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Abstract

This study uses the kernel matching estimator to examine if the ETGS (the

Japanese Education and Training Grants System) raises an individual�s productiv-

ity or not. In order to evaluate whether the ETGS is e¤ective or not, we compare

wage rates of those who took the job training courses supported by the ETGS and

those who took similar courses without the ETGS support. The estimation result

indicates that regardless of whether the ETGS exists or not, no signi�cant e¤ect on

wages can be found. One possible interpretation of this result is that the e¤ect of the

ETGS does not appear in the short run.
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1 Introduction

In Japan in the past, it was common for Japanese �rms to provide workers with

training opportunities in the form of on the job training (OJT) and/or o¤ the job training

(O¤-JT). However, since the bubble economy burst in the early 1990s, �rms tend to

reduce their labor costs by sacri�cing training expenses, and instead, there is a growing

tendency in Japan for workers themselves to take responsibility for improving their job

skills. Furthermore, many people believe that employment security o¤ered by �rms, e.g.,

long-term employment system is no longer sustainable, which also provides workers with

incentives to develop their job skills autonomously and voluntarily.

In this situation, the Japanese government has changed its policy in relation to job

training and manpower policy. In the past, the government had adopted the policy of

supporting �rms� labor costs to prevent �rms from �ring employees. Since the rise in

unemployment rate in 1990s, however, the government has tended to support workers�

human capital investment and/or job hunting activity by the unemployed people.

In particular, pecuniary assistance for workers�job training is essential for the following

two reasons. First, similar to the arguments on the merit of a voucher system, pecuniary

assistance enables workers to select an e¢ cient vocational training agency, thereby im-

proving the quality of job training agencies in a competitive environment. Second, such

assistance could alleviate credit constraints that workers face, which allows workers to

attain the optimal amount of job training. In Japan, the Education and Training Grants

System (the ETGS, hereafter; kyoiku kunren kyufu seido, in Japanese) was begun at the

end of 1998, and the provision of assistance for costs of vocational training was institution-

alized for the �rst time. However, with the exception of Abe et al.(2005), a comprehensive

evaluation of this policy has not yet been undertaken.
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The main purpose of this paper is to evaluate the ETGS and thus contributing to the

�eld of policy evaluation in Japan. Speci�cally, we consider worker�s hourly wage rate

(or annual earnings) as the indicator of the individual�s productivity, and then examine

whether receiving the Education and Training Grants (ETG) raises their wages by com-

paring its e¤ect with the e¤ect of self-development activities on wages for the following

two reasons1.

First, we can examine the role of the ETGS by such comparison. Comparing the e¤ect

of the ETGS and the e¤ect of vocational school as a whole on wages, we can understand

whether voluntarily participating in job training programs plays an important role in

raising a productivity, or whether job training programs provided by vocational school are

not so important in raising a productivity. As discussed in the next section, the ETG

can be considered to be a subsidy which reduces a price job training programs, thus, the

ETGS promotes participating the job training programs. If the courses provided by the

vocational school does not raise wages in the short run, signi�cant e¤ects on wage increases

cannot be found regardless of whether the ETGS exists or not.

Second, we can examine whether there is a kind of "moral hazard" associated with

the ETGS even if the ETGS has some roles in raising productivity. The term "moral

hazard" used in this paper means that even if some people receive the ETG and take

the course certi�cated by the ETGS, they are not encouraged to study harder to raise

their productivity without other people�s monitoring. A hypothesis that there is moral

hazard associated with the ETGS is veri�ed when the e¤ect of the ETGS on wages is not

signi�cant, while the e¤ect of self-development activity, which is similar to the coverage

of the ETGS, are signi�cant.

1The term "self development" is used to indicate the fact that some people voluntarily participate in
activities which raises the individual�s job skills such as participating in public job training programs,
vocational school courses, or in seminars which are related to their job skills.
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In the US, there is growing literature on the theoretical and empirical development of

policy evaluation and job training (see, for example, Friedlander et al., 1997). In this

literature, the potential for selection bias in policy evaluation is always pointed out, which

motivates many scholars to produce new methods to evaluate a particular policy. Lalonde

(1986) compares the results of policy evaluations derived from social experiments and non-

experimental settings, and then, concludes that the results from non-experimental settings

are biased. Heckman and Hotz (1989) explore the reasons why the conclusions of Lalonde

(1986) occur, and demonstrate the importance of selection on unobservables. Heckman

et al. (1997) propose the various matching estimators and demonstrate the conditions

where non-experimental settings can lead to the results that are similar to those from

social experiments. Even though valid instruments cannot be found, matching estimators

are useful in evaluating a particular policy in the non-experimental settings under the

conditional independence assumption.

In Japan, there are only a few papers that attempt a policy evaluation in relation to

job training. Ohkusa (2003) is a prominent paper in Japan and he explores the e¤ect

of unemployment bene�ts by using matching estimators. Ohkusa (2003) shows that the

recipients of unemployment bene�ts signi�cantly change to job with poorer conditions with

respect to wages. Yoshida (2004) exploits a Japanese panel data set on young women

to examine the e¤ect of self-development activity on wages using the matching estimator.

She �nds that, in general, self-development activity does not increase a worker�s wage, but

that wage increases can be observed in four years after the course. The motivation of Abe

et al. (2005) is the similar to this study. They examine whether using the ETGS increases

the wage rate or not, and they conclude that no signi�cant e¤ect can be found. Moreover,

they only estimate wage functions using ordinary least squares and instrumental variables

estimators, thus, ignoring the selection problem which the matching estimator takes into
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account.

This study attempts to employ the kernel matching estimator to examine whether the

ETGS raises an individual�s productivity or not. To my knowledge, it might be a �rst

attempt to employ Japanese comprehensive panel data to conduct a policy evaluation

of a case of Japanese job training programs from economics perspectives. In this paper,

particularly, in order to evaluate the role of the ETGS, we compare the e¤ects of the ETGS

and self-development activities. Since more strong job training policy are required in

recent Japan, the evaluation of current job training policy will contribute for policymakers

to adopt more e¢ cient policy.

The rest of the paper is organized as follows. In the next section, we discuss the

details of the ETGS. In the third section, we describe the dataset we use. In section 4,

we discuss our estimation strategy and how we implement the propensity-score matching

framework to evaluate the e¤ect of the ETGS on individual�s wage. In section 5, we

explain the estimation results. In section 6, we conclude the paper.

2 The Education and Training Grants System (ETGS)

In this section, we provide a brief summary of the Japanese ETGS. The ETGS attempts

to support an individual�s capacity development in order to stabilize the employment of

those already employed, and to help those who are unemployed to �nd a job more easily.

The ETGS speci�es the eligibility conditioned for receiving the ETG as: (i) the employed

who have been paying employment insurance for more than �ve years at the time they

start taking a course, or (ii) the unemployed who have been paying employment insurance

for more than �ve years and whose unemployment duration is less than one year when they
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start their job training2. The �nancial resources of the ETGS come from the employment

insurance reserves3. Job training courses that will be covered by the ETGS are designated

by the Ministry of Health, Labour and Welfare. Moreover, the Ministry of Health, Labour

and Welfare provides workers with information about the job training courses available on

a web site4. The process of receiving the ETG is as follows. First, people who are eligible

to receive the ETG attend the course of job training which they prefer, and pay the tuition

fee. Then, after completing the course, they must submit a course completion certi�cate

and a statement about their employment insurance enrollment to a job-placement o¢ ce

(Hello work, in Japanese) and apply to receive the ETG5. If the job-placement o¢ ce

approves the application, the applicant will receive 80% of the tuition fee (The upper

bound was 200,000 yen). For this reason, the ETGS plays an role of reducing the cost of

job training.

Figure 1 provides the time series data on the number of individual�s receiving ETG

and the amount of ETG per person. In 1999, the number of grants was 149,604 and

it reaches about 270,000 in 2000, and steadily increases to about 470,000 in 2003. The

average amount of grants per person was about 90,000 yen in 1999, and it reaches 190,000

yen in 2003. One reason behind this is the maximum grant was raised to 300,000 yen

in January 2001. Following the reports of billing fraud and a decline in employment

insurance reserves around 2002, a reform of the ETGS was conducted in May 2003. First,

the percentage of tuition fee assistance was reduced to 40%, and the upper bound of the

ETG was reduced from 300,000 yen to 200,000 yen. Second, the minimum period of the

2Once an individual receives the Education and Training Grants, they are ineligible to receive ETG
again for a period of �ve years (three years, after 2003) following the completion of the course whose tuition
fee is supported by the ETGS.

3The system of paying unemployment bene�t is called "employment insurance" in Japan (Koyo Hoken,
in Japanese). It consists of unemployment insurance, Education and Training Grants, the bene�t of child
care leave and nursing care leave.

4See http://www.kyufu.javada.or.jp/kensaku/T_M_kensaku (in Japanese)
5The applicant should apply the ETG within one month after completing the course.
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payment of employment insurance was also reduced from �ve years to three years. For

those individuals whose period of payment of employment insurance is between three and

�ve years, assistance is 20% with a maximum payment of 100,000 yen. For that reason,

the number of recipients and the per person amount of grants fell by about a half in 2004

compared to 2003.

Figure 2 shows the types of job training courses that applicants have taken. The

courses which are appropriate for the ETGS have a wide variety ranging from studying

foreign languages, bookkeeping, accounting, nursing care/childcare to production manage-

ment. Major courses are shown in �gure 2. Until 2003, it has increased the number of

receivers who took the courses for certi�cate of Japanese Word Processor and Information

Technology, but it decreased dramatically since 2004 due to the reform in May 2003. In

addition, the number of applicants who took the other major courses such as skills of

nursing care, English skills (including translation), skills for administrative scrivener has

decreased since 2004.

Figure 3 shows the number of certi�cated courses by the ETGS. Ministry of Health,

Labour and Welfare accepts the registration of certi�cated job training courses by the

ETGS twice a year. Since the launch of the ETGS, its number had increased and it

reached more than 20000 in 2001, top of which is 22,183 in October 2001, but it has

decreased since 2002 and it reaches 9,487 in April 2005.

Figure 4 indicates the percentage of workers who have used the ETGS in academic year

2004, divided by the full-time workers whose tenure is more than three years. We note that

this �gure does not exactly mean the percentage of ETGS receivers relative to the number

of eligible applicants, because this �gure does not include the unemployed people and

part-time worker eligible to apply the ETGS who have been paying employment insurance

for more than three years. Figure 4 indicates that, in the most of the age category, the
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percentage of women is more than that of men. It also illustrates that its percentage

is less than two percentage for men and �ve percentage for women indicating that the

existence of the ETGS might not be widespread among the workers or that the ETGS

might not be bene�cial for most of the workers.

There are also some disadvantages of the Education and Training Grants System (Abe

et al., 2005). First, the eligibility of ETGS is limited to those who have paid employment

insurance, and thus it does not cover part-time workers or the long-term unemployed. In

terms of income distribution, we consider that pecuniary assistance is necessary for disad-

vantaged people. Thus, we should put more emphasis on support for the disadvantaged

such as the long-term unemployed. Second, Ministry of Health, Labour, and Welfare�s

quality control is insu¢ cient. Through several reforms of the ETGS, the government has

insisted that the government monitoring has improved the quality of vocational school

courses. However, an objective measure of evaluation cannot be found even the policy

and the government�s process for selecting appropriate course is not su¢ cient evaluated

by third parties.

3 Data Description

The following analysis is based on representative micro-data from Keio Household Panel

Survey (KHPS, hereafter) which has been collected since 2004 by Keio University. I use the

data from 2004 to 2007, which is currently available. KHPS covers 4005 male and female

individuals aged 20 to 69 who were selected by strati�ed two-stage random sampling. It

contains a wide range of variables related to employment, household�s housing and its

asset information. If the selected respondent has a spouse at the time of the survey,

KHPS provides the same questionnaire toward his/her spouse in order to obtain the same

information both husband and wife. Although the overall response rate of the �rst wave
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was not so high (29.8%), the age and sex distribution of the 4005 respondents is quite

similar to that of the Japanese population (Kimura 2005). 3314 out of 4005 respondents

in the �rst wave answered repeatedly in 2005, which means that attrition rate based on

one year before is 17.2 %. This is comparable to other surveys such as PSID and NLSY,

and we believe that the attrition does not pose a serious problem or bias in our analysis.

In order to ensure the su¢ cient sample size, the analysis sample includes spouses.

KHPS asks about the ETGS every year but its way is quite di¤erent between 2004

(the �rst wave) and after 2005 (the second thru fourth wave). In the �rst wave, the

questionnaire asks whether the respondents know the existence of the ETGS. If answered

yes, the respondents have to answer the question of whether they use the ETGS or not

since 1998. If yes, they are also asked about when they use, which types of courses they

take, and whether the courses they took is satisfactory or not. If the respondents have

not experienced receiving the ETG, they are asked about the (self-reported) eligibility of

the ETGS. In the second thru fourth wave, KHPS asks whether the respondents have

used the ETGS within one year the survey conducted, they are taking the course now and

will receive the ETG from now on, or otherwise. If "otherwise" selected, the respondents

also answer whether they know the ETGS or not.

In the following analysis, to employ a di¤erence-in-di¤erence matching estimator, we

regard ETG receivers in 2004 and 2005 as a treatment group. It means that the treatment

group include those who had completed to or applied to receive the ETG at the survey date

of the second wave and those who had completed to receive the ETG at the survey date of

the third wave. This de�nition corresponds to the de�nition of outcome variables taken

from the third or fourth wave. However, though this de�nition overlaps the ETG training

period and the wage period, it enables us to provide sample size to conduct nonparametric

analysis.
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KHPS asks about self-development activities as follows. First, it asks the respondents

"Within a year before the survey conducted, have you engaged in the activity of improving

your skills voluntarily?" If yes, they are asked to answer the subquestion as which course

you have taken6. This question is multiple choice and the choice is as follows: (1) studying

in the vocational school, (2) studying in the professional training school, (3) studying in

the public training school, (4) going to university, (5) going to graduate school, (6) taking

a correspondence course, and other activities7.

Since the following analysis focuses on hourly wage rates and/or earnings, the analysis

sample is restricted to those aged under 60 years old and out of school. In the analysis, we

also restrict the analysis sample only to full-time employees. That is because the sample

size of part-time workers, self-employed workers, and the unemployed people who receive

the grant is extremely few (less than ten altogether) and none of the board members

receive the grants in our dataset. Furthermore, the sample of public o¢ cer is dropped

since none of public o¢ cers receive the grants in our dataset.

To calculate an hourly wage rate, I do the followings. First, I used the question,

�About how much do you earn from this job? (pre-tax salary including overtime payment

but excluding bonus payment)�for monthly and weekly paid workers. The same question

asked, �How much is the daily rate of pay?� for daily paid workers and �How much is

the hourly rate of pay?� for hourly paid workers. For the weekly hours of work, I used

usual weekly hours of work (including overtime work). Then, I assumed that there are

4.33 (=52/12) weeks per month and I imputed an hourly wage rate from this information

6This question separetes those who have completed the self-development activities and these who are
now studying. Also, it separetes those who are going to school now and those who graduated from school.
In the following analysis, only those who complete their course in school is used as the treatment group of
self-development activity.

7The choices "other activities" are more separeted in the real questionare into (7) going to the short
stay course in the college, (8) using the radio or TV or reading the book, (9) participating in the seminar,
(10) participating in the voluntarily study group in your �rm, and (11) others. See also Table 2.
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for monthly paid workers. For daily paid workers, the daily rate of pay was divided by

the hours of work during weekdays to obtain the hourly wage rate. In addition to these

questions, KHPS also asks about annual earnings for every respondents.

Table 1 presents the descriptive statistics of the analysis sample. The variable

"Whether receiving the ETG" indicates whether the respondents received the grants from

the end of �rst wave to the second wave. Its ratio is about 6.3%, showing that the most

people was not bene�ted from the ETGS. The variable "Whether knowing the ETGS"

indicates whether the respondents know the ETGS or not. Its percentage is only 47.2%

indicating that more than half of the full-time workers does not know about the ETGS.

We also note that compared to the sample of "those who do not know ETGS", percentage

of participating in the self-development activity, the hourly wage, and annual earnings are

higher for those who know ETGS. Moreover, those who know ETGS are highly educated

than those who do know ETGS. For that reason, we attempt to estimate another case

which restricts the sample for only those who know the ETGS.

The variable "Self-development activity 1" indicates whether the respondents have

completed the course provided by the vocational school, training school, university and/or

correspondence course with and without the support from the ETGS. In other words, self-

development activity 1 in the following analysis is the dummy variable which takes one if

the respondents chose at least one activity from the choice 1 to 6 in table 2. We construct

the coverage of "Self-development activity 1" is similar to that of the ETGS in order to

compare the e¤ect of self-development activity with and without a pecuniary support8.

Its percentage is 8.7% and its value is similar to that of receiving the grants. The variable

"Self-development activity 2 " indicates whether the respondents have read the book about

8Due to the design of the survey, KHPS does not provide the information of what type of courses those
who have recieved the grants have taken. Thus, we can only construct the crude variable which is similar
to the content covered by the ETGS.
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their job skill and/or went to the seminar. In other words, self-development activity 2

in the following analysis is the dummy variable which takes one if the respondents chose

at least one activity from the choice 7 to 11 in table 2. Table 2 shows the number

of participants of each self-development activity and the de�nition of self-development

activity 1 and self-development activity 2.

4 Empirical Strategy

This section explains how we implement a propensity-score matching estimator to evaluate

the e¤ect of the ETGS. We consider hourly wage rates or annual earnings as the outcomes

of the following analysis. The following explanation of matching estimator can apply to

the estimating the e¤ect of both the ETGS and the self-development activity.

Denote by Y1 the outcome conditional on participation in the ETGS and by Y0 the out-

come conditional on non-participation, so that the impact of participating in the program

is

� = Y1 � Y0

but we cannot observe both Y0 and Y1 for each person. The primary treatment e¤ect of

interest in nonexperimental settings is the expected treatment e¤ect for the treated:

TT = E(�jD = 1) = E(Y1jD = 1)� E(Y0jD = 1) (1)

where D = 1 for the group of individuals who applied and got accepted into the program

(treatment group), D = 0 for the group of individuals who did not participate in the

program (control group). In the following analysis, we consider the treatment group as not

only those who have received ETG, but also those who have conducted self-development.
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In nonexperimental settings, no direct estimate of the counterfactual mean E(Y0jD = 1)

is available. Although we can estimate E(Y0jD = 0) by taking average of Y0 for those

who does not participate and we use E(Y0jD = 0) instead of E(Y0jD = 1), the estimator

of � is biased in general and the magnitude of bias is

E(Y0jD = 1)� E(Y0jD = 0) (2)

However, there is a vector of observed individual characteristics denoted X which

satis�es the conditional independence assumption, which means

E(Y0jD = 1; X) = E(Y0jD = 0; X) (3)

we can unbiased estimate the treatment e¤ect of the treated conditional onX, E(�jX;D =

1)9: That is because the bias term conditional on X becomes zero by (3) under the assump-

tion that Pr(D = 1jX) < 110: The estimator of (3) is de�ned where Pr(D = 1jX) < 1

which is called "common support". The intuition behind this is that comparing the out-

come which has the similar characteristics. In the usual regression analysis, we should

search for valid instrument to control the correlation between D and the error term of Y .

However, even though there is such a correlation, we can obtain unbiased estimator of �

only if the bias term de�ned (2) becomes zero in average.

One way to estimate E(�jX;D = 1) would be by matching units on their vector Xi

for unit i. In principle, we could stratify the data into subgroups, each de�ned by a

9 In the literature of program evaluation, it is a problem to choose X to satisfy the conditional indepen-
dence condition. Rosenbaum and Rubin (1983) presents a theorem which would be helpful in determining
which variables we should include in X. The theorem states that conditioned on Pr(D = 1jZ); X and D
are independent. Many scholars propose "balancing test" based on this theorem. In this paper, I conduct
"regression test" proposed by Smith and Todd (2005) and the result concludes that our choice of X might
not contradict with the theorem by Rosenbaum and Rubin (1983).
10Although many papers such as Dehejia and Wahba (1999,2002) assume 0 < Pr(D = 1jX) < 1, but in

order to estimate the treatment e¤ect of the treated, it is su¢ cient only to assume Pr(D = 1jX) < 1:
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particular value of X. The limitation of this method is that it relies on a su¢ ciently rich

data to match both treatment group and control group. Rosenbaum and Rubin (1983)

suggest the use of the propensity score�the probability of receiving treatment conditional

on covariates�in reducing the dimensionality of the matching problem. They show that

if conditioned on X, (Y1 and D) and (Y0 and D) are independent, then (Y1 and D) and

(Y0 and D) are also independent conditioned on P (X) where P (X) = E(D = 1jX) is a

propensity score. Using this result, the treatment e¤ect of the treated can be written as

TT = EP (X)[E(�jP (X); D = 1)jD = 1] (4)

Practically, the propensity score is estimated by the logit model. One of the problem

to estimate the propensity score is to choose X which satis�es the conditional independence

assumption. In the following analysis, we utilize the richness of KHPS. Our propensity

score speci�cation includes age, education, tenure, industry, occupation, �rmsize, annual

income and so on.

Since it is di¢ cult to �nd the individuals of control group the same value of propensity

score as that of treatment group, we compute the average of Y0 by using the individual

of control group who has the similar value of propensity score. There are many ways to

de�ne the "distance" of someone�s propensity score between control and treatment group,

but in general matching estimator is de�ned as follows (Smith and Todd, 2005).

b� = 1

n1

X
i2I1\Sp

24Y1i � X
j2I0\Sp

W (i; j)Y0j

35 (5)

where I1 denotes the set of program participants, I0 is the set of nonparticipants, Sp is

the region of common support, and the weight depend on the distance between P (Xi)

and P (Xj). The estimator (5) is called cross-section matching estimator. The following
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analysis avoids the problem of common support by using the dummy variables as the

covariates in the logit model to estimate the propensity score. To estimate the logit

model, using a continuous variable as a covariate tremendously increase the dimension.

We convert the continuous variable into some categorical dummy variables to decrease the

dimension11.

In the following analysis, we employ the kernel matching estimator (Heckman et al.,

1997)12. The weight of the kernel matching estimator is

W (i; j) =
G
�
( bPj � bPi)=bn�P

k2I0\Sp G
�
( bPk � bPi)=bn� (6)

where G(.) is a kernel function and bn is a bandwidth parameter. Kernel matching can

be thought of as a weighted regressing of Y0 on an intercept with weights given by the

kernel weights,W (i; j), that vary with the point of evaluation. The weights depend on the

distance between each comparison group observation and the participant observation. In

the following analysis we use G(.) as Epanechnikov kernel and the bandwidth parameter

is set to 0.05. In the analysis, we use the outcome variable as the hourly wage and annual

earning at the second wave of KHPS while the covariates in the logit model to estimate

the propensity score is at the �rst wave of KHPS in order to avoid the reverse causality.

In the analysis described earlier, X is a key factor to a¤ect the participation to the

program. However, if there are some unobservable factors such as individual�s potential

ability which a¤ect the decision of participation, the condition (3) does not hold, thus the

estimator in (4) becomes biased. In that situation, if we assume that such unobservable

11The disadvantage of this operation is to crude estimation of the propensity score by ignoring the rich
information the continuous variable has. We remain this issue because the number of control group in the
following analysis does not seem to be enough.
12Frolich (2004) suggest from the Monte Carlo analysis of �nite samples that, over a ragen of possible

data generating processes, kernel matching, or its variant called ridge matching, consistently do well on a
mean-square error criterion. This studies also follow his suggestion.
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factors are time-invariant, use of di¤erence of outcomes provides the unbiased estimator.

This is the di¤erence-in-di¤erence matching estimator (Heckman et al., 1997). When we

user the di¤erence at t�(before treatment) and t (after treatment), the assumption like

(3) becomes

E(Y0t � Y0t0 jD = 1; P (X)) = E(Y0t � Y0t0 jD = 0; P (X)) (7)

and the estimator based on this assumption is,

b�DID = 1

n1

X
i2I1\Sp

24(Y1ti � Y1t0i)� X
j2I0\Sp

W (i; j)(Y0tj � Y0t0j)

35 (8)

In the following analysis, we also employ the kernel matching estimator based on (8). In

the analysis, we set t as the third or fourth wave and t�as the �rst wave to capture the

wage change before and after the job training course received.

5 Estimation Results

In this section, we show and interpret the estimation result.s In order to compare

the e¤ect of the ETGS with the other relevant job training courses, we focus on the four

sample sets de�ned as follows. Sample A consists of whole full-time workers (under 60

years old) in which the control group consists of those who received the ETG. Sample

B consists of the full-time workers who know the ETGS. The control group of sample

B is the same as that of sample A. Sample C consists of full-time workers in which the

control group consists of those who completed the self-development activity 1 during the

second and third wave. Sample D consists of who full-time workers in which the control

group consists of those who completed the self-development activity 2 during the second

and third wave.
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5.1 Estimation of Propensity Score

In order to estimate the matching estimator, we have to estimate the propensity score.

A choice of covariates X has some complications but in this paper we employ the variables

associated with the cost and bene�t of receiving the ETG. Educational attainment and

age show a proxy of the ETGS return, e.g. higher education level shows higher ETGS

return and younger people have longer remaining period of receiving the return from the

ETG. Weekly hours of work and residential location can show a proxy of the cost, e.g.,

longer hours of work raise the time constraint to receive the ETG. Regional di¤erence of

an opportunity receiving job training programs may capture the residential location. In

addition, control of tenure, industry, occupation and �rm size can capture, which might

not be su¢ cient, the di¤erence of skill speciality, e.g. professional require more speci�c

skills and training than other categories.

Table 3 shows the result of logit model. The �rst column shows the result of logit

model on whether they receive the ETG or not from the end of �rst wave to the survey

date of second wave (Sample A). All the covariates are used in 2004, the survey date of the

�rst wave. The coe¢ cient of university graduates is signi�cant at 10% signi�cance level

compared to the junior high and high school graduates. Moreover, we can observe the

signi�cance di¤erence in industry, occupation, �rm size, and hours of work. In the �rst

column, workers whose weekly hours of work is over 60 hours tend to refrain from using

the ETGS due to a large time constraint. The second column shows the same regression as

in the �rst column except the sample is restricted to those who know the ETGS (Sample

B). We �nd that most of the coe¢ cient is not signi�cant compared to the result of the

�rst column.

The third column shows the result of logit model on whether they conduct self-

development activity or not (Sample C). In this regression, we assume that self-development
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activity includes the courses the same contents as in the ETGS. The signi�cant of coef-

�cient is almost the same as in the �rst column, but the there is a negative age e¤ect on

conducting self-development activity. The fourth column shows the result of logit model

on whether they conduct the self-development activities, which includes reading the book,

studying by the TV program, and/or participating in the seminar (Sample C). The result

is almost the same as in the third column, but the coe¢ cient of professionals are large and

signi�cant.

Figure 5 shows the histgram of estimated propensity score using each estimation in

table 3. Panel (A) in �gure 5 corresponds to the result of the �rst column in table2, panel

(B) to the second column, panel (C) to the third column, and panel (D) to the fourth

column respectively. Each �gure shows the range of overlap between the control group

and the treatment group is large. In Panel (A), most of the propensity score is around 0

and this result indicate the prediction of the estimated model might not be good.

5.2 Estimation of the Matching Estimator

Table 4 shows the result of cross-sectional kernel matching estimator. The estimated

treatment e¤ect of the treated is not signi�cant for every sample related to the ETGS

when we set the outcome variable as the hourly wage rate of third or fourth wave. In

sample B, the coe¢ cient of the third wave wage is negatively signi�cant, while all the

estimates of sample C are not signi�cant. These facts imply not only that the e¤ect of

the ETGS on productivity is not statistically signi�cant or rather in some cases negatively

signi�cant, but also the similar content of the courses which the vocational school or other

professional school provides does not have any e¤ect on raising a productivity. One

possible explanation of these facts is that courses which is covered by the ETGS has an

e¤ect on future productivity so that we cannot capture the e¤ect only looking at the one
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or two years after the respondents received training. For that reason, we conduct further

investigation to employ longer panel data to examine the long-term e¤ect of the ETGS.

In the analysis of sample D, however, the estimated treatment e¤ect on the treated is

statistically signi�cant at 5% signi�cance level for the third wave. Since this result does

not control the unobserved heterogeneity using a di¤erence-in-di¤erence method, we will

look and examine its e¤ect is signi�cant when controlling unobserved heterogeneity.

Table 4 also shows the e¤ect on earnings. Like the case of wages, the coe¢ cients of

third wave earnings as well as fourth wave earnings in sample B are negatively signi�cant.

In addition, the coe¢ cients of third wave earnings as well as fourth wave earnings in

sample D are positively signi�cant. The case in sample B also contradicts our notion that

training raise productivity. To examine whether these results are robust, controlling the

unobserved heterogeneity using a di¤erence-in-di¤erence method is meaningful.

Table 5 shows the result of the di¤erence-in-di¤erence matching estimator. The coe¢ -

cient of whether receiving the ETG (Sample A and B ) is not signi�cant at all. Addition-

ally, the coe¢ cient of sample C is also insigni�cant. However, the coe¢ cient of sample

D, making the treatment group those who have conducted self-development activity 2, is

signi�cant at 10% signi�cance level, which means that conducting self-development ac-

tivity 2 raises a productivity. It seems that studying by the book or TV program, or

participating in the seminar has a great e¤ect in raising the individual�s productivity.

One possible interpretation is that those who have conducted self-development activity 2

can successfully choose the content of job training which would raise their productivity.

Another possible explanation is that the e¤ect of the ETGS does not appear in the short

run, for instance, one and/or two years after completing the job training courses. We

also note that the coe¢ cients of earnings di¤erentials from fourth wave to �rst wave in

sample A and B are negatively signi�cant. Since the coe¢ cients of wage di¤erentials
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counterparts are not signi�cant, these result may be derived from the adjustment of hours

of work and/or other factors.

6 Concluding Remarks

This study examines whether the ETGS in Japan raise an individual�s productivity or

not. By exploiting the Japanese representative panel data, KHPS, we estimate the cross-

sectional and di¤erence-in-di¤erence kernel matching estimator. Speci�cally, we are inter-

ested in whether voluntarily participating in the job training courses plays an important

role in raising productivity, or vocational school courses are not so important in raising a

productivity so that whether the ETGS exists or not, signi�cant e¤ects on wage increase

cannot be found. The estimation results indicate that whether the ETGS exists or not, no

signi�cant e¤ect on wages can be found. However, the self-development activity in general

has a statistically signi�cant e¤ect on raising productivity. One possible interpretation of

insigni�cant e¤ects of the ETGS is that, on average, participants cannot choose the course

successfully in terms of raising a productivity. Another possible interpretation is that its

e¤ect only appear in the long run, so that we cannot capture its e¤ect only looking at one

year after taking job training courses.

This study has several limitation. First, the sample size of receiving the ETGS is

relatively few. In order to obtain the robust result, we need to exploit more fruitful and

larger dataset to examine these facts. Second, which might be related to the �rst point,

we cannot explore why the ETGS does not signi�cant e¤ect on productivity due to the

lack of su¢ cient data. It is natural to consider the e¤ect of ETGS varies according to

the kinds of courses undertaken, even if its e¤ect cannot be found on average. Large

sized data will solve this question. Third, we should more carefully examine the validity

of the speci�cation estimating the propensity score and/or the treatment e¤ect of the

19



treated. Fourth, we did not capture the long-term e¤ect of the ETGS. Fortunately,

KHPS continued to collect the data and it extends the length of sample period. Future

research will answer the truth of the interpretation.

20



References

[1] Abe, M., M. Kurosawa, and A. Toda (2005) "The e¤ect of Education and Training

Grants System and the Public Certi�cate (Kyoiku Kunren Kyufu Seido To Koteki

Shikaku Ga Motsu Koka Towa)", in Y. Higuchi, M. Abe, and T. Kodama, eds., The

Economic Analysis on Labor Market Design (Rodo Shijyo Sekkei No Keizai Bunseki),

Tokyo: Toyo Keizai Publisher, pp. 283-308 (in Japanese).

[2] Ashenfelter, O. (1978) "Estimating the E¤ect of Training Programs on Earnings",

Review of Economics and Statistics, Vol. 60, No. 1, pp. 47-57.

[3] Dehejia, R. H., and S. Wahba (1999) "Causal E¤ects in Nonexperimental Studies:

Reevaluating the Evaluation of Training Programs", Journal of the American Statis-

tical Association, Vol. 94, No. 448, pp. 151-161.

[4] � and � (2002) "Propensity Score-Matching Methods for Nonexperimental Causal

Studies", Review of Economics and Statistics, Vol. 84, No. 1, pp. 151-161.

[5] Friedlander, D., D. H. Greenberg, and P. K. Robins (1997) "Evaluating Government

Training Programs for the Economically Disadvantaged", Journal of Economic Lit-

erature, Vol. 35, No. 4, pp. 1809-1855.

[6] Frölich, M. (2004) "Finite-Sample Properties of Propensity-score Matching and

Weighting Estimators", Review of Economics and Statistics, Vol. 86, No. 1, pp. 77-90.

[7] Heckman, J. J., and V. J. Hotz (1989) "Choosing Among Alternative Nonexperimen-

tal Methods for Estimating the Impact of Social Programs: The Case of Manpower

Training", Journal of the American Statistical Association, Vol. 84, No. 408, pp.

862-874.

21



[8] � , H. Ichimura, and P. E. Todd (1997) "Matching as an Econometric Evaluation Es-

timator: Evidence form Evaluating a Job Training Programme", Review of Economic

Studies, Vol. 64, No. 4, pp. 605-654.

[9] � , R. J. Lalonde and J. A. Smith (1999) "The Economics and Econometrics of Active

Labor Market Programs", in A. Ashenfelter and D. Card, eds., Handbook of Labor

Economics, vol. 3, Amsterdam: Elsevier Science, pp. 1865-2097.

[10] � , and J. A. Smith (2004) "The Determinants of Participation in a Social Program:

Evidence from a Prototypical Job Training Program," Journal of Labor Economics,

Vol. 22, No. 2, pp. 243-298.

[11] � , S. Urzua, and E. Vytlacil (2006) "Understanding Instrumental Variables in Models

with Essential Heterogeneity", Review of Economics and Statistics, Vol. 88, No. 3,

pp. 389-432.

[12] Kimura, S. (2005) �Features of Keio Household Panel Survey 2004�, in Y. Higuchi,

ed., Nihon No Kakei Kodo No Dainamizum (Dynamism of Household Behavior in

Japan), Tokyo: Keio University Press, pp. 13-41 (in Japanese).

[13] Lalonde, R. J. (1986) "Evaluating the Economic Evauations of Training Programs

with Experimental Data", American Economic Review, Vol. 76, No.4, pp. 604-620.

[14] Ohkusa, Y. (2003) "Programme Evaluation of Unemployment Bene�ts in Japan: An

Average Treatment E¤ect Approach", Japan and the World Economy, No.16, pp.

95-111.

[15] Rosenbaum, P., and D. B. Rubin (1983) "The Central Role of the Propensity Score

in Observational Studies for Causal E¤ects", Biometrika, Vol. 70, No. 1, pp. 41-55.

22



[16] Smith, J. A., and P. E. Todd (2005) "Does Matching Overcome LaLonde�s Critique

of Nonexperimental Estimators?", Journal of Econometrics, No. 125, pp. 305-353.

[17] Yoshida, K. (2004) "The Empirical Analysis of self-development on wages (Jiko Kei-

hatsu Ga Chingin Ni Oyobosu Kouka No Jissyo Bunseki)", Japanese Journal of Labor,

No. 532, pp. 40-53 (in Japanese).

23



Figure 1: Recent Situation of the Japanese Education and Training Grants System

(ETGS)
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Figure 2: Number of Education and Training Grants Applicants by the Major Types

of Job Training Courses
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Figure 3: Number of Quali�ed Courses by the ETGS
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Figure 4: The Percentage of workers who have used the ETGS (2004, academic year)
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Figure 5: The Histgram of the Estimated Propensity Score

(A) Sample A: (Treatment Group= Those who received the ETG, Comparison Group=Other

full-time workers)
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(B) Sample B: (Treatment Group= Those who received the ETG, Comparison Group=Other

full-time workers who know the ETGS)
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(C) Sample C: (Treatment Group= Those who graduated vocational School, Compar-

ison Group=Other full-time workers)
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(D) Sample D: (Treatment Group= Those who conducted self-development activity,

Comparison Group=Other full-time workers)
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Table 1: Descriptive Statistics of the Analysis Sample

N Mean N Mean N Mean
Whether receiving the ETG 1635 0.063 772 0.118
Whether knowing the ETGS 1635 0.472
Self Development Activity 1 1635 0.087 772 0.136 863 0.044
Self Development Activity 2 1635 0.287 772 0.341 863 0.239
Hourly Wage (3rd wave, yen) 1231 2536.6 597 2690.1 634 2392.0
Hourly Wage (4th wave, yen) 1128 2697.3 551 2909.5 577 2494.6
Annual Earning (3rd wave)* 1310 532.8 628 569.1 682 499.3
Annual Earning (4th wave)* 1202 550.6 586 594.0 616 509.2
Growth rate of hourly wage (3-1) 986 0.128 482 0.120 504 0.135
Growth rate of hourly wage (4-1) 918 0.157 443 0.171 475 0.144
Growth rate of log earnings (3-1) 1154 0.016 557 0.025 597 0.009
Growth rate of log earnings (4-2) 1068 0.051 517 0.074 551 0.029
Covariates:

Female 1635 0.237 772 0.233 863 0.240
Educational Attainment

Junior College 1635 0.294 772 0.316 863 0.273
University 1635 0.385 772 0.470 863 0.309
Vocational School 1635 0.083 772 0.084 863 0.081

Age Category
    30-39 1635 0.283 772 0.315 863 0.254
    40-49 1635 0.314 772 0.297 863 0.330
    50-59 1635 0.267 772 0.267 863 0.267
Tenure Category (years)
    3 - 6.9 1635 0.136 772 0.141 863 0.132
    7 - 14.9 1635 0.255 772 0.258 863 0.253
    15 and more 1635 0.416 772 0.412 863 0.419
Industry
   Construction 1635 0.108 772 0.117 863 0.101
   Wholesale 1635 0.096 772 0.108 863 0.086
   Finance, Bank 1635 0.064 772 0.084 863 0.046
   Telecommunication 1635 0.115 772 0.106 863 0.123
   Service 1635 0.244 772 0.231 863 0.256
   Others 1635 0.196 772 0.183 863 0.207
Occupation
   Sales 1635 0.108 772 0.122 863 0.095
   Service 1635 0.059 772 0.053 863 0.065
   Management 1635 0.087 772 0.117 863 0.060
   Laborer 1635 0.224 772 0.171 863 0.271
   Professionals 1635 0.223 772 0.234 863 0.212
   Others 1635 0.109 772 0.083 863 0.133
Firm Size
   100-499 1635 0.221 772 0.201 863 0.240
   500 and more 1635 0.352 772 0.403 863 0.306
Residential Location
   12 major cities 1635 0.221 772 0.250 863 0.195
   Villege 1635 0.209 772 0.181 863 0.233
Weekly Hours of Work
   45-60 1635 0.429 772 0.451 863 0.410
   60+ 1635 0.271 772 0.255 863 0.285

Spouse 1635 0.844 772 0.848 863 0.840
Youngest Kids <6 yrs. Old 1635 0.246 772 0.251 863 0.242
Annual income
   2m.-3.99m. 1635 0.257 772 0.219 863 0.291
   4m.-6.99m. 1635 0.350 772 0.347 863 0.352
   7m. And more 1635 0.207 772 0.254 863 0.166

. 
Note:  All the covariates are dummy variables and those at the first wave are used.
        The unit of "Anuual income" is ten thousand yen.
        The analysis sample is restricted to full-time workers under 60 years old, not engaged in public age
        (as same as later tables).

(3-1) means the difference between the third and the first wave, and (4-1) means the difference
          between the fourth and the first wave.

Whole Sample
Sample is restricted to
those who know ETGS

Sample is restricted to
those who do not

know ETGS

Self development activity 1 (Self Dev. 1) indicates whether the respondents have completed the
course of vocational school, training school, university and/or correspondence course  within one
year the second wave collected.  Self development activity (Self Dev. 2) indicates whether the
respondents have read the book abot their job skill and/or went to the seminar. See Table 2 for
detailed.



Table 2: The Number of workers who have conducted self-development activity 
(Multiple choice, Second wave, 2005)

Choice

The
Number of
Answering

Yes
1. studying in the vocational school 11

Self-development 2. studying in the professional training school 31
activity 1 3. studying in the public training school 11

4. going to university 0
5. going to graduate school 1
6. taking a correspondence course 82
7. goint to short stay course in the college 7

Self-development 8. using the radio, TV or reading the book 66
activity 2 9. participating in the seminar 166

10. participating in the voluntarily study group 155
11. others 58

448
Total number who have conducted at least one self-development
activity described above

Note; KHPS asks the respondents "Within a year before the survey conducted,
have you engaged in the activity of improving your skills voluntarily?"  If yes,
they are asked to choose which activity you conducted from the 11 choices
described above.  In this paper, we define "self-development activity 1" as the
activity of choice from 1 to 6 and "self-development activity 2" as the activity
of choice from 7 to 11.



Table 3:  Parameter Estimate of the Logit Model for Propensity Score(Male + Female)

Sample A Sample B Sample C Sample D
Dependent Var: ETGS ETGS Self dev. 1 Self dev. 2
Sample Whole Restrict Whole Whole
Female 0.696 0.321 0.391 0.211

(0.326)* (0.401) (0.305) (0.197)
Educational Attainment (vs. junior high /high school)

Junior College -0.225 -0.405 -0.188 -0.069
(0.262) (0.304) (0.241) (0.141)

University 0.486 0.566 0.628 0.229
(0.269)+ (0.209)* (0.239)** (0.127)+

Vocational School 0.086 -0.628 -0.342 0.084
(0.437) (0.584) (0.454) (0.236)

Age Category (vs. under 29 yrs. Old)
    30-39 0.452 0.444 -0.153 -0.506

(0.404) (0.508) (0.341) (0.230)*
    40-49 0.437 0.496 -0.543 -0.444

(0.443) (0.521) (0.355) (0.242)+
    50-59 0.408 0.750 -0.775 -0.588

(0.492) (0.561) (0.391)* (0.260)*
Tenure Category (years)(vs. less than 3 yrs old)
    3 - 6.9 -0.206 -0.158 0.453 0.042

(0.385) (0.422) (0.327) (0.235)
    7 - 14.9 -0.360 -0.272 -0.086 0.383

(0.334) (0.389) (0.305) (0.210)+
    15 and more -0.438 -0.430 -0.341 0.317

(0.362) (0.403) (0.336) (0.220)
Industry (vs. Manufacturing)
   Construction 0.994 0.784 0.654 -0.176

(0.402)* (0.452)+ (0.366)+ (0.239)
   Wholesale 0.662 0.955 0.887 -0.626

(0.441) (0.462)* (0.385)* (0.333)+
   Finance, Bank 0.443 0.569 0.511 0.269

(0.469) (0.528) (0.427) (0.277)
   Telecommunication -0.323 -0.049 0.259 -0.077

(0.512) (0.572) (0.431) (0.268)
   Service -0.768 -0.655 0.337 0.132

(0.375)* (0.422) (0.322) (0.184)
   Others 0.733 0.988 0.124 0.265

(0.346)* (0.396)* (0.333) (0.204)
Occupation (vs. office work)
   Sales 0.030 -0.069 -0.469 -0.115

(0.397) (0.450) (0.382) (0.300)
   Service -0.868 -0.839 -0.598 0.061

(0.656) (0.703) (0.608) (0.323)
   Management -0.411 -0.690 0.112 0.336

(0.517) (0.579) (0.403) (0.262)
   Laborer -1.054 -0.771 -0.083 -0.262

(0.444)* (0.526) (0.350) (0.242)
   Professionals -0.194 -0.068 -0.478 0.764

(0.388) (0.384) (0.346) (0.202)**
   Others -0.449 -0.518 -0.557 -0.645

(0.513) (0.596) (0.484) (0.323)*
(Continued to the Next Page)



Table 3:  Continued

Sample A Sample B Sample C Sample D
Dependent Var: ETGS ETGS Self dev. 1 Self dev. 2
Sample Whole Restrict Whole Whole
(Continued)

Firm Size (vs. less than 100)
   100-499 -0.573 -0.286 0.654 0.149

(0.374) (0.379) (0.287)* (0.175)
   500 and more 0.528 0.484 0.765 0.369

(0.280)+ (0.300) (0.271)** (0.164)*
Residential Location (vs. city)
   12 major cities -0.251 -0.386 -0.521 0.170

(0.301) (0.349) (0.272)+ (0.156)
   Villege 0.049 0.239 -0.026 0.111

(0.292) (0.325) (0.281) (0.169)
Weekly Hours of Work (vs. under 45)

       45-60 -0.196 -0.299 0.045 -0.004
(0.254) (0.284) (0.219) (0.132)

       60+ -0.616 -0.702 -0,424 0.172
(0.297)* (0.319)* (0.237)+ (0.148)

Spouse -0.399 -0.463 -0.113 -0.102
(0.352) (0.456) (0.335) (0.237)

Youngest Kids <6 yrs. Old 0.715 0.733 0.428 0.026
(0.326)* (0.365)* (0.247)+ (0.189)

Annual income ( less than 2m. Yen)
   2m.-3.99m. 0.478 0.071 -0.077 0.275

(0.595) (0.656) (0.533) (0.342)
   4m.-6.99m. 0.414 -0.353 0.231 0.668

(0.623) (0.653) (0.560) (0.347)+
   7m. And more 0.142 -0.603 0.116 0.440

(0.714) (0.745) (0.646) (0.385)
Constant -3.477 -2.034 -2.973 -2.027

(0.747)** (0.916)* (0.701)** (0.459)**
Observations 1635 772 1635 1635
Pseudo R-Squared 0.107 0.104 0.080 0.064

Note: Standard errors in parentheses
        + significant at 10%; * significant at 5%; ** significant at 1%
        "Restrict" in the second column means that the sample is restricted to those who know ETGS.
       About "Self Dev. 1" and "Self Dev. 2" , see the note in Table 1.



Table 4:  The Parameter Estimate of the cross-sectional matching estimator

Kernel matching estimator (Male + Female)
outcome = wages (3rd wave) unit: yen

Sample A Sample B Sample C Sample D
Treatment Group: ETGS ETGS Self dev. 1 Self dev. 2

(Know EGTS)
Coef. -321.04 -590.09* 51.95 264.67*
Std. Error. 284.63 325.16 227.02 138.71
No of Treatment Group 85 80 106 368
No of Control Group 1146 557 1125 861

Kernel matching estimator (Male + Female)
outcome = wages (4th wave) unit: yen

Sample A Sample B Sample C Sample D
Treatment Group: ETGS ETGS Self dev. 1 Self dev. 2

(Know EGTS)
Coef. 260.12 133.03 190.63 292.75
Std. Error. 369.17 410.96 306.87 185.63
No of Treatment Group 83 78 97 235
No of Control Group 1045 472 1031 892

Kernel matching estimator (Male + Female)
outcome = earnings (3rd wave) unit: one thousand yen

Sample A Sample B Sample C Sample D
Treatment Group: ETGS ETGS Self dev. 1 Self dev. 2

(Know EGTS)
Coef. -38.07 -93.54** -20.04 61.17**
Std. Error. 33.53 37.84 26.83 16.43
No of Treatment Group 91 84 115 396
No of Control Group 1219 544 1195 912

Kernel matching estimator (Male + Female)
outcome = earnings (4th wave) unit: one thousand yen

Sample A Sample B Sample C Sample D
Treatment Group: ETGS ETGS Self dev. 1 Self dev. 2

(Know EGTS)
Coef. -31.70 -101.13* -15.08 74.92**
Std. Error. 41.18 46.96 33.53 20.65
No of Treatment Group 88 80 106 357
No of Control Group 1114 525 1096 842

Note: All of the estimates are based on kernel matching using the Epanechnikov kernel.
        The coefficient is calculated by the difference of  sample mean for each group based 
                  on (5) and (6).
        The standard error is derived from the bootstrap and its replication is 500.

        + significant at 10%; * significant at 5%; ** significant at 1%



Table 5:  The Parameter Estimate of the difference-in-difference matching estimator

Kernel matching estimator (Male + Female)
outcome = difference of log wage rate at 3rd wave wave minus log wage rate at 1st wave

Sample A Sample B Sample C Sample D
Treatment Group: ETGS ETGS Self dev. 1 Self dev. 2

(Know EGTS)
Coef. -0.119 -0.113 0.026 0.076+
Std. Error. 0.782 0.082 0.058 0.037
No of Treatment Group 71 71 94 295
No of Control Group 917 438 892 689

Kernel matching estimator (Male + Female)
outcome = difference of log wage rate at 4th wave wave minus log wage rate at 1st wave

Sample A Sample B Sample C Sample D
Treatment Group: ETGS ETGS Self dev. 1 Self dev. 2

(Know EGTS)
Coef. 0.071 0.146 0.033 0.018
Std. Error. 0.085 0.095 0.066 0.042
No of Treatment Group 69 69 87 269
No of Control Group 849 400 831 646

Kernel matching estimator (Male + Female)
outcome = difference of log earnings at 3rd wave wave minus log earnings at 1st wave

Sample A Sample B Sample C Sample D
Treatment Group: ETGS ETGS Self dev. 1 Self dev. 2

(Know EGTS)
Coef. -0.047 -0.065 -0.014 0.017
Std. Error. 0.054 0.061 0.041 0.026
No of Treatment Group 81 81 108 352
No of Control Group 1073 503 1046 800

Kernel matching estimator (Male + Female)
outcome = difference of log earnings at 4th wave minus log earnings at 1st wave

Sample A Sample B Sample C Sample D
Treatment Group: ETGS ETGS Self dev. 1 Self dev. 2

(Know EGTS)
Coef. -0.134** -0.141** -0.011 0.049+
Std. Error. 0.054 0.058 0.042 0.026
No of Treatment Group 76 76 98 318
No of Control Group 992 467 970 747

Note: All of the estimates are based on kernel matching using the Epanechnikov kernel.
        The coefficient is calculated by the difference of  sample mean for each group based 
                  on (6) and (8).
        The standard error is derived from the bootstrap and its replication is 500.

         + significant at 10%; * significant at 5%; ** significant at 1%


