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Impact of Ability-tracking on Student’s Academic and Non-Academic Outcomes:

Empirical Evidence from Junior High Schools in China

Introduction

Ability-tracking/grouping, or sorting, refers to the process of purposely sorting students into
different groups based on their ‘ability’ (Belfi et al., 2012; Betts, 2011). The ‘ability’ here usually
refers to academic achievement, though students have been assigned to different groups based on
combinations of their achievement, 1Q, and even teacher judgements (Hattie, 2002)." Ability
tracking is commonly practiced across the world across all education levels including primary,
secondary and even college (Cheung and Rudowicz, 2003; Hanushek and WeoBmann, 2006; Betts,
2011; Duflo et al. 2011; Carman and Zhang, 2012; Steenbergen-Hu et al. 2016; Li et al., 2018).
While there are different kinds of ability tracking (Steenbergen-Hu et al., 2016), this paper focuses
on between-class ability ability-tracking, i.e. students are separated into different classes based on

their starting academic performance.

Ability-tracking has recently become one of the most controversial subjects in educational policy
literature. Proponents of ability tracking usually list the following three reasons. In the first place,
they argue that it is easier for instructors to adjust their curriculum by teaching a homogeneous
group than a heterogeneous one (Lou et al. 2000). Secondly, they assert that ability tracking has
economic benefits, as the school can direct, invest and match its resources to a given type of
students, and teach them what they need to know (Oakes & Guiton, 1995; Betts, 2011). Finally,
they think ability tracking allows students to make progress in proportion to their ability, and thus
maintain interest and motivation. In other words, students are less likely to be overshadowed by
high ability students and suffer negative self-concept, which is called the “big-fish-little-pond-
effect” (Loyalka et al. 2018), or bogged down by slower low-ability counterparts, thus creating an

ideal learning environment within the classroom (Hattie, 2002).

+ Scholars have noted that there is a difference between ‘tracking’ and ‘ability grouping’, and the former is considered less
flexible than the latter (Tieso, 2003). Irrespective, there is a consensus that the practice involves assigning students to different
groups based on prior academic achievement (Loveless, 2013).



Opponents of ability-tracking also have two arguments. Firstly, they argue that the use of
standardized scores is unreliable to make student assignments (Betts, 2011), and thus, they
magnify the already existing differences between low and high ability students to reproduce class
differences and suppress mobility and opportunity in the class structure (Boaler, 1997; Kerckhoff
& Glennie, 1999). Secondly, they point out that the so-called “adjusted” curriculum for low-ability
students may be less stimulating, directed at behavior management than learning, be taught slowly
and cause lesser content coverage and be less analytical in instructional discourse (Hong et al.
2012). For these reasons, they are concerned that ability-tracking is likely to demoralize low-ability
students and make them prone to “to delinquency, absenteeism, dropout, and other social

problems’” (Slavin, 1990, pp. 473).

Literature review

Empirical work on the impact of ability-tracking on students’ academic performance is mixed. A
meta-analytic review by Kulik and Kulik (1992) found that students in both high ability and low
ability groups made academic gains when grouped homogeneously. More recently, results from a
random controlled trial found that primary school students in tracking schools in Kenya had higher
scores than those in non-tracking schools, and the effects persisted even a year after the program
(Duflo et al., 2011). Similar positive results for ability-tracking were reported among pupils
(Matthews et al., 2013) and undergraduate students (Booij et al., 2016). On the other hand, some
studies have shown negative impacts of ability-tracking on both high-ability (Slavin, 1993) as well
as low-ability students (Gamoran, 1992). Still, other studies found no impact of ability-tracking
on math score (Betts & Shkolnik, 2000; Figlio and Page, 2002). Furthermore, international cross-
country comparison on ability-tracking’s impact on math score has revealed that that ability-
tracking had a significant negative effect in countries with low competitiveness, a positive effect
in competitive countries, and no effect in a medium competitive country (Thiemann, 2017). Lastly,
Steenbergen-Hu et al. (2016) in their meta-analyses found that between class ability-grouping had
no statistically significant impact on overall student’s academic achievement, though within-class

ability-tracking had a significantly positive impact on students’ academic achievements.

In addition to its impact on academic outcomes, the impact of ability tracking on non-academic

outcomes have gained the attention of scholars in recent years. This increased attention has been



driven by the observation that students with lower levels of academic self-concept are more at risk
of depressive reactions, lower grades, school dropout, and delinquency (Van Houtte, 2005).
Research has shown that non-academic outcomes are directly correlated with student learning
outcomes, for example - academic self-concept is positively correlated with academic achievement
(Marsh et al., 2008). Thus, it becomes especially essential to study the effect of ability-tracking on

non-academic outcomes separately.

Some studies have evaluated the impact of ability-tracking on non-academic outcomes such as
academic self-concept, school well-being, leisure hours, future aspirations, and even anxiety, with
mixed results. Liu et al. (2005) show that in the long-term, while self-concept declined for both
higher and lower-ability stream students, lower-ability students reported higher self-concept than
their higher-ability counterparts. Evidence from South Korean middle-schools has shown that
ability sorting decreased the likelihood of students feeling anxious or worried about their grades
(Wang, 2015). Others too have documented non-academic benefits of ability- tracking, especially
for high-ability students, who gain confidence to pursue highly-competitive careers in STEM
subjects (Faitar and Faitar, 2012). In the long term, Mulkey et al. (2005) found that high ability
students who were tracked in middle school are likely to suffer a decline in self-concept which

subsequently negatively impacts their achievements.

Ability tracking in China

China adopted the practice of ability-tracking in its early years, though introduced changes in later
decades. At first, the key school policy was a “fast lane to cultivate talented students who had
limited resources” (Yu et al., 2014, pp.81). However, concerns around inequity, combined with
demand for quality education (Wang, 2009) and unease around rising concentration of high socio-
economic profile students in key schools (Yang, 2005) facilitated many new changes. This
included equalization of public expenditures & teacher salaries within municipalities, teachers
from key schools being encouraged (or required) to teach, for a period, at low-performing schools,

and most importantly, getting key schools to admit low-performing students (Yu et al., 2014).



Whilst China formally prohibited ability-tracking in junior-high schools in 2006, the practice still
continued. Junior high-schools in China typically follow an S-shape allotment’, however some
schools continued to track students. They assigned students with the highest entrance test scores
or special talents or awards to a few specially selected classes before assigning the rest of the
students into different classes using the S-shape division rule. Some junior high schools have also
been reported to divide students into two groups based on primary school test scores, and higher-
performing students being assisted to select classes, while the lower-performing students into

another set (Lai, 2007).

Why is ability-tracking still practiced in some schools despite the prohibition? According to Li. et
al. (2018), the incentive system for junior-high-school principals and teachers, especially in rural
schools, promote the use of ability-tracking. Economic (salary incentives) and social (reputation)
benefits for teachers and principals are measured on high school admission rates (Wang et al.,
2011) or ability to gain admission into prestigious high schools and universities (Tsang, 2000).
Securing such admissions, especially in poor or counties is an exceedingly difficult task (Loyalka
et al., 2017). Given the slim chances of success, teachers and principals disproportionately invest

their time and effort in favor of the best students through ability tracking (Li et al., 2018).

Empirical work has assessed the impact of ability-tracking on both academic and non-academic
outcomes in China with mixed results. Yu et al., (2014), in their study of ability-tracking in high-
schools, find that high-ability classes (“key classes”) do not benefit students in first-tier schools
(as compared to non-key classes in the same school). However, in second-tier schools, high-ability
classes benefit significantly due to ability-tracking and the result is consistent across Math, English
and Chinese scores (as compared to non-key classes in the same school). With regards to non-
academic outcomes, Li et. al (2018) show that fast-tracked students have higher confidence in all

public institutions (schooling media, financial institutions, and government) than slow-tracked

:» Carman and Zhang (2012) describe the process as in four distinct steps: first, “starting with the top three students, the 1st
student is assigned to class one, the 2nd to class two, and the 3rd to class three. With the next three students, the order of class
assignment is reversed: the 4th student is assigned to class three, the 5th to class two, and the 6th to class one. [Second], with the
next three students, the order of class assignment starts with the second class and proceeds sequentially: the 7th student is
assigned to class two, the 8th to class three, and the 9th to class one. With the next three students, the order is reversed: the 10th
student is assigned to class one, the 11th to class three, and the 12th to class two. [Third], with the next three students, the order
of class assignment starts with the third class and proceeds sequentially: the 13th student is assigned to class three, the 14th to
class one, and the 15th to class two. With the next three students, the order is reversed: the 16th student is assigned to class two,
the 17th to class one, and the 18th to class three. [Lastly], steps 1 through three repeats until all students are assigned.”



students. Cheung and Rudowicz (2003) analysis in Hong Kong reveals that ability-tracked classes
had no impact on student’s self-esteem, test anxiety or academic self-concept. Though they do find

that the students in higher banding schools had significantly higher self-esteem and test anxiety.

Potential gaps in the literature

A close examination of the literature reveals at least three potential gaps. In the first place, most
studies on ability-tracking have come mainly from the developed world, especially the United
States, reflecting data limitations and methodological challenges in other places (Duflo et al.,2011;
Betts, 2011; Sacerdote, 2011; Angrist, 2014). Such findings from other developed countries may
not be applicable in the context of China for multiple reasons. On the one hand, there are significant
institutional differences in the way ability-tracking is organized in Chinese schools. In China,
between-class ability-tracking is not based on a single subject (like it is in the US) but is done on
administrative class units where students are grouped and ‘key’ classes (high-ability classrooms)
are provided with the most privileged educational resources, especially the best teachers, for all
subjects. This form of ability-tracking is usually formal and is based on test scores (Yu, et al. 2014).
It is unclear if different education institutions may yield different impacts of ability-tracking. On
the other hand, the rigidity of China’s fast-tracked educational system along with the high social
value placed on academic achievement may be particularly likely to create different environments

for high- ability and low-ability tracked students (Li et al., 2018).

Secondly, most of the limited literature from China are focused on peer effects (Ding and Lehrer,
2007; Carman and Zhang, 2012; Feng and Li, 2016; Lai, 2007), not explicitly on the impact of
ability-tracking. Even when some studies have attempted to assess ability-tracking, the comparison
has been made between high-ability students and low-ability peers, with the latter being used as
the comparison group (Li et al. 2018). This means the findings, therefore, reflect the difference
between high-ability and low-ability groups, rather than ability-tracking. Thus, the question of the

impact of ability-tracking remains fairly unexplored.

Finally, literature on ability-tracking from China comes from urban centres or municipalities (Yu
etal.,2014), rural areas continue to be overlooked. As 70% of school-aged children in China grow

up in rural areas, and rising concerns about the inequity between urban-rural education in the



country (Loyalka et al., 2017, Zhang et al., 2015), it becomes critical that greater attention is paid

to studying educational outcomes in rural China.

Goal and objectives of the current study

The overall goal of the paper is to assess the impact of ability-tracking on academic and non-
academic outcomes in rural schools in China. Specifically, it has three key objectives: first, it
examines the impact of ability-tracking on average student’s Math score, math self-concept, and
math anxiety. Second, it examines the impact of ability-tracking on high-ability and low-ability
class student’s math score, math self-concept, and math anxiety. Third, it examines the
heterogeneous impact of ability-tracking by student’s ability (top, middle, and bottom one-third in
the class), gender, boarding status, and socioeconomic status. In doing so, the paper contributes to
a growing body of literature on ability-tracking in developing countries (Glewwe, 1997; McEwan,

2003; Wang, 2015).

To achieve the goals and stated objectives, we draw on a panel dataset from rural areas in Shaanxi
and Gansu province in North-west China. The data were collected by the authors themselves in
three rounds and covered students, teachers, and principals. The baseline survey was conducted in
the fall of 2015 followed by a midline in 2016 January, and an endline in spring 2016. The final
sample consists of over 13,000 seventh-grade students from 200 junior-high schools as well as
their teacher and school characteristics along with their math test scores, self-concept and anxiety

measure.

The study employs a quasi-experimental design to create treatment and comparison groups. To
detect ability-tracking, we test for differences in scores between classrooms across each school. If
the difference in scores between classrooms is significant, the school is categorized into the

treatment group of ability tracking. If not, the schools are categorized into the comparison group.

Preview of results
The results show little impact of ability-tracking, with some benefits to high-ability class students.
Specifically, we find that ability-tracking has no impact on the academic outcome, i.e. math scores

of students. Furthermore, there is no impact of ability-tracking on a student’s academic self-



concept. However, the analysis does find that ability-tracking reduced the math-anxiety levels of
high-ability class students by 0.103 SD (p<0.05) relative to that of students from non-ability
tracking schools. Last but not least, we did find some heterogeneous effects of ability-tracking.
Boarding students from low-ability classes suffer a significant decline in math score due to ability-
tracking. Their standardized math scores were 0.165SD (p<0.05) lower as compared to their non-

boarding counterparts.

The rest of the paper is organised as follows. Section 2 describes the data. Section 3 describes the
research design and identification strategy. Section 4 describes the outcome variables. Section 5
describes the model specifications. Section 6 describes the results, and Section 7 presents the

discussion, limitations, and conclusion.

Data

For this study, we use a panel dataset collected by the authors themselves in rural areas of two
provinces of north-west China - Shaanxi, and Gansu. It covers more than 13,000 seventh-grade
students from 200 junior high schools. All the 7*-grade classes of those schools become our sample
classes. Amongst the 200 schools, 81 schools (40.5%) had only one 7'-grade class, whereas the
remaining schools had two or more 7*-grade classes. We conducted three rounds of surveys. The
baseline survey was conducted in the fall of 2015 followed by a midline in 2016 January, and an
endline in spring 2016. For the purpose of the analysis, we rely on the baseline and the endline
surveys. The detailed description on the sampling strategy and data collection is available in Lu et

al. (2017).

We focus on three outcome variables i.e. math score, math self-concept, and math anxiety. The
math score was computed from a 30-minute standardized mathematics test based on the Chinese
National Curriculum Framework (Ministry of Education, 2011). The tests were strictly proctored
and graded by the survey team to ensure minimal cheating. Students responded to PISA 2012
instruments to indicate their math self-concept and math anxiety score. Similar to the PISA 2012
survey, the items were given with a 4-point Likert-type response, and the measurements in the
surveys were consistent with those used in PISA 2012 survey (OECD, 2012). Details of the

measures used are available in Appendix Table 1. Higher values on the math self-concept index



suggest that a student reported higher math self-concept i.e. he/she has higher levels of confidence
in his/her math ability. On the other hand, a positive math anxiety score indicates a higher level of
math anxiety i.e. a high math anxiety score means that a student suffers from higher levels of stress
when doing math problems. For analysis, all three indicators were independently standardized into
z-scores relative to the comparison group. This was done by subtracting the mean score and

dividing by the standard deviation (SD) of the comparison group at the relevant point of time.

Research design

While ability-tracking was made illegal in China’s secondary education system in 2006, its
practice is still pervasive (Ministry of Education, 2006). While schools are likely to be tracking
students into higher ability and lower ability classes, they may hesitate to admit doing so publicly,
which makes it unviable for researchers to establish whether ability-tracking is being carried out
within schools (Li et al., 2018). However, data can be exploited to establish whether schools have
been tracking their students into ability groups. Previous studies in China have attempted to
identify ability-tracking, including high and low track placement, to study the effects on student’s

academic and social outcomes by data exploitation (Li et al., 2018).

We rely on the available data to detect if ability-tracking is practised in the sample schools.
International evidence suggests that ability-tracking is carried out based on pre-existing test scores
of students (Oakes, 1985; Slavin, 1993). In China, when students enter junior-high school (grade
7), their new grade allocation is made based on prior test scores (Xinhua, 2010). If there is a
significant disparity between average scores amongst classes, it could be attributed to the practice
of ability-tracking in schools. Based on this assumption, we use raw baseline test score to test if
ability-tracking is practised in a school. The baseline mathematics tests were administered to
students immediately after they were assigned to different classrooms in seventh-grade, and thus
capture the ability of students based on which they were placed in their respective classes. If the
students were tracked while making the seventh-grade class allocation, average class math test
scores are likely to capture the effect. Therefore, schools practising ability-tracking would reflect

a significant difference in scores between its classes in the baseline survey.



The process of assigning the treatment and comparison groups went through a three-step process
(See Figure 1 for summary description of the process). To begin with, we dropped all the students
with missing baseline data (n =404) and students from schools where only one class was surveyed
(n =2964). This left us with 9740 students with baseline information and from 119 schools with
multiple classes, which constitutes the sample we used to identify treatment and comparison
groups for the rest of the study. As shown in Panel A of Table 1, the numbers of schools with two,

three or four sample classes are 96 (80.67%), 20 (16.81%) and 2 (2.5%), respectively.

[INSERT FIGURE 1 HERE]
[INSERT TABLE 1 HERE]

In the second step, we used linear regression to test for difference in baseline scores between

classes within schools to detect ability-tracking. For each school, we ran the following model:

Y, = By(class); + €;

1)
where Y, represents the raw math score at baseline survey for any student i. 8, represents the
coefficients for a vector of class dummies. Finally, € is the error term. Additionally, for schools
with three or four classes, we ran Model (1) by changing the base class to test for pair-wise
difference in math scores across all possible combinations of the classes. This analysis produced
mean differences in baseline math scores amongst classes in each school. If the coefficient for any
class was significant at 10 percent level, the school was classified as treatment school i.e. those
practising ability-tracking. Otherwise a school was classified as non-tracking and assigned to the
comparison group. Regression results show that 25 schools (21%) practiced tracking, which are

categorized as the treatment group. The rest 94 schools (79%) constitute the comparison group.

In the second step, within the treatment group (i.e. students in ability-tracking schools), we further
grouped the classes with the highest average score as the high-ability class, and remaining classes
as low-ability. Panel A of Appendix Table 2 details sample distribution of treatment groups
(schools with ability tracking) across high-ability and low-ability classes.

10



In the last step, after determining treatment and comparison groups (including high-ability and
low-ability classes), we dropped all students for whom there were missing values for outcome
variables (math score, self-concept and anxiety score) (n=570). Appendix Table 3 details the
number of students with missing outcome variables at baseline and endline. Appendix Table 4
presents the balance test between the final study sample (n=9170) and the dropped students (n=570)
across all the key variables. There were two reasons to drop the students with missing variable
outcomes after using them to compute the treatment and comparison groups. Firstly, having a
greater sample of students can more precisely detect differences in test scores between classes and
thus, provides more accurate evidence for whether or not ability-tracking was practiced in a school.
Secondly, whether a school practiced tracking only required baseline score, and not the endline
scores. Further, detecting if a school practiced tracking is unrelated to the overall effect of ability-
grouping on student learning outcome. In other words, the former refers to assignment of treatment

while the latter is concerned with its impact.

After removing observations with missing outcome variables, we were left with 9170 students.
Table 1, Panel B, details distribution of sample across treatment and comparison groups, amongst
schools with two, three and four classrooms, after dropping the students with missing variables.
Table 2, Panel B, details the distribution of treatment students (schools with ability tracking) across

high-ability and low-ability groups.

A sample of 9170 students was used for all further analyses. At this stage, all three dependent
variables (math scores, self-concept and anxiety scores) were independently standardised to z-
scores relative to the comparison group. Figure 2, Panel A, plots the distribution of standardized
math scores across the sample for treatment and comparison groups, while Figure 2, Panel B, plots
the difference between the highest-scoring and lowest scoring classes, within each school, across
treatment and comparison groups. Appendix Figure 1 reports the grade variance within each

classroom for treatment and comparison schools.

[INSERT FIGURE 2 HERE]
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Empirical strategy
We conducted multivariate regression analyses to estimate the impact of ability-tracking on
students’ academic and non-academic outcomes. Following the literature (Liu et al., 2009), we

specify empirical models as follows:

AY ;= a+ By(tracking) + Bi(baseline score); + B,(student characteristics);
+ B3 (household characteristics); + B, (teacher characteristics);
+ Bs(school characteristics); + B, (teacher incentive treatment); + €;
()
where, A Y represents the change in standardized score (from baseline to endline) for a given
education-related outcome (i.e. math score, self-concept score, and anxiety score) for student i (Lei
et al., 2018; Liu et al. 2010). tracking is a dummy variable indicating a student is from a school
that practices ability-tracking. baseline score represents the standardized baseline score for a given

education-related outcome i.e. math score, math self-concept score, and math anxiety score.

We also control for student, household, teacher and school characteristics. Specifically, following
the literature, we control for students’ gender (1 = female) (Duflo et al., 2011), their boarding
status (1= boarding in school) (Lei et al., 2018), and students’ age (in years) (Booij et al., 2016).
We include five variables for household characteristics: whether mother graduated junior high
school (1=yes) (Betts & Shkolnik, 2000), mother absent from home for the school year (1 =yes)
(Liet al., 2018), father-absent from home for the school year (1=yes) (Lei et al., 2018), household
socioeconomic status proxied by possession of durable assets (Loyalka et al., 2019), and whether
students discuss homework at home (1 = more than once a week). We include three variables for
teacher characteristics: teachers’ gender (1= female) (Liu et al., 2010), years of teaching
experience (Ding and Lehrer, 2007), and teachers’ qualification (teacher has middle school math
teaching certificate, 1=yes) (Lei et al., 2018). For school characteristics, we include two variables:

school assets (scored out of 5) (Loyalka et al., 2019), and student-teacher ratio (Wang, 2015).

Lastly, as the data are sourced from a random control trial on teacher incentive, we add a teacher

incentive treatment as a dummy variable which indicates if the student was from a school that was

12



part of the treatment for the teacher incentive study. And, € is the regression error term. We cluster

the standard errors at the school level.

To further estimate the effect of ability-tracking on students in high-ability and low-ability classes
(in schools that practice ability- tracking), we modify the fracking variable in Model (2) to get an

empirical specification as follows:

AY ;= a+ By(ability — tracking) + B;(baseline score);
+ B,(student characteristics); + B5 (household characteristics);
+ B, (teacher characteristics); + Bs(school characteristics);
+ B (teacher incentive treatment); + €;
3)
where, ability- tracking is a vector of dummy variables that indicates if a student is in a high-ability
class in tracking schools, low-ability class in tracking schools, or comparison groups. Other

variables in the model remain the same as in Model (2).

To estimate the heterogeneous effect of ability-tracking on student-ability, gender, boarding status
and socioeconomic-status, we added their interaction terms with tracking and ability tracking
variables in Models (2) and (3), respectively. The interaction variables include student-ability a
vector of dummy variables that expresses a student’s standing within his/her class (Top 1/3-,
Middle 1/3~ and Bottom 1/3~ in class). Gender is a dummy variable which indicates if a student is
female. Boarding status is a dummy variable which indicates if the student is boarding in the school.
Lastly, socioeconomic status, a dummy variable which indicates if the student is in the top-half

socioeconomic level of the sample.

Results

Descriptive Analysis

Table 1 reports the distribution of students by treatment status. Our data show that 21% of the
schools (n=119), and 24% of students (n=9170) are in ability-tracking schools. Further, within the
treatment group, 41% of the students were in high-ability tracked classes whereas the rest 59% in

low-ability tracked classes (n=2164) (Table 2, Panel B).

13



Table 3 reports student, household, teacher and school characteristics across the entire sample.
Average standardized baseline scores for math, math self-concept and math anxiety are 0.057,0.01,
and -0.017, respectively. Almost half of the sample students are female. About 60% of the students
are boarding in the school. The average age of a student is about 13 years. Across the sample, only
25% of student’s mothers have graduated from junior high school. Mothers were not present in the
household for the entire school years for 15% of the sample. However, 41% of fathers in the sample
were absent from the household for the entire school year. The average household asset ownership
score is 2.748 out of 7. 63% of the sample students discussed homework at home at least once a
week or more. About 36% of the teachers in the sample are female. Average years of teaching
experience amongst teachers in the study sample is close to 10 years. About three-quarters of the
teachers (72.3%) have a junior high school math teaching certificate. Lastly, sample schools have

an average asset ownership score of 4.685 out of 5 and an average student-teacher ratio of 8.753.

[INSERT TABLE 3 HERE]

Table 2 reports summary statistics across key variables in treatment and comparison groups. T-
tests are used to compare differences between the means of the two groups. Results from balance
test show that there is a significant difference between treatment and comparison groups for
baseline math, self-concept and anxiety scores. With regards to student’s characteristics, gender
composition is equally distributed across treatment and comparison groups, however, there is a
significant difference in student’s boarding status and age. Besides two variables, all other
household characteristics are significantly different for treatment and comparison groups.
Similarly, all teacher and school characteristics variables are significantly different across
treatment and comparison groups. These observed differences imply the necessity to control for

these baseline characteristics in our multivariate analyses.

[INSERT TABLE 2 HERE]

14



Multivariate Analysis

1. Impact of Ability-tracking on Average Student:

Before we report results from multivariate analyses, it is necessary to note that we define average
students as all students who were in the schools that practice ability-tracking. We also define high-
ability and low-ability class students as only students in high and low ability classes, respectively,
in schools that practice ability-grouping. Therefore, average student is composed of both high- and
low-ability class students. Therefore, gains for ‘average students’ refers to the overall gains in

schools that practice ability-tracking relative to schools that do not practice it.

Regression results show that controlling for baseline score, students, household, teacher, and
school characteristics, ability-tracking has no significant impact on student’s math score (Table
3,Column 6). Similarly, no significant impact is recorded for either math self-concept’ (Table 4,

Column 6) or math anxiety* (Table 5, Column 6).

[INSERT TABLE 3 HERE]
[INSERT TABLE 4 HERE]
[INSERT TABLE 5 HERE]

2. Impact of Ability-tracking on High-ability and Low-ability Class Students:

Regression results from Model (3) show that there is no significant impact of ability-tracking on
math scores of high or low ability class students. Similarly, ability-tracking does not have a
significant impact on math self-concept of high and low-ability classroom students (Table 6,

Panels A and B, Column 6).

Unlike math score and self-concept, results show that ability-tracking has a significant impact on
reducing the anxiety of high-ability class students. Controlling for baseline anxiety score, student,

household, teacher and school characteristics, high-ability classrooms students experience a

3 We use self-concept self/academic self-concept in the chapter to refer to math self-concept.
4 We use anxiety in this chapter to refer to math anxiety.
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significant decline in math anxiety by 0.103 SD (SE=0.051, p<0.05) due to ability-tracking.
However, no such impact is recorded on math anxiety of low-ability class students (Table 6, Panel
C, Column 6).

[INSERT TABLE 6 HERE]

3. Heterogeneous Impact of Ability-tracking on Average Student:

We assessed the heterogenous impact of ability-tracking on average student’s academic and non-
academic outcomes across four key characteristics. We found no heterogenous impact on test
scores across ability, gender, boarding status or socio-economic status. Similar results were

observed for both math self-concept and anxiety (Table 7).

[INSERT TABLE 7 HERE]

4. Heterogeneous Impact of Ability-Tracking on High and Low-Ability Class Students

We also assessed the heterogenous impact of ability-tracking on high and low-ability and class
student’s academic and non-academic outcomes across the same four key characteristics. With
regards to academic outcomes, in high-ability and low-ability classes, math scores of middle 1/3rd
and top 1/3rd students (within a class) are not significantly different as compared to bottom 1/3rd
students’ due to ability-tracking. Similar results are found for both classes across gender, and

socio-economic status (Table 8, Panel A, Columns 1, 2 and 4).

In contrast, boarding students in low-ability classes suffer a significant negative impact of ability-
tracking as compared to non-boarding students, and their standardized math scores declined by
0.165SD (SE=0.073, p<0.05). No such heterogenous impact is observed for boarding students in
high-ability class students (Table 8, Panel A, Column 3).

For both high and low-ability class students, regression results show that there was no

heterogenous impact of ability-tracking on academic self-concept across student-ability, gender,
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boarding status and socio-economic status. Similar results are found for math anxiety across all

four heterogeneous characteristics (Table 8, Panels B and C).

[INSERT TABLE 8 HERE]

Discussion

Using panel data of 9170 students from 119 junior schools in rural China, the paper evaluated the
impact of between-class ability-tracking on students’ academic and non-academic outcomes. All
schools where we found significant differences in scores between classrooms were categorized as
treatment schools (i.e. schools practicing ability-tracking), whilst others were categorized as
comparison groups. Results from our analyses revealed that ability-tracking has no significant
impact on average student's math score, math academic self-concept or math anxiety as compared
to students in non ability-tracking schools. There was no differential impact by student-ability,
gender, boarding status of students, and socioeconomic-levels. Further, we did not find ability
tracking had significant impact on high and low-ability students' math score or math academic
self-concept as compared to the comparison group. However, our data did show that ability
tracking significantly reduced math anxiety of high-ability classroom students by -0.103 SD
(p<0.05**). The study also finds that ability-tracking has significant heterogeneous impact on

math scores of low-ability boarding students.

Findings of the study on academic outcomes contradict some literature on ability-tracking, while
consistent with others. The results are inconsistent with findings of Duflo et al., (2011), Fuligni et
al., (1995), Matthews et al., (2013) and Booij et al. (2016), all of whom have found some kind of
positive impact on students’ academic outcomes i.e. test scores. Similarly, the findings are also
not in accordance with Slavin (1993) and Gamoran (1992) both of whom have found negative
impact of ability-tracking. However, the findings are consistent with those of Betts & Shkolnik
(2000) and Figlio and Page (2002) both of whom find no or minimal impact of ability-tracking on
student’s math test scores. Studies in Asia too have found similar results. Cheung and Rudowicz
(2003) find no significant impact of ability-tracking on academic outcomes. Similarly, Yu. et al.,

2014 in their study too found ability-tracking had mixed effects, and only limited positive effect.
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Steenbergen-Hu et al. (2016) in their second-order meta-analysis found no statistically significant

impact of ability-tracking on overall student’s academic achievement.

The study also finds that ability-tracking has some heterogeneous impact on math score of low-
ability boarding students, who experience a reduction in their score by 0.165 SD (SE=0.073,
p<0.05**), relative to their non-boarding counterparts. Although, it is unclear why the interplay of
two factors could potentially explain the results. Studies have shown that boarding students
perform much worse than their non-boarding counterparts across, both, mental health and
academic outcome indicators (Wang et al., 2016). This combined with the potential adverse effect
of having low-ability classmates could possibly explain the negative impact of ability-tracking on

math score of low-ability boarding students.

With regards to math academic self-concept, the study results are contrary to previous literature,
but are consistent with findings of other studies. The study findings are inconsistent with Liu et al.
(2005), Mulkey et al. (2005), and Chmielewski et al., (2013) all of whom found that ability-
tracking significantly affected the academic self-concept of both high and low-ability students.
However, findings are consistent with those of Ireson and Hallam (2009) who found that the policy
did not have a significant impact on a student’s subject-specific self-concepts in math, science,
and English (though it did find a negative effect on students’ general academic self-concept).
Similarly, Cheung and Rudowicz (2003) study in Hong Kong found no significant impact of

ability-tracking on academic self-concept.

Caution needs to be employed while concluding that ability-tracking is ineffective on China’s
rural-school student’s math scores and math self-concept. The characteristics of the data may have
made it difficult to capture the effect on test score. Firstly, the data reports findings over a period
of only one year, which may not have been sufficient to show the impact of the policy. Secondly,
and more importantly, there may be substantially less variation in ability amongst students in rural
schools of China, as compared to students in US (Ding and Lehrer, 2007), which may have made

it difficult to capture the differences in scores over a period of one year.

18



Despite these, the key findings of the study are that ability-tracking has a significant and large
impact on reducing math anxiety amongst high-ability classroom students in comparison to
comparison students (those in non ability-tracking schools). Very few studies have assessed the
impact of ability-tracking on math anxiety of students. Previous studies have assessed the impact
on grade anxiety and test anxiety, and report both similar and dissimilar results. Wang (2015) finds
similar results to those of the paper, and shows that ability-tracking significantly reduced grade
anxiety in South Korea. However, results from Hong Kong show that students in the high-band

schools experience the highest test anxiety.

In China, high-ability students may experience less anxiety because of three reasons. Firstly,
Students in high-ability classrooms are often allotted better resources and teachers. Studies have
shown that teachers and principals disproportionately invest their time in high-ability classrooms.
Evidence from around the world suggests that students in high-ability groups are often allotted
higher quality teachers (Hallberg & Schaufeli, 2006). In contrast, low-ability classrooms have
teachers who are less engaged in their work (Klusmann et al., 2008). Access to such resources
means that students in high-ability classes learn better and thus, suffer from lesser anxiety.
Secondly, not only do the high-ability students benefit with better resources, the general social
well-being of low-ability class students in China lags behind those of high-ability students in that
they are more likely to suffer from mental health problems and have a more likely to dropout (Mo
et al., 2013; Shi et al., 2015; Wang et al., 2015; Yi et al., 2012). Moreover, high-ability classroom
students in Chinese rural schools have higher interpersonal trust, greater confidence in the
educational institutions, and more faith in financial and government systems that their low-ability
counterparts (Li et al., 2018). These factors could also have a positive impact on their general
anxiety levels. Lastly, being in high-ability classes means that students incur positive effects of
having higher quality peers. Studies have shown that access to better quality peers in China
significantly increases academic learning (Ding and Lehrer, 2007; Lai, 2007), and thus may reduce

anxiety.
We acknowledge five limitations of the study. Firstly, the study employs a quasi-experimental

design. This means that the findings cannot be considered causal, they are just evidence for

correlation between ability-tracking and the student outcomes. Secondly, the study identified
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ability-tracking by comparing differences in scores between classes. It is possible that significant
differences in classes could have accrued from factors other than ability-tracking. However, this
is highly unlikely for two reasons: a.) the schools and students were sampled from a similar region
and share common socio-economic backgrounds; and b.) given that ability-tracking is banned at
the junior-high school level and the class composition is based on an S-shape policy, it is
implausible that these differences in scores could be attributed to anything but ability-tracking.
Thirdly, the treatment and comparison groups are unbalanced at the baseline in terms of some
student, teacher and school characteristics. This could have biased the results. The analysis tried
to minimize the potential bias by introducing these characteristics as control variables in the
models. However, we recognize that it does not completely eliminate the endogeneity problem.
Fourthly, while the study finds that ability-tracking reduced math-anxiety it could not test for
underlying mechanisms that influence the outcome as it was beyond the scope of the study. Lastly,
the study tracked academic and non-academic outcomes for only a year, which may not have been

sufficient time to see the effects of ability-tracking.

Despite its limitations, the paper contributes to the growing literature around the contentious
debate on ability-tracking. To address the paucity of empirical analysis on ability-tracking in
developing context, the study employed a quasi-experimental design and showed that ability-
tracking has a significant impact on student’s math anxiety, but had no significant effect on their
math scores or academic self-concept. As far as we know, this is the first English language
literature that attempts to study the impact of ability-tracking on both academic and non-academic
outcomes using a panel data set from rural China. Unlike other studies, it did so by comparing
schools with ability-tracking to non-ability-tracking schools, and thus is able to assess the impact
of the policy. In this way, the paper attempts to contribute to the growing body of literature on
economics of education literature, and is also relevant to the larger body of work on the study of

peer effects in education.

The study provides direction for future research on peer effects in education. The study adds to the
debate on ability-tracking however, there is still no consensus whether it is effective in improving
student learning. While the study did find that ability-tracking reduced anxiety of high-ability

students, it is unclear if the results will persist over a longer period of time. Previous studies have
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shown that benefits of non-academic outcomes may disappear or switch from high-ability to low-
ability students (Mulkey et al., 2005). Therefore, future studies may need to assess the impact of
ability-tracking over a longer period of time. Secondly, the future work would need to be
investigated why ability-tracking significantly reduced math anxiety of high-ability students.
Further, it would need to investigate why ability-tracking reduced math anxiety, but did not have
any significant impact on academic self-concept, and math score. While association between math
academic self-concept and math scores are well documented (Marsh et al., 2008), work on cross
interaction between anxiety, self-concept and test scores need to be investigated, especially in
developing contexts. Lastly, ability-tracking is legally allowed in the high-schools of China and is
also widely practiced. Studies would need to investigate the effects of the policy at the high-school
level on academic and non-academic outcomes. Moreover, attempts must be made to disentangle
whether there are long term associations between students being tracked in junior-high schools,

and its effect on performance in high schools.
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Figure 2: Standardized math scores across treatment and comparison groups for students without

missing values for outcome variables
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Table 1: Distribution of sample across treatment and comparison groups

Total Treatment Comparison
No. of classrooms within each Schools  Students Schools  Students Schools  Students
school (D (2 3 “4) ) (6)

Panel A: Distribution of students across treatment and comparison groups (with students’ that are missing

outcome variable values)

2 96 7215 15 1171 81 6044
3 20 2170 8 864 12 1306
4 3 355 2 250 1 105
Total 119 9740 25 2285 94 7455

Panel B: Final sample of students across treatment and comparison groups (without students’ that are missing

outcome variable values)

2 96 6773 15 1101 81 5672

3 20 2057 8 823 12 1234

4 3 340 2 240 1 100

Total 119 9170 25 2164 94 7006
Proportion 100% 100% 21% 23.60% 79% 76.40%

Note:

1. We dealt with missing students outcome variables (those for whom either baseline or endline was missing
for one of the three dependent variables (i.e. math score, self-concept score, or anxiety;) as follows. These
students (n= 570) were kept in the data set while modelling for tracking (see model 1). However, these
students were removed from the data set for all subsequent analysis. As discussed in the text, there were
two reasons to drop these students after using them to compute the treatment and comparison group. Firstly,
having a greater sample of students can more precisely detect differences in test scores between classrooms
and thus, provides a more accurate evidence for whether or not tracking was prevalent in a school.
Secondly, detecting incidence of tracking in a school is unrelated to the overall effect of ability-grouping

on student learning outcomes.
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Table 2: Balance test between treatment and comparison groups across key variables

Overall Treatment Comparison  p-value
(n=9170) (n=2164) (n=7006) (TvsO
@ (2 3 C))
OUTCOME VARIABLES
Baseline standardized math score 0.057 (1.00)  0.242 (0.990) 0.00 (1.00) <0.01#**
Baseline standardized self-concept score 0.010 (1.00) 0.043 (1.01) 0.00 (1.00) <0.1*
Baseline standardized anxiety score -0017 (1.01) -0.072(1.03) 0.00 (1.00) <0.01%**
STUDENT CHARACTERISTICS
Female student (1=yes) 0.499 (0.500)  0.496 (0.500) 0.500 (0.500)  0.735
Student boarding at school (1=yes) 0.597 (0.491) 0.654 (0.476) 0.579 (0.494)  <0.01%**
Age (in years) 13.0 (0.940) 13.0 (0.976) 13.0 (0.929) <0.1*
HOUSEHOLD CHARACTERISTICS
Mother’s graduated junior high school (1=yes) 0.251 (0.434)  0.276 (0.447) 0.243 (0.429) <0.01%**
Mother absent for both semesters (1=yes) 0.149 (0.356)  0.132 (0.338) 0.155(0.362)  <0.01%**
Father absent for both semesters (1=yes) 0413 (0.492) 0.446 (0.497) 0403 (0.491)  <0.01%**
Household assets (score 0-7) 2.75 (1.70) 2.75 (1.66) 2.75(1.71) 0.999
Students discuss homework with parents - more
than once a week (I=yes) 0.633 (0.482) 0.633 (0.482) 0.633 (0.482)  0.997
MATH TEACHER CHARACTERISTICS
Female teacher (1 =yes) 0.358 (0.479)  0.341 (0.474) 0.363 (0481) <0.1*
Years of teaching experiences 9.61 (7.07) 9.19 (6.65) 9.74 (7.19) <0.01%**
Teacher has middle school math teaching 0.723 (0.447)  0.821 (0.384) 0.693 (0.461)  <0.01%**
certificate (1=yes)
SCHOOL CHARACTERISTICS
School assets (score 0-5) 4.69 (0.620)  4.66 (0.563) 4.69 (0.636) <0.1*
Student/teacher ratio 8.75(2.87) 7.83(2.39) 9.04 (2.95) <0.01%#**
Note

1. N =number of observations

2. p<0.1; -p<0.05; ~p<0.01

30



Table 3: Impact of ability-tracking on average student’s math score

Value Added: Math Score

&) @ 3) 4) &) ©)

Tracking -0.171+ -0080 -0.075 -0074 -0070 -0.075
(0.061) (0.070) (0.068) (0.067) (0.066) (0.066)
Baseline math score -0.363+ -0.395+ -0400~ -0401+ -0.408"
(0.015) (0.014) (0.013) (0.013) (0.013)
Teacher incentive treatment (1=yes) 0.016 -0005 0.009 0.009 0.007 0.010

0.049) (0.056) (0.054) (0.053) (0.054) (0.052)
STUDENT CHARACTERISTICS

Female student (1=yes) -0014 -0014 -0014 -0.013
(0.018) (0.018) (0.018) (0.018)

Student boarding in school (1=yes) 0.085~ 0.087+ 0.078- 0.064~
(0.030) (0.030) (0.029) (0.030)

Age of student (in years) -0.134+ -0.132+ -0.132+ -0.133~

0.013) (0.013) (0.013) (0.013)
HOUSEHOLD CHARACTERISTICS

Mother graduated junior high school (1=yes) 0.004 0.016  0.009
(0.025) (0.025) (0.023)
Mother absent for both semesters (1=yes) -0034 -0.030 -0.025
(0.026) (0.026) (0.026)
Father absent for both semesters (1=yes) -0.001  -0.002 -0.003
(0.019) (0.019) (0.019)
Household assets (score 0-7) 0.020- 0.018 0.013
(0.008) (0.008) (0.007)
Students discuss homework with parents - more than once a 0.009  0.007  0.008

week (1=yes)
(0.022) (0.021) (0.021)
TEACHER CHARACTERISTICS

Female teacher (1=yes) 0.005 0.010
(0.054) (0.053)
Years of teaching experience of teachers -0.005 -0.005
(0.004) (0.005)
Teacher has junior high school math teaching certificate -0.066 -0.066
(I=yes)
(0.050) (0.049)
SCHOOL CHARACTERISTICS
School assets (score 0-5) 0.064
(0.036)
Student/teacher ratio -0.008
(0.010)
Constant -0.008 0.003 1.699~ 1.604~ 1.716~ 1.516~
(0.032) (0.038) (0.170) (0.166) (0.183) (0.288)
Observations 9,170 9,170 9,168 9,129 9,062 9,062
R: 0.007 0.186 0207 0209 0212 0.215
Note:

1. SEs clustered at school level
2. p<0.1; “p<0.05; ~p<0.01



Table 4: Impact of ability-tracking on average student’s math self-concept

Value Added: Math self-concept score
@ &) A G &) ©

Tracking 0.008 0.027 0.025 0.024 0.023 0.039
(0.050) (0.054) (0.054) (0.053) (0.051) (0.049)
Baseline self-concept score -0.404~ -0422+ -0424~ -0428~ -0.429~
(0.011) (0.011) (0.011) (0.011) (0.010)

Teacher incentive treatment (1=yes) -0034 -0.041 -0034 -0031 -0024 -0015

(0.039) (0.041) (0.040) (0.040) (0.040) (0.039)
STUDENT CHARACTERISTICS

Female student (1=yes) -0.143+ -0.143~ -0.143~ -0.143~
(0.020) (0.020) (0.020) (0.020)
Student boarding in school (1=yes) 0.040 0.037 0029 0033
0.026) (0.026) (0.026) (0.025)
Age of student (in years) 20,057+ 0057+ -0.060~ -0.062

0.014) (0.014) (0.014) (0.013)
HOUSEHOLD CHARACTERISTICS

Mother graduated junior high school (1=yes) -0.034 -0025 -0019
(0.023) (0.022) (0.022)
Mother absent for both semesters (1=yes) 0.010 0.015 0.011
(0.024) (0.024) (0.024)
Father absent for both semesters (1=yes) -0.004 -0.005 -0011
(0.020) (0.020) (0.020)
Household assets (score 0-7) 0.008 0.005 0.005

(0.007) (0.007) (0.007)
(Sltfiilzrslis discuss homework with parents - more than once a week 0.044- 0042 0.040-
(0.022) (0.022) (0.021)

TEACHER CHARACTERISTICS

Female teacher (1=yes) 0.044 0.042
(0.046) (0.044)
Years of teaching experience of teachers -0.005 -0.004
(0.003) (0.003)
Teacher has junior high school math teaching certificate (1=yes) -0017 -0.015
(0.039) (0.038)
SCHOOL CHARACTERISTICS
School assets (score 0-5) 0.050~
(0.025)
Student/teacher ratio 0.013~
(0.006)
Constant 0.017 0.021 0.807+ 0.763~ 0.859~ 0.516"
(0.033) (0.034) (0.182) (0.185) (0.190) (0.231)
Observations 9,170 9,170 9,168 9,129 9,062 9,062
R: 0.0003 0.197 0207 0208 0213 0.215
Note:

1. SEs clustered at school level
2. p<0.1; p<0.05; ~p<0.01

Table 5: Impact of ability-tracking on average student’s math anxiety score

Valued added: Math anxiety score
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&) @ 3) 4) &) (©6)

Tracking -0.025 -0.061 -0059 -0057 -0055 -0.058
(0.037) (0.042) (0.040) (0.040) (0.038) (0.038)
Baseline anxiety score -0.494~ -0.506~ -0.508+ -0.512~ -0.513~
(0.011) (0.011) (0.011) (0.012) (0.012)

Teacher incentive treatment (1=yes) 0.040 0.049 0.039 0.040 0.026 0.023

(0.033) (0.037) (0.035) (0.034) (0.034) (0.034)
STUDENT CHARACTERISTICS

Female student (1=yes) 0.139~ 0.136~ 0.135~ 0.135~
0.018) (0.018) (0.018) (0.018)
Student boarding in school (1=yes) 0061° -0062° -0054- -0.053
0.025) (0.025) (0.025) (0.025)
Age of student (in years) 0069~ 0.064~ 0.067~ 0.068~

0.012) (0.012) (0.012) (0.012)
HOUSEHOLD CHARACTERISTICS

Mother graduated junior high school (1=yes) -0.008 -0.020 -0.020
(0.028) (0.027) (0.028)
Mother absent for both semesters (1=yes) 0.009 0.005 0.005
(0.025) (0.025) (0.025)
Father absent for both semesters (1=yes) 0.018 0.017 0.018
(0.022) (0.022) (0.022)
Household assets (score 0-7) -0.020~ -0.017- -0.016"

(0.007) (0.007) (0.007)
(Sltfiilzrslis discuss homework with parents - more than once a week 0027 -0025 -0024
(0.020) (0.020) (0.020)

TEACHER CHARACTERISTICS

Female teacher (1=yes) -0.062° -0.063
(0.036) (0.035)
Years of teaching experience of teachers 0.005° 0.005
(0.003) (0.003)
Teacher has junior high school math teaching certificate (1=yes) 0.009  0.009
(0.035) (0.035)
SCHOOL CHARACTERISTICS
School assets (score 0-5) -0.023
(0.033)
Student/teacher ratio -0.002
(0.005)
Constant -0.020 -0.024 -0.949- -0.818+ -0.893~ -0.770"
(0.026) (0.027) (0.162) (0.164) (0.180) (0.259)
Observations 9,170 9,170 9,168 9,129 9,062 9,062
R: 0.0005 0249 0258 0259 0263 0.264
Note:

1. SEs clustered at school level
2. p<0.1; p<0.05; ~p<0.01

Table 6: Impact of ability-tracking on high-ability and low-ability class student’s
math, self-concept and anxiety score

Panel A: Value added: Math score
(D 2 3) ) (©) (6)
Tracking (High-ability) -0.300 -0.120 -0.104 -0.104 -0.097 -0.100
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(0.074) (0.076) (0.074) (0.074) (0.073) (0.075)
Tracking (Low-ability) -0.082 -0.053 -0.055 -0.053 -0.052 -0.058
(0.059) (0.070) (0.069) (0.067) (0.066) (0.065)
Constant -0.007 0.003 1.694~ 1.600~ 1.712~ 1.512~
(0.033) (0.038) (0.169) (0.164) (0.183) (0.287)
Observations 9,170 9,170 9,168 9,129 9,062 9,062
R: 0.011 0.186 0.208 0.210 0.212 0.215
Panel B: Value added: Math self-concept score
Tracking (High-ability) -0.022 0.005 0.004 0.005 0.011 0.025
(0.057) (0.054) (0.053) (0.053) (0.051) (0.050)
Tracking (Low-ability) 0.029 0.042 0.040 0.037 0.032 0.049
(0.054) (0.060) (0.061) (0.061) (0.059) (0.056)
Constant 0.017 0.021 0.807~ 0.763 0.859~ 0.515+
(0.033) (0.034) (0.182) (0.185) (0.190) (0.231)
Observations 9,170 9,170 9,168 9,129 9,062 9,062
R: 0.001 0.198 0.207 0.208 0.213 0.215
Panel C: Value added: Math anxiety score
Tracking (High-ability) -0.040 -0.095 -0.094 -0.094 -0.100~ -0.103~
(0.050) (0.055) (0.052) (0.052) (0.050) (0.051)
Tracking (Low-ability) -0014 -0.038 -0.035 -0.032 -0.024 -0.028
(0.044) (0.049) (0.049) (0.049) (0.047) (0.046)
Constant -0.020 -0.024 -0.949 -0.818~ -0.894 -0.773
(0.026) (0.027) (0.162) (0.165) (0.180) (0.260)
Observations 9,170 9,170 9,168 9,129 9,062 9,062
R: 0.0005 0.249 0.258 0.259 0.264 0.264
Baseline score YES YES YES YES YES
Student characteristics YES YES YES YES
Household characteristics YES YES YES
Teacher characteristics YES YES
School characteristics YES

Note:

1. Student characteristics: student’s gender (1=female); boarding status (1=yes); and, student’s age (in

2.

W

years).

Household characteristics: mother graduated junior-high school (1=yes); mother absent for both semester
(1=yes); father absent for both semester (1=yes); household assets (out of 7); and, students discuss
homework with parents - more than once a week (1=yes).

Teacher characteristics: teacher’s gender (1=female); years of teaching experience; and, teacher has junior
high school math teaching certificate (1=yes).

School characteristics: school asset (out of 5); and, student teacher ratio.

SEs clustered at school level

p<0.1; *p<0.05; ~p<0.01
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Table 7: Heterogeneous impact of ability-tracking tracking (average students)

PANEL A: Value added: Math score
€)) ) 3) “)
Tracking -0.081 -0.068 -0.007 -0.096

Tracking*ability_by_class(Middle1/3)

(0.061) 0.072) 0.075) (0.069)
-0.047

(0.045)
Tracking*ability_by_class(Top1/3) -0.004
(0.059)
Tracking*Female -0014
(0.041)
Tracking*Boarding student -0.107
(0.069)
Tracking*Top half socioeconomic status 0.041
(0.065)
Constant 1.767~ 1.515~ 1.492~ 1.524~
(0.280) (0.288) (0.289) (0.289)
Observations 9,062 9,062 9,062 9,062
R: 0.221 0.215 0.215 0.215
PANEL B: Value added: Math self-concept score
Tracking 0.052 0.009 0.067 0.013

Tracking*ability_by_class(Middle1/3)

0.046)  (0.060)  (0.057)  (0.051)
0,020

(0.050)
Tracking*ability_by_class(Top1/3) -0.016
(0.061)
Tracking*Female 0.061
(0.049)
Tracking*Boarding student -0.043
(0.060)
Tracking*Top half socioeconomic status 0.051
(0.054)
Constant 0.005 0.523~ 0.506~ 0.526~
(0.237) (0.232) (0.235) (0.230)
Observations 9,062 9,062 9,062 9,062
R: 0.236 0.215 0.215 0.215
PANEL C: Value added: Math anxiety score
Tracking -0.063 -0.063 -0.010 -0.092~

Tracking*ability_by_class(Middle1/3)
Tracking*ability_by_class(Top1/3)
Tracking*Female

Tracking*Boarding student

Tracking*Top half socioeconomic status

0.039)  (0.042) (0049  (0.036)
-0.006

(0.056)
0.017
(0.065)
0.010
(0.044)
20076
(0.053)

0.065
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(0.054)

Constant -0.338 -0.769 -0.787 -0.756
(0.260) (0.260) (0.264) 0.261)
Observations 9,062 9,062 9,062 9,062
R: 0.275 0.264 0.264 0.264
Baseline score YES YES YES YES
Student characteristics YES YES YES YES
Household characteristics YES YES YES YES
Teacher characteristics YES YES YES YES
School characteristics YES YES YES YES
Note:
1. Student characteristics: student’s gender (1=female); boarding status (1=yes); and, student’s age (in

2.

)]

years).

Household characteristics: mother graduated junior-high school (1=yes); mother absent for both semester
(1=yes); father absent for both semester (1=yes); household assets (out of 7); and, students discuss
homework with parents - more than once a week (1=yes).

Teacher characteristics: teacher’s gender (1=female); years of teaching experience; and, teacher has junior
high school math teaching certificate (1=yes).

School characteristics: school asset (out of 5); and, student teacher ratio.

SEs clustered at school level

p<0.1; *p<0.05; ~p<0.01
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Table 8: Heterogeneous impact of ability-tracking (high and low ability class

students)
PANEL A: Value added: Math score
&) &) A G
Tracking (High-ability) -0.082 -0.110 -0.083 -0.122
(0.083) (0.081) (0.084) (0.092)
Tracking (Low-ability) -0.083 -0.039 0.050 -0.078
(0.058) 0.071) 0.077) (0.060)
Tracking (High-ability)*ability-by-class(Middle1/3) -0.090
(0.070)
Tracking (Low-ability)* ability-by-class(Middle1/3) -0.016
(0.048)
Tracking (High-ability)*ability-by-class(Top1/3) -0.121
(0.095)
Tracking (Low-ability)*ability-by-class (Top1/3) 0.078
(0.061)
Tracking (High-ability)*Female 0.020
(0.070)
Tracking (Low-ability)*Female -0.038
(0.046)
Tracking (High-ability)*Boarding student -0.029
(0.082)
Tracking (Low-ability)*Boarding student -0.165"
(0.073)
Tracking (High-ability)* Top half socioeconomic status 0.042
(0.089)
Tracking (Low-ability)*Top half socioeconomic status 0.039
(0.075)
Constant 1.767~ 1.512~ 1.484- 1.520~
0.279) (0.287) (0.288) (0.288)
Observations 9,062 9,062 9,062 9,062
R: 0.222 0.215 0.216 0.215
PANEL B: Value added: Self-concept score
Tracking (High-ability) 0.033 -0.007 0.040 -0.009
0.051) (0.068) (0.073) (0.067)
Tracking (Low-ability) 0.064 0.021 0.087 0.029
(0.057) (0.066) (0.070) (0.054)
Tracking (High-ability)*ability-by-class(Middle1/3) -0.025
(0.054)
Tracking (Low-ability)* ability-by-class(Middle1/3) -0.016
0.071)
Tracking (High-ability)*ability-by-class(Top1/3) 0.008
(0.076)
Tracking (Low-ability)*ability-by-class (Top1/3) -0.031
(0.066)
Tracking (High-ability)*Female 0.066
(0.060)
Tracking (Low-ability)*Female 0.056
(0.059)
Tracking (High-ability)*Boarding student -0.024

(0.090)



Tracking (Low-ability)*Boarding student -0.059
(0.064)
Tracking (High-ability)* Top half socioeconomic status 0.067
(0.069)
Tracking (Low-ability)*Top half socioeconomic status 0.039
0.072)
Constant 0.006 0.523~ 0.505~ 0.525~
(0.238) (0.232) (0.234) (0.230)
Observations 9,062 9,062 9,062 9,062
R: 0.236 0.215 0.215 0.215
PANEL C: Value added: Anxiety score
Tracking (High-ability) -0.130~ -0.135+ -0.070 -0.136~
(0.059) (0.064) (0.065) (0.058)
Tracking (Low-ability) -0.018 -0.012 0.035 -0.060
(0.048) (0.053) (0.060) (0.044)
Tracking (High-ability)*ability-by-class(Middle1/3) 0.027
(0.083)
Tracking (Low-ability)* ability-by-class(Middle1/3) -0.026
(0.053)
Tracking (High-ability)*ability-by-class(Top1/3) 0.058
(0.098)
Tracking (High-Low)*ability-by-class (Top1/3) -0.009
(0.060)
Tracking (High-ability)*Female 0.066
(0.063)
Tracking (Low-ability)*Female -0.031
(0.060)
Tracking (High-ability)*Boarding student -0.053
(0.062)
Tracking (Low-ability)*Boarding student -0.096
0.072)
Tracking (High-ability)* Top half socioeconomic status 0.066
(0.063)
Tracking (Low-ability)*Top half socioeconomic status 0.063
(0.078)
Constant -0.341 -0.769 -0.790 -0.759~
(0.260) (0.261) (0.265) (0.261)
Observations 9,062 9,062 9,062 9,062
R: 0.276 0.264 0.264 0.264
Baseline score YES YES YES YES
Student characteristics YES YES YES YES
Household characteristics YES YES YES YES
Teacher characteristics YES YES YES YES
School characteristics YES YES YES YES

Note:

1. Student characteristics: student’s gender (1=female); boarding status (1=yes); and, student’s age (in

years).

2. Household characteristics: mother graduated junior-high school (1=yes); mother absent for both
semester (1=yes); father absent for both semester (1=yes); household assets (out of 7); and, students

discuss homework with parents - more than once a week (1=yes).
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Teacher characteristics: teacher’s gender (1=female); years of teaching experience; and, teacher has
junior high school math teaching certificate (1=yes).

School characteristics: school asset (out of 5); and, student teacher ratio.

SEs clustered at school level

'p<0.1; ~p<0.05; ~p<0.01
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Appendix

Figure A1: Variance in math scores across each classroom using standing math scores in each

classroom

Variance of standardized math score across each classroom
(n=264)

0.0-
0.4 0.8 1.2 1.6
Variance of standardized math score

-
tracking El Comparison i E Treatment
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Table A1l: Survey questions to measure math self-concept and anxiety as described in PISA (2012):

I am just not good at math

I get good grades in math

I learn math quickly

I have always believed that math is one of my best subjects
In my math class, I understand even the most difficult work

Math Self-concept

bl e

I often worry that it will be difficult for me in math classes
I get very tense when I have to do math homework

I get very nervous doing math problems

I feel helpless when doing a math problem

I worry that I will get poor grades in math

Math anxiety

A

1. Students answer on a 4-point Likert of strongly agree, agree, disagree, and strongly disagree
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Table A2: Distribution of treatment group across high-ability and low-ability students

Treatment High-ability Low-ability

ey @) 3)

Panel A: Distribution of students across high-ability and low-ability groups (with students’ that are missing outcome variable
values)

Total students 2285 939 1346
Panel B: Final sample of treatment group across high-ability and low-ability groups (without students’ that are missing outcome
variable values)

Total students 2164 884 1280

Proportion 100% 40.85% 59.15%
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Table A3: Number of students with missing values for outcome variables:

Math score Self-concept Anxiety
Baseline score missing 0 34 38
Endline score missing 468 488 490
Either baseline or endline score missing 468 518 524

Note:
1. Students with either math, self-concept or anxiety score missing at the baseline or endline = 570.
These were dropped from further analysis.
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Table A4: Balance test between students dropped from analysis and the sample:

Overall Dropped (D) Sample (S) p-value
(n=9740) (n=570) (n=9170) Dv/sS)
@ (2 3) C))
OUTCOME VARIABLES
Baseline standardized math score 0.0583 (1.00) -0.235(1.03) 0.0765 (0.998) p<0.01
Baseline standardized self-concept score 0.0106 (1.00) -0.177 (1.03) 0.0216 (0.997) p<0.01
Baseline standardized anxiety score -0.0189 (1.01) 0.107 (1.03) -0.0262(1.01) p<0.01
STUDENT CHARACTERISTICS
Female student (1=yes) 0.494 (0.500) 0.408 (0.492) 0.499 (0.500) p<0.01
Student boarding at school (1=yes) 0.598 (0.490) 0.613 (0.487) 0.597 (0.491) 0.428
Age (in years) 13.0(0964) 13.6(1.16)  13.0(0.940) p<0.01
HOUSEHOLD CHARACTERISTICS
Mother’s graduated junior high school (1=yes) 0.250 (0.433) 0.231 (0.422) 0.251 (0.434) 0.276
Mother absent for both semesters (1=yes) 0.150 (0.357) 0.167 (0.375) 0.149 (0.356) 0.644
Father absent for both semesters (1=yes) 0.413 (0.492) 0.402 (0.493) 0.413 (0.492) 0.818
Household assets (score 0-7) 2.74 (1.70) 2.67 (1.75) 2.75 (1.70) 0.274
Students discuss homework with parents - more than once a 0.630 (0.483) 0.589 (0.492) 0.633 (0.482) 0.039
week (1=yes)
MATH TEACHER CHARACTERISTICS
Female teacher (1 =yes) 0.359 (0.480) 0.374 (0.484) 0.358 (0.479) 0.424
Years of teaching experiences 9.67 (7.07) 10.7 (7.05) 9.61 (7.07) p<0.01
Teacher has junior high school math teaching certificate 0.725 (0.447) 0.744 (0.437) 0.723 (0.447) 0.272
(1=yes)
SCHOOL CHARACTERISTICS
School assets (score 0-5) 4.69 (0.622) 4.72(0.652) 4.69 (0.620) 0.250
Student/teacher ratio 8.76 (2.90) 8.89 (3.29) 8.75 (2.87) 0.348
Note:

1. Students with either baseline or endline missing value for outcome variables were dropped from analysis

2. N = number of observations
3. p<0.1; p<0.05; -p<0.01
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