaries can redeem at providers of their own 
choice. Cash transfers or loans that condition on usage for training participation are a 
related approach to subsidized training costs.  

The key idea of offering workers access to subsidized trainings is to reduce the costs for 
acquiring additional skills. Subsidizing training thus addresses two of the three market fail-
ures discussed in the last sub-section. First, it addresses downward biased expectations of 
the private return on investing in the offered skills by reducing the costs of training. Second, 
it overcomes credit market imperfections that may prevent youth from investing in their 
human capital. Typically, the latter rationale is stressed, since it is assumed that simply 
providing information about the returns to training would constitute a cheaper and suffi-
cient intervention in the case where liquidity or credit constraints would not exist.  

From a theoretical viewpoint, two requirements have to be fulfilled (at least) in order to 
improve labor market outcomes among beneficiaries. A first requirement is that employers 
exist who are able and willing to hire training participants. This may not be the case for 
several reasons: First, the trainings may not deliver the skills that are requested on the 
labor market. Second, they may not provide a sufficient signal that graduates possess these 
skills. Third, employers may not be able to pay for these skills (hiring constraints, e.g. due 
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to credit market imperfections) and may not be willing to do so (e.g. due to asymmetric 
bargaining power). Hence, from a theoretical point of view, the key challenge underlying 
vocational trainings is that it may be rational for youth not to invest in training in the 
presence of labor market imperfections.  

A second requirement is that trainees are able and willing to make use of the additional 
skills and signals they obtained. This implies three key assumptions: First, workers are 
willing and motivated to search for work and know where to find work. This has been shown 
to be a key issue in program evaluations by, e.g., Abebe et al. (2021) and Caria & Lessing 
(2019). Second, workers need to be willing to work in the area for which they have been 
trained and for the wages that are offered to them. Several studies have found evidence that 
the impact of trainings were limited because of misaligned expectations about the quality 
and wages available in the labor market (Beam et al., 2018; Groh et al., 2015, 2016a). Third, 
workers need to be able to accept the work they are offered. They may be restricted due to 
monetary barriers. For example, two studies by Abebe et al. (2021) and Shonchoy et al. 
(2018) find evidence that transport costs are a limiting factor. Another reason may be social 
norms or other non-monetary barriers. Evidence that gender-related social norms may be 
a limiting factor for the effectiveness of training comes from (e.g., Chakravarty et al., 2019; 
Cho et al., 2015).  

Related labor demand-side interventions  

Demand-side interventions address information frictions which cause that employers cannot 
observe the potential productivity of training applicants (“signaling gap”). In the presence 
of information frictions, employers may be reluctant to train and hire certain workers such 
as (disadvantaged) youth. Three types of demand-side policy approaches are typically con-
sidered to lower the adverse effects of information frictions: (i) financial incentives to em-
ployers (e.g. subsidized employment), (ii) labor market intermediation services, and (iii) 
specific (short-term) training contracts. The firm-based training intervention which we 
study in this paper bears most resemblance to a labor market intermediation program but 
includes elements of both other approaches as well (see Section 3.2). Therefore, we briefly 
discuss each of these three approaches to set the intervention into perspective.  

Financial incentives – Providing financial incentives to firms, is probably the most common 
labor demand-side approach to increase hiring and training of youth (Card et al., 2018). 
Financial incentives are mostly provided in the form of employment subsidies (Bördős et 
al., 2015). The basic rationale is to compensate firms for the potential lower productivity 
and/or the cost of training youth (Glick et al., 2015).30 A large literature discusses the 
rationale and underlying assumptions of wage subsidies for youth, see for example (Bördős 

                                        
30 Credit market imperfections may be an additional reason why firms may not offer on-the-job trainings, i.e. 
underinvest in training (Hardy & McCasland, 2020). 
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et al., 2015). Given that the firm-based training intervention has only a minor element of 
wage subsidies, we do not discuss this literature in more detail here. 

Labor market intermediation services – These are an equally common approach to bridge 
information asymmetries. The key rationale is to reduce the costs for firms to acquire initial 
information about the (potential) productivity of youth. This is in contrast to wage subsi-
dies and screening contracts, which both incentivize the hiring of disadvantaged youth by 
lowering their effective labor costs. A large variety of different labor market intermediation 
services exists. The standard approach to increase the information available to market par-
ticipants. This either includes providing vacancy information to workers (job-search assis-
tance) or providing information about workers’ skills to firms (e.g. through skills testing 
and certification. An alternative approach is to facilitate the information exchange, e.g. 
through employment fairs. The final approach, which is most closely related to the firm-
based training intervention under study, is to match jobseekers with firms by recommending 
or directly placing candidates in specific vacancies.31  

Screening contracts – Screening contracts are a more indirect policy approach for reducing 
labor costs related to information asymmetries. It is not part of active labor market policy 
in the strict sense. Such (youth-) specific contracts typically allow for (i) limited shorter 
durations, (ii) lower wages, (iii) more flexible firing arrangements. The key idea is to lower 
the risks-adjusted costs for employers to train or hire youth (vis-à-vis other candidates for 
which potential productivity may be more observable).32 This initial training or work expe-
rience should allow firms to screen workers while simultaneously increasing the productivity 
and work experience of participants (Armand et al., 2020). 

Two key concerns are typically raised regarding the effectiveness and sustainability of such 
labor demand-side interventions: A first concern regards their reliance on the “stepping-
stone hypothesis” in order to improve labor market outcomes beyond the intervention pe-
riod. The stepping-stone hypothesis implies that beneficiaries gain access to better, long-
term contracts outside or inside the firm beyond the initial training or subsidy period. The 
stepping-stone hypothesis hinges on (at least one of) three key requirements. First, that the 
work experience acts as a sufficient and unbiased screening device for the training firm 
(Faccini, 2014). And, relatedly, that the firm is willing and able to provide more stable 
follow-up contracts (Blanchard & Landier, 2002). Second, that the training imparts certain 
cognitive- or non-cognitive skills (either through structured or unstructured learning on the 
job) and that these skills are in demand by the training firm or other employers on the 
labor market. Of key concern is that firms provide only firm-specific (rather than general 
occupational and transferable skills), which may even be rationale in the case of externalities 

                                        
31 A full overview of approaches to labor market intermediation services is beyond this paper. See Autor (2009) 
and Mazza (2018) for detailed discussions.  
32 See Faccini (2014) for a theoretical model why temporary jobs can act as a screening device for firms and 
lead to improved labor market outcomes, particularly in the presence of high firing costs. 
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(e.g. poaching) (ETF, 2013). A third requirement is that the firm-based training provides 
a clear and positive productivity signal to other employers (Wendy & Paula, 2016). How-
ever, demand-side interventions may carry stigma effects. Having been hired or trained 
under a wage subsidy for disadvantaged youth may provide a negative signal to future 
employers (Cahuc et al., 2019). Relatedly, dismissal after an initial firm-based training may 
deliver a negative signal to future employers, even if unrelated to actual productivity (e.g. 
in the case where employers accept more trainees than available vacancies). If these three 
conditions are not met, youth entering the labor market via such schemes risk becoming 
trapped in a “dead-end precarious-job trap” rather than benefitting from the initial step-
ping-stone (Corseuil et al., 2019). 

A second concern regarding the effectiveness of labor demand-side interventions is their 
potential deadweight loss and/or substitution effects. Deadweight loss refers to the case 
that workers would have been hired even in the absence of the intervention (Glick et al., 
2015). Substitution effects are closely related but imply that workers hired as part of such 
programs simply replace other workers that were not eligible (e.g. older workers, non-dis-
advantaged youth) (Glick et al., 2015). Deadweight loss and substitution effects are aggra-
vated if firms are allowed to fully select the beneficiaries, which increases the risks that they 
select those they would have hired anyway (“cream-skimming”). In addition, if private firms 
are allowed to fully determine course content, there is an incentive for firms to exploit public 
resources entirely for their own training needs (O’Connell & Mation, 2019b) or simply for 
cheap labor (Brunetti, 2017). The risk of deadweight loss can be counteracted by (i) defining 
eligibility criteria (e.g. disadvantaged) to ensure that target criteria are met (Bördős et al., 
2015); (ii) requesting and monitoring that firm-based trainings also impart transferable 
skills (Almeida et al., 2012).; and (iii) provide certification so that trainees can more easily 
find employment outside the firm (Cahuc et al., 2019).  

2.4 Existing empirical evidence  

A significant body of literature empirically evaluates demand- and supply-side active labor 
market programs. Recent years have seen particularly rapid growth in the number of ran-
domized experiments evaluating these programs. Several literature reviews and meta-anal-
yses that synthesize the existing evidence have been published on this basis (Card et al., 
2018, 2018; McKenzie, 2017). Their results show that active labor market programs on 
average have rather modest impacts. At the same time, they also find significant heteroge-
neity across and within types of ALMPs. Overall, impacts of training-related programs do 
not significantly differ from other programs, once study or program characteristics are taken 
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into account (Kluve et al., 2019).33 However, we found few studies providing rigorous em-
pirical evidence of programs that are very similar to the interventions we study in this 
paper. We therefore discuss the recent evidence for related labor supply- or demand-side 
interventions.  

With regards to supply-side interventions, e.g. subsidizing vocational trainings, the evidence 
so far is very mixed. Overall, evaluations find rather limited impacts of (traditional) voca-
tional trainings that provide only technical or cognitive skills through classroom-based 
learning– in particular in lower- and middle-income countries (J-PAL, 2017; McKenzie, 
2017). There is some evidence that adding non-cognitive skills to the curriculum (e.g. life- 
or soft skills) can improve effectiveness, in particular for females in low-income settings 
(Chakravarty et al., 2019). But the overall evidence on soft-skills training is far from con-
clusive (Kluve et al., 2019). Furthermore, some evidence shows that effectiveness can be 
improved by including input from the private sector into the design of programs (e.g. cur-
riculum choice) (Kluve et al., 2019; O’Connell & Mation, 2019a).  

The evidence is somewhat more promising for programs that combine classroom-based 
training courses with (subsidized) on-the-job trainings. The prime example of programs 
following this approach is the so-called “Jovenes” programs that have been implemented in 
many Latin-American countries. However, while there is a large body of evidence, the re-
sults are highly heterogeneous across countries and programs (Escudero et al., 2018). This 
ambiguity regards in particular (i) their differential impact for specific beneficiary groups 
(e.g. female, disadvantaged) (Ibarrarán et al., 2019) and (ii) the sustainability of impacts 
in the longer run (Acevedo, Cruces, Gertler, & Martinez, 2017). Moreover, many programs 
appear to improve only labor market formality but not overall employment (Escudero et 
al., 2018).  

With regards to demand-side interventions, the overall evidence appears similarly mixed. 
This concerns in particular the stepping-stone hypothesis and hence long-term sustainabil-
ity of effects. Generally, the literature points to the relevance of combing demand-side labor 
market interventions with some (structured) training content (Bördős et al., 2015). Pure 
employment subsidy programs or temporary work contracts that do not include a training 
component often have only initial short-term impacts that tend to fade out relatively 
quickly (Alfonsi et al., 2020; McKenzie, 2017). Furthermore, such interventions typically 
have a limited positive impact on earnings (Card et al., 2018; Escudero et al., 2018). Em-
pirical evidence suggests that this is related to significantly lower rates of on-the-job training 
among temporary or subsidized workers (Berton et al., 2011). This has been attributed to 
the lack of incentives for firms to invest in the human capital of subsidized workers since 

                                        
33 Unfortunately, most existing reviews classify training intervention rather broadly and do not explicitly differ-
entiate between supply- and demand-side approaches. This implies that some demand-side training interventions 
may be classified as (e.g.) wage-subsidies. 
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the probability of a job mismatch is larger and turnover rates are typically higher (Corseuil 
et al., 2019). 

For demand-side interventions that do include a systematic training component, there is 
some more evidence of positive long-term impacts. Demand-side interventions that include 
firm-based training have shown positive impacts on worker retention (Quintana & Cravo, 
2019) and subsequent employment outside the firm (Picchio & Staffolani, 2019). But liter-
ature reviews again point to large heterogeneity, depending on the context and the design 
of training components (Bördős et al., 2015). Several studies document significant lock-in 
effects into low-paid training contracts, particularly in developing countries (Alfonsi et al., 
2020). Another challenge in low-income settings is the quality of training when on-the-job 
trainings are delivered in firms. Recent studies have highlighted that firms often rely on 
outdated technology and that programs lack means for quality assurance (Hardy et al., 
2019). Recent evidence also demonstrates the importance of accompanying training with 
(external) certification schemes (Cahuc et al., 2019).  

Labor intermediation services (e.g. job search assistance) are often found to have only little 
impacts on longer-term outcomes (Kluve et al., 2019). They appear to be relatively more 
successful for disadvantaged participants (Card et al., 2018). Moreover, recent evidence 
suggests that labor intermediation services can be effective in environments that suffer from 
significant information frictions. For example, skills testing and certification have been 
shown as surprisingly effective in Ethiopia (Caria & Lessing, 2019) and Uganda (Bassi & 
Nansamba, 2021). Impact evaluations of job fairs in developing countries have found no 
significant impact on employment and earnings (Crépon & Berg, 2016). But studies show 
that workers and firms update their wage expectations after learning about the composition 
of the labor market (Abebe et al., 2021). The evidence for direct matching interventions is 
rather scarce. One interesting example is Groh et al. (2015), who offered job-matching ser-
vice to firms and recent graduates in Jordan and find that the large majority youth rejected 
interviews or leave their jobs within a month of the time. 

Rigorous evidence on potential deadweight loss or substitution effects of labor supply- or 
demand-side training interventions is rare. One recent study by (Crépon & Premand, 2019) 
analyzes the impact of offering youth subsidized dual apprenticeships vis-à-vis traditional 
apprenticeships in Cote d’Ivore. On the trainee side, they find positive impacts on earnings 
and skills four years after training starts. On the firm side, they find that substitution 
effects away from non-subsidized (traditional) trainees are limited. Similarly, Hardy and 
McCasland (2020) find no displacement for a program that provided access to worker re-
cruitment services among firms in Ghana. 

Recent evidence also highlights the role of (implicit) costs that participants bear for attend-
ing training as a key factor to drive low uptake and/or high dropout rates. Even if trainings 
are subsidized, youth may incur other costs for participating in trainings (e.g. transport 
and accommodation), which may discourage the poorest from attending (Cho et al., 2015). 
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Moreover, since trainees are often unpaid or poorly paid during the program period, they 
experience significant opportunity costs in the form of foregone potential earnings (Crépon 
& Premand, 2019). Disadvantaged youth, in particular, may be locked out of accepting the 
training opportunities if they lack financial means and/or access to credit.  

To our knowledge, no rigorous impact evaluation exists of an intervention that subsidized 
training in simulated work environments. The only overview and discussion of simulated 
work-based learning focuses on the US educational system (Moyer et al., 2017). With re-
gards to the firm-based training, the most closely related program – while not limited to 
youth – may be the PROBECAT program in Mexico (renamed SICAT in 2001 and Bécate 
in 2005).34 Delajara et al. (2013) attempt to assess its impact based on quasi-experimental 
methods, but acknowledge that their results may be significantly biased due to unobserva-
bles. A recent paper by Alfonsi (2020) provides some related theoretical background and 
empirical evidence. In a large field experiment in Uganda, the authors randomly offer dis-
advantaged youth access to either subsidized classroom-based vocational training or subsi-
dized traditional apprenticeships. They find that both interventions equip youths with sim-
ilar levels of sector-specific skills. This leads to significant improvement in labor market 
outcomes for both groups. However, the time profile is different: Among apprentices, labor 
market impacts materialize quickly but fade over time. Impacts among vocationally trained 
youth emerge slowly but are more long-lasting. Based on a job-ladder model of worker the 
authors relate this finding to the higher labor mobility and (certified) transferable skills 
among vocational training participants.  

3 Context and program design  

3.1 Serbia’s youth labor market challenges 

Serbia's youth labor market is characterized by high inactivity, persistently high levels of 
unemployment, a high share of informal sector employment, and continued emigration. In 
2018, when the intervention took place, the unemployment rate among 15 to 24 year-olds 
stood at 27% – more than twice those of adults – and half of them were long-term unem-
ployed (World Bank, 2019b). For several years the share of young people that were neither 
in employment nor in education (NEET) remained constant at around 17% for both men 
and women (RBS, 2019). In addition, youth constituted the largest share of informal work-
ers (Koettl-Brodmann et al., 2019). Consequently, quality and wages among employed youth 
are generally much lower: For example, in 2018 more than 50% of youth worked on tempo-
rary contracts, a much larger share than among adults. Young Roma constitute a particu-
larly vulnerable group. Roma are commonly faced with systemic economic and social ex-

                                        
34 Broadly, the program comprised a mixture of subsidized classroom and on-the-job training for a three-month 
period, during which participants received a scholarship. 
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clusion as well as institutional discrimination. Roma are more likely to be low-skilled, un-
deremployed, or to work in the informal sector for low wages (Morrica & Stavrou, 2019). 
Out-migration is another issue, particularly of high-skilled youth. A Gallup survey con-
ducted in 2017 found that 46% of youth wanted to emigrate from Serbia (Popović, 2018).  

A substantial share of unemployed youth in Serbia is not underqualified but rather miss- 
or overqualified with respect to the types of jobs available. Roughly 25% of unemployed 
had completed tertiary education, indicating a gap between acquired skills and labor market 
demand (Koettl-Brodmann et al., 2019). The above-average unemployment rates for the 
high-educated point to severe skills mismatches in Serbia. For young people, the transition 
from school to work often takes up to two years (Marjanovic, 2016). A recent detailed 
analysis by (Ognjenović, 2018) found that a primary reason for this skills mismatch is the 
slow adjustment of the education and training system (supply-side) and a very low level of 
the companies’ training intentions (demand-side).  

Employers report the lack of skills and work experience as the most common constraints in 
hiring new workers, but few provide firm-based training. The share of firms reporting prob-
lems with hiring new workers, mostly due to skills shortages, more than doubled to 29% in 
2017 from 14% in 2014 (World Bank, 2019b). Missing practical skills were most frequently 
mentioned by employers as a reason for the limited recruitment and retention of young 
workers (Vasic, 2019). A recent survey by the ERBD showed that 37% of firms report an 
inadequately skilled workforce as an obstacle to current operations – but only a minority 
of firms (38%) provide formal firm-based training (Tabak & Borkovic, 2018). Overall, the 
poor quality of general education and skills mismatches, are considered the major causes of 
high long-term and youth unemployment, inequality, and lacking private-sector competi-
tiveness (Bartlett & Uvalic, 2018; Koettl-Brodmann et al., 2019; Tabak & Borkovic, 2018).  

3.2 The Youth Employment Promotion program 

Overall program design  

The evaluated interventions were part of the Serbian Youth Employment Promotion (YEP). 
The project ran from 07/2015 until 12/2019 and was financed by the Federal Ministry for 
Economic Cooperation and Development (BMZ) with a total budget of EUR 10 Million. 
The project was implemented by the German Organization for International Cooperation 
(GIZ) in partnership with the Serbian government. One key working area of the project 
was to develop and implement labor market interventions specifically designed to the target 
group and local labor market demand. The two evaluated interventions were one of six 
different interventions developed by the project.  

Both interventions can be considered different versions of work-based learning. However, 
the key delivery mode and approach to improve access for youth differ between the two 
interventions. The first training intervention matched youth to firm-based trainings at pri-
vate-sector employers. The second intervention finances trainings conducted in simulated 
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workplaces at learning centers of accredited vocational training institutions (VTIs). At the 
same time, both labor market interventions were designed to address common challenges 
and criticism of demand- and supply-side training interventions. This resulted in four pro-
gram design elements, common to both interventions, that are outlined in the following.35  

i. Targeting of participants – Both interventions targeted youth aged 18 to 35 in mar-
ginalized regions in Serbia, and specifically youth that were not currently employed 
(formally or informally) and considered disadvantaged. In addition, youth were se-
lected based on their commitment and motivation for working in the respective 
occupational field. 

ii. Selection of vocational skills – The program conducted a detailed assessment of local 
labor market demand and skills gaps of youth in the target group. This included 
consultations of local private-sector employers, training providers, and the NES, as 
well as an assessment of career needs and interests of young people in the target 
group.  

iii. Youth-targeted design – The program developed outreach campaigns and services 
that catered specifically to youth, e.g. through online media campaigns and youth-
friendly communication design.  

iv. Financial support during participation – Even though similar trainings in Serbia are 
usually subsidized, participants are generally unpaid or poorly paid during training. 
To increase uptake and compliance among disadvantaged youth, the program pro-
vided financial support in the form of transport vouchers and daily stipends, paid 
conditional on participation.36  

Matching to firm-based training  

The firm-based training interventions integrated two components: First, matching of disad-
vantaged youth with private-sector companies (partially through NES) – with the goal to 
increase access of disadvantaged youth to formal training in the private sector. Second, 
improving the design and implementation of firm-based trainings –to raise the relevance of 
qualifications obtained by youth. The overall goal was to increase formal labor market 
participation, retention rates at firms, and job readiness of participants. Firm-based train-
ings combined two modules that were typically conducted in three consecutive stages: First, 
theoretical and practical classroom-based training in centers within cooperating firms.37 
Second, applied workplace-based trainings at the firm under the supervision of a mentor. 
The typical firm-based training had a duration of two to three months of full-time training, 

                                        
35 These elements are discussed in more detail in Appendix A2 since they likely play a key for observed impacts. 
36 The financial support was considered particularly important given that disadvantaged youth particularly 
often lack financial means and/or access to credit. This could lead to low uptake or high dropout rates among 
trainees (Section 2.3) and may further deteriorate the willingness of firms to recruit disadvantaged youth. 
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of which workplace training usually accounted for 80%. At the end, successful trainees 
received a certificate of completion.  

To conduct the training, the project established public-private partnership (PPP) agree-
ments with formal (i.e. legally registered) private-sector companies. However, this setup is 
different from other programs that subsidize work-experience or on-the-job training (e.g. 
many of the “Jovenes” programs in Latin America): Firms are not provided any wage-
subsidy or social-security contributions, and PPP agreements did not require firms to for-
mally hire youth during or after the training.38 Hence, the firm-based trainings cannot be 
considered “on-the-job training” in the strict sense. Rather, they combine structured train-
ing with an internship and a strong supervision aspect. By February 2019, the program had 
conducted trainings in 21 different occupations in cooperation with 7 private-sector em-
ployers. Trainings were conducted in 76 cohorts and included a total of 766 participants.  

Subsidizing VTI-based trainings  

The main goal of VTI-based trainings was to improve the vocational skills and employability 
of disadvantaged youth in occupations demanded on the local labor market. To mobilize 
and select participants, youth-targeted outreach campaigns were conducted through local 
NGOs, public administration, and (social) media. Youth applied to trainings through an 
online application form or at local NGOs/NES offices. After an initial screening, eligible 
applicants were invited to personal interviews to assess youth’ skills, experiences, and mo-
tivation in the professional field of the training.39 Candidates were then ranked based on 
the scores received for the full selection process. Some trainings were specifically designed 
and targeted at Roma or women participants only. 

The intervention subsidized short-term skills trainings in simulated work environments at 
selected training institutes (see Appendix A2 for selection criteria). Payment to institutes 
was not conditional on outputs (completion of training by participants) or outcomes (em-
ployment). Also, training institutes were not required to show commitments of private-
sector employers to hire participants after training. Trainings were conducted in training 
centers of the respective provider that replicated conditions at the future workplace (e.g. 
welding workshops, training kitchens, or simulated warehouses). The curricula focused on 
practical (applied) work on machinery typically used by private-sector firms, with a ratio 
of 20% of theoretical training and 80% of practical training. Trainings took between 2 weeks 
and 3 months of full-time training with a median of 20 days (8h per day). Upon completion, 
trainees were given a detailed certificate upon completion of the training. By April 2019, 
the program had conducted trainings in 11 different occupations in cooperation with 14 

                                        
38 PPP agreements included a non-binding clause that firms should provide follow-up employment to at least 
70% of training participants. 
39 For some trainings (e.g. welding, hospitality), this was complemented with a practical and/or medical test. 
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training providers. Trainings were conducted in 56 cohorts. This included a total of 628 
participants.  

4 Data and sample construction  

4.1 Data sources and outcome variables 

The data set constructed for the impact evaluation includes data from four different sources:  

1. Program monitoring data – Includes the number of participants who applied, started 
and finished in each training, the participant selection mechanism, dates of key 
implementation steps (e.g. mobilization/selection/training start and end), training 
implementer/firm, etc.  

2. Registration data – Collected through a short paper-based survey conducted at the 
beginning of each training. This included some basic socio-demographic information 
and detailed contact information (incl. social networks). Most importantly, the reg-
istration form asked for the individual national ID number (JMBG), as well as for 
consent to use this for tracking outcomes in the administrative data. 

3. Administrative data – Obtained from the Serbian National Employment Service 
(NES) and Compulsory Social Security registry (CROSO), which represent the main 
database for the impact evaluation. This database and the construction of individual 
labor market panel data are described in detail below.  

4. Follow-up survey data – Collected through phone interviews among training partic-
ipants. The survey tool and implementation are described in Section 7. 

Key outcome data come from the public administrative data provided by the Serbian Na-
tional Employment Service (NES). The NES database contains detailed socio-economic 
information, along with the exact unemployment periods and all interactions with the NES 
for each individual. Six different datasets from the NES database were combined for anal-
ysis: First, a person-level dataset of socio-economic characteristics (e.g. gender, birthday, 
place of residence, profession, educational level, classification into a vulnerable group). Sec-
ond, a spell-level dataset with unemployment periods, including the daily start and end 
date, local NES office were registered, deregistration reason. Third, a dataset of all meetings 
with the personal unemployment counselor including information on outcomes of the meet-
ing (e.g. the employability rating and whether an individual employment plan was devel-
oped). Fourth, a spell-level dataset on participation in labor market programs offered 
through the NES. Fifth, information about labor intermediation services conducted by NES, 
including the date and outcomes of job interviews scheduled through NES. Sixth, spell-level 
data about periods out of the labor force (OOLF), including the registered reason (e.g. 
disability, prison sentence, motherhood).  
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The NES unemployment data were linked with data from the Central Registry of Compul-
sory Social Insurance (CROSO). Through CROSO, firms file all their mandatory contribu-
tions to health, pensions, and disability insurance paid for employees. CROSO has several 
advantages beyond many common social insurance datasets. One key advantage is the cov-
erage of health insurance periods that are not standard dependent employment contracts: 
First, the database includes periods of participation in labor market programs or firm-based 
training contracts (“non-work contracts”). Second, CROSO includes a broad range of work 
contracts – such as occasional and seasonal work contracts, service contracts, training con-
tracts, and side-line activities (see Draskovic and Rubezic (2019) for a detailed description). 
Finally, the database includes self-employed individuals who in Serbia fall under compulsory 
health insurance once they register their business. Such broad coverage has rare in admin-
istrative data, which is typically cited as a key limitation in related studies (Ghirelli et al., 
2019). Another key advantage of CROSO regards the range of outcome measures contained 
in the data: The database includes, amongst others, information about the reason for the 
end of the insurance period (e.g. employment contract termination), the employment char-
acteristics (e.g. type of employment, part-/full-time work), and a firm identifier based on 
the national firm tax ID. The CROSO database is linked to the NES data since February 
2014. Since November 2016, the data from CROSO are imported into the NES database on 
a daily basis, hence providing more exact and up-to-date information about the individual 
labor market status.  

4.2 Outcome variables  

The linked NES and CROSO database allow us to construct a detailed longitudinal dataset 
of (daily) labor market outcomes for each individual in the sample. We observe on a daily 
basis whether an individual was registered formally employed, registered unemployed, reg-
istered in an ALMP, or out of the labor force (OOLF). If the individual was registered 
neither with the NES nor in CROSO, we assign the status “unregistered”. For most of the 
analysis, the daily data is transformed into weekly or monthly panel data, where each 
individual is identified by the respective status (or multiple) in each week within the obser-
vation period. To our knowledge, this is the first time that individual-level labor market 
histories are constructed for a large sample of unemployed in Serbia. The validity of con-
structed individual-level panel data was verified through several steps. First, prior to com-
bining spell-level datasets, errors and inconsistencies within each dataset were identified 
and excluded or corrected. Second, the linked NES and CROSO data were checked for labor 
market spells that are incompatible across both datasets. A detailed description and exam-
ples of this process are provided in Appendix A1. To our knowledge, this is the first time 
that individual-level labor market histories are constructed for a large sample of unemployed 
in Serbia. 
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Our primary interest lies in the probability to be in (formal) registered employment. For 
those who are registered employed, we also consider the type of contract (permanent, tem-
porary or service/training contracts) and the weekly hours of work (full-/half-time) as 
measures of employment quality. In addition, we also assess the probability to be registered 
with NES vis-à-vis unregistered as an indicator for formal labor market attachment. Since 
many disadvantaged youth are detached from formal labor market institutions, increased 
registration rates with the NES may already be a valuable program outcome in itself. Fi-
nally, we assess subsequent participation in (other) ALMPs.40  

One restriction of the administrative data is that informal employment cannot be observed. 
More specifically, we cannot clearly observe whether individuals who are not registered as 
employed either (i) perform work in the informal economy; (ii) have left the labor market 
(e.g. discouraged, pregnant, housework...), or (iii) search only via informal channels.41 How-
ever, this is not necessarily a limitation of the study for two reasons: First, the primary 
objective of the YEP program was to increase disadvantaged youth’ attachment to the 
formal labor market. Second, our main interest lies in comparing the relative effectiveness 
of the labor supply-side intervention with that of the demand-side intervention. Since the 
latter intervention included only firms that operate in the formal sector, immediate out-
comes of the firm-based intervention should be captured in administrative data (e.g. reten-
tion rates). This hence provides a relevant baseline to compare the effectiveness of both 
interventions to improve formal labor market integration.  

4.3 Evaluation sample 

For the analysis, the full sample of all youth ever registered with NES was drawn from the 
NES database. The sample includes all individuals born after 1.1.1976, which aligns with 
the key program eligibility criteria regarding the age of participants. This database con-
tained roughly 1.3 million individuals, for which more than 6.2 million distinct registration 
periods are recorded (e.g. registered unemployed, employed, in ALMP or out-of-labor force). 
The administrative data underlying our analysis was extracted in April 2019. Prior to the 
analysis, the data was anonymized by NES by removing from the data the names, surnames, 
and national ID numbers of the individuals so that there was no breach of personal data 
protection.  

The treatment group consists of all program participants that completed training by Octo-
ber 2018.42 Our interest is to analyze labor market impacts for at least eight months after 
completion of the training. This follow-up period was furthermore chosen to conform with 
the date of the follow-up survey data collection. The resulting sample consists of 89 training 

                                        
40 Because both interventions are not part of the typical ALMP offer from the National Employment Service, 
we encounter the challenges that sequences of ALMP participation pose to related studies (Huber et al., 2018). 
41 As shown later, few non-registered youth dropped out of the labor market but appear informally employed. 
42 Hence, the current analysis should not be regarded as an evaluation of the full program.  
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cohorts that started between March 2016 and August 2018. Among these 89 trainings, 27 
were VTI-based trainings and 62 trainings were firm-based trainings. In total, 912 partici-
pants filled out the registration form and completed the training, with 66.9% of them firm-
based trainees. Among these 912 participants, 884 participants signed the consent or pro-
vided their (correct) national identification number (JMBG) for the purpose of the study 
such that administrative data could be retrieved.43   

To construct the potential comparison group, we follow the common approach of impact 
evaluations based on panel data from public employment services. We consider all individ-
uals that registered unemployed, participated in an ALMP, or registered as out of the labor 
force (e.g. pregnant) with NES after January 2005. Individuals that were never registered 
with NES are not observed in our database since data from CROSO is only automatically 
linked for individuals existing in the NES database.44 For these individuals, employment 
records would have to be requested by NES on an individual basis. We do this for the 
treatment sample based on the JMBG but not for the (potential) comparison group. In 
theory, this could be a potential source of bias for the evaluation. However, in the partici-
pant group, only 13 of 912 were never registered with NES in the observation period. There-
fore, we believe that the potential bias is negligible. Another source of concern would be 
that individuals become registered to participate in the program. However, trainees for firm-
based training were mostly mobilized through the existing NES database. Hence, this should 
represent the valid pool of eligible comparison group candidates. Participants of VTI-based 
trainings were not required to register with NES prior to training, which is also reflected in 
the data.  

The steps for constructing consistent labor market panel data (as described above) resulted 
in the exclusion of 17 treated and 4,064 comparison individuals. The final evaluation sample 
dataset for the administrative data analysis hence includes 867 participants (6,261 spells) 
and 239,513 comparison individuals (1,193,756 spells). For these individuals, we construct 
detailed labor market histories for each week between January 2015 and April 2019. 

4.4 Descriptive analysis 

Socio-demographic characteristics – In Table 1, we compare participants in both interven-
tions to a random 20% subsample of the entire linked NES-CROSO database (“compari-
son”). The table shows that participants of both trainings clearly differ from the entire 
population of registered unemployed youth. Compared to the full population, participants 
are more often male, are younger, and have a three- or four-year VET education (rather 
than none- or higher-education). While the occupational background of participants is di-

                                        
43 We tested whether the 28 participants that did not provide their consent differ from the final analysis sample 
867 in observable characteristics based on the registration and follow-up survey and find no indication thereof.  
44 This is a common challenge for studies based on administrative data, e.g. Attanasio et al. (2017).  
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verse, it reflects the range of occupations in which the YEP project offered training. Simi-
larly, the geographical distribution reflects the project’s focus on marginalized regions in 
Serbia. For firm-based trainings, almost three-quarters (73.7%) of participants were regis-
tered at the NES branches in just 2 of the 26 Serbian districts: Nišavski and Jablanički. 
VTI-based trainings were more dispersed geographically but were located in specific less 
developed districts. Importantly, VTI-based trainees more often belong to some vulnerable 
group (as assigned by NES caseworkers) and are often assigned multiple categories – which 
is not the case for firm-based training. In particular, a large share of VTI trainees was 
Roma, social assistant beneficiaries, and/or internally displaced.  

 Socio-economic characteristics and pre-treatment labor market outcomes of 
participants and full comparison group sample 

 Comparison Firm-based VTI-based 
 N=257,366 N=513 p-value N=354 p-value 
Female 51.3%  39.8%  <0.001 14.1%  <0.001 
Age  31 (27-37) 27 (23-31) <0.001 26 (22-31) <0.001 
Level of education   <0.001  <0.001 
 Primary school or less 19.9%  11.3%   22.3%   
 3-year VET school 22.8%  26.1%   29.4%   
 4-year VET/high school 33.4%  52.6%   38.7%   
 College/BSc 7.3%  3.5%   3.7%   
 MSc/PhD 16.7%  6.4%   5.9%   
Occupational field   <0.001  <0.001 
 Agriculture 6.2%  9.0%   4.0%   
 Mechanics 11.2%  12.9%   20.9%   
 Electrics 7.2%  12.3%   11.9%   
 Business 14.2%  8.8%   5.9%   
 Classified “other” 23.4%  15.6%   24.0%   
 Other fields 37.8%  41.5%   33.3%   
NES branch   <0.001  <0.001 

 Grad Beograd 20.6%  2.1%   5.6%   
 Južno-bački 9.2%  0.0%   14.1%   
 Nišavski 6.2%  52.8%   19.5%   
 Toplički 1.4%  7.2%   1.4%   
 Jablanički 3.4%  20.9%   10.7%   
 Pčinjski 3.3%  9.2%   1.4%   
 Other districts 55.9%  7.8%   47.2%   
NES target group*:      
 Disabilities 1.4%  0.0%   0.007 0.6%   0.18 
 Surplus of employees 8.7%  4.7%   0.001 3.4%  <0.001 
 Single parents 3.0%  2.1%   0.27 2.0%   0.27 
 Both parents unemployed 10.4%  12.9%   0.064 13.3%   0.073 
 Social assistance benef. 6.8%  8.2%   0.21 16.4%  <0.001 
 Roma 3.5%  4.5%   0.24 19.8%  <0.001 
 Other vulnerable 7.4%  10.5%   0.007 7.9%   0.71 
 Both spouses unemployed 1.9%  3.1%   0.049 1.7%   0.75 
 Remaining target category 1.6%  2.3%   0.22 4.2%  <0.001 
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 Comparison Firm-based VTI-based 
 N=257,366 N=513 p-value N=354 p-value 
 Assigned any target group 32.9%  35.9%   0.16 42.1%  <0.001 
 Nr. of assigned groups  .45 (±.75) .48 (±.77)  0.28 .69 (±.98) <0.001 
Table continues on next page... 
 
Status in 30 days before first training start     
 Employed 34.0%  20.1%  <0.001 23.2%  <0.001 
 Unemployed 29.7%  50.1%  <0.001 31.1%   0.57 
 ALMP 0.2%  0.0%   0.28 0.6%   0.18 
 Out of labor-force 4.5%  1.8%   0.003 2.5%   0.073 
 Unregistered 36.6%  36.3%   0.87 47.7%  <0.001 
Days within 360 days before first training start    
 Employed 112 (±152) 62 (±120) <0.001 69 (±124) <0.001 
 Unemployed 97 (±137) 152 (±154) <0.001 91 (±126)  0.43 
 ALMP 1 (±13) 0 (±0)  0.24 1 (±19)  0.29 
 Out of labor-force 15 (±68) 7 (±47)  0.006 7 (±45)  0.019 
 Unregistered 133 (±156) 138 (±158)  0.49 190 (±156) <0.001 

Notes: *Multiple answers possible. Continuous measures are summarized by the median, followed by the inter-
quartile range in brackets (p25-p50). Or by the mean followed by ± and the Standard Deviation in brackets.  

Pre-treatment outcomes – Comparing pre-treatment labor market outcomes of training and 
comparison groups shows that participants had a rather poor employment history and many 
were long-term non-employed. In the month just prior to start, the large majority of par-
ticipants were either registered unemployed with NES or not registered. Within the year 
prior to program start, participants on average spent only around one-fifth (65 days) in 
registered employment, almost half that of the full comparison group (112 days). This is 
similar for both intervention groups. However, firm-based training participants spent this 
time mostly in registered unemployment. In contrast, institute-based training participants 
were largely unregistered during this time. This indicates that, rather than necessarily hav-
ing a worse labor market situation per se, VTI trainees were overall less attached to the 
formal labor market than firm-based trainees.45 However, the fact that participants in both 
interventions differ in socio-economic characteristics and pre-treatment labor market out-
comes demonstrates the importance of the matching and re-weighting procedure (see next 
section). 

Over the course of the year preceding training, participants in either trainings had a very 
low formal employment rate (<25%). Participants in firm-based trainings increasingly 
started registering with NES in the months leading up to the training. This is likely a 
mechanical effect, reflecting that NES caseworkers identified participants among youth that 
recently registered as unemployed. Interestingly, half of those registering unemployed were 

                                        
45 That informal employment was prevalent among VTI-based training applicants is also indicated in reports 
from the selection committees. Several NES officials noted that most work experience reported by candidates 
was not recorded in their official employment records. 
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previously employed, while the other half were (re-)registering unemployed after being un-
registered (c.f. the decreasing share who are unregistered in the last panel).46 Participants 
of VTI-based training show less dynamic pre-treatment labor market trajectories in com-
parison. A large share of roughly (each) 40% is long-term unemployed or unregistered. This 
comparison reflects, on the one hand, that VTI-based trainees had a lower attachment to 
the NES and the formal labor market prior to training already. On the other hand, it reflects 
the different mobilization mechanisms – through NES for firm-based trainees and through 
community-level outreach for VTI-based trainees.  

During the training period, the labor market trajectories of participants in both trainings 
diverge as expected. Firm-based trainees gradually get registered employed over the course 
of the three months that they typically spent with firms. By the end of trainings, more than 
80% of firm-based trainees are registered as formally employed. This shows that firms ob-
served the (non-binding) PPP agreement to offer formal employment contracts for at least 
70% of training participants. As expected, VTI-based trainees, do not observe any immedi-
ate increase in formally registered employment during the training.47  

After training end, the labor market trajectories of participants imply a positive effect for 
both interventions. For firm-based trainees, the graphical evidence suggests that a majority 
of trainees were retained by their training firm for at least six months following the train-
ing.48 On average, firm-based trainees spent the majority of the six months after training 
in registered employment (147/180 days on average). For VTI-based trainees, the post-
training labor market trajectories suggest a different picture. Participants only gradually 
enter formal employment once trainings ended. After training end, VTI participants spent 
on average around one-third of the following six months in each employment, unemployment 
and being unregistered. However, six months after graduating from training, the share of 
trainees that were formally employed doubled in comparison to the 10 months leading up 
to the training (42% vs. 21%). Hence, the opportunity to participate in training appears to 
break their perpetual labor market informality, as trainees gain access to formal employ-
ment.  

Firm-based and VTI training participants differ in their socio-economic characteristics and 
their pre-treatment labor market outcomes. VTI-based training participants are less-edu-
cated, they are more likely to belong to a vulnerable group and they were more likely to be 
unregistered with NES in comparison to firm-based training participants prior to the train-
ing start. Taking these differences into account, we expect that VTI training participants, 

                                        
46 That around 10% of firm-based trainees were registered employed in the week before the training is likely 
because they did not officially terminate their previous employment or are registered under a non-work (e.g. 
training) contract. 
47 The observed small spike of roughly 10 p.p. reflects that some training institutes registered trainees under 
temporary (“non-work”) training contracts for insurance purposes. 
48 Using the firm-identifier, we assessed whether trainees transitioned into jobs outside the training firm. We 
find no evidence that figure represent immediate job-to-job transitions.  
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before entering the training, were overall in a worse position on the labor market than firm-
based training participants and that they had an unconditional lower chance to find em-
ployment. 

Figure 1. Share of individuals by labor market status, week relative to training end 

Notes: The horizontal axis represents the week relative to training end. Dashed lines represent the relative 
starting week of, respectively, the longest training in the training sample, the median start date and end date 
normalized to 0 for all trainings. Employer-based refers to firm-based trainings, Institute-based to VTI-based 
trainings. 
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5 Empirical strategy  

5.1 The basic evaluation problem 

Static treatment assignment 

The goal of our analysis is to estimate the causal impact of the two training interventions 
on labor market outcomes of participants in the months after training end. Our focus is 
hence to estimate the impact on the target population (the Average Treatment Effect on 
the Treated, ATT), rather than the impact on the entire eligible population (the Average 
Treatment Effect, ATE). To formalize the empirical strategy, we rely on the well-known 
Neyman-Rubin potential outcome framework attributed to Splawa-Neyman et al. (1990) 
and Rubin (1974). The ATT reflects the difference in the average outcomes in the group of 
participants and the average counterfactual outcome of the same group if they had not 
participated:  

𝜏𝜏𝐴𝐴𝐴𝐴𝐴𝐴 = 𝑆𝑆(𝑌𝑌 1 |𝐷𝐷 = 1) − 𝑆𝑆(𝑌𝑌 0 |𝐷𝐷 = 1) 

where 𝐷𝐷 is an indicator for participation in the program (“treatment”) and 𝑌𝑌 1 and 𝑌𝑌 0 are 
potential outcomes under treatment and non-treatment, respectively. (Note that because 
𝐷𝐷 = 1 for both potential outcomes, they both refer to treatment group.) Since 𝑆𝑆(𝑌𝑌 0 |𝐷𝐷 =
1) is generally unobservable, it needs to be inferred from the data. One option is to ran-
domly assign eligible individuals into a treatment and a “control group”, in which case 
𝑆𝑆(𝑌𝑌 0 |𝐷𝐷 = 0) =  𝑆𝑆(𝑌𝑌 0 |𝐷𝐷 = 1) can be assumed. In the absence of random assignment, se-
lection into treatment may be systematically correlated with observable and/or unobserva-
ble characteristics of participants. Specifically, selection into the program may be system-
atically correlated with potential post-treatment labor market outcomes (𝑌𝑌 0, 𝑌𝑌 1). In this 
case, simply comparing observed mean outcomes of participants and non-participants will 
lead to biased estimates of the treatment effect. In order to identify the causal effect of 
treatment, one has to establish a group of non-participants (“comparison group”) for which 
one can credibly assume that their post-treatment outcomes 𝑆𝑆(𝑌𝑌 0 |𝐷𝐷 = 0) reflect the out-
comes of participants, if the latter had not participated in the program 𝑆𝑆(𝑌𝑌 0 |𝐷𝐷 = 1). 

The typical approach when treatment assignment is not random, but the treatment assign-
ment mechanism depends on observable characteristics 𝑋𝑋, is to estimate the treatment 
effect by conditioning on these observable characteristics (“confounding variables”). The 
underlying Conditional Independence Assumption (CIA) states that – conditional on the 
vector of confounding variables – selection in the treatment and potential outcomes are 
(conditionally) independent:  

𝐷𝐷 ⊥ 𝑌𝑌 0 | 𝑋𝑋 
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To estimate the ATT (rather than the ATE), it suffices to evoke a slightly weaker version 
of this assumption, the Conditional Mean Independence Assumption (CMIA): 

𝑆𝑆(𝑌𝑌 1 |𝐷𝐷 = 1, 𝑋𝑋) − 𝑆𝑆(𝑌𝑌 0 |𝐷𝐷 = 0, 𝑋𝑋) 

Given that the CMIA holds, the causal average treatment effect on the treated (ATT) can 
be estimated conditional on 𝑋𝑋 as:  

𝜏𝜏𝑋𝑋
𝐴𝐴𝐴𝐴𝐴𝐴 = 𝑆𝑆(𝑌𝑌 1 |𝐷𝐷 = 1, 𝑋𝑋) − 𝑆𝑆(𝑌𝑌 0 |𝐷𝐷 = 0,𝑋𝑋) 

Dynamic treatment assignment 

Most empirical methods address the Conditional Independence Assumption in the frame-
work of a static evaluation problem. That is, to compare a group of participants to a group 
that never participates at one point in time. In our context, participation in training can 
happen at any point in time (“dynamic treatment assignment”). When treatment assign-
ment is dynamic, the static evaluation framework can lead to biased results, which compli-
cates the definition of a valid comparison group. This has two principal reasons. The first 
reason is dynamic selection out of the baseline state.49 Individuals who do become treated 
at a certain point in time will leave the baseline state before they are ever treated, while 
others will be treated before they leave (“dynamic evaluation problem”) (van den Berg & 
Vikström, 2019). Said differently, the probability of receiving treatment depends on the 
duration spent in the baseline state. This introduces a bias if individuals with better po-
tential outcomes (e.g. pre-treatment labor market outcomes) leave the baseline state earlier. 
In this case, a higher share of individuals with less favorable labor market characteristics 
remain in the group of “eligible” that could enter the treatment group. As a consequence 
of this negatively selected treatment group, the typical static treatment effect estimators 
are downward biased (Fredriksson & Johansson, 2008). The second reason is that non-yet 
treated may become treated later. If those in the comparison group which remain in the 
baseline state get treated in subsequent periods, the treatment effect estimator may suffer 
from attenuation bias (Schmidl, 2014). However, excluding them from contemporaneous 
comparison groups would imply to condition on future outcomes (Kastoryano & van der 
Klaauw, 2019). In addition, comparison individuals with a lower probability of getting 
treated in subsequent periods are more likely to remain non-treated (van den Berg & 
Vikström, 2019). 

5.2 Empirical methods to address dynamic treatment assignment 

Over recent years, a number of approaches have been developed to estimate treatment 
effects in the case of dynamic treatment assignment. A full comparison of this work is 

                                        
49 The baseline state could be any of the labor market status discussed previously (e.g. unemployed or employed). 
Since most studies that apply the dynamic evaluation framework analyze programs for unemployed, the baseline 
state duration is typically considered as the time registered unemployed. 
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beyond the scope of this paper (see Kastoryano & van der Klaauw (2019) for a discussion). 
In order to compare our chosen estimation strategy to alternative methods, we briefly dis-
cuss the four principal approaches that can be identified in the applied literature. The four 
approaches broadly differ in two key aspects. First, regarding the way they define the (con-
temporaneous) comparison group for each cohort of the treated. Second, whether they es-
timate the ATT in a discrete- or continuous-time framework. The first two methods that 
we discuss below (Hypothetical Treatment, Sequential Matching) estimate separate treat-
ment effects in a discrete-time setting for each treatment group with the same duration 
spent in the baseline state. The third method (Timing of Events) estimates a structural 
mixed-proportional hazard models in a continuous-time setting. These three approaches 
usually start by defining an inflow sample of eligible treated and comparison groups (e.g. 
becoming unemployed at a specific point in time). The fourth approach departs from this 
approach and is grounded in the framework of Difference-in-Differences estimators.  

Hypothetical treatment approach 

The first approach is typically referred to as the “static approach” or “hypothetical treat-
ment durations” approach (van den Berg & Vikström, 2019). It has been developed by 
Lechner (2009) and applied in various following applications (e.g., Huber et al., 2018; Lech-
ner et al., 2011). It defines the treatment group as those who receive the treatment until a 
specified duration in the initial state (e.g. in the first 12 months of being unemployed). It 
hence explicitly conditions on future outcomes for the comparison group. As discussed 
above, this creates a comparison group consisting of a positively selected subgroup of all 
eligible (e.g. only unemployed that do not become treated until the cut-off because they 
already have found employment) and will hence attenuate the results downwards. Lechner 
et al. (2011) argue that the estimated effect sizes hence represent a lower bound for the 
true treatment effect and thus strengthens (positive) results. 

Subsequently, hypothetical “pseudo” treatment dates are assigned to each individual in the 
comparison group (typically at random or predicted based on observables from the treat-
ment group). The idea is to recover the distribution of the elapsed durations in unemploy-
ment of the treatment group. The control group is then restricted to those still unemployed 
at their (pseudo)treatment start date. These actual and hypothetical treatment dates are 
used as confounders in a propensity score matching framework (typically using radius 
matching). The initial matching weights are then used in a (weighted) regression in a second 
step, arguing that the resulting estimator is doubly robust misspecification of either the 
propensity score or the second-step regression model (Lechner et al., 2011). This approach 
is often considered as a valid compromise in cases where the treatment sample is too small 
to implement either of the sequential approaches below (Huber et al., 2018). One advantage 
is that the interpretation of the treatment effect is more straightforward compared to most 
versions of the dynamic approach discussed below as “treatment vs. no treatment” (until 
the cut-off date, if defined). 
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Dynamic (sequential) matching approach 

The second method can be broadly referred to as dynamic (sequential) matching. The 
approach defines the treatment group sequentially at each elapsed duration in the initial 
state. The approach thus accounts for the dynamic selection of the group of “eligible” by 
directly controlling for the elapsed duration. The resulting treatment and comparison 
groups are aligned (or exactly matched) by their elapsed state duration. By stratifying the 
estimation by the elapsed duration, the estimator is equivalent to estimating heterogeneous 
treatment effects for each cohort. The resulting treatment effects are therefore defined con-
ditional on remaining in the initial state at least until duration 𝑠𝑠. This is sometimes referred 
to as the Average Treatment effect on the Treated Survivors (ATTS) (𝜏𝜏𝑝𝑝,𝑡𝑡

𝐴𝐴𝐴𝐴𝐴𝐴𝑆𝑆), where t 

represents the follow-up periods after treatment (Muller et al., 2020).50 The individual 
ATTS are typically estimated using matching and inverse probability weighting estimators 
(see for example Vikström (2017) and Doerr et al. (2017). In a subsequent step, these ATTS 
estimates are typically averaged across all cohorts to reduce the dimension of the results 
and arrive at 𝜏𝜏𝑋𝑋

𝐴𝐴𝐴𝐴𝐴𝐴𝑆𝑆(s, t). Most commonly, weights are calculated as the fraction of treated 
in respective months in unemployment (e.g., Doerr et al., 2017). The key question for the 
sequential matching method is how to define the comparison group for each treatment 
group.51 There are three principal alternatives:  

Typically, the sequential matching approach defines all not-yet treated in one period as the 
comparison group for treated in that period. This comprises those later treated as well as 
those never treated (this approach followed by e.g. Vikström (2017), Muller et al. (2020), 
and Doerr et al. (2017)). In this case, the treatment effect represents the effect of early 
treatment now vs. potential later treatment.52 The estimated treatment coefficients are hence 
a mixture of “treatment vs. non-treatment” and “treatment now vs. treatment later”, which 
can be difficult to interpret (Lechner et al., 2011). Specifically, it has been argued that they 
are mixtures of treatment effects and differences due to earlier vs. later treatment entry 
(Huber et al., 2018; Muller et al., 2020). The typical approach to deal with this attenuation 
bias (see above) is to develop a re-weighting parameter (grounded in non-parametric dura-
tion analysis) to correct for this selective censoring. One example is the Dynamic Inverse 
Probability Weighting (DIPW) estimator developed by Vikström (2017). The resulting es-
timator then represents the treatment in a certain period against “no treatment now nor 
thereafter” (Vikström, 2017).53  

                                        
50 Note that this is different from the Cohort Average Treatment Effect on the Treated (CATT), which usually 
refers to different (absolute) time periods of treatment cohorts in the Event Study approach discussed next.  
51 Note that in all approaches, the group of eligible (treated and comparison) for each cohort at time s excludes 
everyone who was treated prior to s or left the initial state prior to s. 
52 Proponents argue that this mirrors the decision problem of the caseworker and the unemployed (i.e. treatment 
vs. searching) (Huber et al., 2018).  
53 Described differently, the counterfactual outcome under never-treatment is obtained by re-weighting outcomes 
of the not-yet treated survivors with weights that reflect the counterfactual exit rate from the baseline state.  
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The second alternative is to include in the comparison group for each cohort only those 
who become treated later. It was first developed and applied in a seminal paper by Sianesi 
(2004). However, this definition of the comparison group implies a strong redefinition of the 
estimated treatment effect as “treatment now vs. treatment later”. In addition, this ap-
proach also implies that treatment effects are defined conditional on future outcomes (entry 
into treatment) (Kastoryano & van der Klaauw, 2019). Hence it also represents a downward 
biased estimate of the conventional ATT (Schmidl, 2014). 

The third alternative way of defining the comparison is to include only never-treated. The 
never-treated refers to the group leaving the baseline state without having been treated. In 
this case, the estimated ATT recovers the prototypical “treatment now vs. no treatment”. 
Clearly, this approach conditions on future treatment and outcomes and thus has to find a 
way to adjust treatment effect estimates accordingly. Recently, van den Berg & Vikström 
(2019) proposed one method to implement this approach.54 They derive an IPW estimator, 
similar to that of Vikström (2017), but follow the opposite approach by deriving weights 
that allow for using a control group that does not include those who are treated in later 
cohorts.  

Timing of Events approach 

The third method is typically referred to as the Timing of Events (ToE). It is accredited to 
a seminal paper by Abbring and Van Den Berg (2003). In contrast to the previous methods, 
the method is based on continuous-time duration models rather than discrete-time duration 
models. Generally, these are more structured models that aim to account for selection on 
confounding variables by jointly modeling the duration in the baseline state (e.g. unem-
ployment) and duration until treatment start (which are assumed to be correlated). Iden-
tification of unobserved heterogeneity relies on a mixed proportional hazard model. They 
hence are less reliant on the unconfoundedness assumption than matching estimators but 
require stronger functional-form assumptions (specifically a “proportionality assumption”, 
see Crépon et al. (2018)). The approach has found wide application in the empirical litera-
ture dealing with dynamic treatment assignment (see Lombardi et al. (2021) for an exten-
sive list of studies).  

An approach that is related to the ToE are marginal structural models (MSMs). These 
models are founded in the dynamic discrete-choice literature and estimated based on an 
instrumental variables approach (Heckman & Navarro, 2007). In contrast to Abbring and 
Van Den Berg (2003), these studies usually work with discrete-time rather than continuous-
time models in order to include time-changing explanatory variables. Ba et al. (2017) is one 
recent example that applies MSM to estimate dynamic training effects. The authors also 
provide a detailed discussion why they believe this econometric approach is more adequate 

                                        
54 Recent work by van den Berg & Vikström (2019) extends Vikström (2017) by estimating the effect on out-
comes that are realized after the individual left the initial state (e.g. wages in subsequent employment). 



128 

in the US institutional context. Given the limited applicability of MSM in our context, we 
do not discuss MSM in more detail.  

Difference-in-Differences and Event Study design 

The final approach, which is most commonly employed in the recent US literature, is com-
monly referred to as Event Study design. The approach is a special case of the general 
Difference-In-Differences (DID) approach extended to the multi-period treatment setting 
(staggered adoption) (Rodríguez et al., 2018). This approach is typically accredited to Heck-
man et al. (1999). The approach is usually implemented based on individual-level fixed-
effect models to account for selection attributable to unobserved permanent characteristics. 
The key underlying assumption is the common-trends assumption, which implies the ab-
sence of an Ashenfelter’s dip or anticipation effects (Doerr et al., 2017). This approach is 
also related to the “Synthetic Control” method developed by Abadie (2010) and Abadie et 
al. (2015). The approach, however, is less concerned with treatment effect heterogeneity by 
elapsed duration in the baseline state. Very recently, a large literature has discussed under 
which assumptions the fixed effect estimator recovers the true Average Treatment Effect 
(ATE) (Rodríguez et al., 2018).  

Comparison of approaches 

The choice of a preferred approach is not obvious and depends on the available data, con-
text, and treatment assignment mechanism. A significant body of theoretical and applied 
studies has discussed the validity of each of these approaches.55 Existing studies come to 
ambiguous conclusions, depending on the context and exact implementation of the ap-
proach. A seminal paper by Lalive et al. (2008) finds that Timing of Events and Propensity 
Score matching estimators come to substantially different results. However, two recent pa-
pers come to different conclusions based on improved versions of the sequential matching 
approach. Kastoryano & van der Klaauw (2019) show that in a setting where the conditional 
independence is credibly justified, the results of different estimators are very close together. 
A paper by Muller et al. (2020) compares results from a Timing of Events model to a 
dynamic matching model and finds that both lead to similar results. The authors argue 
that this finding suggests that selection on unobservables is limited in their application.  

5.3 Empirical strategy 

Identification strategy 

In our application, the key interest lies in the impact of treatment vs. no treatment, rather 
than earlier vs. later treatment. Furthermore, selection into treatment is likely not as di-
rectly related to elapsed duration in unemployment, given that the trainings targeted youth 
who are long-term unemployed (which we confirm in the descriptive analysis). We hence 

                                        
55 However, to our knowledge, no single study so far discusses all four approaches presented in this paper in a 
comprehensive manner and compares them empirically.  
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implement a variant of the hypothetical treatment approach by Lechner (2009), where we 
assign pseudo treatment dates to the comparison group for each cohort of treated in both 
trainings. We then include the duration in the respective registered labor market state at 
the time of training as a covariate in the matching procedure. Given this setup, we estimate 
the dynamic version of the ATT as the Average Treatment effect on the Treated Survivors 
(ATTS) parameter: 56  

𝜏𝜏𝑝𝑝,𝑡𝑡
𝐴𝐴𝐴𝐴𝐴𝐴𝑆𝑆 = 𝑆𝑆�𝑌𝑌𝑝𝑝,𝑡𝑡

1 �𝐷𝐷𝑝𝑝 = 1) − 𝑆𝑆�𝑌𝑌𝑝𝑝,𝑡𝑡
0 �𝐷𝐷𝑝𝑝 = 1) 

Where 𝑠𝑠 = 1, … , 𝑆𝑆 is the elapsed duration in non-employment and 𝑡𝑡 = −𝑇𝑇, … , 𝑇𝑇  indicates 
the time period relative to treatment start, with 𝑡𝑡 = 0 as the week of treatment start. As 
in the static case, 𝑆𝑆�𝑌𝑌𝑝𝑝,𝑡𝑡

0 �𝐷𝐷𝑝𝑝 = 1) is not observed, so it needs to be estimated from the data. 
Three assumptions are required to derive a valid estimate of the ATTS in a dynamic selec-
tion-on-observables framework.  

Dynamic Mean Independence Assumption (DMIA) – The key assumption is an extension 
of the static Conditional Mean Independence Assumption (CMIA) to the case of dynamic 
treatment assignment. The DMIA is formalized as:  

𝑆𝑆�𝑌𝑌𝑝𝑝,𝑡𝑡
0 �𝐷𝐷𝑝𝑝 = 1, 𝑋𝑋𝑝𝑝) = 𝑆𝑆�𝑌𝑌𝑝𝑝,𝑡𝑡

0 �𝐷𝐷𝑝𝑝 = 0, 𝑋𝑋𝑝𝑝) 

The DMIA states that, conditional on the elapsed duration in the baseline state (which 
accounts for the dynamic selection problem), the vector of pre-treatment variables 𝑋𝑋𝑝𝑝 can 
control for all (un)observable characteristics that jointly influence the probability to get 
treated in 𝑠𝑠 and potential outcomes (Doerr et al., 2017). Said differently, conditional on 
observed characteristics 𝑋𝑋𝑝𝑝 and the elapsed duration, assignment to treatment in 𝑠𝑠 is as 
good as random (Kastoryano & van der Klaauw, 2019).  

The validity of the treatment effect estimates hinges on the plausibility of the DMIA. We 
argue that this is the case in our setup given the large potential comparison group and the 
rich information contained in the data. Most importantly, the literature has demonstrated 
the importance of including past labor market outcomes in a flexible way (e.g., Biewen et 
al., 2014; Delajara et al., 2013; Kluve et al., 2008; Lechner et al., 2011). Our combined 
administrative dataset enables us to control for a wide range of pre-treatment characteris-
tics. Apart from key socio-economic characteristics (which we include), the data allow us 
to observe the full labor market history for at least the previous two years (since January 
2015). We include monthly variables for lagged labor market outcomes and ALMP partici-
pation up until one year to treatment start. We include them in a flexible manner, i.e. as a 
set of 60 indicator variables for the labor market status for each month in the full year prior 
to this training start (5 states * 12 months). We also tested the sensitivity of our results to 

                                        
56 See Kastoryano & van der Klaauw (2019) for the derivation of this estimator in the framework of standard 
potential outcome framework. Vikström (2017) discusses in detail the properties of the DMIA for an estimator 
that is equivalent to this. 
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different (more parsimonious) specifications and/or longer time windows for characterizing 
the labor market history but found that these alterations made little difference in practice. 
We furthermore include various indicators to approximate past signs of lacking motivation 
(e.g. dropping out of an ALMP, failing to attend for a referred job interview, failing to 
attend regular caseworker meetings) and participation in specific types of ALMP (e.g. psy-
chosocial support measures).57 Most importantly, we include a subjective 3-category rating 
about the individual employability that is provided by NES caseworkers during counseling 
meetings. Because most covariates in our propensity score estimation are indicator varia-
bles, our model is very flexible. By virtue of the quality and detail of NES administrative 
data, this set of covariates closely resembles those of many prototype non-experimental 
studies in high-income settings (e.g., Doerr et al., 2017). 

Common Support Assumption (weak overlap) – This requires that for any given value of 
observed pre-treatment variables 𝑋𝑋𝑝𝑝 assignment to treatment or comparison group should 
not be certain. This ensures that it is possible to find non-treated individuals in the group 
of eligible at each 𝑠𝑠 with similar realizations of observed covariates 𝑋𝑋𝑝𝑝. Formally:  

𝑃𝑃𝑃𝑃(𝐷𝐷𝑝𝑝 = 1, 𝑋𝑋𝑝𝑝) < 1 ∨ 𝑋𝑋𝑝𝑝  

We follow Doerr et al. (2017) and applied some simple support tests by assessing the density 
distribution of the propensity score at each month of elapsed unemployment duration. The 
results showed sufficient overlap of the propensity distribution at each interval and not fat 
tails. Imposing common support via the common min-max condition, as we do in our main 
empirical model, discards only very few observations. Thus common support does not seem 
to be an issue in our setup. 

No-anticipation assumption – Several recent publications stress the importance of the no-
anticipation assumption, which rules out that eligible candidates (in either the comparison 
or treatment group) alter their job search behavior in anticipation of starting the program 
(van den Berg & Vikström, 2019). In the framework of the CMIA, the validity of the no-
anticipation assumption requires that the pre-treatment variables 𝑋𝑋𝑝𝑝 reflect the information 
of participants prior to actually starting the treatment (Kastoryano & van der Klaauw, 
2019). Importantly, this does not rule out that prospective participants are aware of their 
probability to participate in the training (or in a specific cohort). Only the exact timing of 
the program start needs to be unanticipated (Muller et al., 2020). In our setting, the prob-
ability to become selected for treatment was quite small, given a large number of applicants. 
Moreover, applicants were generally only informed about their success roughly 3 to 4 weeks 
prior to training start. During this time period, we do not observe any significant changes 

                                        
57 All variables refer to the period since January 2015 unless stated otherwise.  
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in the long-term trajectories of labor market outcomes among participants in either inter-
vention (see Section 6). This reassures us of the validity of the non-anticipation assumption 
in our setting.  

Stable Unit Treatment Value Assumption (SUTVA) – The final assumption rules out spill-
over effects from the treated to the comparison group. We believe that the SUTVA is rea-
sonable since the treatment group in each cohort presents only a fraction of the eligible 
youth in each NES branch that participated in the program.  

Estimation strategy 

Our main empirical approach relies on the estimated propensity to participate in either of 
the intervention given observed pre-treatment covariates. The unobservable counterfactual 
outcomes 𝑆𝑆�𝑌𝑌𝑝𝑝,𝑡𝑡

0 �𝐷𝐷𝑝𝑝 = 1) can be identified from the observed data by conditioning on the 
propensity score. Formally, given the assumptions discussed above hold, one can estimate 

𝑆𝑆�𝑌𝑌𝑝𝑝,𝑡𝑡
0 �𝐷𝐷𝑝𝑝 = 1, 𝑃𝑃𝑃𝑃(𝐷𝐷𝑝𝑝 = 1|𝑋𝑋𝑝𝑝)) = 𝑆𝑆�𝑌𝑌𝑝𝑝,𝑡𝑡

0 �𝐷𝐷𝑝𝑝 = 0,Pr (𝐷𝐷𝑝𝑝 = 1|𝑋𝑋𝑝𝑝)) 

A significant number of studies discuss the performance of different approaches to estimate 
the propensity score and subsequent matching procedures. In our main approach, we follow 
the estimation procedure by Caliendo and Tübbicke (2020). We estimate the propensity 
scores using probit models and then apply a non-parametric Epanechnikov kernel matching 
to identify suitable matches.58 We impose common support with the typical min-max con-
dition, i.e. by restricting treated and comparison individuals to those with propensity scores 
above (below) the maximum (minimum) score of the respective other groups.59 

Based on the estimated propensity score, a variety of methods exist to estimate the coun-
terfactual outcomes 𝑆𝑆�𝑌𝑌𝑝𝑝,𝑡𝑡

0 �𝐷𝐷𝑝𝑝 = 1, Pr (𝑋𝑋𝑝𝑝)). In line with recommendations in several recent 
publications with similar setups (e.g., Caliendo et al., 2011) we subsequently apply an In-
verse Probability Weighting (IPW) estimator. Econometric theory and simulation studies 
suggest that the IPW estimator has better finite sample properties and also some efficiency 
advantages over other matching estimators; especially if the weights are normalized to one 
as a small-sample correction (Busso et al., 2014). The IPW estimator reweights outcomes 
of treated and (matched) comparison group to calculate the ATTS:  

𝜏𝜏�̂�𝑝,𝑡𝑡
𝐴𝐴𝐴𝐴𝐴𝐴𝑆𝑆 = ��̂�𝑤𝑖𝑖,𝑝𝑝,𝑡𝑡𝑌𝑌𝑖𝑖,𝑝𝑝,𝑡𝑡

𝑁𝑁𝑇𝑇

𝑖𝑖=1
− ��̂�𝑤𝑖𝑖,𝑝𝑝,𝑡𝑡𝑌𝑌𝑖𝑖,𝑝𝑝,𝑡𝑡

𝑁𝑁𝐶𝐶

𝑖𝑖=1
 

Where 𝑁𝑁𝐴𝐴  and 𝑁𝑁𝐴𝐴  are the number of treated and comparison individuals, respectively. The 
individual balancing weights �̂�𝑤𝑖𝑖,𝑝𝑝,𝑡𝑡 for the comparison group are obtained from the matching 

                                        
58 Two common alternatives are to use radius-matching with bias adjustment which is applied (e.g., Huber et 
al., 2018; Lechner et al., 2011), or bandwidth-caliper matching combined with nearest neighbor matching with 
replacement (Pignatti, 2016). 
59 Alternatively, we could enforce common support.  
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procedure. One key concern with the IPW estimator is its sensitivity to extreme values of 
the propensity scores (“fat tails”), since single observations may receive too large weights 
(Busso et al., 2014). One way to deal with this problem is winsorizing extreme values of the 
estimated weights (e.g., recoding weights that outside the 5th and 95th percentiles). A 
better alternative to counter this ill behavior is to follow Cole & Hernán (2008) who provide 
a method to construct stabilized inverse-probability weights. These stabilized weights addi-
tionally divide the unconditional treatment probability by the treatment probability condi-
tional on covariates. Treatment effect estimates based on stabilized weights typically have 
smaller variance (Thoemmes & Ong, 2016). Hence, the weights in our application are con-
structed as 

�̂�𝑤𝑖𝑖,𝑝𝑝,𝑡𝑡 = 𝑃𝑃𝑃𝑃(𝐷𝐷𝑝𝑝 = 1)
𝑃𝑃𝑃𝑃(𝐷𝐷𝑝𝑝 = 1|𝑋𝑋𝑝𝑝)

 

�̂�𝑤𝑖𝑖,𝑝𝑝,𝑡𝑡 = 1 − 𝑃𝑃𝑃𝑃(𝐷𝐷𝑝𝑝 = 1)
1 − 𝑃𝑃𝑃𝑃(𝐷𝐷𝑝𝑝 = 1|𝑋𝑋𝑝𝑝)

 

for the treatment and comparison group, respectively.  

Inference is based on standard errors clustered at the individual level to account for serial 
correlation in the outcome variables over time, as suggested by Bertrand et al. (2004). An 
alternative would be to make use of re-sampling methods for hypothesis testing to account 
for the multi-step estimation procedure of propensity score matching (e.g. bootstrapping 
standard errors or the t-statistic, see Caliendo and Tübbicke (2020)). We tested this alter-
native and discovered only marginal differences for inference. Since combining clustered 
standard errors and bootstrapping is computationally demanding, we opt for the former, as 
we believe this is of greater importance in our setup.  

6 Impact analysis results  

6.1 Matching results and balancing tests 

Figure 2 shows the number of individuals starting training in each month of the implemen-
tation period between 2016 and 2018. It can be seen that in some months, only very few 
individuals started training. For these cohorts, estimating the propensity score is unlikely 
to yield valid results. We hence only include months in which at least 20 participants start 
training. This excludes 88 firm-based trainees and 45 VTI-based trainees, respectively.60 

  

                                        
60 Given that firm-based trainings start earlier, we could observe outcomes up to 42 weeks after training end. 
Here, we restrict the analysis to 8-months follow-up period in order to show comparable evidence for both 
interventions and to align the evidence with the timing of the follow-up survey. 
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Figure 2. Distribution of monthly training start dates 

Notes: Employer-based refers to firm-based trainings, Institute-based to VTI-based trainings. 

In Table 2, we test the success of the matching procedure. We compare differences in the 
covariate distributions between the treated and the matched comparison group within each 
intervention. The trainees were matched to roughly 13,800 and 9,300 non-treated compari-
son individuals, respectively. Only seven firm-based trainees and two VTI-based trainees 
were discarded by restricting on the common support. Table 2 shows that the matching 
procedure was successful in balancing treatment and comparison groups across almost all 
pre-treatment characteristics.  

We performed various sensitivity analyses to assess the robustness of our findings to the 
empirical implementation. First, we tested different versions of the matching/weighting al-
gorithm, for example using Nearest–Neighbor matching or Entropy Balancing (Hainmueller, 
2012). Second, we test different versions of the parametric form of the propensity score 
regression (i.e. Logit vs. Probit regression). Third, we assess whether changing the common 
support criteria affects our results significantly. For example, trimming observations below 
the 0.5 quantile of participants and above the 99.5 quantile of non-participants in a first 
step (Huber et al., 2018; van den Berg & Vikström, 2019). Finally, we tested different 
versions of the set of matching variables contained in 𝑋𝑋𝑝𝑝 – e.g. by including to interact pre-
treatment labor market trajectories with socio-demographic characteristics. None of these 
alternative implementations meaningfully change the result of our baseline empirical spec-
ification (based on Epanechnikov kernel matching using a probit regression, common sup-
port imposition via min/max criterion). 
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 Comparison of participant group and matched comparison group 

 Firm-based p-va-
lue 

VTI-based p-va-
lue  Control Treated Control Treated 

 N=13,810 N=418  N=9,326 N=307  
Personal-level variables       
Female 38.7%  37.1%   0.50 20.4%  16.3%   0.081 
Age on 28feb2019 27 (23-32) 27 (23-30)  0.20 27 (23-32) 26 (22-31)  0.016 
Level of education    0.59    0.20 
 Primary school or less 14.8%  13.2%   21.7%  24.4%   
 3-year VET school 25.3%  24.4%   28.0%  27.0%   
 4-year VET school  48.5%  52.4%   36.8%  39.4%   
 College/BSc 4.2%  3.8%   4.7%  3.6%   
 MSc/PhD 7.2%  6.2%   8.8%  5.5%   
Occupational field    0.75    0.72 
 Agriculture 8.1%  9.3%   3.6%  4.2%   
 Mechanics 14.6%  13.6%   18.8%  19.5%   
 Electrics 10.4%  12.0%   11.5%  12.1%   
 Business 9.6%  8.9%   6.3%  5.9%   
 Classified other 20.1%  18.7%   23.4%  26.1%   
 Other field 37.2%  37.6%   36.4%  32.2%   
NES target group*:       
 Disabilities 0.0%  0.0%   0.9%  0.7%   0.69 
 Surplus of employees 4.3%  3.8%   0.63 3.9%  2.9%   0.39 
 Single parents 1.9%  1.9%   0.99 2.1%  2.3%   0.79 
 Both parents unemp. 12.7%  13.9%   0.46 11.4%  13.7%   0.21 
 Social assistance benef. 8.1%  7.9%   0.86 12.8%  17.6%   0.015 
 Roma 4.3%  5.0%   0.50 13.8%  21.8%  <0.001 
 Other vulnerable 8.1%  11.5%   0.012 6.1%  7.8%   0.21 
 Both spouses unemp. 3.1%  3.1%   0.98 1.1%  1.6%   0.39 
 Remaining target group 1.9%  2.4%   0.48 3.2%  4.6%   0.20 
 Assigned any group 31.1%  36.6%   0.017 35.8%  44.0%   0.003 
Number of groups assigned 0.44 

(±0.78) 
0.5  

(±0.78) 
 0.19 0.5 

(±0.88) 
0.7 

(±1.01) 
<0.001 

Status in 30 days before training start 
 Employed 15.4%  12.2%   0.076 26.9%  21.5%   0.035 
 Unemployed 76.4%  80.1%   0.077 40.6%  49.8%   0.001 
 ALMP 0.0%  0.2%   0.002 0.2%  0.3%   0.53 
 Out of labor-force 1.2%  0.7%   0.34 2.9%  2.0%   0.31 
 Unregistered 17.3%  17.2%   0.97 39.5%  42.0%   0.38 
Days within 360 days before training start 
 Employed 57 (±101) 61 (±97)  0.44 88 (±130) 76 (±114)  0.097 
 Unemployed 219  

(±137) 
217  

(±129) 
 0.75 108 

(±131) 
129 (±134)  0.004 

 ALMP 0 (±5) 0 (±2)  0.95 1 (±13) 1 (±12)  0.67 
 Out of labor-force 5 (±32) 4 (±27)  0.55 10 (±54) 9 (±54)  0.81 
 Unregistered 77  

(±111) 
76  

(±109) 
 0.85 151 

(±144) 
142 (±137)  0.27 

Table continues on next page... 
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 Firm-based p-va-
lue 

VTI-based p-va-
lue  Control Treated Control Treated 

 N=13,810 N=418  N=9,326 N=307  
Status in 7 days after training end 
 Employed 20.8%  75.1%  <0.001 28.0%  13.4%  <0.001 
 Unemployed 60.0%  22.2%  <0.001 34.5%  41.7%   0.010 
 ALMP 0.0%  0.2%   0.075 0.2%  0.0%   0.50 
 Out of labor-force 1.5%  0.2%   0.036 3.1%  1.6%   0.15 
 Unregistered 19.1%  10.5%  <0.001 35.4%  49.5%  <0.001 
Status in 7 days 6 months after training end 
 Employed 30.6%  82.3%  <0.001 31.9%  38.1%   0.022 
 Unemployed 45.8%  9.8%  <0.001 25.6%  25.7%   0.95 
 ALMP 0.1%  0.2%   0.19 0.1%  0.0%   0.53 
 Out of labor-force 2.1%  0.0%   0.003 2.9%  1.0%   0.043 
 Unregistered 22.5%  8.9%  <0.001 33.3%  23.5%  <0.001 
Days within 180 days 6 months after training end 
 Employed 46 (±70) 147 (±58) <0.001 56 (±76) 59 (±67)  0.41 
 Unemployed 92 (±81) 18 (±45) <0.001 53 (±74) 59 (±70)  0.14 
 ALMP 0 (±4) 0 (±9)  0.13 0 (±6) 0 (±0)  0.50 
 Out of labor-force 3 (±23) 0 (±5)  0.008 5 (±29) 2 (±18)  0.064 
 Unregistered 38 (±65) 12 (±35) <0.001 64 (±78) 54 (±65)  0.030 
Notes: *Multiple answers possible. Continuous measures are summarized by the median, followed by the inter-
quartile range in brackets (p25-p50), or by the mean followed by ± and the Standard Deviation. 

6.2 Short-term treatment effects 

Figure 3 displays the evolution of labor market outcomes for participants and the respective 
matched comparison sample in each intervention. The figure allows for clear visual evidence 
of the training impact. Figure 4 presents the respective impact estimates and their 95% 
confidence intervals, averaged across all training cohorts in the respective training. Similar 
to the descriptive figures in Section 4.4, the graphs display the share in each group that 
was employed, unemployed, and unregistered in each week relative to training end.  

The graphs in Figure 3 provide an additional indication for the validity of our matching 
and reweighting approach. The reweighted pre-treatment labor market trajectories of the 
comparison groups are very similar to that of participants in both interventions. We hence 
interpret post-treatment outcomes of the comparison group as the counterfactual outcome 
for participants in each intervention. We focus on these counterfactual outcomes in our 
discussion of the results, given that labor market trajectories of participants were discussed 
in Section 4.4. This provides some interesting insights into how the two treatment groups 
would have fared in the absence of the respective training.  
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Figure 3. Labor market status of treated and matched comparison group  

 
Notes: The horizontal axis represents the week relative to training end. Solid lines represent the relative start-
ing week of, respectively, the longest training in the training sample, the median start date, and end date nor-
malized to 0 for all trainings. Employer-based refers to firm-based, Institute-based to VTI-based trainings.  
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We start by looking at counterfactual outcomes of firm-based trainees (left panels). The 
first panel in Figure 3 shows that the matched comparison group observes a significant 
improvement in their employment situation in the weeks following their hypothetical train-
ing start. Even though the job-finding rate is lower than among trainees, this implies that 
labor market outcomes treatment and comparison groups converge over time. This conver-
gence is reinforced as the share of trainees that are formally employed decreases slightly in 
the months following training start. Thus, the treatment effect on formal employment de-
creases slightly over time (Figure 4, left panel). For both groups, employment uptake goes 
in hand with a comparable reduction in registered unemployment. Interestingly, however, 
the second panel shows that the reduction in unemployment among the matched compari-
son group is not fully compensated by a respective increase in registered employment 
(roughly -27 p.p. and +17 p.p. since training start, respectively). This is explained by the 
increasing share among the matched comparisons that de-register from NES without finding 
formal employment. The reason could be either that they gave up searching for employment 
(through NES), left the labor force, or found employment in the informal economy. If we 
consider this as the counterfactual rate of deregistration from NES, we can interpret the 
negative impact on being unregistered (Figure 4, last row) as an increased attachment to 
formal labor market institutions among firm-based trainees.  

We now compare this to post-treatment labor market trajectories of VTI-based training 
participants (Figure 3, right panel). While a relevant share of the matched comparison 
group also manages to find formal employment following the hypothetical training start, 
the observed increase is much slower than for the firm-based training comparison group. 
This different trajectory of the comparison group reflects that youth selected for VTI-based 
trainings were generally more disadvantaged and less attached to the formal labor market 
prior to training (c.f Section 4.4). However, in contrast to firm-based trainings, the labor 
market trajectories of treatment and matched comparison diverges in the post-training 
months. Hence, the average treatment effect on formal employment increase over time (Fig-
ure 4). At the same time, increases in registered employment do not go in hand with a 
significant reduction in registered unemployment. Rather, it appears that a significant share 
of VTI-based trainees who obtained formal employment would have remained unregistered 
otherwise. We take this as an indication that the VTI-based training improved the chances 
for formal employment among those who were more detached from the formal labor market 
(e.g. informally employed or unregistered unemployed).  
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Figure 4. Short-term treatment effect estimates (ATT) 

Notes: The horizontal axis represents the week relative to training end. Dashed lines represent the relative 
starting week of, respectively, the longest training in the training sample, the median start date, and end date 
normalized to 0 for all trainings. Circles represent treatment effect estimates (i.e. the 𝜏𝜏�̂�𝑝,𝑡𝑡

𝐴𝐴𝐴𝐴𝐴𝐴𝑆𝑆 in the baseline 
specification). Bars around circles represent the 95% confidence interval. Employer-based refers to firm-based 
trainings, Institute-based to VTI-based trainings.  

-.5

0

.5

1
-3

8
-3

7
-3

6
-3

5
-3

4
-3

3
-3

2
-3

1
-3

0
-2

9
-2

8
-2

7
-2

6
-2

5
-2

4
-2

3
-2

2
-2

1
-2

0
-1

9
-1

8
-1

7
-1

6
-1

5
-1

4
-1

3
-1

2
-1

1
-1

0 -9 -8 -7 -6 -5 -4 -3 -2 -1 0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22

Training approach = Employer-based
Registered employed

-.5

0

.5

1

-3
8

-3
7

-3
6

-3
5

-3
4

-3
3

-3
2

-3
1

-3
0

-2
9

-2
8

-2
7

-2
6

-2
5

-2
4

-2
3

-2
2

-2
1

-2
0

-1
9

-1
8

-1
7

-1
6

-1
5

-1
4

-1
3

-1
2

-1
1

-1
0 -9 -8 -7 -6 -5 -4 -3 -2 -1 0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22

Training approach = Employer-based
Registered unemployed

-.5

0

.5

1

-3
8

-3
7

-3
6

-3
5

-3
4

-3
3

-3
2

-3
1

-3
0

-2
9

-2
8

-2
7

-2
6

-2
5

-2
4

-2
3

-2
2

-2
1

-2
0

-1
9

-1
8

-1
7

-1
6

-1
5

-1
4

-1
3

-1
2

-1
1

-1
0 -9 -8 -7 -6 -5 -4 -3 -2 -1 0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22

Training approach = Employer-based
Unregistered

-.5

0

.5

1

-3
8

-3
7

-3
6

-3
5

-3
4

-3
3

-3
2

-3
1

-3
0

-2
9

-2
8

-2
7

-2
6

-2
5

-2
4

-2
3

-2
2

-2
1

-2
0

-1
9

-1
8

-1
7

-1
6

-1
5

-1
4

-1
3

-1
2

-1
1

-1
0 -9 -8 -7 -6 -5 -4 -3 -2 -1 0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22

Training approach = Institute-based
Registered employed

-.5

0

.5

1
-3

8
-3

7
-3

6
-3

5
-3

4
-3

3
-3

2
-3

1
-3

0
-2

9
-2

8
-2

7
-2

6
-2

5
-2

4
-2

3
-2

2
-2

1
-2

0
-1

9
-1

8
-1

7
-1

6
-1

5
-1

4
-1

3
-1

2
-1

1
-1

0 -9 -8 -7 -6 -5 -4 -3 -2 -1 0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22

Training approach = Institute-based
Registered unemployed

-.5

0

.5

1

-3
8

-3
7

-3
6

-3
5

-3
4

-3
3

-3
2

-3
1

-3
0

-2
9

-2
8

-2
7

-2
6

-2
5

-2
4

-2
3

-2
2

-2
1

-2
0

-1
9

-1
8

-1
7

-1
6

-1
5

-1
4

-1
3

-1
2

-1
1

-1
0 -9 -8 -7 -6 -5 -4 -3 -2 -1 0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22

Training approach = Institute-based
Unregistered



139 

6.3 Medium-term treatment effect estimates 

Treatment effects over the medium- and longer-term allow assessing potential stepping-
stone effects of the firm- and VTI-based trainings (c.f. Section 2.3). To give an initial idea 
of the longer-term impacts, Figure 5 shows results for a sub-sample of earlier training co-
horts who started training prior to May 2018. For these cohorts, we are able to observe 
labor market outcomes for nine to eleven months after entry into the respective training. 
Obviously, these results may not generalize to later cohorts. However, our analysis shows 
that short-term treatment effects are generally similar for this sub-sample, providing some 
confidence that medium-term impacts may be similar for the trainees that started later as 
well. 

We again start by analyzing impact estimates for firm-based trainings. The short-term (22-
week) impact among the sub-sample of 418 participants in early cohorts is very similar to 
that of the full participant sample in Figure 4 (51 p.p.). In the following period from week 
22 to 38, the employment situation of participants remains stable, reflecting that most 
participants were retained by their training firm. At the same time, the comparison group 
continues to catch up. Nonetheless, the difference between participant and comparison 
group remains large over the longer term. Our impact estimates imply that around 44% of 
firm-based trainees would not have found formal employment in the 9 months after training 
end. In addition, the treatment-comparison gap in the share unregistered remains significant 
as well. This suggests that even firm-based trainees who did not maintain formal employ-
ment in the medium term remained more attached to NES.  

For VTI-based trainings, treatment effect estimates indicate a continuation of the short-
term positive impact trajectory (Figure 5). While impacts in the sub-sample of early cohorts 
are slightly lower in the short-term61, we observe that the treatment effect on formal em-
ployment continues to increase over the medium term. Ten months after training start, the 
impact increased by an additional 10 p.p. to roughly 22 p.p. Among those who do not 
register formally employed, we observe that the unemployment rate decreases slightly while 
the rate unregistered remains stable. This pattern suggests that VTI-based trainees who do 
not find employment in the medium-term nonetheless remain attached with NES rather 
than deregistering over the medium-term (in which case the unemployment rate would 
decrease above the rate of formal job finding and the rate unregistered would increase).  

  

                                        
61 The 22-week impact estimate is around 3 p.p. lower among the 218 participants in the sub-sample compared 
to the full training group of 307 participants. However, a formal test shows that the difference in the ATT at 
week 22 between both groups is not significant.  
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Figure 5. Medium-term treatment effect estimates (ATT) 

Notes: See notes for Figure 4.  
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7 Survey extension  

7.1 Survey rationale and implementation  

A key challenge for many studies based on administrative data in lower- and middle-income 
countries is the significant relevance of the informal economy for employment and earnings. 
Labor market informality is widespread in Serbia, especially among disadvantaged youth. 
Nonetheless, job-search through NES appears relevant for youth: Asked about their job-
search channels in a 2015 ILO survey, registration at the public employment center came 
second (60%) after asking friends or relatives (69%) (Marjanovic, 2016). At the same time, 
a large share of unemployed is not registered with NES or deregisters after a short time – 
either because they continue job-search informally, have found formal employment, or 
dropped out of the labor force.  

If informal employment and job-search are common among (potential) trainees, adminis-
trative data may depict only a partial image of true labor market impacts. Assessing only 
formal employment outcomes may introduce a measurement bias, which has been a known 
limitation for impact evaluations in lower- and middle-income countries (McKenzie, 2017). 
A crucial aspect, however, is often overlooked in the literature: The direction and magnitude 
of the measurement bias from formal employment outcomes may be systematically related 
to the type of intervention. For interventions that directly connect participants to formal 
employment or were administered through the public employment services, the key issue 
may be to overestimate true impacts. This would be the case if participants merely switch 
from (unobserved) informal employment pre-treatment to (observed) formal employment. 
Impact estimates would thus confound an impact on work quality (formality), to be an 
impact on the overall probability to be working or gaining an income. In contrast, for 
interventions that are less directly linked to registered employment opportunities, true im-
pacts may be underestimated: relevant positive impacts on the probability to gain informal 
employment are not captured in administrative data. The possibility that informal labor 
markets are of different relevance for participants in either type of intervention could hence 
limit the validity of comparing impact estimates solely based on administrative data.  

To address this issue, we collect original survey data roughly 6 months after training end, 
which provides us the opportunity to complement our administrative data analysis with 
information on wages and informal labor market outcomes. The survey questionnaire was 
particularly designed to assess present and past (informal) employment, current job-search, 
as well as employment characteristics and earnings. The follow-up phone surveys were con-
ducted in three rounds in May 2018, October 2018 and April 2019. Each round included all 
participants that had completed training at least 6 months earlier and were not part of a 
previous survey round. The resulting survey sample hence includes 90 trainings with a total 
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of 856 participants who started trainings between September 2016 and August 2018.62 On 
average, training participants were contacted roughly 8 to 10 months after the completion 
of training. This information allows us to compare self-reported employment outcomes with 
the registered status in NES or CROSO at the time of the survey.  

A key challenge for many survey-based studies in lower- and middle-income countries is 
high survey non-response, especially at follow-up (survey attrition) (Ghanem et al., 2019).63 
In our case, 84 of 856 participants did not provide any contact information (10%). Of the 
remaining 772 participants, 339 could not be reached (40% of the sample), mainly because 
contact information was not correct/outdated at the time of the survey. On the positive 
side, only 3% of training participants that were reached refused to participate in the survey, 
which is generally believed to impart a stronger response bias (Ghanem et al., 2019). How-
ever, in total, only 48% of the full sample could be surveyed. Against, this background, we 
performed a detailed analysis of survey non-response (Appendix A3). To our advantage, 
the administrative data enables us to assess survey non-response also with respect to the 
full trajectory of pre- and post-treatment formal labor market outcomes. We do not find 
evidence of selective non-response, suggesting that the surveyed group provides a good 
approximation of informal employment outcomes for those who were not reached. 

7.2 Results 

Socio-economic background and motivation of participants 

The follow-up survey allows us to assess detailed information about the socio-demographic 
background of participants (Table 3). The sample of interviewed participants consists 
largely of males, who are in their mid-twenties, and completed either a 3- or 4-year voca-
tional secondary school.64 Roughly half of participants are not married, and the majority 
do not have children. Given their age and marital status, it can be assumed that many 
participants were still living in their parental households, which explains the comparatively 
large household size.  

 

                                        
62 We exclude survey data from 28 participants which were used to pilot the survey tool. At the same time, we 
include one training with 11 participants for which the registration survey did not include the consent form and 
hence administrative data could not be obtained. 
63 In itself, survey attrition may reduce the sample size and thus statistical power of the impact analysis. Survey 
attrition becomes a major concern for the internal validity of results if attrition is systematically correlated with 
respondent characteristics – and particularly if those characteristics also determine potential post-treatment 
outcomes. 
64 Again, this is congruent with information from administrative NES data for the entire sample (Table 2). 
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 Self-reported socio-economic characteristics 

 

 Total Firm-based VTI-based p-value 
 N=410 N=254 N=156  
Socio-demographics:     
Female 28.3% 37.4% 13.5% <0.001 
Age 26 (22-30) 26 (23-30) 25 (22-29)  0.12 
Marital status     0.042 
 Single / never married 54.9% 49.6% 63.5%  
 Engaged 5.9% 5.9% 5.8%  
 Married 38.0% 42.9% 30.1%  
 Divorced 1.2% 1.6% 0.6%  
Number of children     0.024 
 0 62.0% 56.7% 70.5%  
 1 20.5% 24.8% 13.5%  
 2 15.6% 16.5% 14.1%  
 3 2.0% 2.0% 1.9%  
Household size 4 (4-5) 4 (4-5) 4 (4-5)  0.81 
Members of hh. currently working     0.99 
 None 10.5% 10.6% 10.3%  
 One 56.8% 56.7% 57.1%  
 > Two 32.7% 32.7% 32.7%  
Education & experience:     
Currently in education 3.7% 3.9% 3.2%  0.70 
Highest education obtained    <0.001 
 Primary school 0.5% 0.8% 0.0%  
 3-year secondary school 19.3% 17.3% 22.4%  
 4-year secondary school 71.0% 75.2% 64.1%  
 Gymnasium 1.0% 0.8% 1.3%  
 College 5.9% 2.4% 11.5%  
 Faculty 2.4% 3.5% 0.6%  
Years since finished education 6 (3-9) 7 (3-10) 5 (2-8)  0.012 
Years since finished education     0.082 
 <1 year 7.8% 7.1% 9.0%  
 1-5 years 38.6% 34.4% 45.5%  
 6-12 years 42.3% 46.6% 35.3%  
 >12 years 11.2% 11.9% 10.3%  
Total work experience     0.16 
 <1 year 70.2% 72.7% 66.0%  
 1-2 years 7.1% 5.1% 10.3%  
 3-4 years 3.4% 4.0% 2.6%  
 >4 years 19.3% 18.2% 21.2%  
Training related to education  7.1% 4.7% 11.0%  0.017 
Reasons for participation:*     
 Employment in training company  67.6% 98.0% 17.9% <0.001 
 Good job prospect after training 12.4% 1.6% 30.1% <0.001 
 Wanted to earn a certificate 33.9% 9.4% 73.7% <0.001 
 Wanted to learn something new 8.5% 4.3% 15.4% <0.001 
Table continues on next page     
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 Total Firm-based VTI-based p-value 
 N=410 N=254 N=156  
Work status before training:     
Status in month before training     0.11 
 Working but searching 5.4% 3.6% 8.4%  
 Working and not searching 2.7% 3.6% 1.3%  
 Not working but searching 87.7% 88.5% 86.5%  
 Not working and not searching 4.2% 4.3% 3.9%  
Months of job search (unconditional) 6 (4-7) 6 (4-8) 6 (3-6) <0.001 
Months working 6 (4-12) 11 (4-12) 4 (3-6)  0.12 
Months inactive 7 (4-24) 12 (6-48) 2 (1-4)  0.004 
Months unemployed 6 (4-7) 6 (4-7) 6 (3-6)  0.002 
Months unemployed    <0.001 
 1-5 months 40.4% 37.1% 45.9%  
 6-12 months 48.2% 46.0% 51.9%  
 13-24 months 7.8% 11.2% 2.2%  
 >24 months 3.6% 5.8% 0.0%  
Notes: *Multiple answers possible. Continuous measures are summarized by the median, followed by the inter-
quartile range in brackets (p25-p50). Or by the mean followed by ± and the Standard Deviation in brackets. 
P-value from a two-sided t-test.  

Table 3 suggests that almost all youth regarded the training as an opportunity for re-skilling 
rather than up-skilling. Most respondents state that the training was not related to their 
educational background. This matches with reports from the participant selection commit-
tees that most candidates applied to a vocational field that was new to them. The training 
thus represented an opportunity to change occupations or to develop additional qualifica-
tions. At the same time, their stated rationale to participate in training clearly connects to 
the type of training for which they applied: Among firm-based trainees, almost all were 
primarily motivated by the offered employment opportunity in the training firm. In con-
trast, the key rationale for VTI-based training participants was earning a certificate and 
improve job prospects after hiring. 

While the majority of youth finished education more than 3 years ago, most report to have 
less than one year of work experience at the time of the follow-up survey (hence possibly 
counting in the post-training work experience). Table 3 shows that over 90% of respondents 
report having been searching for a job in the months prior to training. Almost all of them 
out of unemployment. At the same time, only around 10% of the unemployed say they have 
been searching for more than 12 months, while the majority have been searching for 4-7 
months. The share of trainees who have been searching for more than 12 months is slightly 
higher among firm-based trainees. This is in line with the finding that firm-based trainees 
have entered the labor market earlier but report less work experience. 

Self-reported labor market outcomes 

Labor market transitions – Table 4 directly compares pre- and post-training employment 
status for each participant. This provides a more detailed image of labor market transitions 
and an indication of effect heterogeneity by pre-treatment labor market status. Based on 
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the matched before-after comparison, 97% of firm-based trainees and 92% of VTI-based 
trainees gained employment or remained employed. Among the 93% of firm-based trainees 
that were unemployed prior to training only around 3% were still unemployed at follow-up. 
This is the case for about 7% of previously unemployed VTI-based trainees. The table 
exposes the contrast to administrative data results. We observe a significant gap between 
self-reported labor market status at follow-up in Table 4 vis-à-vis the administrative labor 
market outcomes (Table 3). Based on self-reported data, transition rates are not as strik-
ingly more positive for firm-based trainings in comparison to VTI-based trainees. Below, 
we assess to which extent informal employment may explain these differences by matching 
self-reported and registered employment at the exact time of the follow-up survey.  

 Labor market transitions based on survey data 

Change in labor status Total Firm-based  VTI-based  

 N=410 N=254 N=156 

Remained unemployed 4.4% 2.8% 7.1% 

Unemployed  employed 87.6% 90.2% 83.3% 
Remained employed 7.6% 7.1% 8.3% 

Employed  unemployed 0.5% 0.0% 1.3% 

Total 100% 100% 100% 
Notes: Table constructed from self-reported measures of labor market status, each before and after training 
(see notes to Table 6). Unemployed includes individuals that are classified as inactive (not working, not 
searching). 

Relation between training and employment – Table 5 shows that firm-based trainees largely 
have been hired by the training company after the training and to continued working on 
this job. Most of them also stayed in the occupation within the company that they been 
trained for, indicating that firms recruited and trained youth for specific positions. While 
VTI-based trainees, in comparison, also mostly found jobs that are in relation to their 
training, the share is significantly lower. In addition, they report a slightly longer duration 
to find a job and, accordingly a shorter duration on their current job (also see Figure 6).65  

  

                                        
65 That the duration on the current job exceeds the follow-up survey duration likely reflects that trainees 
included the training period in their reported calculation.  
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 Self-reported employment characteristics 

 Total Firm-based  VTI-based  p-value 
 N=410 N=254 N=156  
Relation of job to training:      
Hired by training company 67.1%  98.8%  15.4%  <0.001 
Job related to training 86.7%  96.4%  69.9%  <0.001 
Working in training firm and/or field    <0.001 

Same company & field 66.1%  96.0%  14.0%   
Same company, other field 3.1%  3.2%  2.8%   
Other company, same field 20.7%  0.4%  55.9%   
Other company & field 10.2%  0.4%  27.3%   

Still at training company 95.2%  96.0%  87.5%   0.062 
Started current job after training start 97.4%  96.8%  98.6%   0.27 
Duration between training start and cur-
rent job start 

2 (1-3) 2 (1-3) 3 (1-4) <0.001 

Duration of current job at follow-up 10 (9-11) 11 (10-11) 9 (8-11) <0.001 
Job characteristics:     
Has written contract 95.9%  99.2%  90.1%  <0.001 
Has unlimited contract 18.4%  15.7%  23.2%   0.063 
Hours worked per week 44 (44-44)  44 (44-44) 44 (44-44)  0.009 
Monthly income in thousand RSD 36 (34-41) 35 (33-37) 42 (38-60) <0.001 
Reported income > median wage 
(~37.957RSD in 2018) 

37.9%  15.7%  76.8%  <0.001 

Current work and job search (uncond.)    <0.001 
Working but searching 3.2%  2.4%  4.5%   
Working and not searching 92.4%  95.7%  87.2%   
Not working but searching 2.7%  0.0%  7.1%   
Not working and not searching 1.7%  2.0%  1.3%   

Job satisfaction     0.078 
Not at all 0.3%  0.4%  0.0%   
Not much 3.1%  1.6%  5.6%   
Somewhat 12.8%  14.9%  9.1%   
Much 62.5%  60.6%  65.7%   
Very much 21.4%  22.5%  19.6%   

Perceived chance to keep the job     0.028 
Very unlikely (0 - 20%) 0.5%  0.0%  1.4%   
Unlikely (21 - 40%) 0.8%  0.0%  2.1%   
Maybe (41 - 60%) 6.9%  5.6%  9.1%   
Likely (61 - 80%) 35.5%  36.9%  32.9%   
Very likely (81 - 100%) 56.4%  57.4%  54.5%   

Notes: *Multiple answers possible. The sample includes youth who reported earning an income at the time of 
the survey. Continuous measures are summarized by the median, followed by the interquartile range in brack-
ets (p25-p50). Or by the mean followed by ± and the Standard Deviation in brackets. Answers conditional on 
reporting to currently an income.  
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Figure 6. Months employed on the current job at follow-up 

Notes: Work-based learning refers to firm-based trainees, Technical skill training refers to VTI-based trainees.  

Employment characteristics – Across both interventions, almost all survey respondents re-
port having a written contract. If we regard a written contract as a proxy for formal em-
ployment, this is surprising only in the case of VTI-based trainees. At the same time, less 
than a quarter of trainees in both interventions obtained a limited-term contract. Almost 
all respondents who report earning an income indicate to work full time, with an average 
duration of 44 hours per week.  

Monthly earnings – The median reported monthly income among employed interviewees 
was 36,000 RSD at the time of the survey – with 50% of respondents earning between 
34,000 RSD and 41,000 RSD. This implies that monthly incomes for 38% of training par-
ticipants surpassed the median wage of 37,610 RSD in Serbia in February 2018 (SORS, 
2018). Reported monthly incomes of firm-based trainees are roughly 10,000 RSD lower than 
those of VTI-based trainees. Less than 16% of firm-based training participants earn more 
than the median wage, compared to 38% of VTI trainees.66 Figure 7 displays the distribu-
tion of reported monthly incomes. The figure shows that the difference between both train-
ing groups is related to the share of firm-based trainees who earn just below the median 
wage. Generally, monthly incomes among VTI-based training participants are much more 
dispersed, with a significant share of individuals reporting to earn between 60,000–70,000 
RSD. 

The significant gap in monthly incomes is surprising, particularly given that VTI-based 
trainees come from a lower socio-economic background and had less prior labor market 

                                        
66 Note that a lower share of VTI-based trainees report to be working (91% vs. 98%), and thus total income 
differences (i.e. unconditional on working) between both groups would be slightly less pronounced. 
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experience. The reason appears to be that firm-based trainees accepted immediate employ-
ment at training firms, often in lower-paid entry-level positions in close relation to the field 
for which they were trained. This also explains the low dispersion of self-reported incomes 
among firm-based training participants. VTI-based trainees, in contrast, took more time to 
search for employment after the trainings. However, many eventually succeeded to find 
similar or even higher-paid employment. We conjecture that trainees from the more general 
VTI-based training obtained skills that are more transferable across firms, which results in 
higher labor market mobility and earnings. This is in line with evidence from recent studies 
in lower-income contexts (Alfonsi et al., 2020). 

Figure 7. Distribution of self-reported monthly incomes at follow-up 

 
Notes: Work-based learning refers to firm-based trainees, Technical skill training refers to VTI-based trainees. 
The red line represents the national median income of 37,957 in 2018 (RBS, 2019). 

Work satisfaction and perceived stability – Survey responses suggest that participants did 
not take up their employment opportunities because of a lack of alternatives. More than 
80% of respondents in both trainings report being (very) much satisfied with their current 
employment. Moreover, only a small fraction of those who are employed report to continue 
searching for a job. Finally, around 90% of participants believe that they will be able to 
keep their job over the next year. VTI-based trainees appear slightly less confident of keep-
ing their jobs and thus also more often continue searching. At the same time, measures of 
work satisfaction do not significantly differ between both training groups, further support-
ing that VTI-based trainees found employment at least of equal quality as firm-based train-
ees. 
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Comparison of matched administrative and survey data  

To understand the reasons for the difference between self-reported and administrative labor 
market outcomes, we match both information for the exact time of the follow-up survey for 
each participant. Table 6 displays the self-reported labor market status of training partici-
pants before the training start (column 1 and 5) and at the time of the follow-up survey 
(column 2 and 6). The variable was constructed from three questions about education, job 
search, and working status in the respective periods. Inactivity is defined as not working, 
not in education/training, and not searching for work. Columns 3 and 7 compare this to 
the registered labor market outcomes of survey respondents. The administrative employ-
ment status was constructed based on the registration status in the week prior to the survey 
for each individual.67 To map outcomes from the survey into comparable categories in the 
administrative data requires some approximations: (i) we compare those who report being 
employed, self-employed, or freelancing to the share of registered employed in CROSO; (ii) 
we compare the share who report “not working but searching” to the share registered with 
NES; (iii) we compare self-reported inactivity (neither working nor searching) to the share 
neither registered unemployed nor employed. 

 Comparison of self-reported and registered labor market status 

Before the training, firm-based and VTI-based training participants have had similar labor 
market situations. The large majority of participants report having been unemployed or 
inactive in the month before training. This changes significantly at follow-up: among firm-
based trainees, almost all respondents are dependent employed and none of them report 
being unemployed (i.e. not working and actively searching). Among VTI-based training 
participants, the share not working is slightly lower, but still more than 91% report that 

                                        
67 While some individuals could, in principle, have changed their registration status in the survey week, we do 
not find any instance for this when looking at daily registration dates.  

 Firm-based trainings  VTI-based trainings 

 
Base-
line 

Follow-
up 

Admin 
follow-up 

Diff. 
(p.p.) 

 Base-
line 

Follow-
up 

Admin 
follow-up 

Diff. 
(p.p.) 

 (1) (2) (3) (4)  (5) (6) (7) (8) 

Inactive 4.3% 2.8% 7.3% 4.5  3.9% 1.3% 32.5% 31.2 

Unemployed 88.6% 0.0% 7.3% 7.3  86.5% 7.1% 24.2% 17.1 

Employed  4.7% 96.1% 

85.4% -11.9  

 2.6% 82.1% 

43.3% -48.4 Self-employed 1.2% 0.4%  4.5% 5.1% 

Other/Freelance 1.2% 0.8%  2.6% 4.5% 
Notes: Outcomes from the survey are presented in the first column. These were constructed from three ques-
tions about education, job search, and working status in the respective periods. Inactivity is defined as report-
ing as not working, not in education/training, and not searching for work. The pre-training status is based on 
retrospective questions in the follow-up survey. 
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they are working at the moment. At the same time, a larger share of VTI-based trainees 
reports working in self-employment or on their own account, which was already the case 
prior to trainings.  

Table 6 shows that the disparity between self-reported and registered employment outcomes 
is significantly larger for VTI-based trainees than for firm-based trainees. Among firm-based 
training participants, the share that is registered employed is around 12 p.p. lower than the 
share who reports being employed. Among VTI-based trainees, the share that is officially 
registered employed is more than 48 p.p. lower than the share reports to be currently em-
ployed. Even, when considering only those who report being in dependent employment 
(which is more likely registered), a gap of 39 p.p. remains (82% vs 43%). The key difference 
relates to the large share of VTI-based trainees that is unregistered in the administrative 
data but not inactive according to survey data. These results suggest a considerable extent 
of informal employment among VTI-based trainings.68 Given that most respondents have 
been searching for work prior to training, the findings indicate that the VTI-based trainings 
also increased the chances to find non-formal employment.69 A significant share of this, 
however, goes unreported in the administrative data.  

8 Conclusion 

A lack of practical and work-related soft skills is a key impediment for employers to hire 
youth globally. A key policy challenge is that these skills are difficult to impart via tradi-
tional classroom-based learning. Against this background, delivering skills in a real work 
environment (“work-based learning”) has received increasing attention in recent years. The 
most prevalent policy approach to enhance youth’ access to work-based learning is to coop-
erate with the private sector for firm-based trainings. This comes with its own challenges. 
One key critique is that firm-based trainings deliver skills that are too firm-specific to 
provide a stepping-stone for further employment. Moreover, firm-based trainings may not 
be adequate for disadvantaged groups (including young women), due to cultural or financial 
constraints.  

                                        
68 An alternative factor may be intentional under- or over-reporting of employment, which is a common challenge 
for impact evaluation surveys. We believe that neither form of misreporting presents a crucial bias in our 
context. Even though trainees know that unemployment was an eligibility requirement, they have little incentive 
to misreport their ex-ante employment status retrospectively (under-reporting). Over-reporting could be a result 
of confirmation or social desirability bias. However, since surveys were conducted by an independent research 
organization, we believe this to be rather less worrisome. 
69 We also conduct a similar comparison of self-reported and administrative data for pre-training labor market 
outcomes (not shown here). The results indicate that most participants who were not registered with NES prior 
to training were indeed unemployed and searching for work. This suggests that administrative data does not 
significantly overestimates treatment effects because of unobserved switches from informal to formal employment 
in our context.  
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This paper evaluates the impact of a labor supply-side intervention that aims to find a 
middle ground between classroom- and firm-based training. The intervention offers subsi-
dized training through simulated work environments at vocational training institutes (e.g. 
fake warehouses). We compare this intervention to a labor demand-side intervention that 
incentivizes private-sector firms to recruit disadvantaged youth for workplace-based skill 
trainings. Training youth via simulated workplaces has the advantage to provide applied 
technical-vocational skills as well as soft skills, while not carrying the risk of being exploited 
by the employer (e.g. substitution or lock-in effects). However, this delivery model has seen 
very little application so far and evidence of its effectiveness is virtually inexistent (Moyer 
et al., 2017). 

Our results show that both interventions significantly improve formal labor market out-
comes of participants in the short- and medium-term. Eight months after training start, 
counterfactual impact estimates suggest an increase in the probability to be formally em-
ployed of around 50 p.p. for firm-based trainings and 13 p.p. for VTI-based trainings.  How-
ever, the time profile of impact estimates differs considerably between both interventions, 
which has important implications for their long-term effectiveness. For firm-based trainings, 
impact estimates on formal employment decline over time as the comparison group catches 
up (convergence in outcomes). VTI-based trainees take longer to pick up formal employ-
ment, but in the medium growth rates strictly exceed the counterfactual estimates (diver-
gence). Hence, effect size estimates of both interventions converge with time elapsed after 
training end. These results are in line with evidence from meta-analysis, showing larger 
average gains over time for ALMPs that emphasize human capital accumulation (Card et 
al., 2018). 

Moreover, our follow-up surveys suggest that the benefits of labor demand-side interventions 
such as the VTI-based trainings are underestimated in administrative data vis-à-vis firm-
based training interventions. First, a significantly larger share of VTI-based trainees who 
were not registered as employed in our administrative data appears to work in the informal 
sector. Second, according to self-reported measures, the employment situation of VTI-based 
trainees was (at least) of equal quality and they were often better paid. We conjecture that 
VTI-based trainees took more time to search for adequate (formal or informal) employment, 
while firm-based trainees took the entry-level position offered by the training firm. This 
interpretation is in line with recent evidence from an experimental evaluation in Uganda 
which finds that classroom-based trainings led to higher labor mobility and better employ-
ment outcomes compared to firm-based apprenticeships (Alfonsi et al., 2020). The authors 
demonstrated that the classroom-based training provided youth with transferable skills ra-
ther than firm-specific skills.  

One limitation of our study is that participants are not randomly assigned to the two 
training types. Overall, VTI training participants come from a lower socio-economic back-
ground and they were in a worse labor market position prior to entering the training in 
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comparison to the firm-based training participants. In this context, the impact evaluation 
results for firm-based training participants should be interpreted as an upper bound of the 
impact of the program. Put differently, had VTI-training participants entered the firm-
based program, we conjecture that their labor market outcomes would have been worse and 
that the difference between the impacts of the two programs would be even smaller. The 
non-random assignment of the participants does not pose a problem for our results. The 
estimated difference between the two program types would be smaller with random assign-
ment and the estimated difference should be interpreted as an upper bound difference. 

To frame our findings, we discuss both approaches in the context of market failures that 
constrain youth’ acquisition of skills and access to formal employment: The firm-based 
training intervention addresses market failures on the labor demand-side, by providing the 
employer with an initial signal of youth’s ability. This is expected to reduce the (risk-
adjusted) costs for firms to train disadvantaged youth. The initial referral reduces the costs 
for firms to screen candidates and enable learning about their ability during training 
(“screening”). The VTI-based training intervention addresses market failures on the labor 
supply-side by helping youth to overcome financial constraints that prevent them from 
investing in skills. The training is certified to provide youth with a strong signal about their 
skills for potential employers in the formal or informal sector (“signaling”). The expected 
relative effectiveness of both approaches therefore depends on the principal constraints faced 
by disadvantaged youth in the labor market.  

Our findings suggest that trainings in simulated work environments can be a valid alterna-
tive to firm-based training for delivering work-based learning to disadvantaged youth. The 
training appears to successfully provide youth with the practical-technical and soft skills 
demanded by formal or informal employers. Financial support during participation and 
certification of skills appear as key design elements to foster success. However, labor market 
impacts take time to materialize and may not be completely observable in administrative 
data. Hence, evaluations focused on the short- or medium-term and/or on formal employ-
ment may underestimate the value of such demand-side interventions vis-à-vis interventions 
that directly connect youth with private-sector employers. More generally, our paper adds 
to recent literature showing that some general criticism of vocational training programs 
may need to be revised. Skill training interventions are not ineffective per se but need to 
be carefully tailored to the constraints and opportunities faced by youth in the specific 
context.  
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Appendices 

A1 Data validation and cleaning  

In the following, we provide a brief overview of the steps for cleaning the database that was 
required to construct consistent labor market histories on the individual level. A more 
detailed data cleaning protocol is available upon request.  

In a first step, we identify errors and inconsistencies in the data that need to be either 
excluded or corrected in order to proceed with the database construction. This includes two 
main cases: 

1. Erroneous entries: We observe some entries in both datasets that are likely a 
result of wrong data entry (e.g. periods with negative duration). As this concerns 
only a minor number of all observations, these entries were removed from the data-
base.  

2. Duplicate entries: We keep only one of two or more periods for the same person, 
of the same type (employed, unemployed, ALMP, or OOLF), with the exact same 
period, and with the same spell termination reason. 

In a second step, the linked NES and CROSO database was checked for incompatible labor 
market trajectories. Our analysis requires having a consistently coded labor market status 
of treatment and comparison groups. Four different cases were identified that may represent 
inconsistencies in the linked NES-CROSO data: 

1. Overlap of two (or more) employment periods: This does not necessarily 
imply inconsistent data entries but could also represent correctly recorded multiple 
job holding. We therefore kept both periods. For the construction of certain outcome 
measures, we regarded the higher-level or longer-term period.  

2. Overlap of two (or more) unemployment periods: We regard this as a coding 
mistake of the NES dataset. We therefore kept only the longer-term period.  

3. Overlap of an unemployment period with following employment pe-
riod(s): Certain types of employment contracts in Serbia permit that the person 
registers as unemployed while having specific types of contracts (services contracts). 
Thus, this case does not necessarily imply inconsistencies in the data. These cases 
were recoded based on information from the NES whether overlaps are permitted 
for specific types of unemployment and employment periods. 

4. Overlap of employment period with following unemployment period(s): 
As for the previous case, this case does not necessarily imply inconsistencies in the 
data but such overlaps specific types of contract permit registration with NES at 
the same time. 
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Finally, the data extraction coincided with changes in the NES data management system. 
One consequence was that more recent information about ALMP participation was not 
comparable to previous data entries. While the start and end dates remain correct, program 
types are inconsistent. We hence do not include the types of ALMP in the current analysis. 

A2 Details of the interventions 

Both labor market interventions were designed to address common challenges and criticism 
of demand- and supply-side training interventions. This regards (i) the targeting of partic-
ipants, (ii) the selection of vocational skills provided, (iii) the design of outreach campaigns 
and services, and (iv) the support provided to youth during participation. Because these 
are likely key aspects that contributed to observed impacts, we discuss these program design 
elements in some detail below. We then outline the specific implementation details for each 
intervention.  

First, the basic eligibility group for both interventions was youth aged 18 to 35, living in 
marginalized regions in Serbia. The program particularly targeted youth that was not cur-
rently employed (formally or informally) and considered disadvantaged (e.g. vulnerable, 
hard-to-employ, low-skilled, Roma, long-term unemployed etc.). In addition, youth were 
selected based on their commitment to the training and motivation for working in the 
respective occupational field. These strict targeting criteria were also designed to reduce 
the risk of “cream-skimming” by firms and, thereby, the risk of deadweight loss (c.f. Section 
2.3) 

Matching to firm-based training  

Approach and goal: The approach of firm-based trainings integrated two components: 
First, provision of labor market intermediation services (partially through NES) to match 
disadvantaged youth with private-sector companies. Second, improving the design and im-
plementation of firm-based trainings. The goal of the first component was to increase access 
of disadvantaged youth to formal training in the private sector. The goal of the second 
component was to raise the relevance and quality of qualifications obtained by youth in 
firm-based trainings. Both components are discussed in more detail below. The ultimate 
goal was to increase formal labor market participation, retention rates, and job readiness 
of participants.  

Labor market intermediation (matching): In order to expand the participation of 
disadvantaged youth in formal sector training, the project developed a youth-friendly ap-
proach for offering labor market information and job intermediation services. Caseworkers 
from the National Employment Service would screen interested unemployed youth for eli-
gibility (e.g. age, location, education) and suitability (e.g. previous work experience) in 
relation to the respective occupation. The CVs of interested candidates were forwarded to 
the training companies for review and selection. Training companies would then conduct 
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further assessments in order to identify the most suitable candidates. While the overall 
process mirrored the typical hiring process of these firms, the approach was adapted to 
cater to disadvantaged youth.  

Training design: The trainings combined two modules: First, practical classes in training 
centers within cooperating firms.70 Second, applied workplace-based trainings at the firm 
under the supervision of a mentor. Both components were typically designed to provide 
trainees skills for specific occupations within the firms. The typical training had a duration 
of two to three months of full-time training. Within this period, both components were 
usually combined in three consecutive stages: (i) two to four weeks of theoretical classroom-
based training, (ii) around four weeks of combined classroom and workplace training, (iii) 
an equal period of only workplace training. Overall, workplace training should usually ac-
count for 80% of full training. At the end, successful trainees received a certificate of com-
pletion.  

Public-private partnerships: The project established public-private partnership (PPP) 
agreements with formal (i.e. legally registered) private-sector companies. In some cases, 
these PPP agreements also included external training providers (VET schools, institutes, 
etc.) and local self-governments. The PPPs agreements typically specified that training 
firms and other partners would contribute at least 50% of the total estimated training costs. 
Firms would usually cover training material, insurance of trainees, workwear and safety 
gear, meals during the training, as well as costs for trainers and mentors. Furthermore, 
training companies had to ensure that adequate spatial-technical conditions for the training 
were available, provide mentors, and issue a certificate upon completion71. The project 
would provide additional financial support to trainees.72 Typically, this covered travel ex-
penses, accommodation (if necessary), and a small daily allowance usually in the range of 
170 – 650 RSD (1.5 – 5.5 EUR) depending on training type and duration. Trainees would 
typically not be remunerated by firms during the training period above this daily allowance. 
In some cases, the project also provided capacity development to supervisors and mentors 
of firms. Within most PPP agreements it was defined that firms should aim to employ at 
least 70% of trainees under any form of the formal employment contract when the training 
is completed. However, this was not a strict conditionality, connected to sanctions in the 
case this was not fulfilled ex-post.  

Note that this PPP setup is different from other programs that subsidize work 
experience or on-the-job training (e.g. many of “Jovenes” programs in Latin America) in 
several aspects. Firstly, firms are not provided any wage subsidy or social-security contri-
butions. Rather, the project provided only support to trainees, which were typically not 

                                        
70 In a few cases, the initial classroom trainings were delivered by external training institutions.  
71 In the case that the external training provider is not responsible for training provision.  
72 The detailed financial contributions varied somewhat in every PPP agreement. 
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provided by employers during similar short-term trainings. The main goal of the daily 
pocket money and transport allowance was to reduce program drop-out. Second, the PPP 
agreements did not make the hiring of youth (during or after the training) as a conditionally 
for support but rather relied on firms own interest in hiring trainees as skilled workers.73 
Hence, the firm-based trainings cannot be considered “on-the-job training” in the strict 
sense. Rather, firm-based trainings resemble a short internship period with a strong train-
ing/supervision aspect.  

Scope: By February 2019, the program conducted trainings in 21 different occupations in 
cooperation with 7 private-sector employers. Trainings were conducted in 76 cohorts and 
included a total of 766 participants.  

Subsidizing VTI-based trainings  

Overall approach and goal: The main goal of short-term skills trainings was to improve 
the vocational skills and employability of disadvantaged youth in occupations that were in 
demand on the local labor market. These skills trainings were aimed to deliver hands-on 
work experience and structured learning in simulated work environments. 

Mobilization and selection: The mobilization and selection mechanism for short-term 
skills trainings contrasted from the participant selection process in firm-based trainings. 
First, a youth-targeted mobilization approach was developed for reaching youth in target 
areas through local NGOs and public administration, local branches of the National Em-
ployment Service, as well as (social) media campaigns. Interested youth were asked to apply 
for trainings through an online application form. After screening the application for eligi-
bility and motivation, the information was again verified in short phone interviews. Eligible 
applicants were then invited to personal interviews which were usually conducted in local 
branches of the National Employment Service. The interviews were conducted by the pro-
ject staff and included experts for specific training in order to assess youth’ skills and 
experiences in the professional field of the training. In addition, they included questions to 
elicit candidates’ attitudes and motivation for attending the training and seeking employ-
ment in a given area afterward (active job search skills). For some trainings (e.g. welding, 
hospitality industry, etc.), this was complemented with additional practical or/and medical 
tests to ensure suitability. Candidates were then ranked based on the scores received for the 
full selection process. This rigorous selection mechanism was regarded as a key mechanism 
for the success of trainings. 

Selection of training providers: The project identified potential training institutions 
and issued public tenders for trainings in each occupational field that was in demand on 

                                        
73 The data shows that some firms registered trainees under specific training contracts during the time of the 
training to administer the insurance. However, most firms only hired under formal employment contracts after 
end of the training period (c.f. Section 4.4). 
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the labor market (see above). The project selected training institutions with existing exper-
tise in fields related to the respective occupation. In addition, training institutions had to 
possess facilities to replicate the eventual workplace (see below). A set of quality standards 
for training providers was developed (including national accreditation, strong linkages with 
related private-sector, adequate training premises, etc.). Training providers could be pri-
vate-sector providers, research institutes, or accredited higher-learning (e.g. VET) institu-
tions. For some training providers, the project provided capacity development and, in some 
cases, technical equipment to confirm the requirement of the private sector. Training insti-
tutions did not have to provide commitments of private-sector employers to hire participants 
after training. In addition, payment was not conditional on outputs (completion of training 
by participants) or outcomes (employment). 

Training implementation: Trainings were conducted in training centers of the respective 
provider that replicated conditions at the future workplace. Thus, most trainings were hence 
conducted in (e.g.) welding workshops, training kitchens, or simulated warehouses. The 
curricula focused on practical (applied) work on machinery typically used by private-sector 
firms, with a ratio of 20% of theoretical training and 80% of practical training. Trainings 
took between 1 week and 3 months, and were full-time trainings of roughly up to 10 hours 
per day. However, the size and length of training varied strongly, depending on the occupa-
tion and skill levels. In the beginning, no financial support was provided to youth, but the 
project soon started providing a monthly allowance of around 170 RSD (1.5 EUR) to train-
ees in order to prevent program drop-out. For a few trainings (mostly Roma-focused) some 
additional labor intermediation services were provided to trainees upon graduation (mostly 
by refereeing them to potential employers in the field of training). To ensure that partici-
pants can provide a clear signal about their acquired skills to employers, trainees were given 
a detailed certificate upon completion of the training. 

Scope: By April 2019, the program conducted trainings in 11 occupations in cooperation 
with 14 training providers. Trainings comprised 56 cohorts, including a total of 628 partic-
ipants. Some trainings were specifically designed and targeted at Roma or women.  

A3 Analysis of selective non-response  

A key challenge for many survey-based studies in lower- and middle-income countries is 
high survey non-response, especially at follow-up (survey attrition). This is in particular 
the case for surveys among youth and other marginalized groups, as they tend to change 
their location and communication more frequently (Ghanem et al., 2019). Against this 
background, significant efforts were made ex-ante to reduce survey non-response through 
the design of the baseline registration form – e.g. requesting multiple contact details, in-
cluding phone numbers of close relatives. Nonetheless, in total, only 48% of the full sample 
could be surveyed (See Section 7). Against, this background, we perform a detailed analysis 
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of survey non-response. We start by examining whether (non-) respondents systematically 
differ in their observable characteristics. 

To our advantage, the administrative data allows assessing whether survey non-response 
may have been selective in a novel way. The typical approach to assess selective survey 
attrition is to use baseline (pre-treatment) survey data to assess differences between re-
spondents and non-respondents. While the YEP registration survey provides some (if lim-
ited) information, we have the advantage of detailed pre-treatment data from the adminis-
trative data for the full sample. Given the panel structure of the data, we are not only able 
to compare socio-demographic characteristics but also their full pre-treatment labor market 
history. We thus assess registration and administrative data from 446 non-surveyed to 410 
surveyed participants. Administrative data is available for 788 participants of the entire 
survey sample (856).  

Figure A13 compares socio-demographic characteristics and registered labor market histo-
ries among respondents and non-respondents. We observe that non-surveyed participants 
differ only in two aspects: They are about one year older and a slightly larger share was 
categorized by NES as having been laid off as a result of firm-level constraints. We do not 
find that non-respondents differ in their registered labor market status in the period prior 
to training. Most importantly: neither do the post-treatment administrative data outcomes 
of non-respondents differ significantly from those of surveyed individuals at the time the 
former would have been surveyed. We thus assume that, despite high non-response, self-
reported employment outcomes in the surveyed group provide a rather good approximation 
of employment outcomes for the entire treatment group.  
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Table A1. Test for selective of survey non-response 
 Total Not reached Interviewed p-value 
 N=856 N=446 N=410  
Female 27.9%  27.6%  28.3%   0.82 
Age 26 (23-30) 27 (23-31) 26 (22-30) <0.001 
Level of education     0.58 

Primary school or less 16.5%  18.1%  14.8%   
Three-year VET school 26.6%  27.0%  26.2%   
Four-year VET school/high school 49.6%  47.9%  51.4%   
College or more 7.2%  6.9%  7.5%   

NES target group*     
Person assigned any NES group 39.2%  41.7%  36.6%   0.15 
Both parents unemployed 13.2%  13.6%  12.7%   0.70 
Social assistance benef. 11.7%  12.2%  11.2%   0.67 
Roma 11.4%  11.2%  11.7%   0.82 
Other vulnerable 9.5%  10.2%  8.8%   0.52 

Status in 30 days before training start     
Employed 14.8%  14.6%  15.1%   0.87 
Unemployed 69.3%  70.5%  68.1%   0.46 
ALMP 1.1%  1.2%  1.0%   0.79 
Out of labor-force 1.4%  1.7%  1.0%   0.40 
Unregistered 26.5%  27.0%  26.0%   0.73 

Number of days in year before training      
Employed 62 (±102) 65 (±106) 58 (±98)  0.33 
Unemployed 184 (±137) 182 (±139) 186 (±135)  0.70 
ALMP 4 (±29) 5 (±31) 4 (±26)  0.58 
Out of labor-force 6 (±43) 8 (±50) 5 (±35)  0.34 
Unregistered 101 (±125) 98 (±123) 105 (±127)  0.41 

Status in week after training end     
Employed 53.4%  54.6%  52.2%   0.50 
Unemployed 24.1%  23.6%  24.7%   0.72 
ALMP 0.3%  0.0%  0.5%   0.15 
Out of labor-force 0.8%  1.0%  0.5%   0.45 
Unregistered 25.1%  25.6%  24.7%   0.78 

Status in week 6 months after training      
Employed 67.9%  66.3%  69.6%   0.31 
Unemployed 17.3%  19.6%  14.8%   0.075 
ALMP 0.3%  0.5%  0.0%   0.17 
Out of labor-force 0.5%  0.5%  0.5%   0.96 
Unregistered 14.8%  14.4%  15.3%   0.71 

Status in 7 days before follow-up survey    
Employed 63.1%  61.0%  65.4%   0.18 
Unemployed 13.6%  15.0%  12.0%   0.19 
ALMP 0.8%  1.3%  0.2%   0.074 
Out of labor-force 0.6%  0.7%  0.5%   0.72 
Unregistered 14.8%  13.5%  16.3%   0.23 

Notes: *Multiple answers possible. Continuous measures are summarized by the median, followed by the inter-
quartile range in brackets (p25-p50). Or by the mean followed by ± and the Standard Deviation in brackets. 
Answers conditional on reporting to currently an income. 
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CHAPTER III.  The market-based dissemination of energy-
access technologies as a business model for rural 

entrepreneurs: Evidence from Kenya 

with GUNTHER BENSCH* and JOCHEN KLUVE‡ 
 

 

 

Abstract 

Improving access to more modern forms of energy requires supply chains that reach further 
into rural areas. This paper studies a supply-side intervention intended to foster last-mile 
distribution of energy-access technologies through local small-scale entrepreneurship. We 
use a staggered implementation evaluation design to assess the impact on employment and 
income outcomes of a large-scale program in Kenya that supports the diffusion of improved 
cookstoves and small solar products. The results demonstrate how trained entrepreneurs 
intensify and diversify their income-generating activities, often by shifting away from sub-
sistence farming as a main source of income. For cookstove entrepreneurs, this goes along 
with improvements in individual and household incomes as well as perceived economic well-
being. Impact estimates do not only differ between the two technologies but also across 
subgroups including gender, age, and baseline occupation. Our findings substantiate that 
market-based interventions can foster energy access in rural areas by supporting the estab-
lishment of local businesses. We highlight several contextual factors that are of relevance 
when considering the adoption of this approach.  

Keywords: Energy access, cookstoves, impact evaluation, entrepreneurship training, busi-
ness development services, covariate balancing.  

JEL Classifications Numbers: O13, O33, H43, L26 

  

                                        
* RWI – Leibniz institute for economic research, Germany. ‡ Humboldt-Universität zu Berlin and KfW, Ger-
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1 Introduction 

Lighting and cooking are the two most essential energy services. Large parts of the devel-
oping world, however, only have access to traditional types of these services: Seventy-three 
percent of the rural population in sub-Saharan Africa, for instance, lack access to electricity, 
and an even higher proportion lacks clean fuels and technologies for cooking (IEA et al. 
2020). In order to alleviate these deprivations, international organizations and national 
governments promote entry-level modern energy technologies, namely improved cookstoves 
and small-scale solar lighting solutions (Martin et al. 2011; Grieshop et al. 2011). Such 
activities have recently gained momentum with the creation of the Sustainable Energy for 
All initiative (SEforAll). The global initiative envisions universal access to modern energy 
by 2030, among others via a stronger inclusion of private actors and market mechanisms 
(SEforAll 2014).74 One approach is to integrate local entrepreneurs in the supply chains to 
better reach rural end-users. This is meant to not only enhance the availability of socially 
desirable products, but also to generate non-farm employment opportunities in areas that 
struggle with unemployment and a strong dependence on agriculture (see also Mathenge 
and Tschirley 2015, and Davis et al. 2017). 

A growing literature is dedicated to demand-side factors related to the adoption of new 
energy technologies (see, e.g., Lewis and Pattanayak 2012, Alem et al. 2014, or Ge-
breegziabher et al 2018). Yet, literature reviews by Rehfuess et al. (2014) and Bonan et al. 
(2017) likewise show that little is known about the supply side in general and about appro-
priate and reliable supply chains in particular. The authors highlight the challenge to sus-
tain income for entrepreneurs who struggle with seasonality issues and a relatively poor 
market segment.  

The present article provides insights into supply-side impacts of an energy-access interven-
tion to address this under-researched topic. Specifically, we study an improved cookstoves 
and solar program in rural Kenya and its effects on product sales, employment, and income 
indicators. The program provides various business development services including the mo-
bilization, technical and business training of entrepreneurs, the support to business set-up, 
as well as on-going support and training and education of consumers.75 This study setup 
has the advantage of evaluating comprehensive supply-side sector support under natural 
conditions using one of the largest off-grid energy-access projects on the continent. On the 

                                        
74 The impact evaluation literature generally substantiates the claims of these initiatives, including the social 
desirability of more widespread uptake, but also hints at moderate impacts on the livelihood of beneficiaries for 
small-scale solar lighting solutions (Grimm et al. 2017b; Kudo et al. 2019; Furukawa 2014) and at heterogeneous 
impacts of improved cookstoves (cf. Adrianzén 2013; Bensch and Peters 2013, 2015, Bensch et al. 2015, Ge-
breegziabher et al. 2018, Brooks et al. 2016, Hanna et al. 2016, Usmani et al. 2017). 
75 An approach not followed by the studied intervention are temporary direct end-user subsidies for purchasing 
the energy access technologies. While early experiences were seen critically for a lack of sustained demand 
(Simon et al. 2014), the approach gained renewed attention as a complementary component to push the efforts 
to achieve universal energy access (GOGLA 2021). 
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downside, it precludes us from isolating the effects of individual intervention components, 
which we only discuss qualitatively.  

Our strategy to identify impacts takes advantage of the staggered intervention rollout with 
continuous training offering to compare previously trained entrepreneurs (treatment group) 
with new training participants (comparison group). This approach helps to efficiently iden-
tify entrepreneurs who self-selected into the continuous support services of the intervention. 
It thereby avoids issues with selectivity and statistical power introduced by low treatment 
take-up observed in similar settings (Dahal and Fiala 2020). At the same time, the approach 
uses a comparison group whose composition is governed by the same self-selection mecha-
nisms. Yet, impact estimates may suffer in such a cross-sectional setup from imbalances 
between the compared groups that originate from a potentially non-random rollout of the 
intervention. We seek to mitigate this shortcoming through an innovative combination of 
design elements of our identification strategy. To start with, we apply ex-ante matching of 
survey sites in our main data collection effort among 648 entrepreneurs in mid-2015. Follow-
up data from the new training participants helps us to restrict the comparison group to 
those individuals who were later found to continue with the business, and thereby enhance 
their comparability with the treatment group. We rely on a weighting method to account 
for remaining observable baseline differences between treatment and comparison groups, 
the so-called Covariate Balancing Propensity Score (Imai and Ratkovic 2014). We test for 
the robustness of results using alternative weighting and matching approaches, including 
kernel propensity score matching and a covariate balancing approach called Entropy Bal-
ancing (Hainmueller 2012). While the covariates include proxies for motivation and entre-
preneurial spirit, we acknowledge that they may not perfectly account for unmeasured con-
founders and therefore bound our estimates.  

The empirical results show an increasing diversification and intensification of income-gen-
erating activities among active solar and stove entrepreneurs, who have been in business for 
on average three years and thus well-established their respective activities. The evidence is 
mixed but generally underpins that interventions with market-based elements on the supply 
side can successfully deploy energy-access technologies even in remote areas. An examina-
tion of the Kenyan market and the dynamics in the energy-access technology market in 
general, however, also advises for careful case-specific scrutiny of the transferability of find-
ings.  

More broadly, our results contribute to the discussions on whether there is leeway for gov-
ernments or donors to support local entrepreneurship. We thereby add to the limited evi-
dence on interventions supporting rural non-farm businesses (McKenzie 2017; Grimm and 
Paffhausen 2015; Kluve et al. 2019). The few studies that exist on business start-up training 
programs focus on the effect of providing start-up capital (e.g. Brudevold-Newman et al. 
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2017, and Fiala 2018).76 Studies that test whether follow-up mentoring can enhance the 
effectiveness of training intervention generally fail to find additional benefits vis-à-vis train-
ing alone (Brooks et al. 2018; McKenzie and Puerto 2017). A particular feature of the 
intervention that we exploit in our heterogeneity analyses is that the intervention succeeded 
in attracting many female participants, who are typically less likely to engage in non-farm 
enterprises (Nagler and Naudé 2017; Rijkers and Costa 2012). We can thereby test the 
finding from recent studies that trainings seem to be less effective for female business owners 
(e.g. de Mel et al. 2014, Berge et al. 2014, and Giné and Mansuri 2017). 

The paper is structured as follows: Section 2 describes the intervention and the Kenyan 
context. Section 3 lays out the empirical identification strategy and describes the survey 
data collected. Impact estimates on a series of employment- and income-related outcomes 
are presented in Section 4. Section 5 concludes. 

2 The intervention and its context 

The energy-access intervention we study was implemented under the umbrella of the global 
Energising Development (EnDev) program. EnDev’s main goal is to provide poor people in 
developing countries with sustainable and affordable access to modern energy services 
through self-sustaining local markets. The Kenyan EnDev program, EnDev-K, was estab-
lished in 2006, initially as an add-on to the Private Sector Development in Agriculture 
(PSDA) program, which aimed at value chain development within the Kenyan agricultural 
sector. EnDev-K was supposed to benefit from PSDA’s wide presence in rural areas and 
the strong focus on private-sector development (Berk, 2016). The program was implemented 
by German International Cooperation (GIZ) and the Dutch non-profit development organ-
ization SNV. At the time of our study in 2015, it covered 21 of the 47 counties in Kenya 
and had intervened in another 6 counties until recently, all located in the Western, Central, 
and Lake Victoria regions.  

The EnDev-K program promoted two types of stoves, the Jiko Kisasa stove, and the Rocket 
stove. This study focuses on the Rocket stove as the main stove type in terms of produced 
units and supported stove producers. It is a stationary firewood stove that is installed in 
the customers’ kitchen. In 2012, EnDev-K additionally launched a component to promote 
the use of small solar lighting products – typically one lighting point that is potentially 
complemented by a mobile charger or a radio. Lamps were eligible as long as they were 
quality approved by Lighting Africa, a joint International Finance Corporation and World 
Bank initiative. 

                                        
76 A single study, Shankar et al. (2015), tests the impact of a four-day entrepreneurial training against a four-
day empowerment training on sale levels among improved cookstove entrepreneurs. The study finds that the 
empowerment training clearly outperforms the empowerment training in terms of post-training sales volumes. 
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While improved cookstoves were not completely new to Kenya (Tigabu et al. 2015), the 
adoption of more advanced wood-burning and alternative fuel stoves faces numerous chal-
lenges (see also Mortimer et al. 2017). Solar lighting products were rather new in 2012, but 
the program benefitted from a fairly dynamic private sector that made Kenya one of the 
most developed markets for solar power solutions in sub-Sahara Africa. 

EnDev-K determined initial roll-out of its activities based on (i) the presence of the prede-
cessor program PSDA working on private-sector development in the agricultural sector, (ii) 
input availability for stove production, (iii) prospects of and interest in commercial stove 
production, and (iv) firewood scarcity (Ingwe 2005). In the identified communities, the 
EnDev-K business development support started with the mobilization of prospective entre-
preneurs. Community-level meetings were organized with local representatives of the Min-
istry of Agriculture to sensitize about improved energy technologies and to announce the 
opportunity for training in either cookstoves or small-scale solar business. A prerequisite 
for training participation was the willingness to become self-employed and to invest in the 
new business. Cookstove training participants additionally had to have basic handicraft 
skills and to compile a list of 20 interested households as initial customers before training. 
The stove training involved a two-day group workshop, followed by practical on-site instal-
lation training. Solar training participants were supposed to already possess some non-farm 
business. During the two- to three-day solar trainings, participants were taught basics in 
solar technology and business and marketing skills. Trainees were then connected to local 
solar distributors. Both stove and solar trainings were free of charge including lunch. If 
required, transport and accommodation costs were reimbursed. Total training costs 
amounted to around 90 and 130 US$ per participant of solar and cookstove trainings, re-
spectively. 

The comprehensive set of support activities additionally included consumer-side interven-
tions in the EnDev-K target areas such as awareness creation and consumer education. In 
addition, reporting meetings were held every two to three months among entrepreneurs in 
one area. The meetings served as a basis for exchange with actors along the value chain, 
occasional follow-up trainings on technical or business skills, and monitoring of sales figures 
owing to the outcome-oriented character of the program. Entrepreneurs received 500 to 800 
Kenyan Shillings (KSh, equivalent to 0.5 to 0.8 US$) travel allowances by EnDev-K to 
attend the meetings if they had sold at least ten stoves or solar products in the previous 
reporting period.  

According to EnDev-K, about 500 individuals were involved in the solar component of the 
program and regularly reported sales numbers in 2015. The number of active stove entre-
preneurs is said to fluctuate between 2,500 and 3,800. Based on EnDev-K monitoring data, 
until June 2015 over 120,000 solar products had been sold by entrepreneurs cooperating 
with the program, and 1.9 million improved cookstoves were in use by mid-2015, making it 
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one of the largest off-grid energy-access interventions on the continent at the time (Kammila 
et al. 2014, Lighting Global 2016). 

3 Impact assessment approach  

3.1 Identification strategy 

The aim of our empirical analysis is to approximate the impact of the treatment, entrepre-
neurship intervention, on income and labor market outcomes at the individual and house-
hold level. We first discuss the policy-relevant parameter that needs to be estimated before 
explaining our identification strategy for this parameter.  

In exactly defining the parameter of interest, one has to note that there were three levels 
at which prospective entrepreneurs could decide to self-select into taking up different inter-
vention components: mobilization, initial training, and regular program participation with 
at least basic engagement in the energy-access business. The project does not intend to 
treat everyone participating in the mobilization, neither does it foresee that all training 
participants take up the treatment. Instead, these two stages are crucial parts of the pro-
gram-induced selection process to identify applicants that are most willing, and ideally most 
capable, to venture into the new energy-access markets. The policy-relevant parameter is 
therefore the effect on treatment compliers, i.e. training participants who established a solar 
or stove business after completion of the training and continue with the further support 
mechanisms. This is called the complier-average treatment effect (CATE). Non-compliance 
in that training participants discontinue participation in the intervention is instead relevant 
for calculating project costs for the sake of a cost-effectiveness analysis, which we will come 
back to in the concluding section.  

In our strategy to identify the CATE, we opted for a quasi-experimental evaluation design 
that takes advantage of the continuous start of new business trainings. The basic idea of 
the staggered-implementation approach is to sample later cohorts of the program as the 
comparison group for the treatment group of already active entrepreneurs. Given that both 
cohorts were mobilized and selected in the same fashion, the approach mimics a randomized 
phase-in evaluation design where the order in which individuals receive treatment is ran-
domized. Formally, the CATE can be expressed as follows:  

(1) 𝐶𝐶𝐶𝐶𝑇𝑇𝑆𝑆 = 𝑆𝑆[𝑌𝑌 (1)|𝑇𝑇 = 1,𝐶𝐶 = 1] − 𝑆𝑆[𝑌𝑌 (0)|𝑇𝑇 = 1, 𝐶𝐶 = 1] 

this is the difference in outcome Y in treatment and non-treatment status, Y(1) and Y(0) 
respectively, of compliers (C=1) in the same group of treated people (T=1). The underlying 
idea of the staggered-implementation design is now to approximate this unobservable dif-
ference, notably by replacing the subtrahend with the outcomes of compliers in the later-
cohort comparison group (T=0): 

(2) 𝐶𝐶𝐶𝐶𝑇𝑇𝑆𝑆 = 𝑆𝑆[𝑌𝑌 (1)|𝑇𝑇 = 1,𝐶𝐶 = 1, 𝑡𝑡 = −1] − 𝑆𝑆[𝑌𝑌 (0)|𝑇𝑇 = 0, 𝐶𝐶 = 1, 𝑡𝑡 = 0] 
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where t refers to earlier (t=–1) or later (t=0) cohorts of the program. Remembering that 
compliance reflects business start-up and program participation following training, the com-
parison group should be composed of only those later-cohort training participants who are 
found to actually have taken up the business. We determined this 1.5 years after the com-
parison group trainings through a follow-up survey (see Section 3.2).77  

The main reason for why the CATE may yield biased estimates in this setup with uniform 
program mobilization and selection mechanisms is that program roll-out at the regional 
level may be endogenous to potential outcomes of both groups, 𝑐𝑐𝑃𝑃𝑐𝑐(𝑡𝑡, 𝑌𝑌 ) ≠ 0. The criteria 
that governed program roll-out, which were presented in the previous section, do not suggest 
that the program was first adopted in commercially more thriving or socio-economically 
more deprived areas. Yet, potential outcomes in the underlying populations may not be 
comparable a priori, thus creating a bias in the estimated impact with unclear direction.  

We address this issue at two stages of our study design: first, through careful ex-ante match-
ing of survey sites to minimize potential differences between earlier and later training sites 
(see Section 3.2). Second, we apply weighting and matching methods in a selection-on-
observables framework to account for potentially remaining differences in individual char-
acteristics of entrepreneurs. A number of such methods have been proposed for setups with 
limited sample size as in our case (Athey et al. 2017; Diaz and Kelly 2016). They typically 
either seek to predict treatment as accurately as possible and then use that information to 
match individuals from treatment and comparison groups, such as Propensity Score Match-
ing (PSM). Or they try to balance the distribution of predictors (covariates) between the 
treatment and comparison groups as evenly as possible, such as Entropy Balancing (Hain-
mueller 2012). Our preferred modeling approach is based on the so-called Covariate Bal-
ancing Propensity Score, CBPS (Imai and Ratkovic 2014), since it combines both types 
mentioned above: it models treatment assignment – mitigating potential misspecification of 
the assignment model – while at the same time optimizing the covariate balance. The dual 
applicability of the CBPS for weighting and matching led to diverse applications to over-
come selection biases (see, e.g., Gomez et al. 2021, Alkon 2018, Thomas and Urpelainen 
2018, Waldron et al. 2017, and Huber 2015). 

In our main specification, we derive CBPS weights applied to Ordinary Least Squares (OLS) 
regressions (cf. Ho et al. 2007). In a thorough robustness exercise, we compare results from 
this model to PSM using the CBPS. Robustness checks additionally include basic OLS, 
classical kernel PSM, and OLS with weights derived by Entropy Balancing (Hainmueller 

                                        
77 Treatment group entrepreneurs are in business for on average three years and thus longer than the comparison 
group entrepreneurs at the follow-up survey. This may introduce bias as we do not capture dropouts that happen 
between 1.5 years and three years. Program implementers, however, noted that dropouts tend to take place 
right after training or a few months later. Most participants who establish the business as an income source 
over the initial year do continue the business in the following years. One can therefore expect this bias to be 
small. 
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2012). We chose Entropy Balancing for the robustness checks since it has been shown to 
effectively reduce covariate imbalance (Frölich et al. 2017, Zhao and Percival 2017) but 
follows a different procedure: it bypasses the estimation of a propensity score entirely and 
solves directly for the set of weights that create better balance in the distribution of covari-
ates while deviating least from uniform weights to reduce the inflation of variance. Following 
Cameron et al. (2008), we conservatively use cluster-robust wild bootstrap standard errors 
clustered on the county level in all regression-based approaches. For all modeling ap-
proaches, we create business-specific weights, i.e. treatment and comparison units are bal-
anced for solar and stoves separately.78 

In our cross-sectional setup without pre-intervention data for the treatment group, the set 
of covariates used across all modeling approaches has to be carefully selected. We limit the 
set to variables that can be reasonably assumed unaffected by the intervention, both on the 
household and county level (see Section 3.3). Beyond socio-economic factors, these include 
proxies for motivation and entrepreneurial spirit, which are critical elements of entrepre-
neurial success. The remaining unmeasured confounders cannot be ruled out. We therefore 
lastly derive bias-adjusted bounds for our main impact estimates. Following Somanathan 
and Bluffstone (2015), we apply the proportional selection assumption to the approach by 
Oster (2019) and Krauth (2016), which go back to Altonji et al. (2005). We thereby deter-
mine bounds that reflect the hypothetical case where unobserved confounders correlate as 
much with the error term as the observed confounders. We consider this a conservative 
assumption also because we are not assessing drivers of selection into treatment in our case, 
but of selection into treatment cohort, which we expect to be less affected by unobserved 
confounders.  

3.2 Data collection  

A crucial feature of the survey design was to ensure that comparison group sites, where 
trainings for prospective entrepreneurs were held, were similar to survey sites at which data 
for already active entrepreneurs were collected. This was addressed in several ways: among 
all scheduled trainings within the survey period, we selected those implemented in sub-
counties with a low previous engagement of EnDev or other donors. This was done in order 
to conduct the study in a market environment that is comparable to that of the active 
entrepreneurs at the time of their training. In a next step, we selected existing EnDev areas 
to collect data among already active entrepreneurs for the treatment sample. We determined 

                                        
78 More specifically, we use the Stata command ‘psweight’ to create inverse-probability weighting (IPW) weights 
for the average treatment effect on the treated (ATT) that are normalized to have mean equal to 1 in each 
group (Kranker 2019). In our case, this weight designed for the ATT is effectively a weight for our CATE, since 
the propensity score underlying this weight is determined for assignment into the treatment complier versus the 
comparison complier group. With Entropy Balancing, we condition on the first moment of the distribution of 
our covariates only, considering that most of the employed covariates are dummy variables. To perform the wild 
cluster bootstrap, we use the Stata command ‘boottest’ (Roodman et al. 2019).  
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comparable intervention sites according to the following criteria: A priori, we excluded the 
14 (of in total 47) counties defined as marginalized by the Commission on Revenue Alloca-
tion (CRA 2012). The main further selection criteria were the 2012 Kenyan County Devel-
opment Index (CDI), based on CRA (2012), and the county-level 2015 Human Development 
Index (UNDP 2015). Finally, we ensured that treatment sites were sufficiently distant from 
comparison group areas to avoid contamination effects. For the final sample of 18 counties, 
Kruskal-Wallis equality-of-populations rank tests for CDI and HDI yielded p-values of 0.97 
and 0.75, respectively. Accordingly, these indicators can be considered as well balanced at 
the county level. The comparability of the selected treatment and comparison counties was 
verified qualitatively with local stakeholders regarding cultural and intervention-specific 
characteristics, e.g. local availability of inputs. Eventually, the survey was carried out at 35 
survey sites. The geographical distribution of the survey sites and main sampling parame-
ters can be taken from Figure A1 and Table A1 in the Appendix.  

The main data used for this study were collected between June and August 2015, a period 
with medium economic activity such that the sampled information can be expected to 
provide a good average of the year. All sampled entrepreneurs were willing to participate 
in the interviews, and only four interviews could not be completed. In total, the sample 
comprises 648 individuals (see Table 1). The survey was carried out during monitoring 
meetings for active entrepreneurs and before or during trainings for new training partici-
pants. Semi-structured qualitative interviews complement the quantitative data. Interview-
ees were survey participants as well as local program stakeholders including reporting meet-
ing coordinators, solar and stove trainers, and representatives of the agricultural ministry 
(see RWI 2016 for further details on the study implementation). In November and December 
2016, a phone follow-up survey was conducted among all surveyed training participants to 
determine whether they have taken up their business or whether they dropped out. Such 
phone surveys among micro-entrepreneurs have been found to yield similar measurements 
as in-person surveys (Garlick et al. 2020). As can be seen in the table, 19% of training 
participants have dropped out 1.5 years after the training, with clearly stronger drop-out 
for the solar component.  

 Number of completed interviews 
       

 Interviews  Survey Sites 
 Solar Cookstoves Total  Solar Cookstoves 
Active entrepreneurs       

Compliers (Treatment) 128 137 265  9 9 
New training participants       

Compliers (Comparison) 132 168 300  
9 8 Drop-outs 56 13 69  

Attritors# 4 10 14  
Total 320  328 648  18 17 
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Notes: # The compliance status could not be determined for 14 new training participants. Like dropouts, these 
attritors are excluded from the subsequent analysis. Tests along the lines of Fitzgerald et al. (1998) show no 
signs of non-random attrition.  

 

In the design of income-and expenditure-related questions, several measures were taken to 
enhance the reliability of the self-reported answers (see Table A2). We furthermore winso-
rized income, expenditure, sales, and revenue data at the 95th percentile, separately for 
treatment and control, to ensure that cases of misreporting or outliers do not drive our 
results. 

3.3 Sample statistics 

In this section, we present descriptive sample statistics to get a notion of the sample com-
position and to see how well the selection of treatment and comparison sites worked to 
minimize pre-balancing imbalances. We then show how well our weighting and matching 
weights achieved balance post-balancing. We present sample statistics aggregated for the 
two business types (business-specific descriptives can be taken from Table A3 in the Ap-
pendix). Balancing test figures are presented for the two business types separately since we 
apply business-specific balancing weights in our main analysis.  

Panel A of Table 2 displays unweighted means for key socio-demographic and county-level 
characteristics that serve as covariates in our estimations. The asterisks in columns (3) and 
(4) indicate a few statistical differences in means between treatment and comparison groups 
before balancing. The table also shows normalized differences as a sample-size-free way of 
assessing balance. Several more characteristics differ strongly before balancing when apply-
ing Imbens and Rubin’s (2015) rule of thumb that flags a normalized difference of 0.25 or 
more as problematic (for making linear regression methods sensitive to the specification). 
We observe that treated individuals are slightly better educated than the comparison group 
and are – or have been – more often married. Importantly, we find a well-balanced sample 
for our retrospective question on the main source of income at the time of training. Training 
participants have diverse backgrounds (not shown in the table): frequently observed current 
main income sources among cookstove training participants are farming and artisanal work 
such as carpentry. Solar training participants are more often engaged in trade businesses 
such as kiosks or street vending. Most training participants without work are students or 
do household work.  

Panel B of Table 2 confirms that HDI and CDI used in the county selection described in 
Section 3.2 above do not differ significantly on the individual level as well. Nevertheless, we 
see some pre-balancing imbalance in county-level characteristics and therefore include the 
four county-level covariates listed at the bottom of Panel A, which are derived from the 
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latest Kenyan Demographic Health Survey (KDHS) conducted in 2014 (Rutstein and John-
son 2004; KNBS et al. 2015) and the 2009 Kenyan Population and Housing Census, KPHC 
(KNBS 2009). 
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 Descriptive statistics (before balancing) 
       

 Treatment  Comparison  Diff in means 

 mean (sd)  mean (sd)  solar stoves 

Panel A: Covariates       

Female, in % 54.3  58.7  0.15 0.28 
Age below 40, in % 51.7  56.7  0.02 0.19 

Primary school education or less, in % 26.8  36.3  0.09  0.25* 
Ever married, in % 92.0  79.7   0.36**  0.36* 

Main source of income at time of training, %       
farming 43.0  41.0  0.10 0.03 
none  10.6  12.7  0.07 0.14 
other  44.9  46.3  - - 

Main motivations to have started the business/ participated in the training‡, in % 
opportunity came up 37.4  29.5  0.29 0.05 
personal interest 48.9  54.4  - - 

Training mobilization, in %       

by external program representative 34.5  20.4  0.26 0.37 
by family, friend, or group member  54.2  64.5  - - 
by village or association representative 8.7  15.7  - - 

Household size, mean 5.3 (2.3)  5.5 (2.7)  0.10 0.19 
Flooring material is cement, in % 45.1  40.7  0.11 0.23 

Grid electricity, in % 30.3  21.7  0.11 0.27 
County-level Wealth Index (KDHS), mean 3.0 (0.4)  3.1(0.6)  0.35 0.25 
County-level cooking with wood (KDHS), %  85.7  80.2  -  0.48* 

County-level access to electricity (KDHS), % 13.9  17.6  0.56 - 
County-level rural employment rate (KPHC) 53.1 (7.4)  53.8 (7.2)  0.08 0.07 

       

Panel B: Further county-level data       

Human Development Index (HDI), mean 0.52 (0.05)  0.51 (0.07)    
County Development Index (CDI), mean 0.57 (0.05)  0.56 (0.09)    
       

Panel C: Main outcome variables       

Personal monthly net income, in KSh 14,330 (10,480)  9,490 (10,120)    
Household monthly total expenditure, in KSh 7,620 (4,970)  6,340 (4,990)    

Household monthly food expenditure, in KSh 1,470 (870)  1,320 (860)    
Contribution of main activity to hh income,% 35.7  42.3    
Entrepreneur agrees to: “I am afraid losing 
my job/business in the next 12 months.” 

19.1  18.4    

Entrepreneur agrees to statement: “My work 
allows me having stable economic situation.” 

68.8  41.0    

Number of observations 265  300    
Notes: Standard deviations in parentheses. ‡ Multiple answers allowed. *, ** and *** indicate statistical sig-
nificance on differences in means before balancing on a level of 10%, 5%, and 1%, respectively, all of which 
account for the clustering of standard errors that we adopt in our main analyses.  
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Finally, panel C provides summary statistics of our key outcome variables. These include 
personal monthly net income as the primary outcome and household-level outcomes, namely 
food, and total recurrent expenditure. The contribution of the main activity to household 
income captures income diversification more explicitly. In addition, we look at two qualita-
tive outcomes about the perception of the job and income situation. The following results 
section will show in how far the observed differences can be attributed to the entrepreneur-
ship intervention. 

As discussed in Section 3.1, the analyses in the results section apply weights based on the 
Covariate Balancing Propensity Score (CBPS), with robustness checks relying on weights 
using Entropy Balancing and kernel PSM. Table 3 presents key summary measures of co-
variate balance, before and after adopting the three approaches. It becomes evident that 
CBPS achieves the best balancing properties, both in terms of normalized differences, which 
are zero for solar entrepreneurs and close to zero for stove entrepreneurs, and in terms of a 
completely insignificant omnibus test presented in columns (1) and (2). While Entropy 
Balancing still achieves sufficient balance79, the balancing quality of kernel PSM is lower.  

 Summary measures of covariate imbalance, by balancing weight 
          

 

 p-value of joint 
insignificance of 
all covariates 

 mean absolute 
normalized diffe-

rence 

 maximum absolute 
normalized diffe-

rence 

Balancing 
weight 

 before 
balancing 

after ba-
lancing 

 before ba-
lancing 

after ba-
lancing 

 before ba-
lancing 

after ba-
lancing 

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

CBPS solar 0.00 1.00  0.191 0.000  0.563 0.000 
 stoves 0.00 1.00  0.226 0.013  0.483 0.045 
          

Entropy Balancing solar 0.00 0.96  0.191 0.047  0.563 0.150 
 stoves 0.00 1.00  0.226 0.026  0.483 0.076 
          

Kernel PSM solar 0.00 0.51  0.191 0.059  0.563 0.205 

 stoves 0.00 0.46  0.226 0.074  0.483 0.213 
Notes: The p-values in columns (1) and (2) are calculated using probit estimations that regress treatment on 
the joint set of covariates. A low p-value indicates that joint insignificance can be rejected. Normalized differ-
ences for each covariate individually are listed in Table A4 in the Appendix 

 

                                        
79 Caliendo and Kopeinig (2008) qualify that normalized differences – or standardized bias as they call it – below 0.03 or 
0.05 after matching are seen as sufficient in most empirical studies.  
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4 Empirical results 

4.1 Profile of cookstove and solar businesses 

We begin our empirical analysis with the basic business characteristics of active entrepre-
neurs in our sample (Table 4). The two businesses prove to be structurally different, which 
also becomes evident in that we see significant differences across all characteristics (not 
shown in the table). The solar business is a typical product retailing business, whereas the 
cookstove business may rather be considered product manufacturing. This different nature 
is, for example, reflected in the business structure and workforce. Solar entrepreneurs mainly 
perform their business as own-account workers – i.e. they hold self-employment jobs and do 
not engage any employees on a continuous basis – and often rely on a network of independ-
ent resellers. In contrast, half of the stove entrepreneurs have had at least one employee in 
the previous three months and many are organized in producer groups. Business experience 
averages three years, with cookstove entrepreneurs being longer in their business. 

 Basic characteristics of solar and cookstoves businesses 

 Treatment sample  
 Solar  Cookstoves 
 mean (SD)  mean (ds) 
 (1)  (2) 

Business performed as§, in %    
own-account worker or self-employed 74.8  84.6 
enterprise owner 17.3  6.6 
employee 9.4  0.0 
member of a group or cooperative 7.9  36.8 

Business experience, in months 24.56 (16.63)  54.04 (41.00) 
Employees    

number of employees, mean 0.89 (3.86)  1.72 (3.44) 
no employees in last three months, in % 76.3  48.9 

Number of resale agents, mean 3.41 (7.96)  1.40 (2.79) 
Number of products sold in last month 19.14 (16.00)  9.16 (5.87) 
Revenue from solar/cookstove in an average month (KSh)    

mean 23,070 (15,030)  10,130 (7,430) 
median 20,000  8,000 

Mark-up over input costs, in %    
mean 31.9  272.9 
median 27.6  91.0 

    
Number of observations 128  137 
Notes: Standard deviations in parentheses. § Some entrepreneurs fall under several of the listed categories.  

Survey respondents were also asked about sales in a typical month, in terms of the number 
of products sold and total revenue. One observes a considerable positive skew in the distri-
bution of products sold and revenue, meaning that most entrepreneurs report small or 
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moderately large figures, while few entrepreneurs sell a large number of products. Compar-
ing the two types of enterprises, cookstove entrepreneurs sell fewer products and report 
lower revenues from that business than solar entrepreneurs, with average sales of 9 
cookstoves and 19 solar devices and a median revenue of roughly 8,000 KSh versus 20,000 
KSh (80 and 200 US$, respectively). Average profit levels, however, are less divergent given 
business-specific margins. The average mark-up among cookstove entrepreneurs is 270 per-
cent, which implies that they keep more than two-thirds of what is charged for a stove as 
profit. This reflects that it is a manufacturing business where input costs are very low 
(partly freely available) and the key input is labor of the entrepreneur which is not included 
in unit costs, whereas the solar business is a mere retail activity.  

We additionally delved into the seasonality and volatility of sales to gauge whether the 
supported businesses use to be a regular and predictable source of income. Reported de-
mand volatility is sizable: the vast majority of entrepreneurs report that sales in the lowest-
sales month are half or less than the sales in the highest-sales month. Qualitative survey 
responses suggest that demand is decisively influenced by specific events occurring at the 
turn of the year: regionally relevant cash crops are coffee and tea, for which bonuses are 
usually paid in November or December. School fees are due in January or February and are 
mentioned as the single most important factor for low demand periods by entrepreneurs. 
Seasonality is a double burden for stove builders in that production seasonality exacerbates 
customer affordability challenges. During the rainy season materials may not dry properly, 
during the dry season they may dry too fast so that stoves easily crack. Instead of building 
new stoves, entrepreneurs then rather focus on repairing broken stoves. 

Taken together, our data clearly reflect the underlying business structures of the two energy-
access technologies. The stove business is typically performed as a rather low-volume, high-
margin manufacturing business, whereas the opposite appears true for the solar retailing 
business. Furthermore, sales in both businesses seem to be strongly dependent on macro-
level factors that drive the overall rural economy, especially farming incomes. 

4.2 Business start-up 

The starting point of the impact assessment is to analyze to which extent trained entrepre-
neurs established their business as an income-generating activity following the training. 
Table 5 presents corresponding results. The table displays mean values for intermediary 
outcomes in the solar and stove comparison groups in columns (1) and (4), where values 
are reweighted by CBPS weights using the covariates presented in Panel A of Table 2. The 
corresponding impact estimates can be taken from columns (3) and (6). In this case, they 
are very similar to the results based on unweighted OLS regressions with the same set of 
covariates (columns 2 and 5). We focus the discussion on the CBPS-weighted OLS esti-
mates. 
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  Impact estimates for income-generating activities and working hours 
        

 Solar  Cookstoves 

 
Comp. 
mean# 

Impact estimate (se)  
Comp. 
mean# 

Impact estimate (se) 

 OLS 
CBPS-

weighted 
OLS  

 OLS 
CBPS- 

weighted 
OLS  

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

Individual has source of in-
come, in % 

90.2 
5.7 

(1.6)*** 
9.8 

(2.8)*** 
 88.0 

1142 
(1.8)*** 

11.9 
(1.7)*** 

Business is among income 
sources, in % 

10.8 
85.3 

(5.3)*** 
88.4 

(5.2)*** 
 8.5 

83.5 
(5.3)*** 

89.3 
(5.1)*** 

Business is main income 
source, in % 

3.4 
67.3 

(11.7)*** 
68.1 

 (10.4)*** 
 3.3 

64.4 
(8.3)*** 

66.0 
(8.9)*** 

Number of income sources, 
mean 

1.80 
0.71 

 (0.07)*** 
0.72 

 (0.10)*** 
 1.34 

0.92 
(0.08)*** 

0.96 
(0.06)*** 

Only one income source, 
in % 

28.4 
-23.2 

(7.8)*** 
-20.3 

(5.5)*** 
 51.9 

-45.8 
(3.2)*** 

-46.1 
 (2.8)*** 

Farming activity, in %        

among income sources 55.1 
0.7 

(5.1) 
-2.2  
(5.5) 

 71.6 
9.8 

(5.5) 
9.3 

(6.1) 

main income source 31.7 
-26.3 

(5.0)*** 
-25.2 

 (5.1)*** 
 54.1 

-35.6 
(6.1)*** 

-30.6 
(8.7)** 

Working hours/week, mean‡        

in total† 44.72 
7.72 

(6.12) 
9.25 

(5.63) 
 39.53 

11.57 
 (6.32) 

6.82 
(7.43) 

in respective business  0.76 
34.92 

(3.81)*** 
35.62 

(4.30)*** 
 0.60 

15.47 
(2.30)*** 

17.71 
(2.10)*** 

Notes: Cluster-robust wild bootstrap standard errors clustered on the county level in parentheses. ‡ conditional 
on earning an income. † information is not available for all entrepreneurs. *, ** and *** indicate that the 
coefficient is statistically significant different from zero on a level of 10%, 5%, and 1%, respectively. #Com-
parison mean is CBPS reweighted. 

The impact estimates, first, show that a large share of entrepreneurs regards the cookstove 
or solar business as their main source of income. Only for about ten percent of the training 
participants, the solar or cookstove business was already an income source prior to partici-
pating in the respective training. On average 40 percent of income earners in the comparison 
groups rely on one income source only, whereas almost all treated entrepreneurs have at 
least two income sources. In consequence, active entrepreneurs report slightly less than one 
income source more than new training participants. The shift in income-generating activi-
ties is more pronounced for cookstove entrepreneurs. This concerns in particular the diver-
sification away from one source of income: cookstove training participants are more often 
reliant on a single source of income, which is often farming. Farming is their main income 
source in 54 percent of the cases, a share that drops by over 30 percent among active 
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cookstove entrepreneurs. This indicates that – even though many active entrepreneurs con-
tinue their engagement in farming – the intervention provides non-farm income opportuni-
ties to rural farmers, in particular with the cookstove component.  

This translates into significantly more time spent on income generation overall once engaged 
in the business. This increase in total hours worked, however, is less than the number of 
hours that active entrepreneurs report to spend in the respective business, suggesting that 
some reallocation of working hours towards the new business takes place. Moreover, 
cookstove entrepreneurs spend less time in their new business than solar entrepreneurs (18 
hours vs. 36 hours, respectively). We relate this finding to field observations showing that 
solar products are often sold while concurrently performing other trade or service activities. 

We collected further information on enterprise management which suggests that active en-
trepreneurs seem to have become more professional in their business. A significantly higher 
share of people keeps records for their business, not least records that go beyond sales only. 
Similarly, the shares of entrepreneurs who engage in some type of marketing are two to 
three times larger than in the comparison groups, with solar entrepreneurs being the more 
active ones. The retail nature of the solar business implies higher inventory and thus work-
ing capital requirements. Availability of capital, for example, is also of benefit to buy in 
bulk and only have to pay wholesale prices. This makes solar entrepreneurs more frequently 
use commercial bank accounts; generally, the use of commercial bank accounts has slightly 
increased. 

Taken together, the analysis provides evidence for a reallocation, diversification, and inten-
sification of income-generating activities following the start of a solar or cookstove business: 
entrepreneurs establish the new business as an additional and important source of income 
that often complements rather than replaces engagement in other income-generating activ-
ities. Most importantly, the intervention succeeds to reduce the dependence on agriculture 
among participants, although most respondents do not give up farming entirely. 

4.3 Business outcomes 

In a next step, we assess whether the adoption of the solar or cookstoves business leads to 
improvements in terms of our outcome indicators. All outcomes listed in Table 6 are meas-
ured unconditional on working as this most closely captures the intervention’s intended 
effect of providing a new source of income.  

To start with, cookstove entrepreneurs report significantly lower incomes before the training 
than solar entrepreneurs. In line with the observed shift in income-generating activities, 
income gains appear larger among cookstove entrepreneurs. The estimated impact on solar 
entrepreneurs is not statistically significant at the 10 percent level, whereas the estimated 
effect in our preferred modeling approach implies a significant increase of almost 90 percent 
– the conservative confidence intervals derived with the bounding approach proposed in 
Krauth (2016) imply increases between 15 and 115 percent. Hence, the intervention appears 
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to reduce the initial income gap between solar and stove trainees and thus to be more 
effective in creating an income among disadvantaged groups.  

Beyond the primary outcome of personal income, we also assessed in how far the employ-
ment and income effects translated into effects at the household level. Here, we look at the 
recurrent expenditure on food and total recurrent expenditure, i.e. excluding special costs 
like school fees and business expenditure. We see that expenditure is positively affected for 
both types of entrepreneurs, now with estimates for the solar business that is much more 
precise than for income and also statistically significant. The expenditure information sug-
gests that solar entrepreneurs’ extra income is more directly channeled into extra recurrent 
expenditures, whereas the poorer cookstove entrepreneurs’ extra income seems to go more 
into non-recurrent expenditures. We cannot exclude that intra-household adjustments ad-
ditionally play a role where, for example, other household members contribute less to cov-
ering recurrent household expenditures so that these expenditures do not increase in line 
with the entrepreneurs’ income gains. In any case, the new cookstove business has a strong 
diversifying effect for the respective households, which contrasts the negligible change in 
the contribution to household income observed among solar entrepreneurs. 

 Impact estimates for income and expenditure outcomes 
        

  Solar   Cookstoves 

 
Comp. 
mean# 

Impact estimate (se)  
Comp. 
mean# 

Impact estimate (se) 

 OLS  
CBPS-

weighted 
OLS 

 OLS  
CBPS- 

weighted 
OLS 

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

Personal monthly net income, 
in KSh 

13,840 
530 

(870) 
1,690 (900) 

[-5,320 – 3,390] 
 6,750 

4,980 
(920)*** 

6,060 (950)*** 
[1,040 – 7,870] 

        

Household monthly total re-
current expenditure, in KSh 

7,520 
1,410 

(240)*** 
1,670 (290)*** 
[1,120 – 5,080] 

 4,940 
980  

(360)** 
1,260 (300)** 
[-1,230 –1,830] 

Household weekly food ex-
penditure, in KSh 

1,550 
90 

(100) 
120 (120) 

[-100 – 670] 
 920 

190 
(100) 

380 (70)*** 
[250 – 650] 

Contribution of main activity 
to household income, in % 

33.2 
1.4 

(3.8) 
2.2 (3.0) 
[-11 – 8] 

 53.0 
-9.9 

(5.2)* 
-17.1 (4.6)*** 

[-28 – -8] 
Entrepreneur agrees to: “I am 
afraid of losing my job/ busi-
ness in next 12 months.” 

26.8 
-0.6 
(4.9) 

-3.0 (3.6) 
[-31 – 4] 

 13.1 
-3.5 
(3.9) 

-0.5 (3.0) 
[-24 – 5] 

Entrepreneur agrees to: “My 
work allows me to have a sta-
ble economic situation.” 

51.9 
26.4 

(6.2)*** 
19.1 (6.6)** 

[-7 – 32] 
 40.1 

27.1 
(5.8)** 

 

25.6 (6.0)** 
[-10 – 37] 

Notes: Cluster-robust wild bootstrap standard errors in parentheses. Confidence intervals in squared brackets based 
on bounding approach proposed in Krauth (2016). KSh values are rounded to the nearest tens. *, ** and *** indi-
cate that the coefficient is statistically significant different from zero on a level of 10%, 5%, and 1%, respectively. 
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Further secondary outcomes are subjective indicators of perceived economic well-being and 
quality of the current employment situation. Two main outcomes are presented here, with 
additional ones being available in Table A7 in the Appendix. It appears that the improve-
ment in the perceived economic well-being mainly results from an increase in the perceived 
economic stability. We take this as support for the observed improved economic resilience 
at the individual level through a diversification of income-generating activities. At the same 
time, no impact on job security is found, which may be related to the strong seasonality in 
demand and sales.  

The adjusted confidence intervals presented in the table inform about the sensitivity to 
unmeasured confounding. Additional robustness tests where we apply alternative, but 
slightly less suitable balancing approaches yield quantitatively and qualitatively very similar 
results (Entropy Balancing) or at least similar point estimates with less precision (CBPS-
based PSM) (Table A6 in Appendix).80 Note also that our results may be affected by two 
additional factors: first, impact estimates for income may be biased downwards due to 
stronger underreporting among better-performing entrepreneurs for reasons of redistribu-
tive pressure (Grimm et al. 2017a). On the contrary, the subjective well-being indicators 
may, second, be affected by courtesy bias which makes an upward bias for those indicators 
more likely. We conducted a further robustness check where we exclude all new training 
participants from the comparison group who are already active in the respective business, 
and for whom the business is thus not new. This effectively only concerns 36 of the 300 
individuals in the comparison group. The change in our impact estimates is marginal and 
insignificant for all variables. 

4.4 Subgroup analyses 

A recurrent finding from impact evaluations of entrepreneurship programs is the substantial 
effect heterogeneity across different groups of participants. This concerns in particular het-
erogeneous impacts by gender, age, and education level (Cho and Honorati 2014). In this 
section, we perform subgroup analyses along these baseline characteristics and by whether 
the main income source was farming prior to training. In contrast to the gender- and age-
specific assessments, the other subgroup analyses were not specified prior to conducting the 
analysis. In any case, the results of these lower-powered analyses should be taken with 
caution and regarded as indicative evidence only. We assess heterogeneity in terms of the 
two key outcomes, product sales, and total net incomes by adding interaction terms to our 

                                        
80 For the sake of completeness, the table in Appendix also presents the results for kernel PSM, which was above 
shown to deliver insufficient balance in our case and generally is the most debatable approach (King and Nielsen 
2019). Estimates tend to be smaller and variance tends to be larger, but results are nevertheless broadly in line 
with those for the other balancing approaches.  
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main CBPS-weighted OLS estimations. A lower p-value indicates that the respective sub-
group is a stronger moderator for observed impacts or – put differently – that impacts more 
likely differ substantively between the subgroups, irrespective of differences in levels.  

Impacts also hinge on the income-generation situation before joining the program that set 
a bar for taking up further income-generating activities. The table therefore also indicates 
reweighted comparison group means. Here, subgroups are organized in a way that the group 
with higher baseline income represents the base case. This holds for all but the age groups 
among cookstove entrepreneurs, where the baseline situation differs between solar and 
cookstove entrepreneurs. Accordingly, for all but the latter subgroup analysis, positive co-
efficients for the interaction terms imply that the group with lower income at baseline 
catches up. Obviously, subgroup differences in baseline conditions are also interrelated. For 
example, male project participants tend to have a higher level of education and to be more 
involved with non-agricultural income generation, both of which goes along with higher pre-
intervention incomes in our sample. 

First, from Table 7 we see that baseline differences are considerable for most subgroup 
comparisons. The largest difference is between male and female solar entrepreneurs, with 
males having baseline incomes that are more than double those of females. Differences are 
more pronounced among solar entrepreneurs. Second, as argued before better sales perfor-
mance does not necessarily imply that incomes shift proportionally, for example because of 
a differential reduction or abandonment of previous activities. For example, less educated 
and off-grid solar entrepreneurs observe similar shifts in their income as more educated and 
grid-connected entrepreneurs, respectively, despite seemingly more varying sales. Third, 
catch-up in terms of income can be observed only slightly more – and more so among 
cookstove entrepreneurs – than its opposite, a further polarization by subgroups. The catch-
up is strong enough to outweigh pre-training differences in incomes for age group differences. 
The slight differences among cookstove entrepreneurs in terms of previous work and elec-
tricity access further leveled off. For the characteristics education, previous work, and en-
ergy access, point estimates of subgroup differences in income impacts anyways suggest only 
minor impact heterogeneity. 

Fourth, we observe lower baseline incomes among cookstove entrepreneurs vis-à-vis solar 
entrepreneurs across all entrepreneur characteristics. Selectivity again plays a crucial role: 
the cookstove business is more often taken up by individuals without prior income-generat-
ing activity, especially among the younger. Relatedly, more cookstove entrepreneurs lack 
access to electricity, a proxy for baseline endowments in our context. In contrast, individuals 
starting the solar business are – irrespective of their age – more likely to already have 
experience with non-agricultural work, notably trade. This conforms to the selection criteria 
applied by the program and eventually seems decisive for the higher income levels of the 
fact solar entrepreneurs before and after the treatment across all groups.  
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 Subgroup analyses  
       

  Solar  Cookstoves 

  
Solar product 
sales in last 

month 

Personal 
monthly net in-
come, in KSh 

 
Cookstove 
sales in last 

month 

Personal 
monthly net in-
come, in KSh 

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

Gender      

treated # female 
0.16 
[0.96] 

4,640 
[0.13] 

 

-1.15 
[0.28] 

-2,310 
[0.19] 

marginal compar-
ison mean 

male - 19,370  - 8,590 
female - 9,070  - 5,490 

Age       

treated # below 40 years old 
3.76 
[0.35] 

8,060 
[0.00***] 

 

-0.40 
[0.68] 

-4,530  
[0.10] 

marginal compar-
ison mean 

at least 40 - 17,150  - 5,840 
below 40 - 11,630  - 8,140 

Education       

treated # at most primary education 
-5.60 
[0.24] 

1,070 
[0.79] 

 

-0.39 
[0.80] 

-1,040 
[0.52] 

marginal compar-
ison mean 

least secondary  - 14,990  - 7,560 

primary or less - 8,430  - 5,800 

Previous work       

treated # farmer 
-4.02 
[0.28] 

-1,690 
[0.64] 

 

5.20 
[0.04**] 

730 
[0.76] 

marginal compar-
ison mean 

non-farmer - 16,270  - 8,490 
farmer - 13,510  - 7,570 

Electricity access      

treated # no electricity access 
-8.6 

[0.10] 
1,360 
[0.72] 

 

0.90 
[0.62] 

410 
[0.90] 

marginal compar-
ison mean 

access to grid - 16,590  - 6,900 
no access  - 12,240  - 6,900 

       

Notes: KSh values are rounded to the nearest tens. The interaction term coefficients refer to interactions between 
treatment and the respective subgroup dummy using the main CBPS-weighted OLS specification. p-values in 
squared brackets refer to tests on statistical significance of these interaction term coefficients. The marginal com-
parison means are calculated based on the same specification. *, ** and *** indicate that the coefficient is statis-
tically significant different from zero on a level of 10%, 5%, and 1%, respectively. 

 

A closer look into the individual characteristics provides additional insights. We notably 
see that gender does not seem to play a decisive role in successfully marketing the studied 
energy-access technologies. Yet, female cookstove entrepreneurs sell slightly less than their 
male counterparts. One reason for this may be that women tend to be less mobile, which is 
particularly a problem with stoves as they are built in the customers’ houses. According to 
the qualitative interviews, the notion of women having to be close to home for taking care 
of the family seems to persist. Relatedly, women are more likely to perform the business as 
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the sole income source or only as a side-activity, next to non-market work such as household 
chores. This contributes to the fact that women in both businesses earn less than their male 
counterparts, on average 30 and 34 percent for solar and cookstove entrepreneurs, respec-
tively (not shown in the table). Farmers sell more successfully in the artisanal cookstove 
business. Solar sales are more pronounced among older, well-educated, non-farming indi-
viduals connected to the grid, even though differences are at most borderline significant (p-
values between 0.10 and 0.35).  

Overall, the subgroup analyses reveal a number of patterns of individual characteristics that 
correlate with main entrepreneurial outcomes. The strength of these correlations is, how-
ever, not high. Complementary qualitative research suggests that more subtle factors are 
at least as crucial for succeeding in businesses. These include being aggressive in pursuing 
the business and having the open-mindedness (and the means) to find ways to cope with 
the main challenges that both sectors are faced with, namely lack of capital, customer 
affordability, and access to potential customers. Decisions on strategic partnerships are a 
notable example where such social skills, determination, and entrepreneurial thinking are 
decisive. Collaborating with other entrepreneurs can be highly beneficial for the sourcing of 
materials, information exchange, and marketing. Local Savings and Credit Cooperative Or-
ganization can be useful partners to give loans to their members with which they can 
purchase the entrepreneurs’ products. Both, however, also pose risks to effective business 
operation, e.g. because of group-internal internal distribution mechanism. The entrepre-
neurs’ capacity to take such decisions not necessarily relates to the characteristics assessed 
in this section and rather reflects the additionally relevant concept of the entrepreneurial 
spirit mentioned earlier in this article. 

5 Discussion and conclusions 

Our empirical analysis suggests that the intervention had a distinctive impact on the income 
generation of supported entrepreneurs in the medium term: many shift their main income-
generating activity towards the business and derive a significant share of their individual 
and household-level income from it. Other income-generating activities are not necessarily 
forgone. This diversification and intensification of income-generating activities translate into 
net total income increases only for cookstove entrepreneurs in our sample. Our main impact 
estimate suggests that they almost double their monthly individual incomes. Their reported 
monthly total recurrent household expenditure increases as well, in our preferred modeling 
approach by about 25 percent above the comparison mean. This impact goes in hand with 
improvements of subjective economic well-being and perceived quality of work. Among solar 
entrepreneurs, the new business mostly seems to stabilize existing incomes without signifi-
cant impacts on income or expenditure levels. This impact heterogeneity across the two 
business trainings can be partly related to pre-intervention income differences across par-
ticipants between components. Even though a detailed analysis of drop-out behavior is 
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beyond the scope of this article, it seems likely that the limited prospects of income gains 
for solar entrepreneurs are a main reason for higher drop-out rates in this line of business.  

The subgroup analyses suggest that the two business trainings attract distinct subgroups 
of the rural population with varying degrees of success in taking up the business and achiev-
ing net income gains. We suspect that this is related to the specific program design: inter-
ested people primarily self-select into the trainings and have to demonstrate their motiva-
tion by proving that they can raise sufficient initial capital or customers to start a viable 
business after the training. Such selection mechanisms may be more adequate than appli-
cation processes and preset targeting of eligibility criteria.  

Our analytical approach does not allow us to disentangle the relevance of individual con-
straints addressed by the intervention design, namely weak entrepreneurial cultures, persis-
tent shortcomings in business skills capacity, and widespread demand-side barriers. How-
ever, these are barriers that use to occur simultaneously in the energy-access markets 
(Haselip et al. 2015). With the maturation of the small-solar sector, financial mechanisms 
are becoming more important to meet increasing working capital requirements. The im-
proved cookstoves sector faces a number of more severe barriers (Stevens et al. 2020) so 
that a wider array of intervention components is likely required to achieve wider uptake, 
including smart user subsidies and targeted R&D support (Mobarak et al. 2012; Bensch 
and Peters 2020; Shan et al 2017).  

Our impact estimates inform about key outcomes for entrepreneurs who established their 
businesses and continue with the program’s support mechanisms. From a project perspec-
tive, cost-effectiveness additionally depends on drop-out rates, which drive mobilization and 
training costs. These costs only account for a minor portion of the total program cost so 
that, at least in the case of the assessed Kenyan program, these drop-outs play a minor 
role.81 A full social cost-benefit analysis of the program would also need to take into account 
potential effects along the value chain and on entrepreneurs in competing value chains (e.g. 
kerosene vendors or producers of traditional stoves). At least for the cookstove intervention, 
such an analysis would likely yield a positive verdict since the substitution effects can be 
considered as intended consequences of a transition towards sustainable energy consumption 
in rural areas.  

The present study can thus be said to provide proof of concept of this entrepreneurship 
intervention as evidenced in a large-scale real-world project in a front-runner country in 
sub-Saharan Africa. While this setup lends itself to provide generalizable results, there are 
important contextual factors that need to be considered when transferring findings across 

                                        
81 Total program costs can be estimated to have amounted to around €7 mio. in mid-2015 (GIZ 2013). With 
around 3500 active entrepreneurs, total costs per entrepreneur would average around €2000, so that training 
costs of around € 100 (see Section II) merely represent five percent of that budget. Note also that the program’s 
main cost-effectiveness indicator is cost per person reached with improved energy access at €1.5 in mid-2015. 
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time and to other locations.82 The non-financial constraints experienced by energy entre-
preneurs tend to be even more pronounced in less developed markets on the continent. As 
a consequence, there are many examples of both non-profit and for-profit endeavors that 
failed in disseminating cookstoves or solar products among energy-poor customers (Bensch 
et al. 2018; Sesan et al. 2013; Khandelwal et al. 2017). The strongly dynamic energy-access 
market environment in Kenya may furthermore limit the sustainability of impacts. First, 
advanced energy technologies are becoming increasingly available in rural areas. Different 
from most other developing countries on the African continent, grid extension has soared 
in Kenya in the past years and the government recently announced to achieve universal 
access to electricity by 2022, which at least creates expectations among the population and 
thus a disincentive to invest in off-grid electricity. Second, pay-as-you-go systems are be-
coming a commercial opportunity as they offer providers a tool to technologically enforce 
payments for the use of the systems. This implies a reduced need for decentralized own-
account entrepreneurial models as followed by the studied intervention and likely goes along 
with a consolidation within this rather fragmented value chain (Cogan and Collings 2016). 
Finally, signs of market saturation are observed in some intervention areas due to the lo-
calized nature of many of the entrepreneurs’ businesses.  

To conclude, our findings suggest that interventions to support prospective entrepreneurs 
in setting up small-scale businesses on energy-access technologies may be effective in ensur-
ing a sustainable supply of these products. At least the cookstove technology appears to 
provide a pro-poor business opportunity in rural Kenya, even though additional support 
seems required to also introduce higher-tier solutions. Solar entrepreneurs mostly seem to 
have benefited from more stable income streams in the observation period, but their small-
scale last-mile solar distribution concept faces stronger headwinds in the highly dynamic 
market environment.  

These findings are likely relevant also for similar market-based approaches in health- or 
environment-related technologies that require basic technical skills such as water filters. 
Future research should therefore seek to assess the transferability of findings to these tech-
nologies. For the energy access market under scrutiny in this article, research on the dy-
namics sketched above and their effects on the market would be valuable. Likewise, more 
can be learned about the potentials and effects of similar market-based approaches if inter-
actions along the value chain would be mapped more extensively.  

                                        
82 The external validity literature highlights further threats to generalizability (see Banerjee et al. 2017 and 
Peters et al. 2016). However, many of these issues are related to the particularities of randomized controlled 
trials (RCTs), which are circumvented through our observational study approach on a large-scale program, 
including equilibrium or Hawthorne effects. 
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Appendices 

Table A1. Main sampling parameters  
 Treatment sample  

(active entrepreneurs) 
Comparison sample 

 (new training participants) 
main program parti-
cipation condition 

active since 2014 or earlier attending training during the 
time of data collection 

survey region existing GIZ intervention counties com-
parable to new training sites in terms of 

socio-economic and cultural factors 

GIZ or SNV pull-in counties 

survey site and ti-
ming 

at monitoring meeting held during the 
data collection period 

at start of training conducted 
during data collection period 

sampling frame lists of active entrepreneurs in zones 
where monitoring meetings are held 

participant lists of upcoming 
GIZ or SNV trainings 

timing of sampling ad hoc random sampling at monitoring 
meetings* 

ad hoc random sampling based 
on training participant lists 

envisaged number of 
interviews per site 

up to 20 20 (solar)  
25 (stoves) 

Notes: Pull-in counties refer to counties, where the GIZ activities are about to start or have started only re-
cently. * It was originally planned to conduct random sampling before monitoring meetings based on lists of 
active entrepreneurs. However, either the number of participants turned out to be too few for sampling, or the 
lists were not comprehensive so that it was opted for ad hoc sampling during the meetings.  

 
Table A2. Measures to increase the reliability of self-reported income figures 

Measure Description 
Showcards • The use of specific showcards for income questions, which only ask for in-

tervals and allow respondents to give their reply in a coded way. Referring 
to the letter displayed on the showcard allowed the interviewee not to di-
rectly disclose his or her income to the interviewer. Each of the two show-
cards had a total of 15 intervals and we used weighted averages of their 
bounds to define the respective income level for the analysis (the same 
applies to expenditure questions). 

Sensitization 
through key 
stakeholders 

• Strong sensitization of coordinators and mobilizers of the different groups 
and meetings as well as officials, since they were the key people to gain 
the trust of the individual entrepreneurs. 

Training of 
enumerators 

• Specific explanations were given during the interviews to reassure inter-
viewees that the information would be treated fully confidentially in order 
to make them feel at ease. 

Corroboration 
of information 

• Corroboration of income information through sales information provided 
by the interviewees. 

 • Use of the EnDev monitoring data to further corroborate the answers 
given by entrepreneurs already cooperating with the program. 

Proxy variables • Use of a wide range of proxies for income such as expenditures and as-
sets/ wealth, both for business and private. 
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Table A3. Descriptive statistics of treatment and comparison groups, by business 
 Solar  Cookstoves 

 
Treat-
ment 

Compar-i-
son 

 Treat-
ment 

Compar-i-
son 

 (1) (2)  (4) (5) 

Panel A: Covariates      

Female, in % 53.9 46.2  54.7 68.5 

Age below 40, in % 60.9 62.1  43.1 52.4 
Primary school education or less, in % 14.8 18.2  38.0 50.6 

Ever married, in % 89.0 75.0  94.9 83.3 
Main source of income at time of training, (%)      

farming 32.0 27.3  53.3 51.8 
none 9.4 7.6  11.7 16.7 
other 56.3 65.2  34.3 31.5 

Main motivations to have started business/ participated in training, in % 
opportunity came up 42.9 28.8  32.4 29.8 
personal interest 50.0 54.5  47.8 553.6 

Training mobilization, in %      

by external project representative 32.8 21.2  36.0 19.8 
by family, friend, or group member  60.9 70.5  47.8 59.9 
by village or association representative 3.1 6.1  14.0 23.4 

Household size, mean 5.3 (2.5) 5.1 (2.6)  5.3 (2.2) 5.8 (2.7) 
Flooring material is cement, in % 55.9 61.4  35.0 24.4 

Grid electricity, in % 39.4 34.1  21.9 11.9 
County-level share of cooking with wood, in %  85.9 69.1  85.6 88.9 

County-level access to electricity, in % 11.1 26.0  16.4 11.0 
County-level rural employment rate, mean 51 (8.3) 51.7 (8.2)  55.1 (5.8) 55.5 (5.7) 

Panel B: Further county-level data      

Human Development Index (HDI), mean 0.51 (0.06) 0.53 (0.09)  0.52 (0.04) 0.50 (0.06) 
County Development Index (CDI), mean 0.56 (0.05) 0.58 (0.12)  0.58 (0.04) 0.55 (0.04) 

Panel C: Main outcome variables      

Personal monthly net income, in KSh 15,600 
(11,130) 

13,730 
(11,740) 

 13,200 
(9,760) 

6,200 
(7,120) 

Hh total monthly recurrent expenditure, in KSh 8,760 
(5,610) 

7,970 
(5,620) 

 6,490 
(3,950) 

4,860 
(3,800) 

Hh monthly food expenditure, in KSh 1,650 
(1,030) 

1,620  
(1,020) 

 1,290  
(630) 

1,080  
(610) 

Contribution of main activity to hh income, in % 35.5 36.7  35.9 46.7 
“Work allows to have stable economic situation.” 71.2 56.8  66.2 39.6 

Number of observations 128 132  137 168 
Notes: Standard deviations in parentheses. KSh values are rounded to the nearest tens. ‡ Multiple answers were 
allowed including being convinced of the benefits for the community or environment, among others. *, ** and 
*** indicate statistical significance from two-sample mean comparison tests before balancing is applied on a 
level of 10%, 5% and 1%, respectively. 
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Table A4. Normalized differences for covariates after balancing 
        

 Solar  Cookstoves 

 
CBPS 

Entropy 
Balancing 

kernel 
PSM 

 
CBPS 

Entropy 
Balancing 

kernel 
PSM 

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

Female, in % 0.000 -0.023 0.009  0.004 -0.002 -0.023 
Age below 40, in % 0.000 0.003 -0.082  0.004 0.028 -0.038 

Primary school education or less, in 
% 

0.000 0.006 -0.097  0.008 0.027 -0.057 

Ever married, in % 0.000 -0.102 -0.079  -0.003 -0.053 0.004 

Main source of income at time of training, in % 
farming 0.000 -0.028 -0.016  0.001 -0.017 0.052 

none 0.000 0.014 0.033  0.003 0.020 -0.107 
Main motivations to have started 
business/ participated in training: 
opportunity came up, in % 

0.000 -0.061 0.011  -0.012 0.003 0.110 

Training mobilization by external 
project representative, in % 

0.000 -0.062 -0.026  -0.011 -0.041 -0.038 

Household size, mean 0.000 -0.027 -0.025  0.007 0.012 -0.035 
Flooring material is cement, in % 0.000 0.031 0.074  -0.019 -0.010 -0.048 

Grid electricity, in % 0.000 -0.025 -0.005  -0.026 -0.025 -0.072 
County-level Wealth Index, mean 0.000 0.100 -0.140  -0.045 -0.023 -0.213 

County-level share cooking with 
wood, in %  

- - -  0.033 0.076 0.146 

County-level electricity access (%) 0.000 0.150 -0.205  - - - 

County-level rural employment 
rate, mean 

0.000 0.023 0.022  0.008 0.030 -0.099 
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Table A5. Impact estimates for income-generating activities and working hours 

Solar Cookstoves 

Comparison 
mean 

CBPS re-
weighted 

Impact estimate 
(se) 

 Comparison 
mean 

CBPS re-
weighted 

Impact estimate 
(se) 

OLS 
CBPS-

weighted 
OLS 

 OLS 
CBPS- 

weighted 
OLS 

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

Individual has source of in-
come, in % 

90.2 5.7 
(1.6)*** 

9.8 
(2.8)*** 

88.0 1142 
(1.8)*** 

11.9 
(1.7)*** 

Business is among income 
sources, in % 

10.8 85.3 
(5.3)*** 

88.4 
(5.2)*** 

8.5 83.5 
(5.3)*** 

89.3 
(5.1)*** 

Business is main income 
source, in % 

3.4 67.3 
(11.7)*** 

68.1 
 (10.4)*** 

3.3 64.4 
(8.3)*** 

66.0 
(8.9)*** 

Number of income sources, 
mean 

1.80 0.71 
 (0.07)*** 

0.72 
 (0.10)*** 

1.34 0.92 
(0.08)*** 

0.96 
(0.06)*** 

Only one income source, in % 28.4 -23.2
(7.8)*** 

-20.3
(5.5)*** 

51.9 -45.8
(3.2)*** 

-46.1
(2.8)***

Farming activity, in % 

among income sources 55.1 0.7 
(5.1) 

-2.2
(5.5)

71.6 
9.8 

(5.5) 
9.3 

(6.1) 

main income source 31.7 -26.3
(5.0)*** 

-25.2
(5.1)***

54.1 -35.6
(6.1)*** 

-30.6
(8.7)**

Working hours per week, mean‡ 

in total† 44.72 7.72 
(6.12) 

9.25 
(5.63) 

39.53 11.57 
 (6.32) 

6.82 
(7.43) 

in respective business 0.76 34.92 
(3.81)*** 

35.62 
(4.30)*** 

0.60 15.47 
(2.30)*** 

17.71 
(2.10)*** 

Notes: Cluster-robust wild bootstrap standard errors clustered on the county level in parentheses. ‡ conditional on 
earning an income. † information not available for all entrepreneurs. *, ** and *** indicate that the coefficient is 
statistically significant different from zero on a level of 10%, 5%, and 1%, respectively. 
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Table A6. Impact estimates for income and expenditure outcomes using alternative bal-
ancing approaches 

        

  Solar   Cookstoves 

 
PSM using 
the CBPS 

Entropy 
Balanc-

ing-
weighted 

OLS 

Kernel 
PSM 

 
PSM us-
ing the 
CBPS 

Entropy 
Balanc-

ing-
weighted 

OLS 

Kernel 
PSM 

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

Personal monthly net in-
come, in KSh 

1,580  
(1,920) 

1,500  
(900) 

20 
(1,940) 

 5,750  
(1,140)*** 

6,100 
(850)*** 

4,210 
(1,160)*** 

        

Household monthly total 
recurrent expenditure, in 
KSh 

1,310 
(880) 

1,620 
(260)*** 

1,210 
(860) 

 1,360 
(560)** 

1,240 
(310)** 

800 
(560) 

Household weekly food ex-
penditure, in KSh 

10  
(170) 

130  
(110) 

90 
(170) 

 190  
(90)** 

350  
(80)** 

210 
(90)** 

Contribution of main ac-
tivity to household income, 
in % 

1.4 
(4.2) 

1.8 
(3.2) 

-0.2 
(4.2) 

 
-7.7 

(3.9)** 
-15.4 

(4.8)** 
-12.9 

(4.3)*** 

Entrepreneur agrees to 
statement: “I am afraid of 
losing my job/business in 
the next 12 months.” 

-1.4  
(6.4) 

-2.9  
(4.2) 

-1.2  
(6.8) 

 
-3.4  
(4.8) 

-1.5  
(2.8) 

-3.7  
(5.0) 

Entrepreneur agrees to 
statement: “My work al-
lows me to have a stable 
economic situation.” 

19.4 
(7.6)** 

19.9 
(6.3)*** 

21.1 
(7.6)*** 

 
29.3 

(6.6)*** 
24.7  

(6.1)** 
23.6  

(6.8)*** 

Notes: Cluster-robust wild bootstrap standard errors in parentheses. KSh values are rounded to the nearest tens. *, 
** and *** indicate that the coefficient is statistically significant different from zero on a level of 10%, 5%, and 
1%, respectively. 
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Table A7. Impact estimates for indicators on the perception of economic well-being and 
quality of work 

        

 Solar  Cookstoves 

 Comparison 
mean 

CBPS re-
weighted 

Impact estimate 
(se) 

 Comparison 
mean 

CBPS re-
weighted 

Impact estimate 

 OLS 
CBPS-

weighted 
OLS  

 OLS 
CBPS-

weighted 
OLS  

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

Economic Well-Being, in %        

Perceived economic situation 
two years ago 

       

rather good, good or very 
good 

49.4 
0.4 

(4.7) 
-1.0 
(4.7) 

 44.3 
6.1 

(6.5) 
10.2 
(6.8) 

bad or very bad 21.0 
10.9 

(4.5)** 
12.0 

(4.5)** 
 41.6 

-13.1 
(6.2) 

-19.9 
(7.1)** 

Perceived current economic 
situation 

       

rather good, good or very 
good 

73.0 
14.4 
(6.7) 

20.7 
(6.3)** 

 80.6 
15.5 

(6.7)** 
9.0 

(4.3) 

bad or very bad 6.6 
-5.3 
(3.3) 

-5.8 
(2.8) 

 6.6 
-6.9 
(3.8) 

-3.6 
(2.0) 

Perceived current economic 
situation better than two 
years ago 

58.7 
10.2 

(4.8)* 
15.8 

(4.9)* 
 63.0 

11.4 
(7.9) 

3.9 
(7.5) 

only entrepreneurs not in 
business two years ago 

58.7 
14.0 
(7.3) 

18.0 
(6.8) 

 63.0 
13.0 
(9.3) 

13.8 
(7.2) 

Household regularly has diffi-
culties making ends meet 

50.8 
-16.8 

(5.6)*** 
-15.0 

(4.8)** 
 65.9 

-18.7 
(3.8)*** 

-17.1 
(3.8)*** 

        

Quality of Work, in %        

I am satisfied with working 
conditions overall. 

57.5 
22.3 

(4.9)*** 
17.4 

(3.9)*** 
 60.0 

23.3 
(7.0)*** 

15.5 
(5.1)** 

The safety and health condi-
tions are bad. 

23.2 
-5.3 
(5.1) 

-11.9 
(4.3) 

 13.5 
1.0 

(2.7) 
1.8 

(3.5) 
I am well paid for the work I 
do. 

52.7 
18.9 

(7.2)** 
13.1 

(6.2)* 
 42.6 

25.1 
(10.6)** 

18.1 
(7.2)* 

        

Notes: For the perception of the current and previous economic situation, respondents could choose from six catego-
ries ranging from very good to very bad. All other values refer to the share of respondents who “agree” or “strongly 
agree” to the specific statement on a six-point Likert scale. Quality of work indicators conditional on working. Clus-
ter-robust wild bootstrap standard errors in parentheses. *, ** and *** indicate that the coefficient is statistically 
significant different from zero on a level of 10%, 5%, and 1%, respectively.  
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Figure A1. Location of survey sites  

 



205 

  



206 

CHAPTER IV.  The impact of voluntary financial literacy 
training on financial behavior. Large-sample evidence from 

Kenyan bank account data 

 

 

 

Abstract 

Improving financial behavior is believed to be a key factor for increasing financial inclusion 
and the well-being of poor households in developing countries. Recent research, however, 
suggests that the impact of financial education programs is often limited, and success de-
pends strongly on program design. Further, it is not clear under which circumstances finan-
cial knowledge actually translates into improved financial behavior. This paper combines 
survey data from more than 640,000 participants of a financial literacy training in Kenya 
with individual-level bank account data to estimate the program’s impact on actual finan-
cial behavior. The identification strategy exploits the sequential rollout of the program 
within and across branches of the bank to address potential self-selection bias. The results 
show that the training has a positive but short-lived impact on account ownership (the 
extensive margin) since few trainees who became customers of the bank actively used their 
accounts. Among those who keep an active account, the training increased account usage 
in terms of transactions and deposits but had little impact on saving balances (the intensive 
margin). These findings suggest that the program’s impact may be largely confined to a 
marketing effect rather than improved financial literacy itself. Subgroup analysis shows that 
treatment effects depend on pre-treatment characteristics of training participants, providing 
new evidence regarding the adequate targeting of financial education programs in develop-
ing countries. 

Keywords: Financial education, financial literacy, savings behavior, event study, impact 
evaluation, Kenya, Sub-Saharan Africa 

JEL Classifications Numbers: D14, E21, O16, H43, C21 
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1 Introduction 

Evidence suggests that poor individuals benefit from keeping formal ways of savings be-
cause, amongst other reasons, they are less risky vis-à-vis more informal ways such as keep-
ing cash at home and they can serve as a commitment device (Bachas et al., 2017; Dupas 
et al., 2018). In developing countries, however, financial inclusion is often limited: only 54% 
of adults in developing countries report having a bank account, compared to 94% in OECD 
countries (Demirguc-Kunt et al., 2015). Against this background, financial inclusion initia-
tives have displaced and superseded microfinance interventions in recent years as a primary 
activity in international development according to (Duvendack & Mader, 2019). 

A wide variety of factors constrain bank account usage in developing countries, which can 
generally be classified into two categories: “lack of financial access” and “lack of financial 
literacy”.83 Lack of access to bank accounts and loans is generally constrained by the absence 
of formal financial intermediaries (e.g. banks) in more remote regions in developing coun-
tries. Thanks to innovations in technology, such as mobile banking, formal banking has 
massively expanded its outreach in recent years (Andersson-Manjang & Naghavi, 2021). 
However, several empirical studies have found that improving access to bank accounts in 
itself has little impacts on the representative unbanked household. For example, in a large 
three-country impact study, Dupas et al. (2018) show that removing financial and admin-
istrative costs of basic accounts has very little impact on account ownership and usage. 
They also find no evidence for improvements in overall savings or other downstream out-
comes (e.g. expenditures) among those who open a bank account.  

This suggests that knowledge about the benefits and possibilities of keeping formal savings 
may be an important factor for individual financial inclusion. Financial education programs 
are one of the key approaches to increase financial literacy. Donors and governments have 
started a multitude of programs in recent years, often targeted at vulnerable and poor 
households (Kaiser et al., 2020). But the evidence that financial education improves ulti-
mate financial outcomes is mixed at best: A recent meta-analysis by Kaiser & Menkhoff 
(2017) finds that the impact of financial literacy training on financial knowledge and finan-
cial behavior is generally small and strongly dependent on the context and targeting.84 To 
provide concrete advice for program design, there is hence a need to establish causal evi-
dence about when and for whom financial education does actually improve financial behav-
ior.  

                                        
83 The OECD definition of financial literacy includes both financial knowledge (i.e. understanding of financial 
concepts and risks) but also financial behavior, i.e. having the motivation and confidence to apply such 
knowledge to make effective decisions (Lusardi, 2019). Berry et al. (2018) refers to financial knowledge as “ability 
to understand financial concepts, plan one’s finances, and understand financial services and products”  
84 A detailed review of literature on financial education programs is beyond the scope of this paper. I refer the 
reader to several recent review papers to for an overview of empirical findings so far (Entorf & Hou, 2018; e.g. 
Fernandes et al., 2014; Kaiser et al., 2020; Kaiser & Menkhoff, 2017; Miller et al., 2015). 
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This paper addresses this question by analyzing the impact of a large-scale financial literacy 
training program in Kenya on actual financial behavior. The program collaborated with one 
of the largest banks in Kenya to offer a three-month weekly financial literacy training 
through their network of branches across the country. In addition to training new and 
existing customers of the bank, the program also collaborated with community-based or-
ganizations (CBOs) and non-governmental organizations (NGOs) to offer trainings to un-
banked individuals in villages around each branch.  

I measure changes in financial behavior by accessing individual-level customer account data 
from training participants before and after the intervention of the collaborating bank. The 
data is linked to a pre-training registration survey, which allows analyzing effect heteroge-
neity with respect to a variety of socio-economic characteristics and existing financial 
knowledge at baseline. The specific program implementation and available data offer a 
unique setting for estimating the impact of financial education programs and overcome 
three gaps in the existing literature: 

First, most existing impact evaluations of financial literacy trainings in developing countries 
are based on participant survey data, which comes with important limitations. For instance, 
studies show that self-reported savings data is often erroneous since people are reluctant to 
reveal savings and/or suffer from recall bias (Dupas et al., 2018). As a result, surveys and 
studies often focus on financial knowledge. However, literature reviews highlight that more 
research is needed on whether financial education actually translates into improved financial 
behavior, e.g. savings account usage (Entorf & Hou, 2018; Kaiser & Menkhoff, 2017).  

Using bank account transaction data of participants, I am able to measure impacts on 
actual financial behavior following the training. Studies show that indices of financial well-
being constructed from individual bank-account data are highly correlated with self-re-
ported financial well-being (Comerton-Forde et al., 2018). I focus on the ‘safekeeping’ func-
tion of bank accounts by analyzing the impact of keeping an active formal saving account. 
Specifically, the available data allows estimating the impact of training on (i) the extensive 
margin – the probability of trainees holding a savings account at Equity Bank following the 
training; and (ii) the intensive margin – the impact on savings behavior of existing custom-
ers in terms of debit and credit levels as well as balances and the number of transactions 
per month. Beyond safekeeping, owning a bank account comes with important advantages 
for overall financial inclusion, e.g. by receiving government transfers and lowering transac-
tion costs for households (Dupas et al., 2018).  

Second, almost all existing impact evaluations of financial education programs in developing 
countries are based on small sample sizes given the size of the program and survey costs. 
Consequently, they oftentimes lack the power to test heterogeneous impacts across sub-
groups of the treatment population (Kaiser & Menkhoff, 2017). In contrast, the program 
under study and the data available are large in size, with survey and bank account data of 
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more than 640,000 participants who hold more than 745,000 different savings and loan 
accounts. 

Third, the program implementation allows identifying causal treatment effects in a quasi-
experimental setting by exploiting the sequential rollout of training across and within 
branches of the bank over time. To my knowledge, this unique setting allows to evaluate 
the impact of such a large-scale program for the first time. The available data enables a 
detailed assessment of the two main identifying assumptions in such settings. First, whether 
rollout of the program was unrelated to characteristics of earlier and later trained individ-
uals – i.e. whether specific branches were targeted for early implementation, or whether 
specific individuals were targeted first within branches. Second, panel data enables detailed 
tests of the parallel-paths assumption – i.e. existing trends in outcomes prior to the training. 
This empirical strategy is similar to studies that exploit geographic variation in the timing 
of policy changes to estimate their impact (Brown et al., 2016; de Janvry et al., 2015; 
Martinez-Bravo, 2017). 

The results provide a nuanced picture of the impact of the financial literacy training on 
bank account ownership (extensive margin) and saving activity (intensive margin). Prior to 
training, only 18% of trainees possessed a savings account with the bank. Monthly deposits 
on these accounts were comparatively large (5,200 KES or around 57 USD) but monthly 
savings were rather small (1 USD).85 While training leads to a significant increase in account 
ownership (6.5 p.p.), few of these accounts were actively used in the medium term. Five 
quarters after the training, the share of trainees with an active savings account stood only 
0.4 p.p. above the estimated counterfactual. At the same time, among the subgroup that 
keeps an active account up to one year after the training, I find substantial impacts on the 
intensive margin. Monthly deposits increased by 10 USD (17% over the pre-treatment 
mean) and the number of transactions by 2.2 (11%). This translates into roughly 1 USD of 
additional monthly savings, which is still rather small relative to monthly transaction levels. 
While the training appears to have limited impacts on the average trainee, I document 
significant heterogeneity across subgroups. Both in terms of active account use and savings, 
impacts are substantially larger among lower-educated and farmers. My findings suggest 
that the program’s cost-efficiency could be enhanced by an improved targeting of population 
groups that are less financially educated and underbanked.  

The paper proceeds as follows. The next section provides details on the design and imple-
mentation of the training program. Section 3 presents the data and outcome measures used 
in the empirical analysis. Section 4 provides an overview of socio-economic characteristics 
and account ownership of trainees. Section 5 describes the research design and the estima-
tion strategy. The final two sections discuss the results and concludes.  

                                        
85 For the remaining paper, we apply a conversion rate of 0.011 KES = 1 USD, which reflects the stable average 
over the program implementation period from 2011 to 2013.  
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2 Program and context 

2.1 The Financial Knowledge for Africa program  

The Financial Knowledge for Africa (FiKA) program was started in October 2010 by the 
Equity Group Foundation (EGF), which is a non-profit organization set up by Equity Group 
Holding. In Kenya, Equity Bank is one of the largest banks with roughly 7 million custom-
ers, 135 branches, and 22,000 operational agents. Equity Bank’s business model is to focus 
on micro-finance to reach the underserviced population and less-privileged households.86 
The goal of the FiKA program was to deliver free financial education to one million un-
derbanked individuals across Kenya by the end of 2014. The first cohort of the program 
enrolled in training in the second quarter of 2010 and the first 1000 graduates were officially 
certified during a ceremony on April 28th, 2011. In the second quarter of 2011, The Master-
Card Foundation joined the program, after which its outreach was significantly scaled up. 
The program was extended after the initial program period, which is the focus of this paper. 
According to EGF, by end of 2019, the program had trained over 2 million women and 
youths (Mwangi, 2020). 

The program was targeted at women, youth, and other vulnerable people – specifically at 
females older than 18 years and males under 35. In addition, there was a focus to increase 
financial knowledge among self-employed individuals who possess a small-scale business. 
The stated goal was to “increase their financial literacy, money management skills, and 
business development acumen”. The program was implemented nationwide through trainers 
who were stationed in one of the 123 Equity Bank branches existing at that time. A cascade 
model was developed wherein master trainers train student trainers, who implemented the 
program across all 47 counties in the country. Over the entire period, a total of 239 trainers 
were employed in the program. These trainers generally had a Master’s degree in a business-
related field.  

For the training, participants are organized into groups and embark on three months (13 
weeks) of weekly classroom-based training. Each weekly session took around one hour (this 
time was adjusted in conflict areas or during the election period). Trainees were able to 
choose the day and time during the week when the training was conducted, as well as a 
training venue (often local community centers). This flexible and local training implemen-
tation should ensure high participation rates even among those who are time-constraint or 
unable to afford transportation costs. The trainings covered four modules à three hours on 
budgeting, savings, bank services, and debt management. The curriculum included items 
about setting specific future family and business goals, preparing a savings plan as well as 
the costs of accessing various credit facilities. Finally, a module on banking services com-
pared bank products taught using financial products such as debit cards. Figure A1 in the 

                                        
86 Allen et al. (2021) provide an overview of Equity Bank’s distinct branching model. 
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Appendix provides a listing of the topics covered in each module. Courses were taught in 
local languages. In a final ceremony, successful graduates received certificates upon comple-
tion.  

An important aspect to consider for further analysis is the mobilization of program partic-
ipants. According to program implementers, training participants were mobilized through 
three alternative channels:  

• First, individual participants were made aware of the FiKA training through the train-
ers stationed in Equity Bank branches and through some of the Bank’s nationwide 
network of financial agents. Training participation was voluntary and no payments (e.g. 
travel allowances) were disbursed to trainees. In addition to this, EGF conducted further 
marketing activities to increase awareness about the FiKA program in target areas, e.g. 
through program graduation ceremonies, exhibitions, and community boards. These 
individual trainees would form new training groups. The process by which trainers were 
selected among bank customers is described in more detail in Section 7.1. 

• Second, the program would mobilize groups of local non-government organizations 
(NGOs), community-based organizations (CBOs, e.g. churches), or business organiza-
tions (e.g. cooperatives). In most cases, newly stationed trainers would contact existing 
organizations in the vicinity of the bank branch throughout their assignment. This 
group of training participants would follow a rather ad-hoc selection of participants 
wherever new collaboration possibilities emerged.  

• Finally, the FiKA program was intended to provide financial literacy trainings to ben-
eficiaries of Equity Bank’s Group-Lending87 Programs (GLP) as well as selected pro-
grams with anti-poverty programs with which the foundation collaborated. The latter 
includes a range of social welfare/safety-net programs by the Kenyan government 
and/or international organizations. Such programs include the Youth Fund, Women 
Enterprise Fund, and the MSE Fund, as well as the Hunger Safety Net Programme 
(HSNP).88 In many cases, the loans or transfers of these programs were disbursed 
through Equity Bank’s network of branches. For example, in March 2011, Equity Bank 
was selected as one of three Kenyan commercial banks to disburse government-subsi-
dized loans at lower rates to micro and small enterprises (MSEs).89 Similarly, Equity 
Bank started a partnership with the United Nations Development Programme to launch 
the Fanikisha project to financial services to women entrepreneurs. The FiKA program 
then provided financial education to a subset of these loan beneficiaries (see Beck & 
Maimbo (2013) for details).  

                                        
87 In group-lending schemes, borrowers typically form groups in which, often but not always, all members are 
considered jointly liable for each other's loan repayment (Reito, 2019). 
88 http://equitygroupfoundation.com/small-scale-traders-trooping-back-to-class-for-equity-banks-financial-liter-
acy-lessons/ 
89 http://allafrica.com/stories/201107271329.html, last accessed 12 May 2021 
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2.2 Program rollout 

The program was rolled out sequentially in Equity Bank branches across all 47 counties of 
Kenya. According to program implementers, a key reason for the sequential rollout was the 
difficulty of finding suitable trainers and stationing them in Equity Bank branches. Figure 
1 provides an overview of program rollout across the training cohorts which are included in 
the impact analysis. Figure A1 in the Appendix shows the corresponding data. Several 
aspects of the rollout across and within branches are worth highlighting.  

Figure 1. Program rollout across and within branches 

Notes: In the upper panel, the left axis presents the number of bank branches and the right axis the number of 
trainees. The horizontal axis presents the respective calendar quarter from 2010:Q1 to 2013:Q3. In the lower 
panel, the vertical axis presents the share of trainees within the respective branch and the horizontal axis the 
quarter relative to the initial introduction of the FiKA program at this branch. 

First, the program was rolled out across Equity bank branches quite rapidly in the first 
quarters of its implementation. Already in the first quarter, the training was implemented 
in 48 of 116 branches existing at that time and in an additional 40 branches in the second 
quarter of the program. But trainers were also withdrawn from certain branches after the 
initial program start. For example, between 2011:Q190 and 2011:Q2 an additional 8 branches 

                                        
90 In the following, I abbreviate the calendar quarter based on this notation for brevity since most of the 
subsequent analysis is conducted by quarters of the year.  
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introduced the training, but 8 branches also did not offer the training anymore – so that 
the total number of branches in which training was implemented remained constant at 77. 

Second, the number of trainees increased rather steadily in the first quarters. This implies 
that the first four program cohorts saw a lower number of trainees per quarter per branch. 
At the same time, the program was not heavily concentrated on specific branches or regions: 
Each of the 120 branches provides on average 1% of all trainees, with a standard deviation 
of 0.6%, and the branch with most trainees having 2.8% of all trainees. 

Third, the program’s outreach was strongly expanded in 2011:Q4, related to additional 
funding available from The MasterCard Foundation. The push is visible in a marked in-
crease in the number of branches where the training was implemented and the number of 
trainees per quarter. For the remainder of the program period, the number of branches and 
trainees per quarter remained quite constant, with roughly 55,000-65,000 trainees in each 
quarter (an exception being the last period when the program was consolidated on specific 
branches).  

Finally, the lower panel of Figure 1 provides an overview of program rollout within branches. 
The figure displays the number of training participants for each quarter following the initial 
introduction of the FiKA program at this branch.91 In many branches, a large within-branch 
share of trainees (17%) was trained when the training was initially introduced at the branch. 
After this initial training “shock” the share of trainees trained within branches remains 
stable around 10% per quarter. In the final quarter of implementation, we see another 
increase to 25% – this is again reflecting that the program was consolidated to a few 
branches (and hence the trainees per branch increased).  

Overall, most variation in the timing of training of each customer derives from within-
branch variation, rather than variation in program implementation across branches. This 
can also be shown more formally: In a customer-level cross-sectional regression, I regress 
the calendar quarter of the training on branch fixed effects. The R-squared is 0.14. Thus, 
approximately 86% of the variation in the timing of training is within branches. 

                                        
91 In this table and the main analysis, I define the branch implementation indicator only if more than 100 
trainees have been trained at the branch in a specific quarter to account for spurious “pilot” trainings conducted 
on an ad-hoc basis in some branches. The results are stable across different specifications of this indicator. 
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Figure 2. Geographical program rollout 

Notes: Each dark blue dot represents a town in the dataset that does not have an Equity Bank branch. Num-
bers denote the period when training was first introduced at the location relative to the start of the FiKA pro-
gram in 2010:Q1. (1) groups locations that started in the first four quarters, 2-4 present the subsequent 3 
quarters. 

One key question regarding the program rollout across branches is whether locations near 
to the capital Nairobi were staffed earlier than others. This could bias impact estimates as 
trainees closer to the capital may be, e.g., more educated or wealthy – hence distorting the 
before-after comparison. While the dataset is not geo-coded, I am able to match the names 
of branches of the bank where trainings took place to a geo-coded list of 1620 towns pro-
vided by the International Livestock Research Institute (ILRI), based on Kenyan adminis-
trative data (ILRI, 2000). I use this data to construct a map displaying the program rollout 
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across Kenyan municipalities. In Figure 2, each dark blue dot represents a town in the 
dataset that does not have a branch of the Equity Bank. Towns with Equity Bank branches 
are shown in bigger dots according to the (relative) quarter when the training was first 
introduced at the location. Since the program was rolled out across branches quickly in the 
first initial quarters, I group all locations that started four quarters after initial program 
start. The map shows that the program was widely introduced already across all key regions 
of Kenya with the first program cohort. While one can see the Equity Bank branches are 
more widespread in the economic centers of Kenya (e.g. Bungoma, Nairobi, and the coastal 
region), there appears to be little targeting across or within them. The exception is the 
northern part of Kenya (e.g. Lodwar, Masabit) where the program was only introduced in 
the second program quarter.  

3 Description of the data 

The data which constitutes the basis for the impact analysis comes from two separate 
sources: First, an extensive baseline survey, carried out among trainees at the time when 
they enrolled for the training course. Second, bank account data for all training participants 
which were Equity Bank customers at any point before or after the training. The account 
data are comprised of three separate sub-datasets: (i) basic account data, such as the type 
and opening/closing date for each account; (ii) annual account usage data (e.g. transactions, 
balances) for all savings and current accounts; (iii) detailed data for all loan accounts, such 
as the loan amount. The following two sub-sections provide a brief description of both 
datasets and highlight some important features.  

3.1 Survey data 

The survey data stem from a pre-training enrollment form which had to be verified and 
signed by the trainer conducting the respective training. This data includes a large set of 
pre-training socio-demographic, economic, and subjective indicators (see Figure A3 in the 
Appendix for a list of variables). In addition, the data include information on the training 
setup: First, the calendar quarter when the training was conducted and the bank branch at 
which the training was conducted. Second, the data include detailed information about the 
group in which the trainee was trained, such as the group’s name, whether the group was 
“registered”, the number of members, as well as the weekday, time, and venue of the sched-
uled trainings. 

Complete survey data is available 641,710 participants starting their training between 
2010:Q4 and 2013:Q4. According to EGF, the initial two program cohorts were smaller pilot 
groups, and the system of data collection and digitization was not yet in place. For the last 
two cohorts in the first program period (2014:Q1/Q2) data was collected but was not yet 
digitized and cleaned at the time of analysis. Thus, it should be noted that impact estimates 
are representative for these 13 of all 17 program cohorts that were trained in the original 
program period. 
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The survey data was matched to bank account data of customers by staff at Equity Bank 
based on the national ID number and the account number at Equity Bank, if applicable. 
The enrollment form also asked participants to supply their full name, year of birth, national 
ID number, mobile phone number. This information was used to assess the accuracy of 
matching and conduct validity checks of the survey data. To ensure anonymity, all partici-
pants’ personal information was subsequently deleted from the dataset. In principle, incor-
rect matching of participants to Equity Bank accounts could pose a threat to the analysis 
beyond simple measurement error. The issue would arise if incorrectly matched participants 
are systematically different from correctly matched participants. This could, for example, 
be the case if poorer, less financially literate participants were more likely to provide incor-
rect personal information (and if these characteristics are systematically related to potential 
outcomes and treatment effects). Below, I discuss the procedure dealing with potential 
mismatches in the bank account data in more detail.  

3.2 Bank account data 

The main dataset used for the impact analysis contains information on account ownership 
at Equity Bank for each trainee in the survey dataset. The data includes the entire history 
of accounts at Equity Bank for each customer. The structure of this data can be considered 
a “pseudo-panel” where each customer has multiple observations, each representing one 
account with a specific opening and closing date. The data includes the exact calendar day 
of account opening, an indicator for closed accounts, and the related closing date. For the 
most part of the analysis, the opening/closing dates are analyzed by calendar-quarter to 
match the time scale available in the registration data. In addition, the data includes an 
indicator for accounts that were “inactive” or “dormant” (but not yet closed) at the time 
of the dataset construction: Savings accounts automatically become “inactive” after two 
months without withdrawals; they become “dormant” after six months without withdraw-
als. Deposits do not suffice to keep an account as “active”. 

The earliest opening date in the data is in 1980:Q1 and the latest opening date in 2015:Q1 
which corresponds to the date of the dataset construction. The earliest closing date observed 
in the data is 2010:Q3, shortly before the start of the FiKA program, and the latest closing 
date is observed in 2015:Q1. While the data on account openings starts in 1980:Q1, I dis-
regard accounts opened earlier than 2008:Q1 – this concerns only 0.6% of the entire dataset, 
which I consider as coding errors.  

Note that this implies, that the data is left and right-censored: The data includes accounts 
that were (i) not closed before the start of the FiKA training and (ii) opened before 2015:Q1. 
This implies two potential biases for the analysis: First, that some Equity Bank customers 
in the dataset may have had earlier accounts that they closed prior to 2010:Q3. In the 
analysis, these customers would be identified as previously unbanked. Second, that some 
trainees, in particular of later cohorts, may have opened an account after the end of the 
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observation period in 2015:Q1 (right-censoring). We address these concerns using survival 
models that account for censoring in Section 6.  

Furthermore, censoring by calendar date implies that the available data is dynamically 
censored when measured relative to the training date. Specifically, I observe a minimum of 
11 pre-training quarters relative to training start – for the first cohort of the program; and 
a maximum of 23 pre-training quarters – from the last trainee cohort (i.e. 2013:Q4 – 
2008:Q1 = 23). Similarly, I observe up to 13 post-training quarters for accounts opened by 
the first training cohorts in 2010:Q1; and 5 post-training quarters for trainees from the last 
cohorts. The data on account openings, therefore, represents a balanced panel of account 
opening behavior for all trainees for 15 quarters before and 5 quarters after their training, 
which will represent my main analysis period.  

For each account, in addition to the daily status, the data includes detailed information on 
the (sub-)product type. Products are coded according to four types of accounts – savings 
accounts (SAA), loan accounts (LAA), current accounts (CAA), and term deposit account 
(TDA). Further, the data includes the specific sub-product name and description offered 
by Equity Bank. These include 52 different saving account products, 18 current account 
products, 68 different loan products and 8 term deposit products; which will be discussed 
in some detail in the descriptive section.  

Building on these basic account information, two sub-datasets provide additional infor-
mation specific to the savings and loan accounts. The savings account data comprise annual 
transaction data for all savings and current accounts in the customer-level account data. 
The data includes information on the annual number of transactions, the sum of deposits 
(total credit), and withdrawals (total debit) for all years between 2010 and 2014. In addi-
tion, the data include the currency in which the account is denoted and the amount of the 
loan in Kenyan Shilling (KES). While the data does not include information on whether 
the loan was re-payed within the agreed time period, nor any information about the repay-
ment behavior of customers, this information could potentially from Equity Bank be re-
trieved further in-depth analysis. 

An initial assessment of account data reveals that some customers likely represent multiple 
individuals as they open a large number of accounts in a single month or even day. For this 
reason, I drop individuals from the dataset who opened more than three accounts in any 
single month. This concerns less than 1 percent of the non-business observations, which is 
reassuring for the quality of matching the survey and account data. Similarly, some cus-
tomers record up to 52 accounts (total across quarters), which is unlikely to represent single 
individuals. I thus drop all customers from the dataset which records more than 10 accounts 
in total, which again only concerns less than 1 percent of all customers.  
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3.3 Outcome measures 

Based on the available information on account ownership and account usage, a multitude 
of outcome variables measures reflecting the financial behavior of customers can be con-
structed. From the perspective of financial behavior, two variable types are of interest: First, 
measures on the extensive margin, related to accounting opening and account closing, as 
well as the number of accounts for a single customer. Second, measures on the intensive 
margin, related to the account usage behavior of existing customers (i.e. conditional on 
having an account). 

On the extensive margin, the main analysis focuses on the probability of having an (active) 
savings account at Equity Bank before or after training participation. This outcome meas-
ure includes several sub-measures, such as the probability of opening the (first) account at 
Equity Bank, the probability of opening an additional account (conditional on having an 
account), the number of savings accounts, and the probability of becoming inactive or clos-
ing an account. In addition, since I possess data on the type of account (e.g. loan account, 
savings account, current account) and sub-types of accounts (e.g. standard savings account 
vs. social transfer accounts), I assess these various account types in more detail.  

On the intensive margin, I focus on the number of transactions, the debit/credit levels, and 
the average balance. For the purpose of analysis, the annual savings data was transformed 
into (pseudo-)monthly data, using the exact calendar day of account opening and closing, 
as well as the date an account was set to inactive/dormant. (Since this is a mechanical 
process in the bank system, I am able to infer the exact timing of the last transaction.) The 
translation of annual to monthly or quarterly data is important in order to match the 
account data with the quarterly training start/end dates. Specifically, for each outcome 
(transactions, credit and debit) in a specific calendar year y, the average outcome per 
months was calculated as:  

(1) 𝑌𝑌�̃�𝑖𝑖𝑖 = 𝑌𝑌𝑖𝑖𝑖𝑖
min(𝑀𝑀Close,𝑀𝑀Inactive)−𝑀𝑀Open 

Where M refers to the month of the respective calendar year. Hence the denominator be-
comes 12 for accounts that were active the entire calendar year. Based on this, I further 
construct the average monthly balance for each savings account as the sum of average 
deposits and withdrawals. In the main analysis, I aggregate data over all savings accounts 
of each customer which are not related to social assistance or group-lending programs.  

4 Descriptive analysis 

Trainee characteristics  

Table 1 shows the distribution of key socio-demographic characteristics of trainees across 
all cohorts. In line with the program targeting, trainees are mostly female, low-educated 
and report to possess a small-scale business. The remainder of participants reports being 
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farmers, with very few in salaried occupation. The program targeting appears to have been 
less strict with regards to the age of trainees since a considerable share of trainees was over 
35 at the time of training. 

  Descriptive statistics of survey variables 

  Total Female Male 
Male 65.4% 100.0% 0.0% 
Marital status    

Single 16.1% 14.7% 18.7% 
Married 82.6% 83.5% 80.9% 
Widowed 1.3% 1.8% 0.4% 

Nr. of Dependents 1 4.1 4.2 3.9 

Education2    
Primary 10.4% 12.0% 7.5% 
Primary completed 50.4% 53.7% 44.5% 
Secondary 29.2% 26.1% 35.0% 
Secondary completed 9.7% 8.0% 12.6% 
Tertiary 0.3% 0.2% 0.4% 

Age 3    
< 19 0.3% 0.2% 0.4% 
19-25 14.6% 13.0% 17.8% 
26-35 33.1% 32.0% 35.3% 
36-50 30.8% 32.5% 27.6% 
> 50 21.1% 22.3% 19.0% 

Average age 3 39.2 39.9 37.8 
Occupation    
Farmer 29.0% 29.3% 28.5% 
Self-employed 69.6% 69.3% 70.2% 

N 642,725 212,099 430,625 
Notes: 1 Data not available for first four cohorts. 2 Miscoded for cohort nine. 3 Miscoded for co-
hort one.  

Account ownership relative to training 

Table 2 provides an overview of account ownership by trainees before and after participation 
in the FiKA program. Slightly more than half of training participants do not possess an 
account at Equity Bank either before or after the training. Among those who have an 
account, the majority (78%) opened their first account already prior to training. Just 10% 
of all trainees open their first account only after training. Among the roughly 230,000 
trainees with an account prior to training, 30% open an additional account at Equity Bank 
following the training. This descriptive overview of account ownership already indicates 
that the impact on the extensive margin, in terms of new and additional accounts opened, 
could be rather limited – since most trainees already either had an account before or never 
opened an account at Equity Bank.  
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 Individual-level data: Account ownership relative to training date 

Trainee… N Share 
Has an account before training, and… 232,997 36% 
closes account before training 3,520 1% 
keeps account after training 160,448 25% 
opens additional account after training 69,029 11% 

Has an account only after training 66,386 10% 
Never has an account 341,019 53% 
Total # trainees 642,725 100% 

 

Table 3 provides an overview of the accounts of all trainees who had an account at Equity 
Bank. The data includes 745,000 accounts among training participants with available survey 
data. Among these accounts, roughly 391,000 were opened before the individual partici-
pated in the FiKA program. The majority of these accounts were kept open and active 
throughout the training, while only 15% were closed already before the training. However, 
a considerable share was dormant or inactive by the end of the observation period in 
2015:Q1. This is obviously less often the case among those accounts which were only opened 
after the training, of which roughly 45% were still active by the end of the observation 
period. The share of accounts that are closed by 2015:Q1 is similar in both categories (35% 
of those opened before, vs. 41% of those opened after).  

 Account-level data: Status relative to training date 

Account  N % % in category 
Opened before & 390,565 52.3 100.0 
...closed before 61,835 8.3 15.8 
...closed after 75,670 10.1 19.4 
...active 111,530 14.9 28.6 
...dormant/inactive 141,530 18.9 36.2 

Opened at/after & 354,696 47.5 100.0 
... closed after 144,825 19.4 40.8 
... active 161,348 21.6 45.5 
... dormant/inactive 48,523 6.5 13.7 

No training date 1,700 0.2 0.5 
Total # accounts 745,261 100 100 

 

Finally, Table 2 displays some initial descriptive evidence of account opening behavior 
among training participants by treatment status. The table reads as follows: The (uncon-
ditional) probability for opening an account in any given quarter is 2.9% over the entire 
observation period. This probability increases to 6.9% in the quarter of training but reverts 
back to the mean for any given quarter in the following quarter. For customers who later 
opened an account in a branch where training was already available earlier but were not 
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yet trained (e.g. “late-takers”), the probability to open an account at Equity Bank remains 
comparatively stable at around 2.6%. This very similar to the observed probability among 
prospective trainees for whom the training was not yet available in their future branch. 
These differences are even more apparent when considering the probability of opening the 
first account (e.g. for customers who had did not have an account before training).  

 Individual-level account status relative to training date 

 

Opening 
an account  
(uncond.) 

Closing an 
account 

Opening  
additional 
account 

Opening 
first account 

Trained in quarter 6.9% 1.3% 2.6% 4.3% 
Trained in prev. quarter 2.4% 2.1% 1.8% 0.6% 
Training available but not trained  2.6% 0.9% 1.1% 1.5% 
Training not available at branch  3.0% 0.7% 1.1% 1.9% 
Average 2.9% 1.3% 1.4% 1.5% 
 

Financial products used 

Table 5 shows the distribution of the five most prevalent sub-product categories among 
savings and loan accounts, respectively. Overall, roughly 300,000 training participants 
(47%) open a savings account at Equity Bank. Among saving products, ordinary accounts 
are by far the most prevalent type among trainees and more than 84% of trainees with 
some savings account at Equity Bank possess such an account. M-Kesho is the brand name 
of Equity Bank’s mobile payment system, launched in May 2010 jointly with Safaricom. As 
a result, the data also includes a significant number of accounts that relate to a group 
savings scheme or social assistance payments. The latter includes, for example, beneficiaries 
of the 2013 and 2014 rounds of the “Hunger Safety Net Programme” (HSNP) in Kenya.  

Loan accounts are less prevalent among training participants, with only 25% of all custom-
ers in the dataset (10% of all trainees) having some Equity Bank loan product. Usually, 
these customers also possess a savings account with Equity Bank, mostly opened before the 
loan. As discussed in Section 2, EGF delivered the FiKA program to members of Equity 
Bank’s Group-Lending programs (GLP). One example are “Vijana Biashara” (“Teen busi-
ness”) loans. These are given to individuals within a registered youth group as part of the 
government’s Youth Enterprise Development Fund, for which Equity Bank served as a dis-
bursement partner. Similarly, “Inua Biashara” (“Raise your business”) loans are loans which 
Equity Bank disbursed as a partner for the government SME Fund. Finally, the “Fanikisha” 
(“Accomplish”) loan products are offered to women in micro-enterprises with a lack of 
conventional securities to borrow through a group approach and merry-go-round market 
(discussed in detail in Beck & Maimbo (2013)).  
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 Savings and loan sub-product types 

  Accounts Customers 

Sub-product type Number 
Share 

(within) 
Number 

Share 
(within) 

Saving accounts 433,070 63% 300,926 41% 
Equity Ordinary 275,294 64% 251,497 84% 
Group Savings 53,300 12% 49,915 17% 
M-Kesho 39,669 9% 39,275 13% 
Social Payment 18,677 4% 17,271 6% 
Equity Agency 16,140 4% 15,886 5% 
HSNP  13,011 3% 11,589 4% 
Other 16,979 4% 62,287 21% 

Loan accounts 256,381 37% 76,596 10% 
Vijana Business 78,261 31% 25,369 33% 
Fanikisha Shaba 41,126 16% 16,106 21% 
Salary Advance 27,964 11% 9,506 12% 
Inua Biashara Msme 24,763 10% 12,271 16% 
Farm Input 24,762 10% 6,220 8% 
Biashara Imara 12,312 5% 5,578 7% 
Other 47,193 18% 23,428 31% 

Total 689,451  742,729  
Notes: Table excludes 53,300 Group Collection accounts which were 99% overlapping with Group Savings 
accounts. Shares within customers add to more than 100% since customers hold multiple account products.  

Including participants of group lending or NGO/government programs may bias the anal-
ysis of the trainings’ impact on individual savings behavior. Participants of these programs 
may have inherently different characteristics and/or motivations for opening a savings ac-
count at Equity Bank before or after the training. Firstly, these beneficiaries may simply 
have opened an (ordinary) savings account as it was a prerequisite for loan/transfer dis-
bursement. Overall, 87% of all customers that possess some loan at Equity Bank have a 
savings account prior to the opening of their loan account, which reflects that an active 
account at Equity Bank is often a requirement for loan disbursement. Similarly, many ben-
eficiaries of GLP- or social-welfare schemes in addition also possess a group savings account. 
Secondly, for some lending programs, participation in the FiKA program was mandatory 
to access loans, which could confound an analysis of offering a voluntary financial literacy 
training. One example of this is the government SME Fund’s “Inua Biashara” loans.92 To 
be eligible for these loans, individuals must have graduated from Equity Group Foundation 
entrepreneurship training and have a savings account that accumulated 20% of the required 
loan amount. This is visible in the account data: All “Inua Biashara” loans are taken after 
training participation and all loan takers open an ordinary savings account before taking 
the loan (in addition 95% open a group savings account before or in the same quarter). The 

                                        
92 These were given to groups of small-scale business owners who are registered in Financial Inclusion Groups 
of 15-30 members. 
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program started in 2011:Q2 and a large share of trainees with these loans are trained in the 
first four cohorts until 2011:Q4 (see below).93 

In order to provide a clear interpretation of the impact of participation in the financial 
literacy training, I restrict the sample to individuals who were not part of a specific group-
lending scheme or social-safety net program administered by Equity Bank. While neither 
the survey nor account data does clearly identify all training groups that were mobilized 
through these programs, the account sub-product names allow to identify accounts that 
reflect GLP-loans, group savings accounts, or government-funded loan products. To this 
end, I accessed information from the Equity Bank website94 about the target groups, pur-
pose, and references to GLP/NGO schemes. On this basis, I classify accounts into 8 different 
categories (e.g. business accounts, group accounts, mobile accounts, …) and subsequently 
identify savings- and loan products that likely reflect GLP or government-supported 
schemes. 

Table 6 displays the share of trainees holding selected GLP- or social welfare-related account 
types within each cohort of the program. In total, 17% of all trainees possess accounts 
identified as some form of GLP or social-transfer scheme. The table shows that the FiKA 
program was primarily rolled out to GLP-members in the first four quarters, in particular 
to “Vijana Biashara” and “Fanikisha” loans (32%/27% of trainees in these cohorts, respec-
tively). One reason, on account of EGF, is that FiKA trainers often started mobilizing 
among members of existing GLP groups once stationed at a branch. Only afterward they 
moved on to mobilize trainees among customers at their branch and started to collaborate 
with community organizations in the surrounding.  

A key reason for the change in targeting of the FiKA program in quarter 2011:Q4 was the 
additional funding from The MasterCard Foundation. This led to an expansion in the scale 
of FiKA that was implemented by increasingly mobilizing participants through the branch 
network of existing customers, in particular recent ones. This can also be seen in the data: 
A significantly larger share of training participants in the cohort of 2011:Q4 opened their 
first Equity Ordinary savings account in 2011:Q3 (see Section 6). In the main analysis, I, 
therefore, restrict the sample to training cohorts that enrolled after 2011:Q3, with the goal 
to make earlier treated and later treated (comparison) groups more alike.  

                                        
93 Similarly, “Social Payments” accounts were almost entirely opened in 2011:Q4 and a significant share of 
trainees were trained in the subsequent quarter.  
94 Information was mostly gathered from http://ke.equitybankgroup.com/personal/products/personal-ac-
counts/personal-savings-accounts (last accessed Dec. 12, 2016) and, when incomplete, by further internet re-
search. 

http://ke.equitybankgroup.com/personal/products/personal-accounts/personal-savings-accounts
http://ke.equitybankgroup.com/personal/products/personal-accounts/personal-savings-accounts
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 Share of trainees with group lending or social assistance accounts per cohort 

  
Cohort 

Trainees 
Total 

 
Inua Bi-
ashara 

Vijana 
Biashara 

Fanikisha 
Shaba 

Group 
Savings 

Social Pay-
ments HSNP Total 

1 2010q4 17,732 12% 32% 27% 53% 2% 0% 63% 
2 2011q1 34,113 6% 12% 9% 24% 1% 4% 34% 
3 2011q2 31,499 4% 10% 6% 19% 1% 3% 29% 
4 2011q3 22,486 3% 9% 7% 16% 0% 1% 25% 
5 2011q4 54,186 2% 4% 2% 9% 1% 3% 17% 
6 2012q1 57,727 1% 2% 1% 5% 9% 2% 21% 
7 2012q2 54,900 1% 2% 1% 5% 4% 2% 15% 
8 2012q3 59,554 1% 2% 1% 4% 3% 2% 13% 
9 2012q4 63,821 0% 1% 0% 1% 1% 1% 5% 
10 2013q1 62,700 1% 1% 1% 3% 3% 1% 11% 
11 2013q2 61,313 1% 2% 1% 4% 2% 1% 11% 
12 2013q3 56,148 2% 2% 1% 6% 2% 1% 13% 
13 2013q4 65,530 1% 1% 0% 2% 3% 2% 11% 
Total 641,709 3% 6% 4% 12% 2% 2% 17% 
Notes: The table includes all participants who possessed at least one of these accounts either before or after 
the training. Table shows the five most prevalent account types. 

5 Research Design 

Identification strategy 

By restricting the analysis sample to training participants who are not part of a group 
lending program, I concentrate the analysis on trainees who have been mobilized among 
prospective/existing customers and through local NGOs/CBOs. For these trainees, the de-
cision to participate in training was upon availability was voluntary. This endogeneity in 
participation introduces concerns about self-selection bias: Those taking up the training 
offer may be more motivated to improve their financial behavior than the average bank 
customer. Consequently, comparing FiKA participants to a (random) sample of bank ac-
count holders, would not allow separating the effect of training from the effect of unobserv-
able motivation. 

To address potentially confounding self-selection, my identification strategy relies on the 
timing of treatment across different cohorts of the FiKA program. I argue that the rollout 
of FiKA trainers – and hence the availability of training for each customer at their branch 
– was exogenous to the individual customer. By comparing only individuals who took up 
the training, but had the opportunity to participate earlier or later due to the staggered 
program implementation, I am able to address the self-selection bias since treated and 
comparison faced the same selection mechanism into training – just at different points in 
time. Hence, the research design exploits the sequential implementation of the program as 
a source of quasi-random treatment assignment. 
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In order to test and address the issue of potential pre-trends leading up to the training, I 
estimate both non-parametric and parametric event study designs – sometimes called dis-
tributed lag models (Blascak et al., 2016) or staggered adoption design (Athey & Imbens, 
2021). This empirical strategy is related to recent methodological contributions by, e.g., 
Borusyak & Jaravel (2017), Freyaldenhoven et al. (2019), or Imai & Kim (2019). It has 
recently been more widely employed in empirical studies that exploit the sequential rollout 
of policies or programs to estimate their impact. For recently published studies see, e.g., 
Blascak et al. (2016), Dobkin et al. (2018), or Gross et al. (2019)). 

Non-parametric event study analysis 

I first take a non-parametric, graphical approach. The primary advantage of non-parametric 
event study models is that they allow to visually assess the pattern of outcomes relative to 
the quarter of training with few parametric assumptions (Dobkin et al., 2018). For each 
outcome 𝑌𝑌𝑖𝑖𝑖𝑖𝑡𝑡 of customer i in branch b at calendar quarter t, the basic non-parametric event 
study specification takes the following form:  

(2) 𝑌𝑌𝑖𝑖𝑖𝑖𝑡𝑡 =  𝛼𝛼0 + ∑ 𝛽𝛽𝑞𝑞𝑙𝑙{𝑞𝑞 = 𝑇𝑇𝑖𝑖𝑖𝑖𝑡𝑡} 𝑞𝑞=5
𝑞𝑞=−11 + 𝑋𝑋𝑖𝑖𝑡𝑡𝛼𝛼 + 𝜀𝜀𝑖𝑖𝑖𝑖𝑡𝑡 

which includes a set of mutually exclusive lead and lag indicators indicator variables q for 
each quarter relative to the training date of individual 𝑇𝑇𝑖𝑖𝑖𝑖𝑡𝑡. The key coefficients of interest 
are hence the 𝛽𝛽𝑞𝑞’s, which estimate the outcome at a given event quarter relative to the 
omitted quarter. Xit represents a vector of fixed effects and control variables. In the baseline 
specification, Xit includes branch-cohort fixed effected (θc) with 𝑐𝑐 = {1, … , 12} to account 
for level shifts across early- and late-adopters relative to the starting date of the program 
at their branch (see discussion in Section 7). In addition, I include branch-level calendar-
quarter fixed effects (μt × 𝛾𝛾𝑖𝑖) with 𝑡𝑡 = {2008: 1,… , 2015: 1} and 𝑃𝑃 = {1,… , 123} to account 
for time-varying factors (shocks and trends) that affect the financial behavior of all training 
participants in one branch at specific time periods (as in, for example, Martinez-Bravo 
(2017). This specification allows the influence of branch characteristics to vary flexibly over 
time. Furthermore, branch-by-quarter fixed effects nest simple calendar-quarter fixed effects 
and cohort fixed effects, which are typically included in similar empirical setups (e.g. Gross 
et al. (2019)).   

An alternative specification of the fixed effects would be to include individual fixed effects 
and calendar-quarter fixed effects. This, however, would require an additional normalization 
of the included indicators in quarters relative to training due to the collinearity of training 
cohort, calendar quarter, and event time.95 I tested both approaches and obtained almost 
identical results. In both cases, the identifying assumption only requires the timing of treat-
ment to be uncorrelated with time-varying omitted determinants of financial behavior that 
vary non-linearly and are not shared by all training participants of the same relative training 

                                        
95 This is related to the age-time-cohort problem in event study research designs, see Borusyak & Jaravel (2017). 
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cohort. That is, the treatment effect estimates are net of any time-invariant differences 
across customers that may determine selection on the customer level (individual fixed ef-
fects), and differential time-shocks (or time-trends) across branches (via branch-quarter 
fixed effects) which may jointly determine treatment probability and outcomes. Specifically, 
the identification assumption does not require that the timing of training is independent of 
time-invariant customer characteristics or time-trends common to all customers of specific 
cohorts. Instead, it requires the weaker assumption that, conditional on the control varia-
bles, the timing of treatment (selection into early treatment within branches) is not corre-
lated with time-varying customer characteristics that affect the outcomes of interest through 
channels other than the treatment (Martinez-Bravo, 2017). 

While non-linear estimators (e.g. probit and logit models) are sometimes advocated for 
estimations of binary outcome variables in cross-sectional setups or panel data, most applied 
works favor the linear probability model and estimate the regression using a standard panel 
OLS estimator. One key reason is that linear models produce more robust estimates when 
implemented in fixed effects estimations (McIntosh et al., 2011). Almost all recently pub-
lished studies based on event studies or related design estimate linear models. Many report 
that the results are very similar to estimates from non-linear models, which are computa-
tionally much more demanding (e.g., Dobkin et al., 2018).  

Following Bertrand (2004), I cluster standard errors at the individual level. An alternative 
would be to cluster standard errors at the branch-cohort level to account for correlation in 
the error term across individuals trained at the same branch at the same cohort. Cameron 
et al. (2011) point out that this may not resolve the problem of serial correlation if the 
number of clusters is not large. With over 120 branches, however, there is little concern 
about small cluster bias. I tested alternative methods of clustering the standard errors and 
inference generally remains the same across outcomes and specifications.  

The baseline specification limits the sample to relative event-time quarters 𝑞𝑞 =
{−15,… ,+ 5}.96 Hence, post-treatment effects are measured until 5 quarters after the event. 
Longer post-treatment time series are available for earlier trained cohorts (see Section 2.2). 
However, if there is heterogeneity in treatment effects across cohorts, the pattern of event 
study coefficients for 𝑞𝑞 > 5 could be affected by compositional changes in the set of individ-
uals used to identify a given relative year coefficient. Hence all 𝛽𝛽>5 would be hard to inter-
pret because of the change in the underlying sample.97 In the baseline non-parametric 
model, the omitted category of the fixed effects are all quarters 𝑞𝑞 ≤ −13. An alternative, 
which is also common in event study applications (Dobkin et al., 2018; Gross et al., 2019), 
is to define 𝑞𝑞 = −1 as the omitted category. This just changes the interpretation of the 

                                        
96 In some of the robustness checks that include the initial three cohorts, the pre-treatment event time is 
restricted to 𝑞𝑞 = {−11,… , + 5} in order to retain a balanced sample.  
97 Including an additional indicator for all long-term effects more than 5 quarters after the training (𝑞𝑞 ≥ 6) does 
not change the coefficient estimates of previous event quarters. 
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coefficient estimates. In this case, statistically significant negative coefficients of 𝛽𝛽>0 would 
be a sign of reverse causality: Training participants experience an increase in outcomes prior 
to training, and such increase is correlated with the probability of treatment. Statistically 
significant positive coefficients, on the other hand, would indicate a dip in outcomes in the 
quarters prior to training (Bennett & Ouazad, 2020). 

Intuitively, coefficient 𝛽𝛽1 in the non-parametric event study regression compares outcomes 
of trainees who just got trained to outcomes of individuals who have yet to be trained while 
differencing out all fixed effects included in the model. The visual examination of the pat-
tern of coefficients for 𝑞𝑞 < 0 in the quarters leading up to the training helps to assess the 
validity of the identifying assumption, i.e. dynamic selection into training. The coefficient 
estimates represent whether training participants observe changes in their outcomes prior 
to the training relative to later trainees. Generally, coefficient from the non-parametric 
event study estimates for 𝛽𝛽>0 would represent causal impacts of the training under the 
identifying assumption that, conditional on the included controls, the timing of treatment 
is uncorrelated with pre-treatment trends in outcomes. There are some concerns that the 
common-trends assumption may hold: For example, some windfall income may cause the 
future training participant to enter their Equity Bank branch in the first place and hence 
become more likely to hear about the training. In this case, such unobserved changes for 
the customer may happen at around the same time as (or just prior to) the training par-
ticipation – and could hence be related to training offer, training uptake and observed 
outcomes. 

Semi-parametric event study 

As Section 6 will show, there is evidence of such secular trends in some outcomes prior to 
the training. I hence follow the approach of studies facing a similar underlying data gener-
ating process by complementing the non-parametric event study with a semi-parametric 
event study model that accounts for pre-trends (e.g., Blascak et al., 2019; Dobkin et al., 
2018; Gross et al., 2019). In the absence of time trends leading up to the event, this para-
metric approach would lead to identical estimates as the non-parametric specification above. 
But in the presence of pre-trends, this specification can recover the effect of training relative 
to what one would expect if the pre-training trajectories were to continue (Gross et al., 
2019). Typically, the choice of the parametric functional form is guided by the pattern of 
coefficient estimates observed in the non-parametric event study. Given that patterns vary 
across outcome variables, I estimate the following flexible parametric event study model:  

(3) 𝑌𝑌𝑖𝑖𝑖𝑖𝑡𝑡 =  𝛼𝛼0 + δ1𝑞𝑞𝑖𝑖𝑡𝑡 + δ2𝑞𝑞𝑖𝑖𝑡𝑡
2  + δ3𝑞𝑞𝑖𝑖𝑡𝑡

3  + ∑ 𝛽𝛽𝑞𝑞𝕝𝕝{𝑞𝑞 = 𝑇𝑇𝑖𝑖𝑖𝑖𝑡𝑡} 𝑞𝑞=5
𝑞𝑞=0 + Xit𝛼𝛼 + 𝜀𝜀𝑖𝑖𝑖𝑖𝑡𝑡 

This specification allows for a flexible cubic spline time-trend in event time from 𝑞𝑞 =
{−15, . . ,5 }. Hence the 𝜌𝜌𝑞𝑞 estimates describe the change in outcomes at different time 
horizons following the training, relative to what one would predict given this pre-training 
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trend. As before, Xit includes a set of fixed effects to account for shocks that are common 
to all relative cohorts and calendar dates by branch.  

For the parametric event study model to recover the true treatment effect, the identifying 
assumption is that, conditional on the included controls, the timing of training is uncorre-
lated with deviations of the outcome from the modeled trend in relative event time (Dobkin 
et al., 2018). In addition, it requires that the pattern of pre-trends is comparable across 
earlier and later cohorts, again conditional on control variables and fixed effects included in 
the model. As part of the robustness analysis in Section 7.2, I implement alternative spec-
ifications of the fixed effects – e.g. allowing for individual fixed effects, program-cohort fixed 
effects, or branch-cohort-specific time trends (Blascak et al., 2019). Reassuringly, the main 
parameter estimates are generally robust to alternative specifications of the pre-trends.  

6 Results 

6.1 Full sample 

Impacts on the extensive margin: account ownership 

Figure 3 displays coefficient estimates from the non-parametric event study model on se-
lected outcomes related to ownership of saving accounts. The non-parametric event study 
primarily serves as descriptive evidence of financial behavior among customers before and 
after the training. At the same time, one should be cautious to interpret observed trends in 
outcome variables literally since the coefficient estimates present pre-trends relative to in-
cluded fixed effects (Borusyak & Jaravel, 2017), i.e. relative to 𝑞𝑞 ≤ −13.  

The top row of Figure 3 presents estimates for levels of the outcome variables (e.g. having 
a savings account). The share of trainees with savings accounts increases in the three quar-
ters leading up to training (Panel 1). This reflects that trainers, once stationed at a branch, 
mobilized among recent customers at the branch. At the same time, there is an evident 
break in the secular trend in the exact quarter of training, when the share of trainees with 
savings account increases from 27.7% to 31% in absolute terms. (i.e. 12% relative to the 
quarter before training). A majority of trainees keep these accounts, and some open new or 
additional accounts, hence the share of trainees with an account continues to increase over 
the year following the training. Panel 2 shows the share of trainees who are keeping an 
active account with the bank. The time pattern closely resembles the pattern of having an 
account (active or not) – until three quarters after the training quarter when a significant 
share of accounts got set to inactive.  

These patterns are also reflected in the second and third row of Figure 3, plotting the 
probability to open or closing a savings account in a given quarter relative to training. The 
probability to open a saving account starts to increase in the four quarters prior to training 
and jumps to around 0.35 percentage points in the quarter of training (Panel 3). It is not 
clear whether trainees opened these accounts just before or after the training since the 
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training date is only observable on the quarterly level. At the same, the Panel 4 suggests 
that this effect is mostly due to new customers (opening their first account), rather than 
additional accounts by existing customers. This may reflect that account opening is related 
to the mobilization among individuals who are about to open new bank accounts, rather 
than the effect of training itself. The third row displays the probability that accounts are 
set to inactive or dormant. Panel 5 shows that the probability that an existing account gets 
set inactive increases from .08% to .16% in the second quarter after training (e.g. roughly 
6 months).98 A clear deviation by 8 p.p. from the long-run secular trend. Hence, few trainees 
make significant withdrawals on their (newly opened) accounts beyond the first three to 
four months. At the same time, most trainees keep these accounts open, on average with a 
positive balance as we will see below. This suggests that trainees either do not use accounts 
or keep them as pure saving devices (deposits do not suffice to keep accounts active).  

Figure 3. Non-parametric event study coefficients (extensive margin) 

Notes: Red circles represent the estimated coefficients of event time indicators (i.e. the 𝛽𝛽𝑞𝑞’s from the non-para-
metric event study) with to 𝑞𝑞 ≤ −13) normalized to zero. Grey circles present the 95% confidence intervals.  

                                        
98 Remember that savings accounts automatically get set inactive/dormant after two/six months without with-
drawals.  
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 Impact estimates from semi-dynamic event study (extensive margin) 

 Has  
account 

Has active 
account 

Opens ac-
count 

Opens add. 
account 

Account set 
inactive 

Closes 
account 

 (1) (2) (3) (4) (5) (6) 
Pre-trend (Q) 0.024 0.020 0.006 0.001 -0.000 0.003 
 (58.25)*** (42.15)*** (27.54)*** (2.79)** (-0.20) (10.5)*** 
Pre-trend (Q^2) 0.002 0.002 0.001 0.000 -0.000 0.000 
 (33.33)*** (29.49)*** (20.89)*** (1.62) (-2.28)* (0.83) 
Pre-trend (Q^3) 0.000 0.000 0.000 0.000 -0.000 -0.000 
 (29.67)*** (26.55)*** (16.85)*** (2.84)** (-2.03)* (-0.58) 
Quarter 0 0.018 0.018 0.016 0.006 -0.002 -0.002 
 (29.09)*** (25.98)*** (25.68)*** (8.29)*** (-1.61) (-3.4)*** 
Quarter 1 0.030 0.027 -0.015 -0.000 0.011 0.002 
 (45.33)*** (34.11)*** (-31.29)*** (-0.38) (6.87)*** (2.58)** 
Quarter 2 0.038 0.028 -0.018 -0.002 0.082 0.006 
 (53.60)*** (31.92)*** (-39.00)*** (-2.27)* (41.98)*** (9.41)*** 
Quarter 3 0.047 0.008 -0.018 -0.001 0.030 0.009 
 (58.40)*** (9.10)*** (-38.40)*** (-2.13)* (16.50)*** (13.3)*** 
Quarter 4 0.055 0.004 -0.019 -0.002 0.025 0.009 
 (61.41)*** (3.96)*** (-39.48)*** (-2.10)* (12.80)*** (14.4)*** 
Quarter 5 0.065 0.004 -0.019 -0.001 0.028 0.011 
 (58.25)*** (3.05)** (-37.25)*** (-1.42) (13.81)*** (16.2)*** 
Branch-cohort 
fixed effects 

Yes Yes Yes Yes Yes Yes 

Year-by-branch 
fixed effects 

Yes Yes Yes Yes Yes Yes 

Adj. R-Squared 0.073 0.057 0.015 0.011 0.016 0.010 
# Obs. 3794679 3794679 3794679 814754 814754 814754 
# Cluster 180699 180699 180699 59146 59146 59146 
Outcome mean 0.215 0.155 0.013 0.009 0.045 0.004 
Outcome SD 0.411 0.362 0.112 0.096 0.208 0.066 
Pre-treatment 
mean 

0.175 0.137 0.013 0.012 0.038 0.003 

Mean impact 0.051 0.018 -0.015 0.000 0.035 0.007 
Mean impact  
p-value  

0.000 0.000 0.000 0.860 0.000 0.000 

Notes: Pre-treatment means are computed over three years preceding the training. Parenthisis represent t-test 
statistics based on clustering standard errors at the individual level following Bertrand et al. (2004). 
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The semi-dynamic event study estimates in Table 7 substantiate the graphical evidence 
from non-parametric event study models. The table displays impact estimates for each of 
the first five post-training quarters while taking into account the observable pre-trends in 
outcomes. These pre-trends are substantial, as shown by significant coefficient estimates on 
the cubic spline pre-trends. The last two rows present mean impact estimates over the entire 
post-treatment period.99 Column (1) shows that trainees are around 5.1 p.p. more likely to 
possess a savings account in any of the post-training quarters than the not yet-trained 
comparison group. This is a substantial increase over an average of 17.5% in the pre-training 
period. This is mainly related to a 1.6 p.p. jump in probability to open a new savings 
account in the quarter of training, over an average probability of only 1.3% in any given 
quarter prior to training (Column 3). However, individuals are less likely to open a new 
bank account in any of the following quarters, suggesting that they do it on the spot or 
never. In addition, Column 2 shows that individuals are only 1.8 p.p. more likely to hold 
an active account on average in the five quarters after training. In absolute terms, the 
probability to hold an active account increases from a pre-treatment average of 13.7% to 
16.4% in the first quarter after training. But already five quarters later the probability is 
only 0.4 p.p. higher than among the comparison group of later trainees. This is directly 
related to the 3.5 p.p. relative increase in the share of accounts that are set inactive each 
quarter, representing twice the average in any quarter prior to treatment (Column 5). Ac-
counts of trainees are also more likely to become closed in the month following training, 
even though the effect is more subdued.  

Impacts on the intensive margin: savings behavior 

Figure 4 displays the non-parametric event study estimates for outcomes on the intensive 
margin, i.e. saving behavior on existing accounts.100 The first row shows that the volume 
of monthly deposits and withdrawals shifted in the quarter of training, with lower depos-
its and higher withdrawals. This goes in hand with a reduction in the average number of 
monthly transactions (Panel 3). Given that deposits/withdrawals are similar in size, aver-
age monthly account balances are moving very little in the time period before training 
(Panel 4). The break in the time series likely relates to newly opened accounts from train-
ees that are used for a fewer, larger transaction than longer-standing saving accounts. 
However, transaction behavior reverts back to the pre-treatment mean three quarters af-
ter training, reflecting that accounts without any withdrawals after the training are set to 
inactive or dormant. The underlying reason could be twofold: First, trainers may have fo-
cused on less active customers in their mobilization among existing customers – which 
would be a desired targeting of the training. Second, it may that new customers, who are 

                                        
99 These are calculated as a linear combination of the respective quarterly coefficient estimates, as suggested by 
Blaszcak et al. (2016). 
100 Amounts are combined across all savings accounts for each customer and measured as averages per month 
the respective account was active in a given quarter relative to training (see Section 3.3). 
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opening accounts prior to training, use these less intensely than existing customers. We 
will explore both mechanisms in the heterogeneity analysis in more detail.  

Figure 4. Non-parametric event study coefficients (intensive margin) 

Notes: Red circles represent the estimated coefficients of event time indicators (i.e. the 𝛽𝛽𝑞𝑞’s from the non-para-
metric event study) with to 𝑞𝑞 ≤ −13 normalized to zero. Grey circles represent the 95% confidence intervals 
based on clustering standard errors at the individual level following Bertrand et al. (2004). 

Coefficient estimates from the semi-dynamic models shown in Table 8 again represent esti-
mated deviations from existing pre-trends in outcome variables. The impact estimates show 
how account usage decreases in the first two quarters after training – with lower deposits, 
higher withdrawals, and fewer transactions. However, the sign of coefficient estimates switch 
in the third quarter after training: One year after the training, trainees have roughly 900 
KES (10 USD) higher monthly deposit levels compared to the expected counterfactual given 
the existing pre-trends. This is a significant increase relative to an average of 5,500 KES 
over the pre-treatment period.101 Trainees also perform roughly 10.5% more transactions 
four quarters after training, suggesting that the training increased usage of accounts among 
those who keep active accounts. At the same time, the semi-dynamic event study model 

                                        
101 The pre-treatment levels in monthly deposit, credit, and transactions are similar to those reported in study 
by Dupas et al. (2019), which offered free savings accounts to 855 individuals in Kenya in 2012. 
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suggests little overall impact on balances. The estimates suggest that balances are 96 KES 
higher in the final quarter than expected if trainees would have continued their pre-training 
trends. This is substantial relative to the pre-treatment mean of 85 KES – but economically 
marginal, implying an increase of roughly 1 USD in average monthly savings.  

 Impact estimates from semi-dynamic event study (intensive margin) 

 Deposits  
(credit) 

Withdrawals 
(debit) 

Monthly trans-
actions  

Balance  
(credit – debit) 

 (1) (2) (3) (4) 
Pre-trend (Q) -14.7 75.0 0.04 63.7 
 (-0.23) -1.2 (2.76)** (2.93)** 
Pre-trend (Q^2) -37.2 34.8 0.00 1.6 
 (-2.98)** (2.93)** (-0.37) -0.4 
Pre-trend (Q^3) -1.8 1.6 0.00 0.0 
 (-2.59)** (2.37)* -0.55 (-0.08) 
Quarter 0 -473.1 492.3 -0.24 -24.5 
 (-6.68)*** (7.42)*** (-14.55)*** (-1.05) 
Quarter 1 -418.6 516.9 -0.24 21.5 
 (-5.23)*** (6.92)*** (-13.00)*** -0.8 
Quarter 2 -223.5 360.6 -0.17 30.2 
 (-2.49)* (4.27)*** (-7.98)*** -1.0 
Quarter 3 503.1 -322.3 0.13 64.1 
 (5.08)*** (-3.45)*** (5.60)*** -2.0 
Quarter 4 892.6 -667.9 0.25 95.8 
 (8.56)*** (-6.74)*** (9.91)*** (2.96)** 
Branch-cohort FE  Yes Yes Yes Yes 
Year-by-branch FE Yes Yes Yes Yes 
Adj. R-Squared 0.047 0.048 0.082 0.012 
# Obs. 458013 458013 458013 458013 
# Cluster 53656 53656 53656 53656 
Outcome mean 5459.6 -5367.0 2.31 82.8 
Outcome SD 13152.9 12898.1 3.53 2487.0 
Pre-treatment mean 5211.9 -5103.2 2.23 85.2 
Mean impact 70.1 94.8 -0.06 46.7 
Mean impact p-value  0.503 0.334 0.005 0.182 
Notes: Coefficient estimates are in KES and aggregated across all savings accounts for each customer. De-
posits, withdrawals, and transactions are aggregated across all savings accounts for each customer. Pre-
treatment means are computed over three years preceding the training. Parentheses represent t-test statistics 
based on clustering standard errors at the individual level following Bertrand et al. (2004). Q refers to the 
quarter relative to the training start. SD = Standard Deviation. 
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6.2 Subgroup analysis 

In this section, I study the effect of training among different subgroups of training partici-
pants. I do so by interacting the treatment variables with indicator variables based on pre-
treatment characteristics from the registration survey. I focus on subgroups that have been 
identified in the financial education literature as key determinants of impact heterogeneity: 
Gender, age, and education level are socio-demographic dimensions across which financial 
education is considered to vary significantly (Kaiser & Menkhoff, 2017), and all of these are 
included in the registration survey. In addition, I provide exploratory results from subgroup 
analysis related to the self-reported occupation (farmers, business owners).  

The non-parametric event study model to estimate subgroup impacts becomes:  

(4) 𝑌𝑌𝑖𝑖𝑖𝑖𝑡𝑡 =  𝛼𝛼𝑖𝑖 + ∑ 𝛽𝛽𝑞𝑞𝑙𝑙{𝑞𝑞 = 𝑇𝑇𝑖𝑖𝑖𝑖𝑡𝑡} 𝑞𝑞=5
𝑞𝑞=−11 + ∑ 𝛽𝛽𝑞𝑞𝑙𝑙{𝑞𝑞 = 𝑇𝑇𝑖𝑖𝑖𝑖𝑡𝑡} × 𝑙𝑙𝑝𝑝 

𝑞𝑞=5
𝑞𝑞=−11 + 𝜇𝜇𝑡𝑡 × 𝛾𝛾𝑖𝑖 + 𝜀𝜀𝑖𝑖𝑖𝑖𝑡𝑡 

with 𝕝𝕝𝑝𝑝 as an indicator variable for the subgroup, I consider in the respective sub-section 
(this is similar to the model in Blascak et al. (2019)).  

In the semi-parametric event study model, I additionally interact the subgroup-indicator 
with the pre-treatment trend relative to the quarter of training, to account for the fact that 
subgroups may have been on different (relative) time trends prior to training. For instance, 
the non-parametric event study model becomes 

(5) 𝑌𝑌𝑖𝑖𝑖𝑖𝑡𝑡 =  𝛼𝛼𝑖𝑖  +  𝛿𝛿1𝑞𝑞𝑖𝑖𝑡𝑡 + 𝛿𝛿2𝑞𝑞𝑖𝑖𝑡𝑡
2 +  𝛿𝛿1𝑞𝑞𝑖𝑖𝑡𝑡 × 𝑙𝑙𝑝𝑝 + 𝛿𝛿2𝑞𝑞𝑖𝑖𝑡𝑡

2 × 𝑙𝑙𝑝𝑝 + 𝛿𝛿2𝑞𝑞𝑖𝑖𝑡𝑡
3 × 𝑙𝑙𝑝𝑝 

+ �𝛽𝛽𝑞𝑞𝑙𝑙{𝑞𝑞 = 𝑇𝑇𝑖𝑖𝑖𝑖𝑡𝑡} 
𝑞𝑞=5

𝑞𝑞=0
+ �𝛽𝛽𝑞𝑞𝑙𝑙{𝑞𝑞 = 𝑇𝑇𝑖𝑖𝑖𝑖𝑡𝑡} × 𝑙𝑙𝑝𝑝 

𝑞𝑞=5

𝑞𝑞=0
+  𝜇𝜇𝑡𝑡 × 𝛾𝛾𝑖𝑖 + 𝜀𝜀𝑖𝑖𝑖𝑖𝑡𝑡 

For brevity, I only discuss results from the semi-parametric event study model and focus 
on those outcomes with the highest relevance for judging the impact of training participa-
tion across subgroups. In addition, for ease of interpretation and readability, I display full 
coefficient estimates for each subgroup separately (instead of the interaction coefficients).  

Gender 

Table 9 provides results for the semi-dynamic event study regressions separately by gender. 
In line with the previous empirical evidence, women are less likely to already possess a 
savings account prior to training and have lower credit and debit levels on active accounts. 
Existing studies typically posit that those who are less financially included at baseline (e.g. 
often women) are expected to observe larger positive effects from financial inclusion inter-
ventions (Dupas et al., 2018; Lusardi, 2019). In contrast, I observe that impacts on the 
extensive margin are very similar for female and male participants. If anything, women are 
slightly less responsive to trainings than male participants, as fewer of them open savings 
accounts in the training quarter and we observe little overall impact on monthly deposits. 
This is in line with evidence from meta-analyses (e.g., Kaiser & Menkhoff, 2017), which 
find no discernable impact heterogeneity across studies by gender of participants.  
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 Subgroup impact estimates : Gender  

 Female  Male 
 (1)  (2) (3)  (1)  (2) (3) 
 Has active 

account 
Monthly 
deposits 

Monthly 
balance 

 
Has active 
account 

Monthly 
deposits 

Monthly 
balance  

Pre-trend (Q) 0.021 -2.2 60.2  0.018 -77.4 72.9 
 (35.65)*** (-0.03) (2.29)*  (21.55)*** (-0.64) -1.9 
Pre-trend (Q2) 0.002 -37.2 1.4  0.002 -46.5 2.4 
 (24.96)*** (-2.56)* -0.3  (15.25)*** (-1.97)* -0.3 
Pre-trend (Q3) 0.000 -1.9 0.0  0.000 -2.2 0.0 
 (22.31)*** (-2.33)* (-0.00)  (14.40)*** (-1.65) (-0.06) 
Quarter 0 0.015 -476.1 -19.9  0.026 -411.0 -38.2 
 (17.54)*** (-5.86)*** (-0.70)  (20.13)*** (-3.06)** (-0.94) 
Quarter 1 0.025 -450.5 26.1  0.031 -293.4 5.2 
 (26.28)*** (-4.87)*** -0.8  (21.48)*** (-1.97)* -0.1 
Quarter 2 0.027 -298.1 29.3  0.029 -11.5 21.2 
 (25.87)*** (-2.84)** -0.8  (18.35)*** (-0.07) -0.4 
Quarter 3 0.008 413.8 72.8  0.008 687.6 43.3 
 (7.64)*** (3.63)*** -1.8  (4.79)*** (3.65)*** -0.8 
Quarter 4 0.004 814.4 97.0  0.003 1025.5 81.8 
 (3.32)*** (6.75)*** (2.47)*  (1.80) (5.12)*** -1.5 
Quarter 5 0.004    0.001   
 (2.93)**    (0.57)   
Branch-Cohort Yes Yes Yes  Yes Yes Yes 
Year-Branch Yes Yes Yes  Yes Yes Yes 
Adj. R-Sq. 0.063 0.052 0.018  0.054 0.051 0.015 
# Obs. 2544486 291582 291582  1250193 166431 166431 
# Cluster 121166 34601 34601  59533 19055 19055 
⌀ Outcome  0.146 5029.0 91.5  0.173 6232.7 65.8 
SD Outcome  0.354 12013.5 2427.2  0.378 15110.1 2606.2 
⌀ Pre-treat. 0.128 4845.916  93.7  0.155 5864.0 69.3 
⌀ Impact 0.017 0.9 51.3  0.020 249.3 28.3 
⌀ Impact  
p-value  

0.000 0.994 0.228  0.000 0.206 0.638 

Note: See notes for Table 7 and Table 8. 

Age 

Next, I turn to differences among age groups of training participants. Some studies have 
suggested that providing financial education earlier in life (during the “formative years”) 
could be more effective (Kaiser & Menkhoff, 2017). The argument is that earlier training 
counteracts a documented low demand for voluntary financial education later in the life 
cycle (Lührmann et al., 2018). To assess impact heterogeneity by age, Table 10 provides 
the semi-dynamic impact estimates separately for individuals above and below 25 years at 
the time of training. Overall, the results are comparable in direction and magnitude in both 
groups, suggesting little impact heterogeneity. If anything, the results suggest that older 
trainees are somewhat more “reliable” customers: While fewer open an account in the train-
ing quarter, among those who do, a larger share is keeping an active account until five 
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quarters after training (Column (2)).102 Further, the results also show a slightly stronger 
increase in monthly deposits among these active customers in the medium-term. However, 
the differences by age are rather small in magnitude.  

 Subgroup impact estimates : Age 

 Below 25 years  Above 25 years 
 (1)  (2) (3)  (1)  (2) (3) 
 Has active 

account 
Monthly 
deposits 

Monthly 
balance 

 
Has active 
account 

Monthly 
deposits 

Monthly 
balance  

Pre-trend (Q) 0.018 -13.3 65.7  0.023 -40.8 54.5 
 (25.45)*** (-0.16) (2.48)*  (33.98)*** (-0.41) -1.5 
Pre-trend (Q2) 0.002 -31.2 1.7  0.002 -47.1 0.3 
 (17.32)*** (-1.98)* -0.3  (24.24)*** (-2.43)* 0.0 
Pre-trend (Q3) 0.000 -1.5 0.0  0.000 -2.2 0.0 
 (16.62)*** (-1.72) (-0.14)  (20.76)*** (-2.07)* (-0.09) 
Quarter 0 0.023 -492.1 -30.2  0.014 -372.1 -10.0 
 (21.83)*** (-5.41)*** (-1.04)  (14.74)*** (-3.42)*** (-0.26) 
Quarter 1 0.028 -457.4 9.2  0.026 -289.1 42.7 
 (23.85)*** (-4.45)*** -0.3  (24.41)*** (-2.36)* -1.0 
Quarter 2 0.027 -249.6 16.5  0.028 -80.0 54.0 
 (20.85)*** (-2.17)* -0.4  (24.45)*** (-0.58) -1.1 
Quarter 3 0.005 449.7 50.9  0.012 650.0 92.7 
 (3.56)*** (3.52)*** -1.3  (9.71)*** (4.31)*** -1.8 
Quarter 4 -0.001 833.7 80.4  0.009 1022.959  126.9 
 (-0.37) (6.13)*** (2.01)*  (6.47)*** (6.44)*** (2.42)* 
Quarter 5 -0.003    0.010   
 (-1.73)    (6.49)***   
Branch-Cohort  Yes Yes Yes  Yes Yes Yes 
Year-Branch  Yes Yes Yes  Yes Yes Yes 
Adj. R-Sq. 0.048 0.053 0.015  0.072 0.055 0.016 
# Obs. 1839852 225069 225069  1954827 232944 232944 
# Cluster 87612 26966 26966  93087 26690 26690 
⌀ Outcome  0.156 5385.1 83.9  0.154 5535.1 91.3 
SD Outcome  0.363 12326.6 2160.2  0.361 13951.1 2872.8 
⌀ Pre-treat. 0.137 5040.1 79.9  0.136 5382.5 100.8 
⌀ Impact 0.016 21.1 31.7  0.020 232.9 76.6 
⌀ Impact  
p-value  

0.000 0.876 0.465  0.000 0.145 0.174 

Notes: See notes for Table 7 and Table 8. 

Education 

Next, I assess differences in impact estimates across training participants with different 
baseline education levels (Table 11). To this end, I classify trainees with not more than 
(completed) primary education as lower educated. This concerns roughly 60% of the total 

                                        
102 Note that that the impact in the training quarter is lower among older trainees but the long-term impacts 
and corresponding average impact over all five quarters is larger than among younger trainees. 
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sample. In line with expectation, I document that better-educated trainees have a higher 
probability to already possess an (active) savings account prior to training. They also have 
significantly higher monthly deposits and withdrawals, likely related to higher incomes given 
their education level. With regards to impacts, I observe that trainees with higher education 
levels are significantly more likely to open a savings account in the quarter of training 
(Column 1).  

 Subgroup impact estimates : Education 

 At most primary education  Higher education 
 (1)  (2) (3)  (1)  (2) (3) 
 Has active 

account 
Monthly 
deposits 

Monthly 
balance 

 
Has active 
account 

Monthly 
deposits 

Monthly 
balance  

Pre-trend (Q) 0.027 -30.9 30.2  0.010 74.9 105.6 
 (39.65)*** (-0.40) -1.2  (13.31)*** -0.7 (2.73)** 
Pre-trend (Q2) 0.003 -41.8 -4.9  0.001 -16.3 10.4 
 (30.07)*** (-2.79)** (-0.95)  (9.69)*** (-0.72) -1.4 
Pre-trend (Q3) 0.000 -2.1 -0.4  0.000 -0.5 0.5 
 (27.09)*** (-2.51)* (-1.34)  (9.99)*** (-0.37) -1.2 
Quarter 0 0.016 -468.4 8.9  0.023 -509.5 -73.8 
 (16.89)*** (-5.47)*** -0.3  (20.22)*** (-3.90)*** (-1.73) 
Quarter 1 0.027 -420.5 62.3  0.028 -414.4 -34.5 
 (25.89)*** (-4.20)*** -1.9  (21.46)*** (-2.73)** (-0.68) 
Quarter 2 0.025 -224.0 73.2  0.024 -127.0 -8.7 
 (22.09)*** (-2.10)* (2.12)*  (16.53)*** (-0.77) (-0.16) 
Quarter 3 0.005 480.1 115.5  0.004 620.1 11.9 
 (4.62)*** (4.04)*** (2.99)**  (2.45)* (3.32)*** -0.2 
Quarter 4 0.001 873.0 159.9  -0.003 1021.0 37.0 
 (1.01) (6.86)*** (4.20)***  (-1.86) (5.16)*** -0.6 
Quarter 5 0.001    -0.006   
 (0.61)    (-3.01)**   
Branch-Cohort  Yes Yes Yes  Yes Yes Yes 
Year-Branch  Yes Yes Yes  Yes Yes Yes 
Adj. R-Sq. 0.070 0.063 0.022  0.047 0.038 0.012 
# Obs. 2048382 226098 226098  1327935 169910 169910 
# Cluster 97542 27508 27508  63235 19096 19096 
⌀ Outcome  0.140 4628.0 84.3  0.168 6701.729 87.116 
SD Outcome  0.347 11597.8 2265.1  0.373 6701.7 87.1 
⌀ Pre-treat. 0.120 4558.6 98.6  0.156 15215.5 2810.6 
⌀ Impact 0.015 60.0 104.9  0.014 6142 .731 73.6 
⌀ Impact  
p-value  

0.000 0.635 0.011  0.000 0.450 0.793 

Notes: See notes for Table 7 and Table 8. 

However, this impact is short-lived since a larger share of them does not use this account 
actively – hence the average impact on active account ownership is similar across both 
groups in the longer term. In addition, higher educated show less impacts on the intensive 
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margins: While treatment effects on deposits are larger in magnitude they are smaller rel-
ative to pre-treatment levels and do not translate into significant impacts on saving bal-
ances. In contrast, the training has a positive impact on monthly saving among lower edu-
cated trainees that use their account actively on year after training (1.7 USD per month, 
twice the pre-treatment average). This is in contrast to previous research, suggesting that 
poorer individuals may have less scope in increasing their savings rate following financial 
inclusion programs (Dupas et al., 2018). 

Occupation 

The registration survey asked individuals whether they were self-employed or business own-
ers, dependent employed, or primarily farmers. While multiple answers were possible, most 
individuals identified either as business owners or farmers. I test for differential impacts 
across these two groups because business owners may have very different incentives to par-
ticipate in financial literacy training provided through a local banking agent (e.g. accessing 
loans). This appears to be the case (Table 12): Among business owners, impact estimates 
on the extensive and intensive margin are comparatively small in magnitude.103 In contrast, 
farmers are among those who are most responsive to the training. Not only does a large 
share of farmers open an account in the quarter of their training, but they are also more 
likely to keep these accounts active in the medium term. Trained farmers are 1.8 p.p. more 
likely to keep an active account five quarters after training (14.4% vs. 12.6% before). Farm-
ers are also among the only subgroups that show a significant and economically large in-
crease in average monthly balances over the entire post-treatment period. One year after 
training, farmers keep roughly 270 KES (3 USD) higher monthly balances – more than 
twice the pre-training average of 103 KES.104 This presents an economically significant in-
crease in savings, taken as baseline that median monthly incomes among Kenyan farmers 
were around 20 USD in 2017 (Shrader, 2018). 

  

                                        
103 Note that business owners have higher account ownership and deposit levels already prior to training which 
is in line with their higher economic status. In contrast, farmers are among the groups with lowest baseline 
levels in account ownership and monthly deposits prior to training. 
104 Recent, representative data on rural incomes in Kenya does not exist. However, a 2017 survey among more 
than 2000 farmers by Mercy Corps reports median monthly total incomes of around 22 USD (2000 KES) and 
69% of the sample living on less than 2 USD per day (Shrader, 2018).  
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 Subgroup impact estimates : Occupation 

 Farmer  Business owner 
 (1)  (2) (3)  (1)  (2) (3) 
 Has active 

account 
Monthly 
deposits 

Monthly 
balance 

 
Has active 
account 

Monthly 
deposits 

Monthly 
balance  

Pre-trend (Q) 0.021 -111.4 -48.7  0.020 22.7 119.8 
 (23.95)*** (-1.09) (-1.44)  (34.85)*** -0.3 (4.32)*** 
Pre-trend (Q2) 0.002 -63.9 -14.0  0.002 -26.2 8.4 
 (15.17)*** (-3.13)** (-2.08)*  (25.65)*** (-1.64) -1.6 
Pre-trend (Q3) 0.000 -3.7 -0.7  0.000 -1.0 0.2 
 (13.10)*** (-3.13)** (-1.79)  (23.44)*** (-1.18) -0.8 
Quarter 0 0.028 -371.3 109.7  0.013 -479.3 -94.8 
 (20.81)*** (-3.46)*** (3.14)**  (15.61)*** (-5.19)*** (-3.14)** 
Quarter 1 0.036 -255.1 168.5  0.022 -435.7 -64.8 
 (24.41)*** (-2.09)* (4.27)***  (23.14)*** (-4.18)*** (-1.88) 
Quarter 2 0.040 -136.9 201.0  0.022 -187.4 -72.6 
 (24.19)*** (-1.02) (4.57)***  (20.55)*** (-1.58) (-1.84) 
Quarter 3 0.018 488.4 250.1  0.003 553.7 -48.0 
 (10.88)*** (3.28)** (5.10)***  (2.23)* (4.21)*** (-1.11) 
Quarter 4 0.015 782.8 268.1  -0.003 987.9 -11.4 
 (8.27)*** (4.95)*** (5.51)***  (-2.01)* (7.12)*** (-0.27) 
Quarter 5 0.018    -0.004   
 (8.24)***    (-2.37)*   
Branch-Cohort  Yes Yes Yes  Yes Yes Yes 
Year-Branch  Yes Yes Yes  Yes Yes Yes 
Adj. R-Sq. 0.087 0.064 0.032  0.051 0.046 0.011 
# Obs. 1152375 134498 134498  2582202 316665 316665 
# Cluster 54875 16456 16456  122962 36345 36345 
⌀ Outcome  0.149 4249.9 61.9  0.158 5986.6 91.2 
SD Outcome  0.356 10393.0 2125.5  0.365 14326.3 2657.4 
⌀ Pre-treat. 0.126 4193.3 103.2  0.142 5630.8 77.0 
⌀ Impact 0.031 127.0 249.3  0.011 109.8 -72.9 
⌀ Impact  
p-value  

0.000 0.425 0.000  0.000 0.424 0.109 

Notes: See notes for Table 7 and Table 8. 

7 Identifying assumptions and robustness tests 

Two related identification assumptions underlie the event study approach in a setting with 
staggered treatment assignment: First, the assumption of parallel paths across earlier and 
later treatment groups.105 Second, the assumption of homogenous treatment effects across 
training cohorts in order to identify true average treatment effects (Athey & Imbens, 2021). 
Both assumptions depend crucially on whether program rollout was exogenous to partici-
pants and therefore unrelated to participant characteristics and pre-treatment trends in 

                                        
105 Note that the inclusion of individual-level fixed-effects in the empirical specification alters the identifying 
assumption since all time-invariant characteristics which may bias treatment effects are accounted for. 
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outcomes. In the semi-parametric event study model, this implies the absence of systematic 
selection into earlier or later treatment cohorts – conditional on observables and modeled 
pre-treatment trends (i.e. the flexible cubic spline in time relative to training start). 

This section starts by testing differences in trainee characteristics across cohorts to assess 
the validity of the overall research design. The fact that the FiKA training was rolled out 
sequentially both across and within branches of Equity Bank allows for a variety of tests: 
whether the program rollout itself was targeted to specific customers, to branches with 
specific customers, as well as whether specific customers were targeted first by trainers once 
stationed in a branch. The endogeneity tests implemented in this section are similar to 
those in related empirical work such as de Janvry et al. (2015). Subsequently, I test whether 
the empirical results of the baseline semi-parametric event study are robust to alternative 
specifications of the pre-treatment time trends.  

7.1 Tests for endogenous program rollout 

Overall program rollout  

In a first step, I test whether observable characteristics of trainees differ between earlier 
and later trained cohorts of the program (thus combining rollout across and within 
branches). I do so by regressing trainee characteristics on a continuous variable for the 
quarter of training relative to the first cohort in my sample (2011:Q4).106 In Figure A4, each 
row represents a separate regression of the training quarter on the baseline variable of 
interest. The results suggest that overall program rollout, even after excluding the initial 
four cohorts (see Section 2), was still focused on specific groups. Later trainees are more 
often female, have more dependents, are better educated, and less often farmers. In addition, 
they have been a customer at the bank for a longer period of time and have taken a loan 
with the bank before the training. At the same time, the magnitude of estimated coefficients 
is fairly small relative to means. For example, in each cohort, the share of females increases 
on average by 1.5 percentage points, relative to an average of 66% across all cohorts.  

Rollout across branches  

In a second step, I assess the rollout of the training across branches of the bank. By account 
of program implementers at EGF, the branch-level rollout of the program was decided by 
the potential size of the target group in each branch. As discussed in Section 2, the FiKA 
program targeted mainly females and male youth. However, it is not quite clear how this 
targeting was implemented, e.g. which data was accessed to target specific branches. The 

                                        
106 The test was also performed using a single indicator variable for each implementation quarter and performing 
a combined F-test on the coefficients. This tests more flexibly for differences between cohorts instead of assuming 
a linear trend (as in the specification above). Since the results are generally similar, I only present the more 
readable format in the tables below.  
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map of program rollout across branches (Figure 2) does not suggest any strict geographical 
targeting of the program.  

To test for endogeneity in program rollout across branches, I regress branch averages of 
customer characteristics on a continuous variable for the quarter of first training at this 
branch.107 One has to note that the data consists entirely of prospective training partici-
pants. Hence, I cannot test the characteristics for the entire pool of customers for each 
branch. However, since the pool of training participants should reflect the pool of eligible 
participants at each branch (the target group), the decision of branch rollout is likely to be 
driven by the same information.  

Figure A5 shows that trainees in earlier and later implementing branches differ only in few 
socio-economic characteristics on average, and that coefficient estimates are again very small 
relative to means. If at all, the stock of eventual trainees in earlier implementing branches 
are somewhat lower educated and slightly younger. Further, trainees in earlier implementing 
branches do not observe different pre-training account ownership characteristics than those 
in later branches.108 In an additional check (not displayed here), I also perform these tests 
with existing customers only (those that opened a bank account prior to training) and with 
customers who had an account in the quarter prior to the first availability of the program 
in their branch. The results are very similar.  

Additionally, note that all event study models in Section 5 include branch fixed effects 
(nested within branch-by-quarter fixed effects), which control for all branch-level time-in-
variant characteristics that may determine earlier implementation at specific branches 
(such as distance from Nairobi). Thus, I only require the weaker identifying assumption 
that the timing of implementation at each branch is independent of underlying pre-imple-
mentation time trends (such as the growth of branch or trends in account usage across all 
customers). This implies, for example, that one does not observe a stronger increase in 
(e.g.) female customers in the quarters leading to training start at the branch. Or a 
stronger increase in new account openings prior to program start at the branch level in 
earlier relative to later adopting branches. If this were the case, time-varying unobserved 
variables on the branch level may affect the trends in outcomes differently for early/late 
adopters.  

                                        
107 I also tested whether trainees differ between early and late implementing branches conditional on their 
within-branch cohort (i.e. by including respective fixed effects in the model) and the results remain comparable.  
108 However, since outcome variables (account data) are only observable among prospective training participants, 
it is more difficult to establish a valid test for the assumption that early and later starting branches did not 
observe differential pre-training trends in terms of customers’ behavior. One possibility, following Kaplan (2011), 
would be to test whether pre-training changes in outcome variables co-vary with pre-training time-constant 
characteristics of the treatment population (e.g. share female). That is, one could test whether time-constant 
pre-training characteristics (e.g. female) are correlated with pre-training trends in outcome variables (e.g. open-
ing an additional account). 
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Rollout within branches  

In a final step, I test whether the timing of the treatment within branches is correlated to 
pre-treatment customer characteristics by regressing trainee characteristics on the quarter 
of first training relative to the program start at this branch. These specifications addition-
ally include branch-level fixed effects and hence measure the deviation for each cohort 
within branches from the overall branch mean. 

The results in Figure A6 show that trainees who adopted the training earlier indeed differ 
substantially from late adopters within the same branch. As expected, the sign and mag-
nitudes are very similar to the exogeneity tests for overall program roll-out. In terms of 
socio-demographic characteristics, earlier trainees are generally more often male, less edu-
cated, and business owners (rather than farmers). More importantly, however, earlier 
trainees are less likely to be longer-term customers of the bank (as suggested by duration 
since the first account was opened) and less likely to have a loan account prior to train-
ing. Hence, within branch targeting of specific individuals seems to driver overall rollout 
targeting of the program.  

There are two alternative explanations for observing this pattern: First, trainers targeted 
specific individuals out of the overall customer base at a branch. This could represent some 
form of “cream-skimming” effect, where individuals who are expected to benefit the most 
from the got offered the training first. Second, differences in early and late trainee charac-
teristics within branches could also represent endogenous take-up of the treatment, with 
specific groups of customers (e.g. males) being more likely to accept the program offer 
earlier. That is, the differential characteristics are driven by endogenous self-selection of 
existing customers into early treatment for example by more motivated individuals (e.g. 
participants assess likely gains based on info unavailable to authors).  

To address the potential bias stemming from differences in earlier and later trainees, the 
main specification includes fixed effects for each cohort relative to training start, to allow 
for level shifts in outcome variables across cohorts (akin to, e.g., Blascak et al. (2019), 
Dobkin et al. (2018)). In addition, in the following robustness section, I test whether the 
results change when including different sets of fixed effects (in particular individual-level 
fixed effects) or including the set of socio-economic characteristics into the semi-parametric 
event study model. I do not find any evidence that the main results change significantly 
under different specifications, which indicates that the main results are not driven by indi-
vidual- or cohort-specific characteristics.  

7.2 Robustness 

This sub-section presents results from a number of alternative specifications of the main 
parametric event study model estimated in Section 5. The parallel paths assumption re-
quires that outcomes of later trained customers (the comparison group) adequately repre-
sent the trajectory of earlier trained customers in the absence of the program. The non-
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parametric event study results in Section 6.1 have shown that there are indeed pre-trends 
in some outcome variables leading up to the training. Such secular pre-trends can be ac-
counted for by the semi-parametric event study approach, as has been shown by recent 
studies (Borusyak & Jaravel, 2017). A bias could be introduced if the pre-treatment trends 
were not adequately modeled through the parametric specification (i.e. the flexible cubic 
spline in time relative to training start). I therefore estimate alternative specifications of 
the pre-treatment time-trend – e.g. including linear or quadratic trends or testing alterna-
tive specifications of the fixed effects. Overall, robustness tests with alternative specifica-
tions of the semi-parametric event study regression yield very similar results in the magni-
tude and pattern of coefficients. 

Figure A4 in the Appendix displays coefficient estimates from the baseline parametric event 
study model, which includes branch-specific cohort fixed effects (to account for targeting of 
customers within branches) and calendar-year-by-branch cohort fixed effects (accounting 
for shocks that affect all trainees at one branch in a specific calendar year).109 The subse-
quent tables present results from these different specifications of the baseline semi-paramet-
ric event study model. The first four tables present event study estimates when including 
(i) program cohort fixed effects instead of branch-specific cohort fixed effects (Figure A8); 
(ii) individual-level rather than branch-specific cohort fixed effects (Table A12); (iii) a set 
of observed socio-economic variables as potential confounders (Figure A10); and (iv) 
branch-cohort specific time trends relative to the training quarter (in addition to branch-
cohort fixed effects) (Figure A11). Results are very similar across all specified models. The 
only relevant difference I observe is that including individual-level fixed effects changes the 
impact on monthly deposits, suggesting some earlier adoption based on unobserved indi-
vidual-level characteristics (that are not common to all trainees of one within-branch co-
hort). However, the results remain qualitatively the same, given that the small increase in 
saving balances was not interpreted as a significant improvement in the main analysis. 

Next, I test whether results from the baseline semi-parametric event study change when 
using a less restricted sample of training participants. As discussed in Section 4, the main 
analysis excluded participants from the first four training cohorts (prior to expansion of the 
program under additional funding) as they targeted primarily group-lending and NGO-
related program participants. In addition, trainees that had a loan account were excluded 
in order to isolate the pure effect of training participation on account uptake and subsequent 
balances. I perform two robustness tests in this regard: Firstly, I include the initial four 
program cohorts (Figure A12). Secondly, I include trainees that possess a loan with Equity 
Bank before or after training (Figure A13). Neither substantially changes the results from 

                                        
109 I focus the discussion on the four key outcome variables, but results hold across other outcomes. Full tables 
are available upon requests. 
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the main specification, demonstrating that the main results are not driven by the initial 
sample definition.  

8 Conclusion 

In many developing countries, most people save only in informal ways – such as keeping 
cash at home or buying illiquid assets – which may be costly, risky, or inconvenient (Dupas 
et al., 2018). The potential benefits of improving financial literacy among poor individuals 
in low-income countries have been well acknowledged by researchers and policymakers. A 
recent literature review by Lusardi (2019) shows that financial literacy positively affects 
household welfare by improving saving and investment behavior, debt management and 
borrowing practices. Despite these potential benefits, evaluations of financial education pro-
grams report limited impacts on actual financial behavior, even when improving financial 
literacy (Kaiser et al., 2020; Kaiser & Menkhoff, 2017). At the same time, the majority of 
existing impact evaluations are based on self-reported data on financial behavior and sample 
sizes are often rather small.  

This paper analyzes the impact of a financial literacy training program in Kenya on actual 
financial behavior using individual-level bank account data of participants. The program 
under study and the data available are large in size, with survey and bank account data for 
more than 640,000 participants who hold more than 745,000 different savings and loan 
accounts. Importantly, the program implementation allows identifying causal treatment ef-
fects in a quasi-experimental setting by exploiting the sequential rollout of training across 
and within branches of the bank over time.  

The findings show that a substantial share of the impact of training on account ownership 
is related to trainees that opened their first bank account around the time of training. 
However, a large share of these accounts are not actively used by training participants. One 
and a half years after participation, the share of trainees keeping an active account is not 
significantly higher than the estimated counterfactual, taking into account pre-treatment 
trends. Thus, the impact seems to be confined to a marketing effect implied by the training 
implementation through branches of the bank. The result that such marketing does not 
lead to longer-term impacts on active account ownership (the extensive margin) is in line 
with evidence from financial inclusion programs that offer subsidized savings accounts (e.g., 
Dupas et al., 2018, 2019).  

Given the large share of trainees that open inactive accounts, impacts on monthly deposit 
and transaction levels are marginal for the average trainee. However, the results indicate 
substantial impacts on deposit and transaction levels among remaining active customers. 
One year after the training, monthly deposits on active accounts are roughly 10 USD above 
the estimated counterfactual. This is a significant increase relative to an average of 58 USD 
over the pre-treatment period. This goes in hand with roughly 1 USD of additional monthly 
savings, more than twice the pre-treatment mean. 
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Given that impacts seem to be confined to a subgroup of trainees who continue to actively 
use the account: How could the program enhance its targeting to increase its cost-effective-
ness? Previous studies suggest that financial literacy trainings should be targeted at socio-
demographic groups – such as youth or women (Lusardi, 2019). In contrast, I do not find 
that impacts vary by age or gender but across educational and occupational groups. My 
results suggest that groups that were likely less financially educated prior to training (e.g. 
lower educated and farmers) observe the strongest impact on active account usage and 
monthly savings. This is in line with results from two studies in Europe and India (S. Cole 
et al., 2011; Fort et al., 2016), which relate these results to diminishing returns to financial 
education upon higher baseline levels of education. The findings suggest that the design of 
financial education programs may benefit from an increased targeting on individuals who 
have low baseline levels of financial literacy, rather than broad socio-demographic groups. 
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Appendices 

Figure A1. Financial Literacy for Africa (FiKA) training components 

Financial Literacy for Africa (FiKA) Training components 
Introduction to financial Education 
Module 1: Budgeting 

• Introduction to Budgeting 
• Living Within Your Means 
• Household Vs Business Budget 

Module 2: Savings 
• Plan to Save 
• Saving on a limited income  
• Ways to Save 

Module 3: Bank Services 
• Compare and Contrast Products and Services 
• Choosing an Account 
• Optional: Using Automatic Teller Machines (ATMs) 
• Optional: Introducing Mobile Banking 

Module 4: Debt Management 
• Can I Take on a Loan? 
• Good Loans vs. Bad Loans 

How Much Debt Can I Afford? 
Awards ceremony (its like a PhD) 
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Figure A2. Program rollout across and within branches 
Program rollout across branches 

Calendar quarter 
2010

q4 
2011

q1 
2011

q2 
2011

q3 
2011

q4 
2012

q1 
2012

q2 
2012

q3 
2012

q4 
2013

q1 
2013

q2 
2013

q3 
2013

q4 
Total 

# Branches where training  
introduced for the first time 

48 40 8 1 10 2 1 2 2 0 0 1 1 122 

# Branches where training  
introduced earlier (total) 

48 88 96 97 107 109 110 112 114 114 114 115 116 122 

% Branches where training  
introduced earlier (of total) 

39.3 72.1 78.7 79.5 87.7 89.3 90.2 91.8 93.4 93.4 93.4 94.3 95.1 100 

# Branches were training was 
available 

48 77 77 59 98 99 99 102 100 101 105 98 50 122 

# Customers trained 
17,73

2 
34,11

3 
31,49

9 
22,48

6 
54,18

6 
57,72

7 
54,90

0 
59,55

4 
63,82

1 
62,70

0 
61,31

3 
56,14

8 
65,53

1 
641,71

0 
Average # of trainees per branch 369 443 409 381 553 583 555 584 638 621 584 573 1,311 585 
% Customers trained / Total 2.8 5.3 4.9 3.5 8.4 9 8.6 9.3 10 9.8 9.6 8.8 10.2 100 
% Customers trained / Cum. 2.8 8.08 12.99 16.49 24.93 33.93 42.49 51.77 61.72 71.49 81.04 89.79 100 100 

               
Program rollout within branches 

Quarter relative to branch 
program start 

0 1 2 3 4 5 6 7 8 9 10 11 12 Total 

# Customers trained 
46,59

5 
36,20

7 
32,46

5 
46,04

9 
56,88

3 
57,26

0 
57,44

6 
58,33

8 
58,42

5 
55,72

3 
50,99

7 
42,91

5 
39,80

0 
639,10

3 
% of program total 7.26 5.64 5.06 7.18 8.86 8.92 8.95 9.09 9.1 8.68 7.95 6.69 6.2 100 
% of branch total  17.7 9.9 9.3 11 11.4 10.7 11.1 11.2 11.7 11.9 11.4 13 25.2   
Notes: The remaining customers (N=2296, 0.42% of all trainees) are classified as ad-hoc customers which have been trained prior to proper introduction of training at branch. 

 



Figure A3. Survey variables 

  
Group-level information  

• Group Name 
• Group Type  
• Quarter of training 
• Group Registration certificate 
• Nr of members 
• Training venue 
• Day of Meeting 
• Time  

 
Socio-demographic variables 

• Year of Birth 
• Marital status 
• No of dependents 
• Highest level of education 
• Occupation  
• Type of Occupation# 
• Gender 
• Total monthly income  
• Total monthly expenses  

 
Geographic variables 

• Region, County, District  
• Location / Sub location 
• Equity Branch 

 

Financial behavior 
• Do you budget? 
• If yes, what do you include? 
• If not, why?  
• Do you save? 
• How often?   
• Where do you save?  
• Name of financial Institution 
• Account No. 
• Which bank services do you use? 
• Savings per month in KES. 
• Cumulative savings in KES 
• Have you taken a loan? 
• Source of your loan 
• Total loan balance in KES 

 
Other 

• What do you expect to learn from 
this training? 

• How will you use the knowledge? 
• Have you attended previous training 

on financial literacy? 
• If yes, topic(s) covered 
• Institution that conducted training 
• Year of Training 

Notes: # Open-ended question and therefore not used in the empirical analysis.  
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Figure A4. Exogeneity tests for program rollout program cohorts 

  Coefficient t-Statistic 
Adjusted 
R-Square 

Outcome 
mean 

Trainee characteristics     
Female 0.015 3.57*** 0.045 0.671 
Marital status     

Single -0.001 -0.36 0.097 0.179 
Married 0.002 -1.02 0.092 0.815 
Widowed -0.002 -5.38*** 0.046 0.006 

Nr. of Dependents -0.109 -8.40*** 0.152 4.037 
Education     

Primary -0.01 -7.42*** 0.356 0.072 
Primary completed 0.005 -1.83 0.125 0.525 
Secondary 0.006 2.45* 0.091 0.295 
Secondary completed / tertiary -0.001 -0.84 0.06 0.108 

Age     
19-25 0 -0.12 0.039 0.169 
26-35 0.003 -1.85 0.025 0.313 
36-50 -0.002 -1.35 0.01 0.306 
> 50 -0.001 -0.6 0.06 0.212 

Farmer -0.014 -2.43* 0.143 0.28 
Account variables     
Share of customers with…     

has account 1 year before 0.012 4.15*** 0.036 0.239 
saving account before training  0 -0.17 0.052 0.293 
loan account before training 0.002 2.39** 0.012 0.022 
active savings in quarter t-1 -0.014 -6.04*** 0.052 0.187 
Active loan in quarter t-1 0.001 -1.79 0.007 0.015 

First account open quarter 0.77 11.64*** 0.211 14.084 
Notes: Sample size = 420,992 participants. Standard Errors are clustered on the program cohort level.  
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Figure A5. Exogeneity tests for program rollout across branches 

  Coefficient t-Statistic 
Adjusted 
R-Square 

Outcome 
mean 

Trainee characteristics     
Female 0.005 -0.78 0.006 0.658 

Marital status     
Single 0.005 -0.69 -0.002 0.2 
Married -0.004 -0.62 -0.004 0.793 

Widowed -0.001 -1.52 -0.005 0.007 
Nr. of Dependents -0.011 -0.26 -0.008 3.924 
Education     

Primary 0.032 2.57* 0.114 0.103 
Primary completed -0.022 -3.52*** 0.06 0.489 
Secondary -0.012 -2.11* 0.031 0.293 
Secondary completed / tertiary 0.002 -0.37 -0.007 0.115 

Age     
19-25 0.005 -0.87 0.01 0.178 
26-35 0.005 -1.04 0.008 0.322 
36-50 -0.005 -2.38* 0.038 0.299 
> 50 -0.004 -0.62 0 0.201 

Farmer -0.01 -1.3 0.008 0.274 
Account variables     
Share of customers with…     

has account 1 year before -0.003 -0.51 -0.004 0.243 
saving account before training  -0.004 -0.74 -0.002 0.296 
loan account before training 0 -0.04 -0.009 0.024 
active savings in quarter t-1 -0.002 -0.4 -0.006 0.195 
Active loan in quarter t-1 0 -0.2 -0.008 0.016 

First account open quarter -0.059 -0.47 -0.007 14.503 
Notes: Sample size = 115 branches.  
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Figure A6. Exogeneity tests for program rollout within branches 

  Coefficient t-Statistic 
Adj. R-
Square 

Outcome 
mean 

Trainee characteristics     
Female 0.017 3.73*** 0.009 0.671 
Marital status     

Single 0 -0.12 0.009 0.179 
Married 0.002 -0.57 0.008 0.815 
Widowed -0.002 -3.56*** 0.004 0.006 

Nr. of Dependents -0.13 -8.71*** 0.03 4.037 
Education     

Primary -0.015 -5.05*** 0.098 0.072 
Primary completed 0.007 -1.58 0.011 0.525 
Secondary 0.009 2.56* 0.008 0.295 
Secondary completed / tertiary -0.001 -0.49 0.002 0.108 

Age     
19-25 0 -0.11 0.004 0.169 
26-35 0.004 -1.84 0.004 0.313 
36-50 -0.001 -0.73 0.001 0.306 
> 50 -0.003 -0.97 0.006 0.212 

Farmer -0.017 -2.78** 0.02 0.28 
Account variables     
Share of customers with…     

has account 1 year before 0.012 4.58*** 0.011 0.239 
saving account before training  0.001 -0.38 0.007 0.293 
loan account before training 0.002 2.91** 0.002 0.022 
active savings in quarter t-1 -0.015 -5.87*** 0.011 0.187 
Active loan in quarter t-1 0.001 1.12 0.001 0.015 

First account open quarter 0.929 11.71*** 0.087 14.084 
Notes: Sample size = 420,992 participants. Standard Errors are clustered on the program cohort level.  
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Figure A7. Baseline specification: Branch-cohort FE and year-by-branch FE 
 (1) (2) (3) (4) 
 Savings acc. 

opened 
Savings acc.  
set inactive  

Monthly de-
posits 

Monthly bal-
ance  

Pre-trend (Q) 0.006 -0.000 -14.652 63.727 
 (27.54)*** (-0.20) (-0.23) (2.93)** 
Pre-trend (Q^2) 0.001 -0.000 -37.244 1.556 
 (20.89)*** (-2.28)* (-2.98)** (0.37) 
Pre-trend (Q^3) 0.000 -0.000 -1.800 -0.019 
 (16.85)*** (-2.03)* (-2.59)** (-0.08) 
Quarter 0 0.016 -0.002 -473.084 -24.521 
 (25.68)*** (-1.61) (-6.68)*** (-1.05) 
Quarter 1 -0.015 0.011 -418.556 21.492 
 (-31.29)*** (6.87)*** (-5.23)*** (0.81) 
Quarter 2 -0.018 0.082 -223.494 30.194 
 (-39.00)*** (41.98)*** (-2.49)* (1.00) 
Quarter 3 -0.018 0.030 503.074 64.138 
 (-38.40)*** (16.50)*** (5.08)*** (1.95) 
Quarter 4 -0.019 0.025 892.633 95.833 
 (-39.48)*** (12.80)*** (8.56)*** (2.96)** 
Quarter 5 -0.019 0.028   
 (-37.25)*** (13.81)***   
Branch-cohort FE Yes Yes Yes Yes 
Year-by-Branch FE Yes Yes Yes Yes 
Adj. R-Sq. 0.015 0.016 0.047 0.012 
# Obs. 3794679 814754 458013 458013 
# Cluster 180699 59146 53656 53656 
Outcome mean 0.013 0.045 5459.677 82.875 
Outcome SD 0.112 0.208 13152.991 2487.008 
Pre-treatment mean 0.013 0.038 5211.927 85.204 
Mean Impact -0.015 0.035 70.143 46.784 
Mean impact p-value  0.000 0.000 0.503 0.182 
Notes: See notes for Table 7 and Table 8. 
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Figure A8. Robustness tests: Program-cohort FE and year-by-branch FE 
 (1) (2) (3) (4) 
 Savings acc. 

opened 
Savings acc.  
set inactive  

Monthly de-
posits 

Monthly bal-
ance  

Pre-trend (Q) 0.006 -0.000 -7.092 64.444 
 (27.15)*** (-0.19) (-0.11) (2.97)** 
Pre-trend (Q^2) 0.001 -0.000 -36.095 1.769 
 (20.60)*** (-2.27)* (-2.91)** (0.42) 
Pre-trend (Q^3) 0.000 -0.000 -1.751 -0.008 
 (16.45)*** (-2.04)* (-2.54)* (-0.03) 
Quarter 0 0.016 -0.002 -480.008 -25.893 
 (25.76)*** (-1.64) (-6.79)*** (-1.11) 
Quarter 1 -0.015 0.011 -420.562 19.684 
 (-31.31)*** (6.85)*** (-5.26)*** (0.74) 
Quarter 2 -0.018 0.082 -227.044 28.443 
 (-39.12)*** (41.98)*** (-2.53)* (0.95) 
Quarter 3 -0.018 0.030 496.688 62.368 
 (-38.60)*** (16.55)*** (5.05)*** (1.90) 
Quarter 4 -0.019 0.025 884.398 93.927 
 (-39.77)*** (12.88)*** (8.56)*** (2.90)** 
Quarter 5 -0.020 0.028   
 (-37.55)*** (13.80)***   
Program-cohort FE Yes Yes Yes Yes 
Year-by-Branch FE Yes Yes Yes Yes 
Adj. R-Sq. 0.016 0.016 0.047 0.012 
# Obs. 3795309 814921 458100 458100 
# Cluster 180729 59157 53665 53665 
Outcome mean 0.013 0.045 5459.709 83.067 
Outcome SD 0.112 0.208 13152.120 2487.417 
Pre-treatment mean 0.013 0.038 5211.926 85.207 
Mean Impact -0.015 0.035 63.368 44.632 
Mean impact p-value  0.000 0.000 0.543 0.201 
Notes: See notes for Table 7 and Table 8. 
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Figure A9. Robustness tests: Individual-level FE and year-by-branch FE 
 (1) (2) (3) (4) 
 Savings acc. 

opened 
Savings acc.  
set inactive  

Monthly de-
posits 

Monthly bal-
ance  

Pre-trend (Q) 0.006 -0.001 144.682 40.655 
 (27.12)*** (-1.22) (2.26)* (1.76) 
Pre-trend (Q^2) 0.001 -0.000 -9.868 0.010 
 (20.57)*** (-2.71)** (-0.79) (0.00) 
Pre-trend (Q^3) 0.000 -0.000 -0.663 -0.100 
 (16.42)*** (-2.55)* (-0.96) (-0.40) 
Quarter 0 0.016 -0.010 51.027 -24.897 
 (25.76)*** (-6.62)*** (0.76) (-1.04) 
Quarter 1 -0.015 0.002 124.922 5.074 
 (-31.25)*** (1.45) (1.64) (0.19) 
Quarter 2 -0.018 0.073 226.618 -4.191 
 (-39.07)*** (38.03)*** (2.64)** (-0.14) 
Quarter 3 -0.018 0.021 375.676 -10.627 
 (-38.56)*** (11.14)*** (3.94)*** (-0.31) 
Quarter 4 -0.019 0.016 523.437 -13.298 
 (-39.74)*** (8.15)*** (5.22)*** (-0.39) 
Quarter 5 -0.020 0.020   
 (-37.48)*** (9.55)***   
Individual-level FE Yes Yes Yes Yes 
Year-by-branch FE Yes Yes Yes Yes 
Adj. R-Sq. 0.009 -0.006 0.656 0.103 
# Obs. 3795309 814921 458100 458100 
# Cluster 180729 59157 53665 53665 
Outcome mean 0.013 0.045 5459.709 83.067 
Outcome SD 0.112 0.208 13152.120 2487.417 
Pre-treatment mean 0.013 0.038 5211.926 85.207 
Mean Impact -0.015 0.024 325.420 -11.985 
Mean impact p-value  0.000 0.000 0.001 0.740 
Notes: See notes for Table 7 and Table 8. 
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Figure A10. Robustness tests: Confounding variables, branch-cohort & year-by-branch FE 
 (1) (2) (3) (4) 
 Savings acc. 

opened 
Savings acc.  
set inactive  

Monthly de-
posits 

Monthly bal-
ance  

Pre-trend (Q) 0.006 -0.001 -121.226 51.357 
 (25.81)*** (-1.48) (-1.61) (1.83) 
Pre-trend (Q^2) 0.001 -0.000 -55.976 -1.363 
 (19.92)*** (-2.19)* (-3.81)*** (-0.25) 
Pre-trend (Q^3) 0.000 -0.000 -2.751 -0.252 
 (16.02)*** (-1.51) (-3.36)*** (-0.81) 
Female -0.003 -0.001 -1620.801 221.023 
 (-21.66)*** (-1.38) (-8.88)*** (8.25)*** 
Primary completed 0.000 -0.002 133.129 12.680 
 (0.53) (-1.61) (0.39) (0.25) 
Secondary 0.001 -0.003 905.482 -57.552 
 (3.57)*** (-2.55)* (2.44)* (-1.04) 
Secondary completed 0.003 -0.005 3486.411 -286.001 
 (8.58)*** (-4.72)*** (7.68)*** (-4.31)*** 
Single 0.001 0.005 -2901.086 340.689 
 (6.25)*** (8.77)*** (-12.46)*** (10.13)*** 
Farmer -0.000 0.002 -471.900 71.300 
 (-0.86) (5.59)*** (-2.62)** (2.65)** 
Quarter 0 0.017 0.001 -555.876 57.420 
 (25.54)*** (0.77) (-6.53)*** (1.88) 
Quarter 1 -0.014 0.010 -526.740 93.401 
 (-27.91)*** (6.46)*** (-5.29)*** (2.58)** 
Quarter 2 -0.018 0.076 -279.273 108.111 
 (-37.01)*** (38.99)*** (-2.62)** (2.80)** 
Quarter 3 -0.018 0.030 599.922 86.213 
 (-35.97)*** (16.36)*** (5.02)*** (1.98)* 
Quarter 4 -0.019 0.025 1095.838 96.312 
 (-36.55)*** (12.55)*** (8.58)*** (2.24)* 
Quarter 5 -0.019 0.022   
 (-34.22)*** (10.77)***   
Branch-cohort FE Yes Yes Yes Yes 
Year-by-branch FE Yes Yes Yes Yes 
Adj. R-Sq. 0.015 0.015 0.056 0.016 
# Obs. 3482283 805558 462805 462805 
# Cluster 165823 56567 51535 51535 
Outcome mean 0.013 0.043 7744.824 -452.798 
Outcome SD 0.113 0.203 18277.341 3937.270 
Pre-treatment mean 0.013 0.036 7435.580 -455.747 
Mean Impact -0.014 0.033 83.468 110.364 
Mean impact p-value  0.000 0.000 0.509 0.017 
Notes: See notes for Table 7 and Table 8. 
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Figure A11. Robustness tests: Branch-cohort time trends, branch-cohort & year-by-branch 
FE 

 (1) (2) (3) (4) 
 Opens sav-

ings acc. 
Set inactive 
savings acc. 

Deposits 
(credit) 

Balance  
(credit – 
debit) 

Pre-trend (Q) 0.006 -0.000 -7.092 64.444 
 (27.15)*** (-0.19) (-0.11) (2.97)** 
Pre-trend (Q^2) 0.001 -0.000 -36.095 1.769 
 (20.60)*** (-2.27)* (-2.91)** (0.42) 
Pre-trend (Q^3) 0.000 -0.000 -1.751 -0.008 
 (16.02)*** (-1.51) (-3.36)*** (-0.81) 
Quarter 0 0.017 -0.002 -487.705 -22.548 
 (27.27)*** (-1.38) (-6.56)*** (-0.94) 
Quarter 1 -0.015 0.011 -384.911 23.043 
 (-31.45)*** (6.97)*** (-4.62)*** (0.85) 
Quarter 2 -0.019 0.082 -140.742 31.777 
 (-40.50)*** (41.52)*** (-1.53) (1.05) 
Quarter 3 -0.021 0.031 636.448 65.960 
 (-40.90)*** (15.99)*** (6.42)*** (2.03)* 
Quarter 4 -0.022 0.025 1076.695 97.369 
 (-42.65)*** (12.12)*** (10.56)*** (3.10)** 
Quarter 5 -0.024 0.028   
 (-41.04)*** (12.73)***   
Branch-cohort FE Yes Yes Yes Yes 
Year-by-branch FE Yes Yes Yes Yes 
Adj. R-Sq. 0.016 0.016 0.047 0.012 
# Obs. 3794679 814754 458013 458013 
# Cluster 180699 59146 53656 53656 
Outcome mean 0.013 0.045 5459.677 82.875 
Outcome SD 0.112 0.208 13152.991 2487.008 
Pre-treatment mean 0.013 0.038 5211.927 85.204 
Mean Impact -0.017 0.035 174.946 48.900 
Mean impact p-value  0.000 0.000 0.104 0.164 
Notes: See notes for Table 7 and Table 8. 
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Figure A12. Robustness tests: Including program cohorts 2010:Q4 to 2011:Q3 
 (1) (2) (3) (4) 
 Opens sav-

ings acc. 
Set inactive 
savings acc. 

Deposits 
(credit) 

Balance  
(credit – 
debit) 

Pre-trend (Q) 0.006 -0.001 -57.591 59.571 
 (30.34)*** (-1.59) (-0.97) (2.95)** 
Pre-trend (Q^2) 0.001 -0.000 -42.305 1.089 
 (22.80)*** (-2.96)** (-3.54)*** (0.27) 
Pre-trend (Q^3) 0.000 -0.000 -2.002 -0.036 
 (18.48)*** (-2.69)** (-2.95)** (-0.16) 
Quarter 0 0.015 -0.000 -332.222 -20.873 
 (25.72)*** (-0.31) (-5.08)*** (-0.97) 
Quarter 1 -0.010 0.012 -301.877 22.254 
 (-21.58)*** (7.92)*** (-4.13)*** (0.92) 
Quarter 2 -0.015 0.078 -137.931 36.488 
 (-33.21)*** (43.40)*** (-1.70) (1.35) 
Quarter 3 -0.017 0.040 473.688 68.058 
 (-36.80)*** (22.87)*** (5.35)*** (2.30)* 
Quarter 4 -0.018 0.026 854.266 96.444 
 (-38.66)*** (14.66)*** (9.26)*** (3.30)*** 
Quarter 5 -0.018 0.029   
 (-36.60)*** (15.19)***   
Branch-cohort FE Yes Yes Yes Yes 
Year-by-Branch FE Yes Yes Yes Yes 
Adj. R-Sq. 0.014 0.016 0.047 0.012 
# Obs. 4291902 917823 509884 509884 
# Cluster 207.244 68291 62110 62110 
Outcome mean 0.013 0.046 5286.149 87.559 
Outcome SD 0.114 0.210 12792.054 2438.490 
Pre-treatment mean 0.013 0.038 5126.861 92.820 
Mean Impact -0.012 0.037 138.981 50.592 
Mean impact p-value  0.000 0.000 0.142 0.111 
Notes: See notes for Table 7 and Table 8. 
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Figure A13. Robustness tests: Including individuals with loan accounts 
 (1) (2) (3) (4) 
 Opens sav-

ings acc. 
Set inactive 
savings acc. 

Deposits 
(credit) 

Balance  
(credit – 
debit) 

Pre-trend (Q) 0.006 -0.001 -167.968 62.217 
 (26.96)*** (-0.74) (-2.23)* (2.19)* 
Pre-trend (Q^2) 0.001 -0.000 -61.331 -0.534 
 (20.58)*** (-2.50)* (-4.21)*** (-0.10) 
Pre-trend (Q^3) 0.000 -0.000 -3.073 -0.235 
 (16.67)*** (-2.19)* (-3.80)*** (-0.76) 
Quarter 0 0.016 -0.002 -537.279 47.585 
 (26.09)*** (-1.71) (-6.51)*** (1.57) 
Quarter 1 -0.015 0.009 -497.214 83.588 
 (-31.11)*** (6.31)*** (-5.34)*** (2.44)* 
Quarter 2 -0.018 0.074 -259.025 90.359 
 (-38.77)*** (40.81)*** (-2.46)* (2.30)* 
Quarter 3 -0.018 0.026 652.623 65.598 
 (-38.14)*** (15.49)*** (5.65)*** (1.53) 
Quarter 4 -0.019 0.022 1125.559 79.301 
 (-39.15)*** (12.32)*** (9.19)*** (1.86) 
Quarter 5 -0.019 0.024   
 (-37.07)*** (12.95)***   
Branch-cohort FE Yes Yes Yes Yes 
Year-by-Branch FE Yes Yes Yes Yes 
Adj. R-Sq. 0.014 0.014 0.048 0.014 
# Obs. 3915198 920725 533713 533713 
# Cluster 186438 64830 59258 59258 
Outcome mean 0.013 0.043 7659.988 -444.748 
Outcome SD 0.115 0.203 18141.142 3923.101 
Pre-treatment mean 0.014 0.036 7345.401 -447.183 
Mean Impact -0.015 0.031 121.166 91.608 
Mean impact p-value  0.000 0.000 0.320 0.044 
Notes: See notes for Table 7 and Table 8. 
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