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Abstract
This paper studies the impact of vocational education and training (VET)
on the probability of getting job. 4562 individuals who were randomly selected
for annual labor force survey were included in this study. Nearest- neighbor
matching method has been chosen for this study. The result of this study shows
that VET increases the probability of getting job by 17 percent. The logit model
for participation in VET indicates that the probability of participating in VET by
a female student is lower than that of a male student and also the probability to
participating in VET increase with schooling and decrease with age. This study
suggests that more students should be admitted to the VET programme and
government authority should encourage and motivate school children, especially
female students, to enroll in VET programme.
Keywords: Matching; Propensity Score; Treatment Effect Model;
Vocational Education and Training,
1.

Introduction

Sri Lanka has produced a population with higher than 96% literacy rate
in 2016. Literacy alone is not sufficient for economic growth in the knowledge
era. It becomes vital to supply the labour force with skills which is needed for
rapid economic growth and development. Sri Lanka has been unable to supply
labour force with high quality education and skills. Sri Lanka received lower rank
in providing quality of education in science and math and access to internet in
schools. Sri Lanka primarily focused more on basic education in secondary level
of education and less focus on higher levels of education. The mismatch between
the quality of the education and the labour market requirements has led to
significant unemployment of higher education institute graduates in Sri Lanka. A
large number of jobs are vacant as there are no workers with the skills for the
labour market requirements. Enrolment at university has dropped due to higher
opportunity cost in pursuing higher education. Sri Lanka’s formal education
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system has failed in providing market oriented skills. Technical Education and
Vocational Training (TEVT) institutions in Sri Lanka became an effective
alternative for students leaving from high School. TEVT institutions have helped
to produce labour force with market oriented skills. Currently public, private, and
NGO sector in Sri Lanka are involved in providing TEVT. Vocational training
programmes became an important agenda of many governments and
international donor agencies (King and Palmer, 2010). The persistence of labour
market imbalances emphasized the training on market oriented skills to reduce
mismatch between the quality of the education and the labour market
requirements (ILO, 2012). Investing in public vocational education and training
(VET) center is very important in developing countries. Due to the advancement
in information and communication technology and the globalization, VET
became a very important aspect of the educational development (UNESCO,
2001). VET act as a center between formal education and the labour market.
VET has helped tremendously for rapid economic growth and development in
South-East Asia and industrialized world. Economic benefits of VET are
extensive. VET has positive impact on wages, employment, mobility,
employment opportunity, productivity, innovation, and organization culture.
Low rate of unemployment can have favorable consequences for national
competitiveness and GDP growth. The Vocational Training Authority of Sri
Lanka (VTA) established in 1995 is currently operating with 224 Rural, 22
District and 7 National Vocational Training Centers. Around 25,000 youth are
trained in 18 different sectors and graduated annually from these training
Centers. The objective of this study is to investigate the impact of VET on the
probability of getting job.
The empirical literature on effect of vocational training on employment
is extensive and reports contrasting findings. A meta-analysis by Card et al.
(2018), based on 350 estimates of the employment effects of active labour market
policies, confirmed significant impacts of training on women who participated in
training programmes after long-term unemployment. Mo Costabella (2017)
examined vocational training courses for the unemployed organized in the years
2007-2009 and found positive employment effects on women. Kumar et al.
(2019) investigated the factors that affect the participation in formal vocational
training and the effect of vocational training on wage in India and found that
individuals with formal vocational training had higher wage in the primary and
secondary sector than the individuals without formal education and enrollment
of female in formal vocational education is lower than male. Vandenberg and
Laranjo (2020) analyzed the impact of vocational education and training on wages
and likelihood of being employed in the Philippines using propensity score
matching and found that graduates of vocational education and training earned
higher wages and are more likely to be employed than those who graduated from
secondary school or below.
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Matching method has become famous to estimate treatment effects and
also extensively applied to evaluate policies in labour market (Dehejia and Wahba
(1998), Heckman et al (1997)). Rosholm et al (2019) employed propensity score
matching to evaluate the effectiveness of a bridging intervention which consists
of classroom training, educational internships and mentoring on the educational
enrollment and completion for all participants. Brunello, G., and Roccol, L.
(2017) applied propensity score matching to investigate the effect of vocational
education on adult skills, employment and wages. Matching can be applied in any
field of study. Empirical studies have been found in various fields of study.
Statisticians (Rosenbaum & Rubin, 1983) and (Heckman, 1978) have developed
propensity score matching (PSM) to estimate treatment effect. Econometricians
have contributed much for addressing selection bias. The PSM approach has
become popular among research from various disciplines, especially economics,
health, education, and substance abuse. The PSM applications have been used to
evaluate child welfare programmes (Fraser, 2004), but there were arguments
between advocates and adversaries of non experimental approaches. Sosin (2002)
is one of the few scholars used PSM method to evaluate noneconomic
programmes using non experimental approaches. The term propensity score first
introduced by Rosenbaum and Rubin in 1983 to estimate causal effects between
variables more precisely in their article. Estimation of treatment effects were
addressed from the heckman’s work on sample selection and dummy
endogenous variables (Heckman, 1978). This work can be considered as a
generalization of the propensity score matching.
2.

Methodology

The objective of this study is to measure the effect of VET programme
on the probability of finding job. To know the effect of VET on the probability
of finding job by a participating individual, the observed outcome of a
participating individual must be compared with the outcome that would have
resulted if the participating person is not participated in the training programme.
Nevertheless, only the outcome of the participating person is observed. The
impact of a programme across individuals will be heterogeneous. There are two
measures to estimate the effect of treatment. The average treatment effect (ATE)
is the effect of participation in the programme on an individual who were
randomly selected from the population. The average effect of treatment on
treated (ATET) is the effect of participation in the programme on an individual
who participated in the programme. The effect of the training programme can
be described by two processes. First, the decision to participate in the training
programme takes place. Second, the process of determining job entry happens.
Selection bias can occur when some of the factors influencing the participation
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in programme also affect the outcome. In general, unobservable characteristics
determining participation can also affect outcomes. It can be seen that highlymotivated persons most probably participate in training programme and also
most probably find job. The estimated treatment effect will be biased unless
sample selection issue is addressed. Roy-Rubin Model is the standard framework
to formalize the sample selection problem and evaluate the treatment effect (Roy
(1951), Rubin (1974)). In the case of a binary treatment, the dummy value for the
treatment (Di) = 1 if individual, i, is treated and 0 if not treated. The potential
outcomes depends on the treatment, Qi(Di), for individual i,. The treatment
effect for an individual i can be defined as:
𝜏𝜏𝑖𝑖 = 𝑄𝑄𝑖𝑖 (1) − 𝑄𝑄𝑖𝑖 (0)

(1)

Only one outcome is observed for each individual i. The unobserved
outcome (counterfactual outcome) is needed to estimate the individual treatment
effect, 𝜏𝜏𝑖𝑖 . The Average treatment effect on the treated (ATET) can be defined
as:
𝜏𝜏𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 = 𝐸𝐸 [𝜏𝜏||𝐷𝐷 = 1] = 𝐸𝐸 [𝑄𝑄(1)||𝐷𝐷 = 1] − 𝐸𝐸 [𝑄𝑄(0)||𝐷𝐷 = 1]
(2)

The counterfactual outcome (unobserved outcome) for those being
treated is defined as 𝐸𝐸 [𝑄𝑄(0)||𝐷𝐷 = 1] . As the outcomes of individuals from
treatment would differ from the outcomes of individual from comparison group
even in the absence of treatment, there would be self-selection bias. Therefore,
ATET can be defined as:
𝐸𝐸 [𝑄𝑄(1)||𝐷𝐷 = 1] − 𝐸𝐸 [𝑄𝑄(0)||𝐷𝐷 = 0] = 𝜏𝜏𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 + 𝐸𝐸 [𝑄𝑄(0)||𝐷𝐷 =
1] − 𝐸𝐸 [𝑄𝑄(0)||𝐷𝐷 = 0]
(3)

The true parameter 𝜏𝜏𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 is only identified if `self-selection bias' is
equal to 0
𝐸𝐸 [𝑄𝑄(0)||𝐷𝐷 = 1] − 𝐸𝐸 [𝑄𝑄(0)||𝐷𝐷 = 0] = 0
(4)

To solve `self-selection bias' problem, some identifying assumptions
should be made. The average of differences between the outcomes of treated and
non-treated is the mean effect of treatment. Average treatment effect (ATE) is
defined as:
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𝜏𝜏𝐴𝐴𝐴𝐴𝐴𝐴 = 𝐸𝐸[𝑄𝑄(1) − 𝑄𝑄(0)]

(5)

In the method of matching, a matching individual for every individual in
the treatment group is found from among the comparison group by identifying
individuals sharing similar observable characteristics. The probability of finding
a match reduce when the number of characteristics considered in the matching
process increases. Rosenbaum and Rubin (1983) showed that matching on all
covariates as a single index formulated based on the chance of participation could
achieve reliable estimates of the treatment effect. This matching is called
propensity score matching. To generate a propensity score for each observation,
a logit regression model is developed with treatment as the dependent variable
and the potential covariates as explanatory variables. After generating propensity
score, it must be ensured that graph (series) of propensity scores across treatment
and control groups are overlapped and the propensity score should be balanced
in the treated and control groups. And also individual covariates across treatment
and control groups within blocks of the propensity score should be balanced.
After creating a balanced propensity score, it can be used to compare treatment
and control groups. Matching and weighting strategies are most popular among
the comparison strategies (Austin 2009, 2011). There are a number of possible
ways of identifying this matched group. Kernel matching uses multiple
comparators to match each treatment group member. Matching balances
characteristics across the treatment and matched control groups. The extent of
matching can be determined by examining the propensity score’s distribution in
the treatment and matched control groups and also by comparing standardized
differences. Covariates are strongly related to the outcome if there are small
differences in means of covariates (Ho et al. 2007).
The data randomly collected by Department of Census and Statistics for
2014 annual labour force survey from five districts of Northern Province of Sri
Lanka were used for this study. The data of the individuals who are 15 years old
and above and not going to school include 1539, 811, 800, 752 and 656
individuals from Jaffna, Vavuniya, Mannar, Kilinochchi and Mullaitivu districts
respectively. Totally, 4562 individuals were included in our study. The variables
considered in this analysis are age, gender, education level, vocational training,
employment, Cross sectional data of these variables were used to develop the
models for the probability of getting job, using treatment effect estimation..
3.

Results and Discussion

The descriptive statistics of variables considered in this analysis are given
in Table 1. Average age and average education level of individuals selected for
this study are 42 years old and around 9th grade respectively. 48% of these sample
individuals are employed. Among 4562 individuals, 272 individuals (6%) got
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vocational education and training. A logit regression was developed with
participation in the VET (treatment) as dependent variable and gender, age, and
education level as explanatory variables to create a propensity score for each
observation.
Table 1: Description and descriptive statistics of the variables

-------------------------------------------------------------------------------------------------------------Variable
description
Obs
Mean
Std. Dev. Min
Max
----------------------------------------------------------------------------------------------------------------------------Gender
If male, dummy value is 1
4,562
.4715
.499
0
1
Female is 0
Age
Number of years
4,562
42.85
16.60
15
65
Education
Number of years of schooling 4,562
8.680
3.232
0
17
Employment
if employed, dummy value is 1
4,562 .4813
.499
0
1
Unemployed is 0
VET
If participated in VET,
4,562 .0596
.236
0
1
Dummy value is 1
If not is 0
----------------------------------------------------------------------------------------------------------------

The logit model for the participation in the VET was given in Table 2.
Graph of propensity scores (Figure 1) indicates that propensity scores across
treatment and comparison groups are overlapped. The balance test divides the
treatment group into 8 blocks on the basis of the propensity score and showed
that mean propensity score is significantly indifferent for treated and comparison
group in each block and also the individual covariate of the treatment and
comparison groups are significantly indifferent from each other within these
blocks. This implies that the distribution of propensity score within each block
is similar across groups and that the propensity score is correctly specified.
Table 2: Model for Participation in Vocational Education and
Training
-------------------------------------------------------------------------------------------------Variable
coefficient
z
p value
-------------------------------------------------------------------------------------------------Gender
-0.39
-2.82
0.005
Age
-0.027
-5.18
0.000
Education
0.529
16.6
0.000
Constant
-7.183
-17.09
0.000
---------------------------------------------------------------------------------------------------
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Figure 1: Distribution of Propensity Score across Treatment and
Comparison Groups
After creating a balanced propensity score, logit models were employed
to estimate the average treatment (VET) effect on the individuals participated in
the VET (ATET) and on the individuals randomly selected from the population
(ATE) using different matching and weighting estimators. How well the
treatment and comparison groups balanced were tested by comparing
standardized differences, propensity score graph of covariates, propensity score
graph of treated and control group before and after matching or weighting.
ATET and ATE estimated from different matching and weighting estimator and
summary of balance statistics were presented in Table 3 and Table 4 respectively.
After comparing the standardized differences given in Table 3, the smallest
standardized difference in the matched or weighted covariates were found when
estimating treatment effect on treated individuals (ATET) using the nearest
matching method. The smallest standardized difference, the propensity score
graph of treated and control (Figure 2) and the propensity score graph of
covariates (Figure 3, 4 and 5) before and after matching or weighting indicate
that treatment and comparison groups well balanced when estimating ATET
using nearest-neighbor matching method. Therefore, nearest- neighbor matching
method has been chosen to evaluate the effect of VET on participants (ATET)
in this study. The estimate of ATET of nearest- neighbor matching method (0.13)
indicates that probability of finding employment by a participant in VET
increases by around 13 percent. As shown in Table 4, the smallest standardized
difference in the matched or weighted covariates were found when using the
nearest matching method to estimate treatment effect on randomly selected
individuals (ATE).
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Table 3: Average Treatment Effect on Treated and Statistics of Different Matching and Weighting
------------------------------------------------------------------------------------------------------------------Matching/
ATET Variable
Number
Number
Standardize difference
Weighting
of Treated
of Comparison Raw
Matched/
Estimator
observations
observations
Weighted
Matched/
Matched/
Weighted
Weighted
-----------------------------------------------------------------------------------------------------------------------------------------Nearest
.132
gender
272
272
-.192 0
Matching
(0.000) age
-.701 .003
Neighbor
Education
1.399 .002
-----------------------------------------------------------------------------------------------------------------------------------------Inverse Probability
.123
gender
2,241
2,321
-.192 .0013
Matching (IPW)
(0.000) age
-.701 .0019
Education
1.399 -.077
-----------------------------------------------------------------------------------------------------------------------------------------Regression adjusted
.131
gender
2,241
2,321
-.192 .0013
With IPW
(0.000) age
-.701 .0019
Education
1.399 -.077
-----------------------------------------------------------------------------------------------------------------------------------------Propensity Score
.127
gender
272
272
-.192 0
Matching
(0.005) age
-.701 .089
Education
1.399 .026
------------------------------------------------------------------------------------------------------------------------------------------
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Table 4: Average Treatment Effect and Balance Statistics of Different Matching and Weighting .
------------------------------------------------------------------------------------------------------------------Matching/
ATE Variable
Number
Number
Standardize difference
Weighting
of Treated
of Comparison Raw
Matched/
Estimator
observations
observations
Weighted
Matched/
Matched/
Weighted
Weighted
-----------------------------------------------------------------------------------------------------------------------------------------Nearest
.172
gender
4,562
4,562
-.192 0
Matching
(0.034) age
-.701 -.25
Neighbor
Education
1.399 .31
-----------------------------------------------------------------------------------------------------------------------------------------Inverse Probability
.213
gender
1,940
2,622
-.192 .0296
Weighting (IPW)
(0.000) age
-.701 -.496
Education
1.399 .407
-----------------------------------------------------------------------------------------------------------------------------------------Regression adjusted
.240
gender
1,940
2,622
-.192 .0296
With IPW
(0.000) age
-.701 -.496
Education
1.399 .407
----------------------------------------------------------------------------------------------------------------------------------------Propensity Score
.268
gender
4,562
4,562
-.192 .209
Matching
(0.156) age
-.701 -.427
Education
1.399 .0356
-----------------------------------------------------------------------------------------------------------------------------------------Augmented Inverse
.203
gender
1,940
2,622
-.192 .0296
Probability Weighting (0.000) age
-.701 -.496
Education
1.399 .407
-----------------------------------------------------------------------------------------------------------------------------------------P-value in Parentheses
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Figure 2: Balanced Plot of Treated and Control Groups (ATET)
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Figure 3: Balance Plot of Gender (ATET)
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Figure 4: Balance Plot of Age (ATET)
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Figure 5: Balance Plot of Education (ATET)
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Figure 6: Balance Plot of Treated of Control Group (ATE)
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The propensity score graph of treated and control (Figure 6), the
propensity score graph of covariates (Figure 7, 8 and 9) before and after matching
or weighting and the smallest standardized difference indicate that treatment and
comparison groups well balanced when using nearest-neighbor matching method
in this study. Therefore, nearest- neighbor matching method has been chosen to
evaluate the effect of VET on participants (ATE) in this study. The estimate of
ATE of nearest- neighbor matching method (0.172) indicates that probability of
finding employment by a randomly selected individual increases by around 17
percent after completing VET. As shown in Table 2, the logit model for
participation in VET shows that the probability of participating in vocational
education and training by a female is lower than that of a male student. Every
additional year of schooling of a student increases the probability to participate
in VET. Coefficient of age implies that the probability to participate in VET
decreases with age.
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Figure 7: Balance Plot of Gender (ATE)
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Figure 8: Balance Plot of Age (ATE)
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Figure 9: Balance Plot of Education (ATE)
4.

Conclusion

This study concludes that probability of finding employment by a
participant in VET increases by around 13 percent and probability of finding
employment by a randomly selected individual increases by around 17 percent
after completing VET. The logit model for participation in VET indicates that
the probability of participating in VET by a female is lower than that of a male
student and also the probability to participating in VET increase with schooling
and decrease with age. This study suggests that more students should be admitted
to the VET programme and awareness programme about VET should be
conducted to motivate the school students; especially to female students, to
enroll in VET
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