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Abstract

More and more rural kids in China have received junior high education since it became free in 2006. However, there remains a huge gap in the rate of admission to senior high school when comparing urban and rural students. One reason for this gap may be the high levels of tuition and fees for senior high school. In this report, we evaluated the impact of the tuition relief program proposed in Ningshan (the treatment county), one poor county in Shaanxi province in China for poor rural students using different estimation strategies, such as Difference-in-Differences (DD), Difference-in-Difference-in-Differences (DDD), Propensity Score Matching (Matching) and DD Matching. With the data collected in Ningshan and two control counties, Shiquan and Hanyin, we find that this program improves the math score/effort of the students significantly. More importantly, this program is shown to have a statistically significant and positive effect on the math scores of the poorest students in the treatment group compared to their wealthier peers. 

JEL: I22; O12; O15  

Keywords: Tuition Relief Program; Education Program Evaluation; Rural China 
Introduction
Since the tuition was waived for the primary and junior high students in poor areas in China in 2005, the enrollment rate of junior high students in rural China has increased a lot (MOE，2009). However, the educational inequality in terms of school achievement between rural and urban students still exists. Senior high school enrollment—especially in academic high school—is still low for students in most poor rural counties (Chen, 2007). One reason might be that high school tuition is so high that parents of students from poorer families decide that they can not afford to send their child to high school (Liu et al., 2009). 
In China, the cost of going to school after entering senior high school now dramatically exceeds a rural family’s per capita annual income. In poor rural areas, like in Ningshan County in Shaanxi Province, the annual income per capita was only 2,400 yuan in 2008 (Ankang Statistics Bureau, 2009), but the high school tuition and fee for three years costs about 24,000 yuan which takes a poor rural parent about 10 years to earn. And, this does not account for the opportunity cost of going to senior high school. Since the child going to high school is unable to enter the work force for three years, the foregone wages more than double the cost of going to senior high school. Nearly 90 percent of students in large cities in China attend senior high school; in poor rural areas, only about 1 in 4 does (Liu et al., 2009). And, while many rural kids are not competitive for a number of non-financial reasons (for example, the bad performance in the admission examination), it is estimated that there are thousands of students that do not go to high school each year only because they can not afford it(Wang, 2005).  

With the rapid economic transition in China, the return to education in China is found to be increasing very fast. Zhang et al. (2005) find a dramatic increase in the return to education in urban China from only 4 percent in 1988 to more than 10 percent in 2001, which means when a bright child can not further his/her education for financial reasons, it is a tremendous loss for the families of the bright kids who instead of studying math, advanced language, English and computers, end up working in factories or construction sites in big cities. It is also a huge loss for China – especially as we think ahead to the needs of the nation in the coming 10, 20, 30 years as China modernizes. Modern societies are always built primarily on an educated citizenry. A new paper from Japan points to mistakes made by Japan in the 1970s in the design of their education system with the recent sluggish growth of the past two decades (Godo and Hayami, 2009).

While the Ministry of Education at the national level is slowly responding to the needs of many of these poor kids who have defied all odds and have scrapped and scratched their ways through 3 years of junior high school and have tested into a senior high school, one very poor county in Shaanxi Province—the County of Ningshan, implemented a tuition relief program in senior high school. We would like to use it as a natural experiment to track the impact of this tuition relief program in senior high school on the effort of the poor rural students in junior high schools. 
In pursuit of this goal, as a first step, students in the County of Ningshan were regarded as the treatment group. And the control group was drawn from junior high school classes in the two poor counties neighboring the County of Ningshan—the County of Shiquan and Hanyin where there was no tuition relief program. Next, we used different estimation strategies, such as Difference-in-Differences estimation, Difference-in-Difference-in-Differences estimation, Propensity Score Matching and Difference-Differences Matching to compare the change of the test score/effort of the junior high students before and after the program was implemented between the treatment and control group. Finally, we examine the impact separately on the poorest students and the richest students, since the poorest students who are more liquidity constrained are supposed to be more likely to be affected by this program than their richer peers.

The rest of the paper is organized as follows. The first section reviews the study’s approach, including the research design and sampling, an explanation of the government intervention and a description of the data. The next section explains the statistical approach in detail and the following sections then present the results, discuss the findings and conclude.

Sampling and Data
Sampling 

In order to evaluate the impact on poor rural students of the tuition relief program proposed in the County of Ningshan (the treatment county), one poor county in Shaanxi province in China, we collected data in the County of Ningshan and two control counties, the County of Shiquan and Hanyin both of which were randomly selected in the same Prefecture of Ankang where the County of Ningshan lies in. In addition, both of the two control counties are either nationally- or provincially-designated poor counties.
 To be specific, in 2009, the rural per capita income in Hanyin and Shiquan, Hanyin was 3323 yuan ($519) and 3338 yuan ($522) respectively, which is very similar to Ningshan, a nationally designated poor county where rural per capita income was 3201 yuan ($500) in 2009.

To choose the sample schools, all 36 junior high schools in the three study counties were surveyed. In addition, in the County of Ningshan, all the seventh grade classes in all the 6 junior high schools were selected. In the County of Shiquan and Hanyin, a subset of seventh grade classes in each of the 30 junior high schools was randomly selected. Because of the size of Shiquan and Hanyin, it would have been impossible, given our budget, to survey all classes in each school in these two counties.
 Therefore, there are 69 classes in all the 36 junior high schools in total in our sample.  In every sample class, we surveyed all the students. The total sample consists of 2798 seventh graders in 2009. 

The sample students appear to be similar in nature to what would be expected in a rural, poor setting in China. For example, we find 6% more boys than girls, a ratio similar to that cited in the Ministry of Education’s 2010 Annual Yearbook: 7% more boys than girls. Approximately 98% of the seventh graders in our sample are aged between 11 and 15 years. 
The baseline survey was conducted in early September, 2009 when the new term just began. Following the baseline survey, in the fall of 2010, our research team finished the second wave of evaluation surveys in all the 69 sample classes. Figure 1 depicts the flow of participants through each state of the study, as well as the project timeline.

Although the main sample at baseline included a total of 36 schools and 3121 students, there was some attrition in the endline survey in 2010. For various reasons (dropouts, absences, death, etc.), by the time of the endline survey we were only able to follow up with 672 students in the  County of Ningshan (the treatment group) and  2070 students in the County of Shiquan and Hanyin (the control group) control group and 413 in the treatment group. The attrition rate is almost the same (12%) in both groups (Figure 1).
Table 1 shows that study students were balanced in the key dependent variable (raw math test score in 2009—row 1). To be specific, the mean math score in the County of Ningshan (the treatment group) was 54.82 and the mean math score in the County of Shiquan and Hanyin was 54.29 and there was no statistically significant difference between them. In addition, rows 2 to 13 show that there were no statistically significant differences at the level of some control variables: the preschool history of the student, the sibling dummy for the student and the occupation dummy for the parent.
Experiment Arms/Interventions

The tuition relief program implemented in the County of Ningshan provided us with a good chance to examine the effect of this program on the effort of the junior high students. Our study design included two groups: a treatment group of students in the County of Ningshan and the control group of students in the County of Shiquan and Hanyin where there was no intervention. 

To be specific, in the treatment group, the tuition relief program was announced at the end of July in 2009 when the school was on summer vacation. The key message in the program was that the local government promised to pay for all the annual tuition of 1500 yuan for three years in senior high school for the students who were among the top 500 students in the entrance examination to the senior high school
(The average annual enrollment in the only senior high school in this county is about 550). This policy came into effect in August 1st. That is, for students who were admitted to senior high school in August, 2009
, most of them didn’t need to pay the annual tuition of 1500 yuan in the following three years. In addition, for the students who were already in the senior high school, they didn’t need to pay the same amount of tuition in the rest of years in the senior high school.  
In the early September of 2011 when the new fall term just began, we did the baseline survey in the junior high school and found that only 15% junior high students knew this program
. We reported this information to the local government and the government began to make this program known to each student in all junior schools in October. When we revisited the schools in the spring term in the March of 2010, almost every student whom we randomly selected in the junior high school knew this program. 
The Control group of Shiquan and Hanyin was selected in the same prefecture of Ankang where Ningshan lies in and they are neighboring to the County of Ningshan. In China, students in the same prefecture usually take the same courses, use the same textbooks, take the same entrance examination to senior high school and pay the same amount of tuition. In both of these two counties, there was no tuition relief program. That is, unlike the 7th graders in Ningshan County that all knew about the tuition relief program in senior high school, students in the control group who are in their first year of junior high school (and their parents) will be well aware of the fact that if they want to go to high school they will have to pay more than 20,000 yuan in tuition and fees for three years in total and forego more than 30,000 yuan in wages.
Data Collection
The research group conducted a total of two rounds of a survey of each seven-grade student in the 36 schools in both treatment group and control group. The first-round survey was a baseline survey conducted in early September 2009 at the beginning of the Fall semester and the second-round survey was a evaluation survey conducted in early September 2010. 

In each round of survey, the enumeration team visited each school and conducted a two-block survey. The first block is a 30 minute standardized math test. Since the test score is highly correlated with student efforts on the course (Jagacinski & Taubman A. J., 1979; Natriello & Mcdill, 1986; Cybinski and Forster, 2009), it is served as the measure of student effort in this study. That is, we would like to examine the effect of the tuition relief program on the effort/test score of the junior high student.  Because we administered the survey/test ourselves, we know that there was no coaching for the test before our survey. Since the test is administered at the start of the school year, we also know that neither students nor teachers shifted their efforts from other subjects to math. What’s more, the tuition relief program was announced in the County of Ningshan at the end of July, 2009 when students were on summer vacation and only 15% students in the junior high school knew about this program. In addition, even if the students knew about the program, since the rural students seldom took extra tutoring classes during summer vacation, the math test score we collected in early September could actually be used as the pre-program outcome. 
We used the pretest-posttest designs in the math test. That is, this standardized math test administered by our research team was given to all sample students in the treatment group and the control group in the first wave of the survey in fall 2009 and another standardized math test was given to all these sample students in the second wave of the follow-up survey in 2010. In our analysis, we used the raw scores (with the full score equal to 100) without any further manipulation for the ease of interpretation to measure the effort.  As a robustness check, we also used the normalized z-score of Math score in these two years.  The normalized scores are created by subtracting the average test score of all sample students from the test for each student and then dividing each score by the standard deviation of the test scores of all sample students in the same grade.  With this transformation, the normalized test score is interpreted as the number of standard deviations from the mean score of all students in the same grade.

In the second block enumerators collected data on the characteristics of students and their families. From this part of the survey we are able to create demographic and socioeconomic variables. The dataset includes measures of each student’s age (measured in years), gender (described by an indicator Gender, which is equal to one for boys, and zero for girls), sibling information (described by in indicator, no sibling which is equal to one for student had no siblings, and zero for students who had siblings), and student pre-schooling and kindergarten information (described by the indicator of preschool and kindergarten, which equals to one if students attended the preschool or kindergarten), father and mother’s age (measured in years), father and mother’s education level ( completed at least middle school) and father and mother’s occupation (described by indicator of occupation which equals to one for parent who works in agriculture, and zero for the parent who works in non-agricultural sector).
Importantly, in the second block students were also asked to answer detailed questions about the number of thirty household assets that their household owned, so that we could generate the asset index using principle component analysis to measure the wealth of their household. To be specific, following the method by Filmer and Pritchett (1998), we use the scoring factors from the first principal component to create the asset index. It is in fact a weighted average of the observed thirty variables of assets and variables with higher coefficients have more weight in determining the score on this component. The higher the asset index is, the wealthier the household is. Based on asset index, we divided the students into five groups and created the variables of poorest, Second, Median, Fourth and Richest to represent the students whose household wealth was among the bottom 0-20%, top 60-80%, top 40-60%, top 20-40% and top 20 % and above. 
All of the control variables in our econometric model are produced from the above information.
Methodology
We used Difference in Difference (DD), Difference in Difference in Differences (DDD), traditional Propensity Score Matching and Difference in Difference Matching (DDM) to compare the effort/test score of those junior high students covered by the tuition relief program and those not covered by the program. 

Basic Estimation Methodology

The objective of this study is to examine the impact of the Tuition Relief Program in Senior High School on the effort of junior high students. In order to evaluate the impacts of this program, the intervention in this program (providing the free tuition in senior high school) is considered as the treatment and our sample students are divided into a treatment group and a comparison group. The treatment group includes all the 7th graders in the County of Ningshan. The comparison group includes randomly selected 7th graders in the County of Shiquan and the County of Hanyin. With this set up, we are interested in understanding the mean impact of “treatment on the treated” which is the average impact of the program among those treated (Smith and Todd, 2005):
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where we denote Y1 as the outcome (for example, student test score in our case) after the treatment, Y0 as the outcome before the treatment; and D=1 stands for the group of students who participated in the program in 2009, D=0 stands for those who did not participate in the program in 2009. In reality we do not observe the counterfactual mean,
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, or the mean outcome for the students who participated in the program had they not participated in 2009. Therefore, we employ a difference-in-difference method (DD) to compare the outcomes before and after the intervention status change for students affected by the change (the students in Ningshan County) to students not affected by the change (those from Shiquan and Hanyin County). In equation (1) Let t and t’ denote the time after the intervention (2010) and time before the intervention (2009). The standard DD estimate is given by:
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The idea of using a DD estimator to produce DD estimates is that it allows us to correct the simple differences before and after the intervention for the treatment group (or the students participated in this program) by subtracting the simple difference for the comparison group (students didn’t participate in this program). By comparing the before-after change of treated groups with the before-after change of comparison groups, any common trends, which will show up in the outcomes of the comparison group as well as the treated group, get differenced out (Smith 2004). 

In addition to the standard DD estimator, we implement three other DD estimators: an “unrestricted” version that includes Yt' as a right hand variable, an “adjusted” version that includes other covariates in addition to the treatment variable (in our case they are a series of control variables from 2009 or the pre-program period), and an unrestricted/adjusted model that combines the features of both the “unrestricted” and “adjusted” model. The unrestricted and adjusted DD estimators relax the implicit restrictions in the standard DD estimator that the coefficient associated with Yt’ (pre-program outcome) and covariates in t’ (pre-program period) equals one. The combination of unrestricted and adjusted DD estimators relaxes both of these assumptions. In summary, the models to be estimated are:

Model (1), Restricted & Unadjusted: ΔScorei = α + δProgrami + εi
Model (2), Restricted & Adjusted: ΔScorei = α +δProgrami +βXi + εi,

Model (3), Unrestricted  & Unadjusted: ΔScorei = α +δProgrami +γScore_09i + εi
Model (4), Unrestricted & Adjusted: ΔScorei = α +δProgrami +γScore_09i +βXi + εi

where, i is an index for the student, ΔScorei is the change of the score of student i between 2009 and 2010; Programi  is the treatment variable (which makes δ the parameter of interest). In our analysis, Programi =1 if the student i participated in the program (Programi =0 if the student i didn’t participate in the program). Finally, the term Xi is a vector of covariates that are included to capture the characteristics of student, his/her parent and household which includes the age, gender, preschool history, number of siblings of the student, the educational attainment, occupation, age of the student’s father and mother, and wealth status of the household.

It is important to remember that the identification of the causal effect using DD relies on the assumption that absent the policy change (or intervention of the program in our case), the average change in 
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 would have been the same for the treated and the comparison groups. Formally, this is called the “parallel trend” assumption, which can be expressed as: 
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As might be expected, the effectiveness of DD depends on the validity of this assumption. In this study, the difference in these differences can be interpreted as the causal effect of the tuition relief program under the assumption that in the absence of program, the differences in the test scores of students would not have been systematically different in the treatment and control group. This identification strategy might be invalid if the pattern of differences in student scores varies systematically across counties. However, we can explicitly test this identification assumption by using rich students who were not financially constrained when making decision to going to senior high school and therefore were not subject to this tuition relief program. 

Alternatively, we could use the rich students as additional control group, to look at the effect of the tuition relief program on the test score of the poor student who might be affected by the tuition program, thus we get the Difference-in-Difference-in-Differences (DDD) estimator. The model to be estimated is:
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Where 
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 is the wealth indicator dummy for student i. It equals to 1 if the student’s asset index is lower than the median and zero if the asset index is higher than the median. Here
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is the coefficient of our interest. 
Sensitivity Analysis
In addition, we used different methods to serve as robustness check. To begin with, the reality of our question (understanding the effect of the intervention on the student score) may mean that even though we control for a large number of observable variables in 2009 in the adjusted and unrestricted versions of the DD estimates, there could be other unobservable factors that may compromise the parallel trend assumption. Because of the potential existence of other differences between students who participated in and students who didn’t participate in the program, we also use the method of propensity score matching (PSM) that is an approach that does not require the parallel trend assumption. PSM allows the analyst to match the treated and the comparison group when observable characteristics of students in the treatment group and students in the comparison group are continuous, or when the set of explanatory factors that determine participation contains multiple variables (Rosenbaum et al. 1985). 

With the right data, it is possible to estimate the propensity scores of all students and compare the outcomes of students who participated in and students who didn’t participate in the program that have similar propensity scores.
 We can obtain the mean impact of the treatment on the treated by the following equation (Dehejia and Wahba, 2002; Smith and Todd, 2005):
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is the propensity score. Matching is based on the assumption that outcomes (Y0, which in our case is the score of the students) are independent of participation conditional on a set of observable characteristics (Rosenbaum and Rubin, 1983). By matching students who participated in and students who didn’t participate in the program with similar values of
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[image: image13.wmf]00

(|,1)(|,0)

EYZDEYZD

===

                                                          (6)
The observable covariates Z should include the characteristics that determine participation. In our analyses, 
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 includes a number of variables including the characteristics of the student, his/her parent and household. 

To implement PSM successfully, however, the nature of the samples of students who participated in and students who didn’t participate in the program in 2009 must meet certain criteria and several other choices must be made. Importantly, the common support of the propensity scores for participating and non-participating students should be fairly wide. What’s more, there should be balance in the distributions of characteristics between treatment and control groups. Intuitively, wide common support means that there must be a fairly large overlap in the propensity scores between the treated and comparison groups. In our sample, we will try to examine whether the common support is fairly wide or not before using PSM. 

PSM is a more general method than standard linear regression since it does not require assumptions about linearity or constant treatment effects, and thus improves bias correction. Moreover, imposing common support in PSM can lead to efficiency improvements, especially when the sample size is small. It should be noted, however, that PSM estimates are only unbiased if the unobservables are correlated with the observables upon which the matching is based.
However, even though we control for the individual observable differences estimating the propensity score, there may still be systematic unobservable differences between the outcomes of students who participated in and students who didn’t participate in the program. The systematic differences could arise, for example, because the student’s decision to participate is based on some unmeasured characteristics. Such differences could violate the identification conditions required for matching (Smith and Todd, 2005). 

To eliminate the bias due to time-invariant unobservable differences between students who participated in and students who didn’t participate in the program, we will extend the cross-sectional PSM approach to a longitudinal setting and implement a difference-in-differences matching (DDM) strategy. With DDM we can exploit the data on the students in the treatment in 2009 to construct the required counterfactual, instead of just using the data in 2010 (as is used in the PSM analysis). The advantage of DDM is that the assumptions that justify DDM estimation are weaker than the assumptions necessary for DD or the conventional PSM estimator. Intuitively, DDM removes time invariant unobservable differences between students who participated in and students who didn’t participate in the program conditional on P(Z), a clear advantage over cross-sectional PSM.
 

In performing DDM we match by using the log odds-ratios and the same nearest neighbor matching methods with replacement used in our PSM approach (which were described above). In addition, we will also compute the “adjusted” version where the control units are weighted by the number of times that they are matched to a treated unit. The standard errors will also be bootstrapped using 1000 replications.

Results
Effect of the Tuition Relief Program: Descriptive Statistics

As mentioned above, the baseline test score of the students in the treatment and control group was almost the same in 2009 (Table 2, row 1) and the average test score in both groups was around 54 points. By comparing the baseline test score of the student with that in the endline survey (one year after the tuition relief program was implemented), it can be seen that the test score rose for the full sample. The average test score at endline was 70.44 (Table 2, row 2, column 1), 16.02 points higher than at baseline (Table 5, row 3, column 4). 

When comparing differences over time between students in the treatment group with differences over time between students in the control group (this can be called difference in differences, or DD, analysis), we find the statistically significant positive effect of this tuition relief program. Specifically, the rise in the test score in the control group was 15.26 points; however, the rise in the treatment group was 18.37 points. And the difference of 3.11 points was statistically significant, we could conclude that, according to our descriptive statistics, there is positive effect of the tuition relief program on the test score/effort of students in the sample treatment schools.

Furthermore, when comparing the results of the DD analysis by different wealth status separately, there appears to be a almost the same outcome. The test score of all the students in different wealth status, from poorest to richest, rose after the program and the difference in the rise between the treatment and control group was positive (Table 3, Column 7). That is, all students, whoever poor or rich, benefitted from the program. However, the magnitude of the rise differs across different groups of students in terms of wealth status. A little surprisingly, the richest students seemed to benefit most from the program. After the program, the difference in the rise of score between the two groups was 4.38 points (row 5, column 7). However, the rise in the score of the poorest students in the treatment group between the baseline and evaluation surveys was 20.14 points (row 1, column 3), which was the biggest change among all the groups while in the control group, the rise between the baseline and endline surveys was only 16.32 (row 1, column 6) and the difference in the rise between the treatment group and control group was 3.82 points, the second biggest difference in rise between the two groups. Finally, the second poorest students seems to benefit least from the program since the difference in the rise between the treatment and control groups was only 1.17 points (row 2, column 6). 

In sum, based on the descriptive statistics, we could conclude that the tuition relief program has a positive effect on the students. However, the effect of this program differ across different students in terms of wealth status.

Effect of the Tuition Relief Program: Multivariate Results

The results of the multivariate analysis giving the estimation coefficients for equations (1) to (4) are largely consistent with the descriptive statistics in terms of the overall impact and the impact on different students in terms of wealth status (Table 4, Table 5). 
According to our analysis (and consistent with the findings in Table 2), there is a positive impact of the tuition relief program on the student score and it is statistically significant. In the estimation of equation 1, the coefficient of the program treatment, -3.108 (row 1, column 1) is exactly the same as that in the descriptive statistics (Table 2, row 3, column 4). The results of the estimation of equation (2) , (3) and (4) are mainly consistent with those of the estimation of equation (1). After adding a set of control variables, including student score in the baseline survey, the characteristics of the student and the family, the results remain almost the same. That is, the coefficient of the program ranges from 2.845 to 3.401 (row 1, column 2-4), positive and statistically significant. In short, according to the  Difference in Difference model, there is a statistically significant effect of the tuition relief program on the student score in our sample.

Consistent with the descriptive statistics, when we add a wealth variable (poorest dummy) and an interaction term between this variable and the treatment variable (Programi*Pooresti), we find that there is also an positive effect of tuition relief program on the poorest students (Table 5, row 3, column 1). According to our findings, the test score of the poorest junior high students whose household wealth is among the bottom 20% are 3.83 points higher than that of other students, and this is statistically significant. Based on these results, we might conclude that the tuition relief program made the average students exert more efforts on study and more importantly, the poorest students who were financially constrained to go to the senior high school exerted more efforts on study than their peers. 
Effect of the Tuition Relief Program: Matching Results

The results of the both PSM and DDM analysis are shown to be qualitatively identical and quantitatively similar with the OLS results (Table 6). Rows 1 to 3 present the ATTs estimated of different treatment groups. Column 1 and 2 show the estimation results from PSM and DDM respectively. The PSM results show that the program has a positive effect on the math scores of students and the effect is 3.03 points which is significant at 1% level (Row 1). In addition, the PSM results reveal that the poorest students in the treatment group improves his/her scores by 4.73 points when compared to the poorest students in the control group and the result is statistically significant (row 2, column 1). Contrarily, although the richest students in the treatment group make progress as large as 2.07 points (row 3, column 1), it is statistically insignificant. 

Furthermore, the difference-in-difference matching results show that the results remain unchanged. That is, the tuition relief program has a statistically significant impact on the test score of the junior high students, especially on the poorest students, but this program has no statistically significant effect on the richest students. 
Summary and Discussion
In this paper we report the results from a natural experiment to examine the effect of tuition relief program in senior high school on junior high students in poor, rural schools in Shaanxi province in China. In the setup of this natural experiment, junior students in the County of Ningshan where a tuition relief program was implemented were regarded as the treatment group, and students in the County of Shiquan and Hanyin where there is no tuition relief program act as a control group. The outcome variable (math test score/effort between the baseline and endline surveys) was analyzed using both descriptive statistics, multivariate analysis and matching analysis. Heterogeneous analysis was carried out for poor and rich students (since the poor student are more likely to be financially constrained when making admission decision to the senior high school so that they are more likely to be affected by the program).

The results for the descriptive and econometric results were robust. In general, we did find a statistically significant and positive impact on students after the program was implemented. In the descriptive results and all of the models, there was a statistically significant rise in the change of the math score between control and treatment students. Student score in the treatment group did rise more than students in the control group.

More importantly, we did find that there was a statistically positive impact of the tuition relief program on the poorest students. In both the descriptive and econometric results we found that the test score of poorest students rose more (and significantly so) than that of other non poorest students. Our data also show that the tuition relief program didn’t have a statistically positive impact on the richest students who are seldom financially constrained when making decisions whether to go to senior high school or not. This result renders additional support to the validity of the assumption in DD analysis. 

Taken by themselves, the results of this study have implications for China’s overall education policy. Recently there has been an increasing support in the Ministry of Education (MOE) for greater investment into rural education. However, few of the voices have insisted that MOE should provide the poor rural senior high students with free tuition. Our results suggest that China’s top educational officials might begin to rethink their investment and consider adding the provision of tuition relief program in senior high schools in poor rural areas as an additional way to improve the human capital in rural areas. According to our results, the poorest junior high student exerted more efforts than their richer peers and benefitted more after the tuition relief program was implemented, which should be the exact group that the government policy should target at. To point out, although this program mainly covers senior high students, score of the poor junior high students improves. Therefore, we hope that our research helps encourage China’s MOE to begin to broaden its view of investment in education (beyond compulsory education) and provide tuition relief program for students in poor rural areas.
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Table 1. Sample Average for the Students in the Treatment Group and Control Group 
in 2009 a
	
	
	(1)Treatment group
	(2)Control group
	(3) Difference in mean 

(1)-(2)

	(1)
	Raw math test score in 2009 (full score=100)
	54.82
	54.29
	0.54

	
	
	(15.29)
	(17.33)
	(0.72)

	(2)
	Age of the student (year)
	12.92
	13.06
	-0.14

	
	
	(0.81)
	(1.00)
	(3.28)***

	(3)
	Boy Student (%)
	49.18
	53.20
	-4.02

	
	
	(0.50)
	(0.50)
	(1.81)*

	(4)
	Student attended Kindergarten (%)
	16.47
	15.15
	1.31

	
	
	(0.37)
	(0.36)
	(0.82)

	(5)
	Student attended the Preschool (%)
	93.26
	93.19
	0.07

	
	
	(0.25)
	(0.25)
	(0.06)

	(6)
	Student without any sibling (%)
	28.27
	25.89
	2.38

	
	
	(0.45)
	(0.44)
	(1.21)

	(7)
	Age of the father (year)
	39.48
	40.62
	-1.14

	
	
	(4.78)
	(5.08)
	(5.02) ***

	(8)
	Age of the mother (year)
	36.73
	37.64
	-0.91

	
	
	(4.26)
	(4.72)
	(-4.34) ***

	(9)
	Father completed the middle school, (%)
	44.13
	38.33
	5.79

	
	
	(0.50)
	(0.49)
	(2.65) ***

	(10)
	Mother completed the middle school, (%) 
	36.87
	24.52
	12.35

	
	
	(0.48)
	(0.43)
	(6.16) ***

	(11)
	Father mainly worked in agriculture (%)
	33.04
	30.10
	2.94

	
	
	(0.47)
	(0.46)
	(1.43)

	(12)
	Mother mainly worked in agriculture (%)
	51.34
	49.86
	1.48

	
	
	(0.50)
	(0.50)
	(0.67)

	(13)
	Number of family members (person)
	4.25
	4.47
	-0.23

	
	
	(1.07)
	(1.15)
	(4.42) ***


Data: Authors’ survey.

Note:

a. Standard deviations are reported in parentheses for columns (1) and (2); 

absolute values of t-statistics are reported in column (3);

* significant at 10%; ** significant at 5%; *** significant at 1%.
Table 2. Change in Raw Math Score of Students between 2009 and 2010 a
	
	
	Full Sample
	Treatment group
	Control group
	Difference

(t-statistics in parenthesis)

	
	
	(1)
	(2)
	(3)
	(4)=(2)-(3)

	(1)
	Mean Score in 2009
	54.42
	54.82
	54.29
	0.53
	(0.72)

	
	
	
	
	
	
	

	(2)
	Mean Score in 2010
	70.44
	73.19
	69.55
	3.64
	(4.96)***

	
	
	
	
	
	
	

	(3)
	Difference=(2)-(1)

(t-statistics in parenthesis)
	16.02
	18.37
	15.26
	3.11
	(4.04)***

	
	
	(35.45) ***
	(21.88)***
	(28.71)***
	
	


Data: Authors’ survey.

Note:

a. Standard deviations are reported in parentheses for columns (1) and (2); absolute values of t-statistics are reported in column (3). * significant at 10%; ** significant at 5%; *** significant at 1%.
Table 3  Change in the Raw Math Score of Students between 2009 and 2010 by Wealth a 2009, Shaanxi Province, China

	Change in Raw Score by Wealth

	
	
	Treatment Group
	Control Group
	(7)

Diff

=(3)-(6)

	
	
	(1)

Score in 2009
	(2)

Score in 2010
	(3) 

Diff.

=(2)-(1)
	(4)

Score in 2009
	(5)

Score in 2010
	(6) 

Diff.

=(5)-(4)
	

	(1)
	Poorest
	54.86
	75.00
	20.14
	51.99
	68.31
	16.32
	3.82

	(2)
	Second
	55.34
	73.53
	18.20
	52.86
	69.88
	17.02
	1.17

	(3)
	Median
	55.43
	73.15
	17.72
	55.13
	69.13
	14.00
	3.72

	(4)
	Fourth
	52.68
	71.60
	18.92
	54.30
	69.69
	15.39
	3.52

	(5)
	Richest
	56.22
	73.93
	17.70
	57.57
	70.89
	13.32
	4.38


Data: Authors’ survey.

Note: 

a. Asset Index is created to measure the wealth using principle component analysis. To be specific, following the method by Filmer and Pritchett (1998), we use the scoring factors from the first principal component to create the asset index. It is in fact a weighted average of the observed 30 variables of assets and variables with higher coefficients have more weight in determining the score on this component. The higher the asset index is, the wealthier the household is. In Panel A and B, the sample students are divided into five groups based on the asset index, ranging from the poorest to the richest.

Table 4 Difference-in-Difference Regressions Evaluating the Effects of Tuition Relief Program on the Math Score of the Students, Shaanxi Province, China a

	
	Dependent Variable (ΔScorei) = Scorei, 2010 – Scorei, 2009

	
	
	(1)
	(2)
	(3)
	(4)

	(1)
	Program dummy (1=participated in the program) 
	3.108
	3.286
	3.401
	2.845

	
	
	(4.04)***
	(2.29)**
	(5.22)***
	(1.82)*

	(2)
	Math score in 2009 (full score=100)
	
	
	-0.546
	-0.584

	
	
	
	
	(32.83)***
	(29.60)***

	(3)
	Age of the student (year)
	
	-0.723
	
	-2.109

	
	
	
	(1.77)*
	
	(6.01)***

	(4)
	Gender dummy(1=boy,)
	
	1.188
	
	2.680

	
	
	
	(1.48)
	
	(2.91)***

	(5)
	Kindergarten dummy 

(1=attended the kindergarten,)
	
	1.361
	
	1.844

	
	
	
	(1.20)
	
	(1.85)*

	(6)
	Preschool dummy (1= attended preschool)
	
	1.943
	
	2.913

	
	
	
	(1.12)
	
	(1.94)*

	(7)
	No Sibling dummy 

(1= no siblings,)
	
	-2.260
	
	-1.265

	
	
	
	(2.20)**
	
	(1.29)

	(8)
	Age of the father (year)
	
	0.106
	
	0.111

	
	
	
	(0.99)
	
	(1.27)

	(9)
	Age of the mother (year)
	
	-0.009
	
	-0.072

	
	
	
	(0.08)
	
	(0.77)

	(10)
	Education dummy for father (1= father completed middle school)
	
	-0.516
	
	0.755

	
	
	
	(0.84)
	
	(1.20)

	(11)
	Education dummy for mother (1= mother completed middle school)
	
	-0.269
	
	0.999

	
	
	
	(0.35)
	
	(1.23)

	(12)
	Occupation dummy for father(1=work in agriculture)
	
	-0.332
	
	-0.754

	
	
	
	(0.34)
	
	(0.88)

	(13)
	Occupation dummy for mother(1=work in agriculture)
	
	1.215
	
	0.417

	
	
	
	(1.19)
	
	(0.59)

	(14)
	Number of family members (person)
	
	0.700
	
	0.064

	
	
	
	(1.50)
	
	(0.17)

	(15)
	Second poorest dummy b
(bottom 20%- bottom 40%)
	
	0.221
	
	0.561

	
	
	
	(0.16)
	
	(0.46)

	(16)
	Median dummy b
(bottom 40%- bottom 60%)
	
	-1.624
	
	-0.191

	
	
	
	(1.68)
	
	(0.22)

	(17)
	Second richest dummy b
(Top 20%- Top 40%)
	
	-0.335
	
	0.112

	
	
	
	(0.30)
	
	(0.10)

	(18)
	Richest dummy b
(>Top 20% quintile)
	
	-2.062
	
	0.045

	
	
	
	(1.22)
	
	(0.04)

	(19)
	Observations
	2742
	2264
	2742
	2264

	(20)
	R-squared
	0.01
	0.02
	0.29
	0.32


Data source: Authors’ survey. 
Note:
a. the dependent variable is the change in raw math test score.

Absolute values of t-statistics are in parentheses.  * significant at 10%; ** significant at 5%; *** significant at 1% 

b. The dummies indicating the wealth are the same as table 3 and the comparison group is the poorest (bottom 0-20%) students.

Table 5 Difference-in-Difference-in-Differences Regressions Evaluating the Effects of Tuition Relief Program on the Effort of Students, Shaanxi Province, Chinaa 

	  DDD Results of raw score using program dummy interacted with poorest dummy

	
	Dependent Variable (ΔScorei) = Scorei, 2010 – Scorei, 2009

	
	
	(1) 

	(1)
	Program dummy (1=participated in the program) 
	2.331

	
	
	(1.50)

	(2)
	Poorest dummy b (1=Poorest)
	-0.746

	
	
	(0.73)

	(3)
	Interaction term of Poorest and Program dummy (Program*Poorest)
	3.827

	
	
	(2.99)***

	(4)
	Controls c
	Yes

	(5)
	Observations
	2264

	(6)
	R-squared
	0.32


 Data source: Authors’ survey. 
Note:
a. Absolute values of t-statistics are in parentheses.  The estimates are adjusted for inflation. 

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

b. The poorest dummy is the same as table 3. It equals 1 if the asset index of the household is among the bottom 1/5.

c. The controls are the same as those in table 4.

 Table 6. Evaluating the Effects of Tuition Relief Program on the Efforts of Students in using Propensity Score Matching and Difference-in-Difference Matching, Shaanxi Province, China a.

	
	
	Propensity Score Matching a,b
	
	Difference-in-Difference  Matching

	
	
	(1) Average Treatment Effect for the Treated
	t-stat/

z-value b
	
	(2) Average Treatment Effect for the Treated
	t stat/

z-value b

	(1)
	Students in the treatment group

Vs.

Students in the Control group
	3.03
	(3.16) ***
	
	2.49
	(2.29) ***

	(2)
	Poorest students in the treatment group

Vs.

Poorest students in the Control group
	4.73 
	(1.73)* 
	
	4.70 
	(1.69)* 

	(3)
	Richest students in the treatment group

Vs.

Richest students in the Control group
	2.07 
	(0.88) 
	
	1.24 
	(0.46) 


Data: Authors’ survey. 
a Propensity scores are estimated using the same set of covariates as in Table 4. 

And poorest students are the students whose asset value is the lowest (0-20%) among all students.
b The balancing property was satisfied using the specification.  Following Smith and Todd (2004) we match on the log odds-ratio so that the estimates are robust to choice-based sampling.  The matching method used is nearest neighbor matching method (random draw version) with replacement
c. t statistics are reported for propensity score matching. The standard errors were bootstrapped using 1000 replications.  * denotes significant at 10% level, ** denotes significant at 5% level, * **denotes significant at 1% level.













Figure 1:  Experiment Profile



































































Analysis








2070 students analyzed





672 students analyzed





Follow-up (Sep. 2010)





Attrition: 286 students 








Attrition: 93 students 














20 classes in the treatment group (765 students)


        





49 classes in the control group (2356 students)





Within each school, in the County of Ningshan all 20 classes were selected and in the County of Shiquan and Hanyin, 49 classes were randomly selected. And within each class, all the students were surveyed (In total, there are 3121 students). 





Baseline (Sept. 2009)





All 6 junior high schools in the County of Ningshan (treatment Group) and all 30 junior high schools were selected in the County of Shiquan and Hanyin (control Group)



































� In 1994, China’s government launched a poverty-reduction initiative under the "8-7 Plan" and designated 592 counties as national designated poor counties. Provinces followed with their own initiatives.


� And it met the minimum requirement of the number of classes to detect a standardized effect size for the outcome variable with 85 percent power at the five percent significance level based on our power calculation.


� There was only one senior high school in the County of Ningshan. And the annual tuition was 1500 yuan. Besides the tuition, an average senior high student had to pay additional 8000 yuan  for accommodation, food, and additional learning materials.


� In  China the new academic year usually begins on Sep. 1st. This policy was announced in July, which was tried to change the decision of some poor students who were admitted to the senior high school in 2009 on whether go to senior high school or not. As a result, according to the data from local educational bureau, the enrollment of the senior high students in 2009 in the County of Ningshan increased  by about 10%,


� It’s not surprising since this program is mainly targeted at the senior high students.


� We need to note, however, that a recent study found that the propensity score matching method is sensitive to the covariates used to estimate the scores and that combination of matching with DD was superior (Smith and Todd 2004).


� Using outcomes from experimental data as a benchmark, Smith and Todd (2004) found that DDM performed better than DD or PSM methods.
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