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Abstract
Disability-inclusive development is receiving growing attention as a pressing international
development issue. Disability-inclusive development is especially urgent and complicated in
post-conflict countries. This paper examines the impacts of vocational training on economic
empowerment and social reintegration among demobilized ex-combatants with disabilities in
Rwanda. This is the first quasi-experimental study on vocational training for disabled excombatants. Exploiting the variation in the timing of training uptake within the same training
course, we employ a pipeline approach in the following three steps: (1) trimming to guarantee
common support within courses, (2) exact matching on key covariates within courses, and (3)
regression controlling for covariates within courses based on the matched sample. The results
show that the training greatly increased not only employment and income, but also trainees’
reintegration into the family and community. The results are robust to potential omitted variable
bias and attrition bias according to a coefficient stability test and bound analysis, respectively.
Our findings suggest a significant potential of vocational training for disabled ex-combatants in
disarmament, demobilization, and reintegration programs. Our study exemplifies the utility of a
credibly designed pipeline approach, which can be applied in a wide range of development
projects in practice.
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1. Introduction
Disability-inclusive development has been receiving growing attention as a pressing international
development issue (WHO and World Bank 2011; United Nations 2019). Confronted with
physical, attitudinal, and institutional barriers against social participation and excluded from
opportunities for education and employment, health care, and other basic services, persons with
disabilities are often the poorest of the poor in societies (Banks, Kuper, and Polack 2017; Mitra
2018; Mitra, Posarac, and Vick 2013). Employment is increasingly recognized as a key factor for
empowerment and inclusion in society. Vocational training for persons with disabilities has the
potential to contribute to disability-inclusive development (ILO 2017). In particular, skill
enhancement may strengthen their self-esteem and self-efficacy, thus reducing the selfstigmatization that could lead to low self-expectations about their employment prospects
(Rohwerder 2018; WHO and World Bank 2011).
Disability-inclusive development is especially urgent and complicated in post-conflict
countries. Following wars and conflicts, disabilities are likely to be prevalent among survivors,
accompanied by social exclusion of persons with disabilities from basic services such as health
care, food, water, and shelter (Handicap International 2015; Kett and van Ommeren 2009;
Klyman, Kouppari, and Mukhier 2007). In post-conflict countries, disability is strongly
associated with poverty across multiple dimensions (Mactaggart et al. 2019; Trani et al. 2011)
and has long-lasting consequences for their livelihoods and well-being (Han, Dagsvik, and
Cheng 2020; Palmer et al. 2019; Takasaki 2019). Disabled ex-combatants are confronted with
social exclusion due to not only their disabilities, but also their ex-combatant status.
Disarmament, demobilization, and reintegration (DDR) programs sponsored by United Nations
agencies are major peace-building operations and vocational training is a major reintegration
measure. Vocational training may have a significant potential to relieve the double burdens born
by demobilized ex-combatants with disabilities through their economic empowerment and social
reintegration.
Evidence for the effectiveness of vocational training for persons with disabilities in
developing countries is scarce. Extant works mainly study youth, women, and unemployed
people, but not those with disabilities; they also mainly focus on labor market outcomes, paying
limited attention to social reintegration (Chinen et al. 2018; Escudero et al. 2019; McKenzie
2017; Tripney et al. 2013). A systematic review by Tripney et al. (2017) of labor market
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programs for persons with physical or sensory disabilities in developing countries identified 14
studies, including four covering occupational rehabilitation, but none employed rigorous
methods to remove bias due to the nonrandom assignment of treatment status. The authors
concluded, ‘The methodological inconsistencies and weaknesses of the current evidence base,
and specific knowledge gaps, suggest a number of future research priorities’ (Tripney et al. 2017,
7).
Evidence for the effectiveness of vocational training in post-conflict settings is also weak.
Vocational training for ex-combatants in a Liberian DDR program was shown to increase
employment, but not income (Levely 2014). Blattman and Ralston (2015) conclude that postconflict vocational training has little impact on economic empowerment and social integration;
however, their review covers no programs targeting persons with disabilities. This paper
examines the impacts of vocational training on economic empowerment and social reintegration
among demobilized ex-combatants with disabilities in Rwanda. To our knowledge, this is the
first quasi-experimental study on vocational training for disabled ex-combatants.
We employ a pipeline approach, a quasi-experimental method also known as steppedwedge design, phase-in design, or a waitlist study (e.g., Khandker, Koolwal, and Samad 2010;
White and Raitzer 2017). Considering a situation in which some beneficiaries receive an
intervention at a certain time and others will receive the same intervention later, the pipeline
approach treats these two groups as treatment and comparison groups, respectively. This
comparison between groups of beneficiaries is more credible than comparing beneficiaries and
nonbeneficiaries. Examples of impact evaluation using the pipeline approach in developing
countries include Coleman (1999) and subsequent studies on microfinance, Bose (2017) and
Deininger and Liu (2019) on public employment, and Adoho et al. (2014) and Cho et al. (2013)
on vocational training. Whereas none of these studies address disabilities, Grider and Wydick
(2016) apply the pipeline approach to assess the impacts of providing a wheelchair to disabled
people in Ethiopia.
We compared individuals who had just completed training (treatment group) with those
who were about to start (comparison group). Although trainees in both groups passed through the
same selection process, the assignment of the treatment status is determined by the timing of
training uptake, which was not randomized, but not uptake per se. Following Imbens and Rubin
(2015), to mitigate bias due to the nonrandom assignment of the timing of uptake, we employ the
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following empirical design in three steps. In step 1, we focus on trainees who took the same
course in two consecutive batches (i.e., common support within courses). In step 2, based on this
trimmed sample, we conduct exact matching on key covariates, which are correlated with both
the treatment status and outcomes, within courses to estimate average treatment effects on the
treated. In step 3, based on the matched sample generated in step 2, we conduct a regression
analysis controlling for additional covariates. The matching estimates in step 2 show that the
training greatly increased not only employment and income, but also reintegration into the family
and community; the regression results in step 3 are similar.
Our identifying assumption is that the timing of training uptake is independent of potential
outcomes with covariates controlled for (i.e., unconfoundedness, or conditional independence).
To address two potential threats to identification, we conduct two sensitivity analyses. First,
omitted variable bias can negate conditional independence. We employ the coefficient stability
test developed by Oster (2019), bounding the regression estimates in step 3 using a consistent
estimator for the bias-adjusted treatment effect. The results suggest that the estimated treatment
effects are robust to omitted variable bias.
Second, attrition systematically correlated with treatment status can cause bias. This
attrition bias is an innate problem in the pipeline approach because of distinct survey attrition. In
our setting, survey attrition is relevant for those in the treatment group who were tracked after
the training (follow-up survey), but not for those in the comparison group who have not yet
started the training (baseline survey). Previous studies employing the pipeline approach have not
recognized or addressed such systematic attrition. We bound the matching estimates in step 2 by
Lee bounds (Lee 2009). The two assumptions needed for Lee bounds are randomness of the
treatment assignment and monotonicity––the treatment increases (or decreases) attrition for all
individuals. Whereas we necessarily rely on conditional independence for the randomness in our
quasi-experimental design, monotonicity is most likely to hold precisely because of the pipeline
approach itself. This advantage of the pipeline approach has not been recognized in the literature.
Although Lee’s bound analysis has been commonly used to address attrition bias in both
experimental and quasi-experimental studies, limited attention has been given to the validity of
monotonicity in practice. The results show that the estimated treatment effects are robust to
attrition bias.
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2. Background and programs
2.1. Reintegration programs
After years of civil war between the Hutu and the Tutsi and conflicts with neighboring countries,
the government of Rwanda has prioritized downsizing the Rwandan Patriotic Front (RPA),
which was renamed the Rwanda Defence Forces (RDF) as the government army in 2002. In
1997 the Rwandan government established the Rwanda Demobilization and Reintegration
Commission (RDRC) as an authority for planning and implementing the Rwanda Demobilization
and Reintegration Programme (RDRP). With the support of international organizations, the
RDRP was implemented in three stages: stage 1 (1997–2001) mainly targeted RPA excombatants; stage 2 (2002–2008) expanded the coverage to ex-combatants of the Forces Armées
Rwandaises (the former government army) and private armed groups; and stage 3 (2009–2017)
continued support for ex-combatants of private armed groups and further reduction of the RDF
with particular attention to female, child, and disabled ex-combatants. Approximately 70,000
combatants were demobilized from 1997 to 2017, including about 9,000 who were disabled
(RDRC 2017).
The RDRP initiated vocational training in 1998 and reinforced it over time (Finn, Baxter,
and Onur 2014). Ex-combatants could receive a reintegration grant over six months after
demobilization. Before receiving the grant, they had an opportunity to receive counseling and
guidance to plan their reintegration and were required to explain how they would use their grant
for services and necessities such as vocational training, income-generating activities, housing,
and so on. They could receive additional support called the Vulnerability Support Window
(VSW) if they met criteria such as having no shelter, land, assets, or skills. In 2007 the criteria
were expanded to include permanent disability or chronic illness. The VSW was followed by
screening for vocational training. In 2005, the RDRC conducted a survey among ex-combatants
with disabilities who participated in the RDRP. It showed that 40% of respondents were
employed, only 10% had a role in decision making within their families, and 70% felt they were
treated as inferior in their communities (RDRC 2006).

2.2. JICA vocational training
As part of the RDRP, the Japan International Cooperation Agency (JICA) implemented a project
in Rwanda called “Skills Training for the Reintegration of Demobilized Soldiers with
Disabilities” (hereafter “the project”) from 2005 through 2008 (i.e., late stage 2). Our impact
5

evaluation focuses on this project. The project aimed at upholding Rwandan peace-building
operations through vocational training for demobilized ex-combatants with disabilities. It also
sought to promote their empowerment through social reintegration and recovery of self-esteem.1
During the three-year period, a total of 27 types of training courses were offered at 10 training
centers across the country, including in Kigali (the nation’s capital) and other provinces.
Depending on the capacity of the training centers, these courses covered a wide range of skills,
such as welding, plumbing, carpentry, tailoring, cooking, and so forth. The duration typically
ranged from six months to one year (except for a two-month agricultural course); the same
courses were offered in sequence over three years.
The procedure for recruiting trainees was common across training centers and courses and
similar to other vocational training programs in the RDRP described above. Upcoming courses
were first advertised via radio, a common medium in Rwanda, and provincial and district RDRC
reintegration officers cooperated in finding applicants for the training. The applicants went
through an initial two-stage screening at training centers. In the first stage, demobilization ID,
level of disability, and past training were checked. The applicants who passed the first-stage
screening filled out interview and agreement forms, which were also used to assess their level of
literacy, and chose a preferred training course. Then, they took a basic literacy and numeracy test
prepared by project staff, followed by an interview to examine applicants’ motivation for training
and future work plans. Vocational training experts, directors and trainers of the training center,
and officials of the provincial authorities of medical rehabilitation, reintegration, and monitoring
and evaluation met to select trainees and assign training courses according to applicants’
preference and disabilities. Most applicants who were accepted took up the training. Trainees
who completed the program received a toolkit corresponding to their area of training to help
them find a job with their acquired skills. In total, 925 persons with disabilities enrolled in the
training and 867 graduated.

1

The project targeted ex-combatants with disabilities regardless of their army group, formed according to ethnicity.
With no data about social cohesion across ethnic groups, we cannot examine the training impacts on ethnic
reintegration.
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3. Empirical design
3.1. Pipeline approach
At each training center, each type of training course commonly consisted of multiple batches of
the same course. A short survey was used to collect trainees’ basic information; it was not
designed for impact evaluation.2 The timing of the surveys varied across training types and
across batches within the same type: for some batches the survey was conducted before the
training started and for other batches it was done after the training was completed. This variation
allows us to employ the pipeline approach for evaluation because the surveys effectively serve as
baseline and follow-up measures.
We focus on the baseline survey conducted for trainees at the timing of their enrollment in
January and February 2008 and the follow-up survey conducted for graduates in June 2008.
Figure 1 depicts the timeline of the training courses and surveys for batches in each of the nine
training centers covered by either the baseline or follow-up survey (no survey was conducted at
one of the centers). These surveys covered a total of 25 types of training courses in which 630
out of 925 trainees (68.1%) enrolled. These 630 enrolled trainees constitute the enrollment
sample for our analysis.3
For each course, we consider graduated trainees covered by the follow-up survey as a
treatment group and enrolled trainees covered by the baseline survey as a comparison group as
depicted in Figure 1. The comparison group was enrolled at only four training centers (ATC, CFJ
Kibali, CJF Nyanza, and CFJ Rwabuye). In this design, the assignment of the treatment status is
not random because the timing of training uptake depends on individuals’ decisions about the
timing of their application, but not application per se. With about a six-month gap between the
baseline and follow-up surveys, we can only capture the training impacts approximately six
months after its completion; it is assumed that labor market conditions and other common factors
affecting outcomes changed little over time. Below, our sensitivity analysis on omitted variable
bias addresses an unobserved time trend.
2

The project survey data were supplemented by the data of demobilized ex-combatants from the RDRC. As a
result, we have almost complete data for the attributes of enrolled trainees used as covariates below.
3
The remaining 295 enrolled trainees graduated before the baseline survey or after the follow-up survey, if they
graduated. We exclude the former trainees from the enrollment sample because (1) we cannot construct their
corresponding comparison group, or (2) even if we can do so for some of them, they are not in the batch consecutive
to the comparison group and thus are trimmed from the sample as discussed below. The trainees who graduated after
the follow-up survey were not covered by the baseline survey.
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The surveys covered 64.6% (407/630) of enrolled trainees. The proportion of surveyed
trainees is quite different between the comparison and treatment groups: 93.2% (150/161) versus
54.8% (257/469), meaning that the attrition rate in the treatment group was 38.4% higher than in
the comparison group (Table 1, column 1). This is mostly because the follow-up survey failed to
track a considerable number of graduated trainees due to, for example, migration.4 We confirm
that attrition is significantly higher in the treatment group than the comparison group with the
training center-course (strata) fixed effects and other covariates (used in the main analysis
discussed below) controlled for; attrition is also significantly correlated with the center-course
fixed effects and covariates (Table 1, column 2). Below, we conduct a sensitivity analysis to
address potential attrition bias.
The covariate balance between the treatment and comparison groups among surveyed
trainees is shown in Table 2, where the difference in means is tested based on robust standard
errors.5 Physical disability excluding amputation (55.5%), amputation (12.0%), and blindness
(8.8%) are common.6 Although age, marital status, and years since demobilization are well
balanced, education level, type of disability, and ex-army groups are not balanced (columns 1–
3). The results for enrolled trainees (not shown) are very similar, indicating that this imbalance is
not caused by survey attrition.
To mitigate bias due to the nonrandom assignment of treatment status, we employ the
following three-step empirical design suggested by Imbens and Rubin (2015). In step 1, we focus
on surveyed trainees who took the same training course in two consecutive batches by trimming
the surveyed sample through stratification by course at the training center. This guarantees the
common support of propensity scores, the probability of being treated, within center-course
strata. The trimmed sample includes 94 and 114 trainees in the treatment and comparison groups,
respectively, covering a total of 13 types of courses at the four training centers mentioned above
(Figure 1 and Appendix, Table A1). The covariate balance in the trimmed sample (Table 2,
columns 4–6) is similar to the original results.
In step 2, based on this trimmed sample, we employ a matching approach with the

4
Other reasons for attrition in the treatment group include dropout and death. Attrition in the comparison group was
only due to refusal of the survey.
5
The results with center-course fixed effects controlled for in regression (not reported) are very similar.
6
Other disabilities (17.0%) include retained foreign bodies, mental illness, and multisystemic lesions. With multiple
disabilities, the dummy variables for each type of disability are not mutually exclusive.
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conditional independence assumption that the treatment status (the timing of training uptake) is
independent of potential outcomes with covariates controlled for. Since all unbalanced
covariates––education level, type of disability, and ex-army group––are discrete variables, we
employ exact matching using these covariates within center-course strata.7 Within-strata
matching is crucial because the selection of trainees and the assignment of training courses were
done at each training center. In other words, we assume that the exact matching on these
covariates mimic blocked (stratified) randomization (King and Nielsen 2019). The matched
sample includes 43 and 38 trainees in the treatment and comparison groups, respectively,
covering a total of 11 types of courses at the four training centers (Figure 1 and Appendix, Table
A1). Given the conditional independence assumption, an unbiased estimator for average
treatment effect on the treated is the difference in weighted means between the treatment and
comparison groups in the matched sample, using strata size as weights,8 which is given by the
estimated coefficient of the treatment dummy in the weighted univariate regression (Gerber and
Green 2012). Here, all we can identify is the impacts of the mix of the 11 types of courses in the
matched sample, the composition of which is somewhat different from that of the 27 types in the
project.9 Our analysis does not say anything about the impacts of courses other than these 11
types remaining in the matched sample, and thus the effectiveness of the project as a whole. This
limitation is unavoidable in our empirical design for internal validity.
With the small number of observations in the matched sample, weak statistical power is a
concern. At the same time, it is important to consider clustering in inference. In addition to
robust standard errors, we use two-way cluster-robust standard errors to capture error terms
correlated within centers and courses. When the number of clusters is small, the cluster-robust
variance estimator overrejects null hypotheses. With a small number of centers (4) and courses
(11), we employ a wild-cluster bootstrap (which is reliable for a small number of clusters;
Cameron, Gelbach, and Miller 2008) of the two-way cluster-robust standard errors (Roodman et

7

For education level and type of disability, we consider missingness as a separate category.
The weight for the treatment group is equal to one, and the weight for the comparison group is equal to 𝑚 /𝑚 ∙
𝑚 /𝑚 , where 𝑚 and 𝑚 are the total number of matched observations of the treatment and comparison groups,
respectively, and 𝑚 and 𝑚 are the number of matched observations of the treatment and comparison groups,
respectively, in stratum s.
9
These 11 types of courses consist of brick/block laying and concreting at three centers; welding at two centers;
plumbing and pipe fitting at two centers; and electronics, cooking, carpentry and joinery, and tailoring at one center
each (Appendix, Table A1). The remaining 16 types include courses other than these 11 types, such as computing,
shoemaking, and leather craft.
8
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al. 2019).10
In step 3, based on the matched sample, we conduct a regression analysis controlling for
additional covariates––age, marital status, years since demobilization––as well as the matching
variables, including center-course strata fixed effects.11 This regression analysis in the matched
sample is more credible than the naïve (conventional) regression analysis based on the surveyed
sample (before step 1) or the trimmed sample (after step 1).

3.2. Outcomes
Our outcomes of interest are economic empowerment and social reintegration, both of which are
measured by respondents’ self-report in the survey. Economic empowerment is captured by
employment and income. We construct a dummy variable for employment, which takes 1 if the
employment status is “self-employed in the nonagriculture sector,” “employed by employers,” or
“a cooperative member,” and 0 if the status is “self-employed in the agriculture sector,”
“unemployed,” “retired,” or “unable to work.” Income is measured by the average monthly
income from all sources except government grants. Respondents with the employment dummy
taking 0 can also earn income because they can have earnings in the agriculture sector, petty
trading, and other minor activities and receive remittances from family and others. We use both
the income level and its natural logarithm, the latter of which is more robust to outliers.
Social reintegration is captured by respondents’ feelings about their relationships with
their family, neighbors, and people in the community. First, feelings toward family were
measured by the question, “Since demobilization, do you feel you are treated as inferior by your
family?” with three options: “treated as inferior,” “treated the same,” or “treated preferably.” We
use a dummy variable that takes 1 if the answer is “treated preferably” and 0 otherwise (the
results for an alternative dummy variable that takes 1 if the answer is “treated preferably” or
“treated the same” and 0 otherwise are qualitatively the same). Second, feelings toward
neighbors were measured by the question, “How would you describe your relationships with
your neighbors?” with four options: “good,” “average,” “bad,” or “not sure.” We use a dummy

10

When computing standard errors, we adopt Webb’s (2014) six-point distribution as the auxiliary distribution and
cluster bootstrap errors by training center, which is a cluster with the smallest number, following MacKinnon,
Nielsen, and Webb (2020). We do 1000 bootstrap replications.
11
Marital status includes a category for missingness. We combine Forces Armées Rwandaises and armed group
into one group due to the small number of observations of the latter. Exact matching based on this dummy variable
yields the same matching results.
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variable that takes 1 if the answer is “good” and 0 otherwise (the “bad” category was uncommon
and the “not sure” category was dropped). Third, feelings toward people in the community were
measured by the question, “Since demobilization, do you feel you are treated as inferior than
other men and women in your community?” with three options: “treated as inferior,” “treated the
same,” or “treated preferably.” We use a dummy variable that takes 1 if the answer is “treated
the same” or “treated preferably” and 0 otherwise (the “treated preferably” category was
uncommon). A potential concern about these subjective questions is social desirability bias:
respondents might have answered in a way that would make them be seen as favored by others in
the society, the surveyors, or the researchers. In our context, trainees in the treatment group
might have pretended that they were accepted by the family or in the community after the
training. Below, our sensitivity analysis on omitted variable bias addresses these potential
measurement errors.
Among surveyed trainees, missing values are common for income (28.7%) and
relationship with the family (14.5%), but not for the other outcomes. This causes additional
attrition. Opposite to the survey attrition discussed above, the nonresponse rates of these two
outcomes are lower in the treatment group than in the comparison group; qualitatively the same
comparison holds in the trimmed and matched samples (Appendix, Table A2). We return to this
systematic attrition due to missingness when we interpret estimation results.
Thus, we consider three economic empowerment outcomes and three social reintegration
outcomes. When multiple hypothesis tests are conducted, a major concern is overrejection: The
probability of falsely rejecting a true null hypothesis––the probability of a type I error––exceeds
the significance level. We employ multiple hypothesis correction, proposed by Romano and
Wolf (2005a, 2015b), to control the familywise error rate, the probability of falsely rejecting at
least one true null hypothesis among a set of hypotheses. This correction has an advantage over
the conventional Bonferroni or Holm correction in its ability to correctly reject a false null
hypothesis because it allows the dependence among the p-values or the test statistics from
multiple hypothesis testing with resampling and step-down procedure. We adjust p-values for
each estimate of the treatment effect within each category of economic empowerment and social
reintegration outcomes. The correction of p-values is based on the robust standard errors with
1,000 bootstrap replications.
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4. Results
4.1. Main results
Table 3 reports the means of outcomes in the comparison group based on the matched sample
(those in the trimmed sample are similar), the matching estimates of the treatment effects in step
2 (panel A), and the regression estimates of the treatment effects in step 3 (panel B). In the
comparison group, 18.5% were employed and the mean monthly income was about 8,000
Rwandan francs, which is equivalent to about 14 US dollars (1US$ equaled 547 RWF in 2008).
This indicates that before the training, ex-combatants with disabilities were living in severe
poverty. The extent of reintegration into the family and community before the training was weak.
These patterns are consistent with those found in two previous studies: the RDRC (2006) study
discussed above and a World Bank survey for ex-combatants who completed RDRP vocational
training and those who did not participate in it (Finn, Baxter, and Onur 2014).12
The matching estimates of the treatment effects on all outcomes but relationships with
neighbors are positive, with statistical significance at conventional levels based on robust
standard errors (reported in parentheses; panel A). These statistical results are robust to two-way
cluster-robust standard errors (p-values in brackets) and Romano-Wolf correction for multiple
hypothesis testing (p-values in braces). The statistical results of the regression estimates are
similar to the matching estimates (panel B). Although the estimate for income in level loses
statistical significance based on robust standard errors, it is statistically significant based on twoway cluster-robust standard errors. Almost all matching estimates with statistical significance are
similar to the regression estimates. As an exception, the latter estimate for income in level is
somewhat smaller than the former estimate, though the estimates for log income are very similar.
The results for income in level might be due to outliers. Overall, these results suggest that if the
conditional independence holds in the regression (step 3), it is also likely to hold in the matching
(step 2).
The training increased employment by over 0.6 in probability (almost 3.5 times the

12

According to Finn, Baxter, and Onur (2014), ex-combatants who completed vocational training were more likely
to have work experience after demobilization and income from nonagricultural activities than those who did not
participate in vocational training. They also had more confidence about themselves and felt more trusted by their
family and community. In their sample, 25% of ex-combatants who completed vocational training were disabled and
their labor market outcomes did not differ significantly by disability status. The purpose of their study was not to
evaluate the impacts of RDRP vocational training.
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comparison mean) and income by about 90%. The training increased the probability of being
treated preferably by family and treated the same or preferably in the community by over 0.3
(about 1.5 and 1.8 times, respectively, the comparison mean). The training did not significantly
increase the probability of having good relationships with neighbors, probably because the
incidence of good relationships was relatively high before the training (comparison mean: 75%).
Despite the weak power with the small sample size, these estimates are statistically significant
because the effect sizes are sufficiently large. These results are consistent with the comparison of
the distributions of income (log) and relationships with family, with neighbors, and in the
community between the treatment and comparison groups in the matched sample depicted in
Figure 2. Hence, the vocational training was effective in improving not only employment and
income, but also reintegration into the family and community.
We speculate how the systematic attrition due to missingness of income and relationships
with the family affects the treatment effect estimates. Suppose that respondents’ economic
conditions and family relationships were more unsatisfactory in the comparison group than in the
treatment group partly due to positive treatment effects, which we consider likely. Then, those in
the comparison group might have hesitated more to respond to the corresponding survey
questions. In this case, systematic attrition due to missingness biases the estimated treatment
effects downward and these positive estimates are qualitatively robust to such bias. These results
are also qualitatively the same as those for related outcomes: employment and relationships in
the community with limited missing values.
When we repeat the analysis in the trimmed sample before matching (step 1), all the
estimated treatment effects, including those for income in level and relationship with neighbors,
are statistically significant; in particular, the estimate for relationships with neighbors is about
two times the original result (Appendix, Table A3). This contrast indicates the importance of
balancing the treatment and comparison groups through exact matching for identification.

4.2. Coefficient stability test
Omitted variable bias, including an unobserved time trend within center-course strata and
systematic measurement errors such as social desirability bias, can negate the conditional
independence assumption for identification. We employ the coefficient stability test against
omitted variable bias in the regression framework developed by Oster (2019). The test is based
13

on the movements not only in the key coefficient, but also in R-squared values when additional
covariates are included. The bias-adjusted treatment effect is approximately given by:
𝛽∗

𝛽

𝛿 𝛽

𝛽

𝑅

𝑅
𝑅

𝑅

where 𝛽 and 𝑅 are the estimate of treatment effect and R-squared value from the regression
with observable covariates (step 3); 𝛽 and 𝑅 are the estimate of treatment effect and R-squared
value from the regression with no covariates (step 2); and 𝑅

is the R-squared value from the

regression with a complete set of covariates, including unobservable ones, that is hypothetical
and 𝑅

has to be set by analysts. 𝛿 is the degree of selection on unobservables relative to

observables, resulting from the assumption of the proportional relationship between selection on
unobservables and observables, 𝛿

,

,

. Following

the procedure proposed by Oster (2019), we compute the bias-adjusted treatment effect on each
outcome for the following four cases: (𝑅

, 𝛿) = (1.3𝑅, 1), (1.3𝑅, -1), (2𝑅, 1), and (2𝑅, -1).13

If the bounding set 𝛽 , 𝛽∗ includes zero or 𝛽 ∗ is outside the confidence interval of 𝛽, we can
conclude that the estimated treatment effect in the regression analysis (step 3) is not robust to the
omission of unobservables.
Table 4 presents the estimates and R-squared values from the regressions with no
covariates (𝛽, 𝑅) and a full set of covariates (𝛽, 𝑅) shown in Table 3, the confidence intervals
obtained by robust standard errors, and the bias-adjusted treatment effects (𝛽∗ ) based on each
case of (𝑅

, 𝛿). We omit income in level and relationships with neighbors, the estimated

treatment effects of which were found to be not consistently significant above. The bounding set
𝛽, 𝛽∗ does not include zero for any outcomes in any case of (𝑅
confidence interval of 𝛽 for all outcomes in all cases of (𝑅

, 𝛿), and 𝛽∗ is inside the

, 𝛿). These results suggest that

the regression estimates of treatment effects are qualitatively robust to omitted variable bias,
supporting the conditional independence in the regression estimates and thus in the matching
estimates.

Oster (2019) suggests 𝛿=1 as an upper bound, which indicates that the degree of selection on unobservables is no
greater than that on observables. In our setting, this assumption seems to be appropriate because the exact matching
should limit the difference in unobservables between the treatment and comparison groups. We also consider 𝛿=-1,
corresponding to the case where the direction of selection on unobservables is opposite to that on observables.

13
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4.3. Lee bounds
In our pipeline approach, survey attrition is necessarily more likely to happen in the treatment
group than the comparison group, as discussed above. This is confirmed in the surveyed sample
and the trimmed and matched samples (this is the case with the center-course strata fixed effects
and covariates controlled for; Table 1). To deal with potential bias caused by this systematic
attrition, we estimate Lee bounds for the matching estimates in step 2 (Lee 2009). Monotonicity
is likely to hold precisely because of this systematic attrition due to survey attrition. We assume
conditional independence in the matching estimates; then, the randomness of the assignment of
treatment status holds. As in the coefficient stability test, we omit income in level and
relationships with neighbors. We do not include observations with missing outcomes, which are
common for income in log and relationships with the family, because monotonicity is unlikely to
hold for attrition due to missingness: contrary to survey attrition, missingness was less common
in the treatment group than the comparison group, as discussed above (Appendix, Table A2).
Thus, our bound analysis addresses potential attrition bias solely due to survey attrition.
We first conduct within-strata exact matching in the same way as above among surveyed
trainees in the trimmed sample (step 1) plus survey attritors within the same strata as those of the
surveyed trainees. Based on the resulting matched sample including attritors, we compute the
amount of trimmed tail of the distribution of outcome variable in each center-course stratum.
That is, we identify matched attritors within strata to compute trimming proportion in a way that
is consistent with the original analysis (Table 3, panel A).14 We consider best-case and worstcase scenarios. The best-case scenario assumes that those who were surveyed because they were
in the comparison group lie in the upper tail of the distribution of outcome variable. We trim the
upper tail and compare the mean outcome of the remaining trainees of the comparison group
with that of the treatment group to obtain the upper bound of the treatment effect. In the case of
the worst-case scenario, we trim the lower tail of the distribution for the comparison group to
obtain the lower bound of the treatment effect. In the matched sample, we apply this trimming
procedure within each stratum for the trimming proportions obtained above. To be consistent
with the original analysis (Table 3, panel A), we use the strata size in the original analysis as
weights.
The trimming proportion is defined as 𝑞
𝑞
𝑞 /𝑞 , where 𝑞 and 𝑞
in the comparison and treatment groups, respectively.
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are the rates of nonattrited trainees

The estimates of Lee’s lower and upper bounds for the treatment effects on the four
outcomes are reported in Table 5.15 For all outcomes, the lower bounds of the treatment effects
are positive and significantly different from zero.16 These results suggest that the matching
estimates of treatment effects are qualitatively robust to attrition bias.

5. Discussion and conclusions
This paper evaluated vocational training for demobilized ex-combatants with disabilities in
Rwanda. We found that the training improved not only employment and income, but also
reintegration into the family and community about six months after the completion of the
training. The results are robust to potential omitted variable bias and attrition bias. A caveat is
that the results are based on selected courses rather than the project as a whole.
These results are distinct from weak impacts of vocational training for nondisabled
people commonly found in extant studies (McKenzie 2017; Chinen et al. 2018). This difference
can be attributed partly to the severity of disadvantages faced by persons with disabilities. Before
the training, most ex-combatants with disabilities were unemployed with low income and felt
that they were not treated well by family members and in the community. That is, their starting
point was so low that the returns to vocational training could be large. This suggests that the
effectiveness of vocational training depends on labor market conditions and social contexts.17 At
the same time, our evaluation of trainees does not capture nontrainees. Application for training
was voluntary and careful screening of applicants was done based on literacy, numeracy,
motivation, and future plans; that is, work readiness. The positive selection of trainees through
self-selection and screening could underlie the training’s strong impacts. This raises a potential
concern about the generalizability of our findings for the population of ex-combatants with
disabilities in Rwanda, though addressing external validity is beyond the scope of this paper.
Although disabled ex-combatants are confronted with the double burdens of being an excombatant and disabled, they have often been excluded from DDR programs, including

15

The numbers of observations for income in log and the dummy for being treated preferably by family are slightly
smaller than those in the original analysis because one or a few strata that lose common support due to missing
values in these outcomes were dropped. For all outcomes, all attritors are in the treatment group.
16
The systematic attrition due to missingness for income in log and relationships with the family might make the
bound estimates biased downward, as discussed for the treatment effect estimates above. If this is the case, the
corresponding lower bound estimates are likely to be qualitatively robust to such bias.
17
Kluve et al. (2019) find larger effects of active labor market programs in low- and middle-income countries than
high-income countries, discussing a possibility of lower starting points in the former as a reason.
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vocational training (Handicap International 2015; ILO 2009; Lord and Stein 2015). This
exclusion might be underlain by the biomedical framework of international humanitarian actions,
which considers disability a heath issue and focuses on medical care and rehabilitation (Lord and
Stein 2015). Program planners also tend to overlook the desire of persons with disabilities to
work and acquire skills to be productive (ILO 2009). Our findings shed new light on the
significant potential of vocational training to improve economic empowerment and social
reintegration among disabled ex-combatants in DDR programs toward disability-inclusive
development in post-conflict countries.
Our pipeline approach exploited the variation in the timing of training uptake across
consecutive batches within the same course. Our empirical design consisted of three steps: (1)
trimming to guarantee common support within courses, (2) matching on key covariates within
courses, and (3) regression controlling for covariates within courses based on the matched
sample. To address omitted variable bias and attrition bias, we conducted two sensitivity
analyses: a coefficient stability test (Oster 2019) and Lee bounds (Lee 2009). Lee’s bound
analysis is effective to address attrition bias in the pipeline approach, for which systematic
attrition is an innate problem. By executing the recommended practices of the pipeline approach,
our study exemplified its utility as a quasi-experimental method, which in our view has been
undervalued in the literature. The pipeline approach can be widely applied because it does not
need to set a comparison group in advance and it can be used with data from beneficiary surveys,
including those not designed for impact evaluation like ours, commonly used in development
projects. These advantages are especially significant in cases where stakeholders become
interested in its impacts after the project has started, or an experimental approach is not feasible
for some reason. Impact evaluations based on a credibly designed pipeline approach can
effectively inform policymakers on a wide range of development projects.
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Figure 2. Distribution of outcome variables
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Table 1. Attrition
Trimmed sample
Matched sample
Enrollment sample
With strata
With strata
With strata
No
No
No
FE &
FE &
FE &
covariates
covariates
covariates
covariates
covariates
covariates
(1)
(2)
(3)
(4)
(5)
(6)
Treatment group dummy
0.384***
0.301***
0.336***
0.288***
0.366***
0.303***
(0.030)
(0.041)
(0.046)
(0.042)
(0.066)
(0.067)
F-test: strata FE
8.58
3.36
1.36
[0.000]
[0.000]
[0.215]
F-test: covariates
21.13
11.78
4.30
[0.000]
[0.000]
[0.000]
F-test: strata FE & covariates
89.86
10.33
4.49
[0.000]
[0.000]
[0.000]
Mean of dependent variable
0.354
0.288
0.262
0.225
0.229
0.222
Comparison mean
0.068
0.073
0.021
Observations
630
465
282
267
109
108
Notes: The dependent variable is a dummy for survey attritors. Comparison mean is the mean of each dependent
variable in the comparison group. Strata fixed effects are constructed by training course and center dummies.
Covariates include age, dummies for education level (including missing category), dummies for marital status
(including missing category), dummies for types of disability (including missing category), years since
demobilization, and a dummy for Forces Armées Rwandaises or armed group. Robust standard errors are in
parentheses. *** p<0.01, ** p<0.05, * p<0.1. P-values of joint significance test (F test) are in brackets.
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Table 2. Covariate balance
Surveyed sample
Comparison Treatment p-value:
group
group
(1)–(2)
(1)
(2)
(3)
37.5
37.4
0.823

Trimmed sample
Comparison Treatment p-value:
group
group
(4)–(5)
(4)
(5)
(6)
37.7
36.7
0.218

Age
Education level
Primary incomplete or below
0.100
0.105
0.871
0.123
0.074
Primary complete
0.040
0.214
0.000
0.053
0.170
Lower secondary incomplete
0.707
0.533
0.000
0.623
0.660
Lower secondary complete or above
0.113
0.062
0.090
0.149
0.021
Missing
0.040
0.086
0.055
0.053
0.074
Marital status
Married
0.827
0.802
0.528
0.807
0.862
Missing
0.040
0.004
0.029
0.044
0.000
Type of disability
Physical
0.533
0.568
0.498
0.561
0.596
Amputation
0.073
0.148
0.016
0.053
0.213
Blind
0.067
0.101
0.215
0.088
0.096
Other
0.227
0.136
0.026
0.219
0.064
Missing
0.100
0.047
0.057
0.079
0.032
Ex-army group
Rwanda Defence Forces
0.753
0.747
0.888
0.763
0.617
Forces Armées Rwandaises
0.227
0.175
0.217
0.219
0.319
Armed group
0.020
0.078
0.005
0.018
0.064
Years since demobilization
6.852
7.031
0.542
6.965
6.543
Maximum number of observations
150
257
114
94
Notes: Columns (3) and (6) report p-values of the test for the difference in means between the treatment and
comparison groups based on robust standard errors.
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0.242
0.009
0.584
0.001
0.526
0.290
0.024
0.619
0.001
0.843
0.001
0.134
0.024
0.109
0.102
0.225

Table 3. Treatment effects
Economic empowerment

Social reintegration
Good
Treated the
relationships
same/preferably
with neighbors
in community
(5)
(6)

Employed

Income
(1000 RWF)

Income (log)

(1)

(2)

(3)

Treated
preferably by
family
(4)

0.185

7.818

8.482

0.235

0.751

0.171

Panel A: Treatment effect
(with no covariates)

0.630***
(0.119)

12.818**
(6.159)

0.926**
(0.383)

0.344**
(0.136)

0.082
(0.113)

0.303***
(0.104)

Panel B: Treatment effect
(with strata FE & covariates)

[0.001]
{0.000}
0.641***
(0.081)

[0.013]
{0.033}
10.590
(6.893)

[0.022]
{0.031}
0.902***
(0.317)

[0.001]
{0.023}
0.391***
(0.111)

[0.426]
{0.467}
0.075
(0.110)

[0.054]
{0.011}
0.327***
(0.109)

[0.002]
{0.000}

[0.032]
{0.110}

[0.029]
{0.018}

[0.003]
{0.002}

[0.503]
{0.488}

[0.034]
{0.008}

80

62

62

63

74

73

Comparison mean

Number of observations

Number of observations in
trimmed sample (before
162
194
187
203
141
141
matching)
Notes: The sample is the matched sample. Comparison mean is the mean of each outcome in the comparison group. Strata fixed effects are
constructed by training course and center dummies. Covariates include age, dummies for education level (including missing category), dummies for
marital status (including missing category), dummies for types of disability (including missing category), years since demobilization, and a dummy
for Forces Armées Rwandaises or armed group. Robust standard errors are in parentheses. *** p<0.01, ** p<0.05, * p<0.1. P-values for wild-cluster
bootstrap two-way cluster-robust standard errors (1,000 bootstrap replications) are in brackets. P-values for multiple hypothesis testing for each
outcome category using robust standard errors (1,000 bootstrap replications) are in braces.
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Table 4. Coefficient stability test
Economic empowerment

𝛽, Treatment effect
(with no covariates)
R-squared (𝑅)
Observations
𝛽, Treatment effect
(with strata FE & covariates)
95% confidence interval
R-squared (𝑅)
Observations

Social reintegration
Treated
Treated the
preferably by
same/preferably
family
in community
(3)
(4)

Employed

Income (log)

(1)

(2)

0.630

0.926

0.344

0.303

0.396
80

0.162
62

0.113
63

0.104
73

0.641

0.902

0.391

0.327

[0.480, 0.803]
0.669
80

[0.262, 1.541]
0.446
62

[0.168, 0.615]
0.474
63

[0.108, 0.546]
0.410
73

𝛽∗ , Bias-adjusted treatment effect
0.649
0.890
0.412
0.337
𝑅
1.3𝑅, 𝛿 1
0.633
0.914
0.372
0.317
1.3𝑅, 𝛿
1
𝑅
0.654
0.859
0.465
0.362
2𝑅, 𝛿 1
𝑅
0.628
0.940
0.329
0.294
2𝑅, 𝛿
1
𝑅
Note: The sample is the matched sample. The 95% confidence intervals are obtained by robust standard errors.
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Table 5. Lee bounds
Economic empowerment

Lower bound
Upper bound

Employed

Income (log)

(1)
0.614***
(0.095)
0.658***
(0.086)

(2)
0.651**
(0.291)
1.018***
(0.241)

Social reintegration
Treated the
Treated
same/preferably
preferably
in community
by family
(3)
(4)
**
0.301
0.244*
(0.126)
(0.136)
***
0.455
0.368***
(0.138)
(0.126)

0.655
0.636
0.686
0.655
𝑞 , Rate of obs. of treatment G
1.000
1.000
1.000
1.000
𝑞 , Rate of obs. of comparison G
𝑞, Trimming proportion
0.345
0.364
0.314
0.345
Number of observations before
277
215
236
261
matching
Number of observations after
100
81
76
93
matching
Number of observations
80
61
60
73
Notes: The number of observations before matching is for surveyed trainees in the trimmed sample
plus survey attritors within the same strata as those of the surveyed trainees; the number of
observations after matching is for the matched sample including matched attritors used for computing
the trimming proportions; and the number of observations is for the matched sample used for
obtaining Lee bounds. Bootstrapped standard errors (500 bootstrap replications) are in parentheses.
*** p<0.01, ** p<0.05, * p<0.1
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Appendix
Table A1. Trainees by strata
Enrolled trainees
Comparison
group
ATC
19
Brick/block laying & concreting
5
Electronic
5
Hotel
1
Plumbing & pipe fitting
1
Welding
7
CFJ Kibali
27
Cooking
10
Welding
17
CFJ Nyanza
34
Brick/block laying & concreting
14
Plumbing & pipe fitting
10
Welding
10
CFJ Rwabuye
43
Brick/block laying & concreting
14
Carpentry & joinery
15
Tailoring
14
Total
123
Note: The table reports the number of trainees.

Surveyed trainees

Matched trainees

Treatment
group

Comparison
group

Treatment
group

Comparison
group

Treatment
group

42
10
9
3
8
12
30
10
20
45
15
15
15
42
10
16
16
159

18
5
4
1
1
7
24
8
16
29
12
8
9
43
14
15
14
114

26
5
5
2
4
10
22
7
15
22
8
6
8
24
6
11
7
94

6
3
2
0
1
0
11
2
9
16
8
2
6
10
4
1
5
43

6
3
2
0
1
0
4
1
3
16
7
3
6
12
5
4
3
38
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Table A2. Missingness
Missing in income
No covariates
(1)
Panel A: Surveyed sample
Treatment group dummy

-0.263***
(0.048)

-0.339***
(0.060)
9.20
[0.000]
3.31
[0.001]
68.86
[0.000]
0.285

F-test: strata FE
F-test: covariates
F-test: strata FE & covariates
Mean of dependent variable
Comparison mean
Observations
Panel B: Trimmed sample
Treatment group dummy

0.287
0.453
407

328

-0.335***
(0.059)

-0.337***
(0.063)
2.89
[0.001]
3.05
[0.000]
4.18
[0.000]
0.319

F-test: strata FE
F-test: covariates
F-test: strata FE & covariates
Mean of dependent variable
Comparison mean
Observations
Panel C: Matched sample
Treatment group dummy

With strata FE
& covariates
(2)

0.322
0.474
208

207

-0.343***
(0.084)

-0.306***
(0.087)
1.54
[0.148]
2.76
[0.009]
3.68
[0.000]
0.235

F-test: strata FE
F-test: covariates
F-test: strata FE & covariates

Missing in
“Treated preferably by family”
With strata FE
No covariates
& covariates
(3)
(4)
-0.362***
(0.040)

0.145
0.373
407
-0.384***
(0.047)

0.221
0.395
208
-0.419***
(0.076)

-0.376***
(0.051)
1.92
[0.011]
1.61
[0.081]
1.75
[0.008]
0.144
328
-0.350***
(0.056)
2.26
[0.011]
1.25
[0.246]
2.13
[0.002]
0.217
207
-0.408***
(0.082)
2.27
[0.025]
1.06
[0.408]
2.06
[0.018]
0.222

Mean of dependent variable
0.235
0.222
Comparison mean
0.395
0.419
Observations
81
81
81
81
Notes: The dependent variable is a dummy for missing values. The comparison mean is the mean of
each dependent variable in the comparison group. Strata fixed effects are constructed by training
course and center dummies. Covariates include age, dummies for education level (including missing
category), dummies for marital status (including missing category), dummies for types of disability
(including missing category), years since demobilization, and a dummy for Forces Armées
Rwandaises or armed group. Robust standard errors are in parentheses. ***p<0.01, **p<0.05, *p<0.1.
P-values of joint significance test (F-test) are in brackets.
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Table A3. Treatment effects, trimmed sample
Economic empowerment

Social reintegration
Good
Treated the
relationships
same/preferably
with neighbors
in community
(5)
(6)

Employed

Income
(1000 RWF)

Income (log)

(1)

(2)

(3)

Treated
preferably by
family
(4)

Comparison mean

0.110

9.747

8.711

0.203

0.641

0.223

Panel A: Treatment effect
(with no covariates)

0.518***
(0.058)

6.949**
(3.217)

0.597***
(0.168)

0.324***
(0.071)

0.161**
(0.063)

0.282***
(0.068)

Panel B: Treatment effect
(with strata FE & covariates)

[0.000]
{0.000}
0.550***
(0.065)

[0.055]
{0.031}
9.866**
(3.844)

[0.004]
{0.003}
0.718***
(0.219)

[0.000]
{0.000}
0.315***
(0.084)

[0.075]
{0.017}
0.143*
(0.078)

[0.037]
{0.000}
0.308***
(0.083)

[0.000]
[0.003]
[0.001]
[0.001]
[0.111]
[0.052]
{0.002}
{0.059}
{0.002}
{0.000}
{0.019}
{0.007}
162
194
187
Number of observations
203
141
141
Notes: Comparison mean is the mean of each outcome in the comparison group. Strata fixed effects are constructed by training course and center dummies.
Covariates include age, dummies for education level (including missing category), dummies for marital status (including missing category), dummies for types of
disability (including missing category), years since demobilization, and a dummy for Forces Armées Rwandaises or armed group. Robust standard errors are in
parentheses. *** p<0.01, ** p<0.05, * p<0.1. P-values for wild-cluster bootstrap two-way cluster-robust standard errors (1,000 bootstrap replications) are in
brackets. P-values for the multiple hypothesis testing for each outcome category using robust standard errors (1,000 bootstrap replications) are in braces.
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