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Ability tracking, a practice of grouping students into different classrooms based on their test scores, is prevalent
in schools around the world. However, evidence on the effects of ability tracking on students’ learning outcomes
remains mixed. Drawing on a longitudinal dataset of 9170 students across 119 rural junior high schools from 23
counties in two provinces of China, this paper examines how ability tracking affects students’ math score, math
academic self-concept, and math anxiety. We find that ability tracking had no statistically significant effect on
either students’ academic or non-academic outcomes. Sub-group analyses by high and low-ability classrooms
revealed similar results for math scores and math self-concept. However, ability tracking helped reduce the math
anxiety of high-ability classroom students as they experienced a lower value added in their anxiety score by
0.103 SD (p < 0.05) relative to students in schools that do not practice ability tracking. Furthermore, hetero-
geneous analyses revealed that ability tracking is associated with a lower value added in math score of low-

Non-academic outcomes
Rural China
Quasi-experiment

Peer effects

ability boarding students by 0.168 SD (p < 0.05) relative to non-boarding students in comparison schools.

1. Introduction

Classroom composition and peer effects are key concerns amongst
both policymakers and researchers (Sacerdote, 2011), especially as a
large body of literature has shown that peers can affect their classmates’
learning outcomes (Coleman et al., 1966; Ding and Lehrer, 2007; Zhang
etal., 2014). Particular attention has been paid to organizing classrooms
based on academic ‘ability’. Referred to as ability tracking/grouping, the
process involves dividing students into different groups based on their
‘ability’. The practice of ability tracking is common around the world
and across all education levels including primary, secondary, and even
college (Cheung and Rudowicz, 2003; Hanushek and W o8mann, 2006;
Betts, 2011; Duflo et al., 2011; Carman and Zhang, 2012; Booij et al.,
2016; Steenbergen-Hu et al., 2016; Li et al., 2018).

While common, ability tracking is still one of the most controversial
educational policies around the world (Steenbergen-Hu et al., 2016).
Some researchers argue that grouping students on similar skill levels
could help with curriculum design and learning (Lou et al., 2000), while
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others argue that the policy leads to neglect of low-ability students,
leading to greater learning disparity between students (Gamoran, 1992;
Gamoran et al., 1995). Further, empirical evidence on the effect of
ability tracking is still concentrated in the developed world with mixed
results. Some show that ability tracking can be beneficial for high- and
low-ability students (Collins and Gan, 2013), while others argue that it
can have adverse effects, especially for low-ability students, and in-
crease learning gaps amongst student groups (Argys et al., 1996; Fu and
Mehta, 2018; Antonovics et al., 2022). However, most studies on ability
tracking have come mainly from the developed world, reflecting data
limitations and methodological challenges in developing contexts (Duflo
et al., 2011; Betts, 2011; Sacerdote, 2011; Angrist, 2014).

Research over the last decade has extended the literature on ability
tracking beyond the developed world (Duflo et al., 2011; Wang, 2015; Li
et al., 2018). Nonetheless, prior findings on ability tracking from both
developed and developing countries may not be applicable in the
context of China for three reasons. First, peer effects are highly
contextual (Paloyo, 2020), and findings may not translate across
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education levels or geographic boundaries. Second, there exist signifi-
cant institutional differences in the way ability tracking is practiced in
schools (Zhang et al., 2014). 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 across classrooms
and ‘key’ classes (high-ability classrooms) are usually provided with the
favoured educational resources, especially the best teachers, for all
subjects. This form of ability tracking is usually formal and based on test
scores (Zhang et al., 2014). It is unclear if different educational in-
stitutions may yield different effects of ability tracking on students. Last
but not least, the high social value placed on academic achievement and
competition may be particularly likely to create different social envi-
ronments for high-ability and low-ability tracked students (Li et al.,
2018). Research has shown different levels of competitiveness in cul-
tures can lead to different effects of ability tracking (Thiemann, 2017).
Thus, further studies are needed from new geographies to assess if
ability tracking has a differential influence in different settings.

Using a longitudinal dataset where we followed the same set of
students across two time periods from rural China, we take a quasi-
experimental approach to assess the effects of ability tracking on stu-
dents’ academic and non-academic outcomes. We find that ability
tracking had no effect on students’ math test scores, math self-concept or
math anxiety. Sub-group analyses reveal that within schools that prac-
tice ability tracking, students in high- and low-ability classrooms expe-
rience no statistically significant effect of ability tracking on their math
score or self-concept when compared to students in the comparison
group. However, high-ability classroom students in schools that practice
ability tracking experience a statistically significant less value added in
their anxiety by 0.103 SD (p < 0.05) relative to students in schools that
do not practice ability tracking (the comparison group). Heterogeneous
analyses revealed that ability tracking is associated with a lesser value
added in math score of low-ability boarding students by 0.168 SD (p <
0.05) relative to non-boarding students in the comparison group.

The rest of the paper is organized as follows. Section 2 provides an
overview of the literature and states the purpose of the study. Section 3
describes the data, followed by the research design and empirical
strategy in Section 4. Section 5 presents the empirical results. Finally,
Section 6 concludes with discussions and implications.

2. Literature review and purpose of the study

Ability tracking, or tracking or grouping, refers to the act of pur-
posely sorting students based on their abilities (Betts, 2011; Belfi et al.,
2012). ‘Ability’ here refers to academic ability and is often measured by
test scores, although allotment can occur based on a combination of
other factors such as IQ tests, or even teacher judgement (Hattie, 2002).
Steenbergen-Hu et al. (2016) in their meta-analyses have identified four
different kinds of ability grouping, namely, between-class ability
tracking, within-class ability tracking, Joplin Plan, or ability grouping
for special students. For the purpose of this paper, we focus on
between-class ability tracking which refers to grouping students in the
same grade into high- and low-ability classrooms based on their prior
achievement or ability levels.

Proponents of ability tracking usually highlight the following three
reasons. First, ability tracking makes it easier for instructors to adjust
their curriculum by teaching a homogeneous group than a heteroge-
neous one (Lou et al., 2000). Second, ability tracking has economic
benefits, as the school can direct, invest and match its resources to a
given type of student (Oakes and Guiton, 1995; Betts, 2011). Third,
ability tracking allows students to make progress proportional to their
ability, and thus maintain interest and motivation. In other words, with
ability tracking, 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 envi-
ronment within the classroom (Hattie, 2002).
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On the other hand, opponents of ability tracking also present their
arguments. First, it is difficult to track students by their abilities. The use
of standardized scores is unreliable to make student assignments (Betts,
2011), and ability tracking magnifies the initial learning gaps between
low and high-ability students over time, causing the “Mathew effect”
(Kerckhoff and Glennie, 1999). Second, the so-called “adjusted” cur-
riculum for low-ability students may be less stimulating, directed at
behavior management rather than learning, teaching them slowly with
lesser content coverage and 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 “delinquency, absenteeism, dropout, and other social prob-
lems’’ (Slavin, 1990, pp. 473).

2.1. Prior studies on the effect of ability tracking

Empirical work on how ability tracking influences students’ aca-
demic performance is mixed across different educational levels. With
regards to elementary education, results from a randomized controlled
trial found that primary school students (grade 1-3) in tracking schools
in Kenya had higher scores than those in non-tracking schools, and the
effects persisted even one year after the program (Duflo et al., 2011).
Similar positive results are reported in their analysis of students in grade
3-5 by Collins and Gan (2013) in the United States. However, Fu and
Mehta (2018) show that ability tracking may have a differential effect,
with positive gains for high-ability but losses for low-ability students. At
the secondary and high school level, results are more mixed. An earlier
review of literature by Slavin (1993) in “middle schools” found essen-
tially no effect of ability tracking on low, average or high school stu-
dents, which is also reported by Betts and Shkolnik (2000) among
students from 7th to 12th grade. However, analysis by Figlio and Page
(2002) of students from 8th to 10th grade showed that there are no
additional gains for high-ability students at the detriment of their
low-ability counterparts, but with certain gains for low-ability students.
In contrast, recent work by Antonovics et al. (2022) on students from
grade 4th to 8th highlights that high-ability students benefit from ability
tracking without any gains to low-ability students, leading to disparities
in learning. Steenbergen-Hu et al. (2016) in their second-order meta--
analyses (including 13 meta-studies) of ability tracking’s impact on K-12
students found that between-class ability grouping was associated with
no gains in overall student’s academic achievement, though within-class
ability tracking had a positive association with students’ academic
achievements. At the college level, Booij et al. (2016) found the opposite
result, suggesting low and medium-ability students gained without any
effect on high-ability students.

In addition to its association with academic outcomes, the effect of
ability tracking on non-academic outcomes has gained the attention of
scholars in recent years (Mulkey et al., 2005; Liu et al., 2005; Van
Houtte, 2005; Wang, 2015). Research has shown that non-academic
outcomes are directly correlated with student learning outcomes. For
example, Marsh et al. (2008) and Marsh and Martin (2011) found that
academic self-concept is positively correlated with subsequent academic
achievement. Thus, it becomes essential to study the effect of ability
tracking on non-academic outcomes separately. Some studies have
evaluated the association of ability tracking on non-academic outcomes
such as academic self-concept and anxiety, with mixed results at the
secondary school level. Liu et al. (2005) showed that for secondary
school students in the long term, while self-concept declined for both
higher and lower-ability students, lower-ability students reported higher
self-concept than their higher-ability counterparts. Evidence from mid-
dle schools in South Korea suggested that ability sorting decreased the
likelihood of students feeling anxious about their grades (Wang, 2015).
In contrast, Mulkey et al. (2005) found that in the long term, high-ability
students who were tracked in middle schools are likely to suffer a decline
in self-concept which subsequently negatively influences their
achievements.
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2.2. Ability tracking in China

Ability tracking was practiced in China in its early years, though with
changes in later decades. At first, the so-called “Key School Policy” was a
“fast lane to cultivate talented students who had limited resources”
(Zhang et al., 2014, pp.81). However, concerns around inequity, com-
bined with a demand for quality education (Wang, 2009) and unease
around the rising concentration of high socio-economic profile students
in key schools (Yang, 2005; Lai et al., 2015), facilitated many new
changes. In response, measures were taken to cope with these chal-
lenges, including equalization of public expenditures and teacher sal-
aries within municipalities, teachers from key schools being encouraged
(or required) to teach at low-performing schools for a certain period of
time, and most importantly, getting key schools to admit
low-performing students (Zhang et al., 2014).

Whilst China formally prohibited ability tracking in junior-high
schools in 2006 (Ministry of Education, 2006), the practice was still
observed. Junior-high schools in China typically follow an S-shape
allotment." However, some junior high schools continued to track stu-
dents. Schools especially those with large class sizes and high perfor-
mance, assigned students with the high academic scores or with
accolades to a few specially selected classrooms before assigning the
remaining to other classes based on S-shape division rule (Lai, 2007;
Carman and Zhang, 2012; Zhang et al., 2014). Why was 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, promotes the use of ability tracking.
High school admission rates or the ability to gain admission into pres-
tigious high schools and universities were treated as important in-
dicators of teachers’ and schools’ reputations (Tsang, 2000; Wang et al.,
2011; Carman and Zhang, 2012; Feng and Li, 2016). Securing such
admissions, especially in poor rural counties, is an exceedingly difficult
task (Liu et al., 2009; Wang et al., 2011; Loyalka et al., 2017). Given the
slim chances of success, teachers and principals disproportionately
invest their time and efforts in favor of the best students through ability
tracking (Li et al., 2018).

Empirical work has assessed the effect of ability tracking on both
academic and non-academic outcomes in China with mixed results.
Zhang 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 due to
ability tracking and the result is consistent across Math, English, and
Chinese scores. With regard 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)

! s-shaped allotment is made to ensure students are equally divided by ability
across all classrooms. Carman and Zhang (2012) describe the process as follows,
“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. 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.” (pp.
225) The process continues until all students are allotted.

2 For the purpose of their study, Zhang et al. (2014) describe the tiers of
schools in their study as follows, “high-performing schools are labeled 1st tier
schools, average-performing schools are labeled 2nd tier schools, and
low-performing schools are labeled 3rd tier schools. The classification of these
three categories is based on three sources of evidence: high school entrance
exam (HSEE) admission line, historical reputation, and judgment of experts
such as officers from the local educational authority and school administrators.
Within the 1st and 2nd tier schools, key class settings are common.” (pp. 83)
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than slow-tracked students. Cheung and Rudowicz (2003) reveal that
ability-tracked classes had no influence on students’ self-esteem, test
anxiety, or academic self-concept. However, they do find that the stu-
dents in higher banding schools had higher self-esteem and test anxiety.

2.3. Potential gaps in the literature and purpose of the study

A close examination of the literature reveals at least two potential
gaps. First, most of the existing literature from China focused on peer
effects (Ding and Lehrer, 2007; Carman and Zhang, 2012; Feng and Li,
2016; Lai, 2007), not explicitly on the role 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 effect of ability tracking remains unexplored.

Second, most of the literature on ability tracking from China comes
from urban centers or municipalities (Zhang et al., 2014), while rural
areas continue to be overlooked. With rising concerns about the inequity
between urban-rural education in the country (Loyalka et al., 2017), and
continued dropout amongst secondary schools in rural areas (Yi et al.,
2012; Shi et al., 2015), greater attention should be paid to studying
educational outcomes in rural China.

This paper attempts to fill in these potential gaps by assessing the
effect of ability tracking on academic and non-academic outcomes in
rural schools in China. Specifically, we have three objectives. First, we
want to examine the effect of ability tracking on student’s math score,
math self-concept and math anxiety. Second, we examine the effect of
ability tracking on high-ability and low-ability classroom student’s math
score, math self-concept and math anxiety. Third, we examine the het-
erogeneous effects of ability tracking by students’ academic rank within
the class, gender, boarding status and economic status. In doing so, the
paper seeks to contribute to a growing body of literature on ability
tracking in developing countries (McEwan, 2003; Duflo et al., 2011;
Wang, 2015).

3. Data and sample construction

This paper draws on longitudinal data collected by the authors
themselves in the Survey on the Quality of Middle Schools in Rural
China. The data are longitudinal in that we followed the same set of
students across three rounds: November (2015), January (2016) and
June (2016). Given our focus on the effect of ability tracking on stu-
dents, we use the data from the first and third rounds which were con-
ducted in November 2015 (the baseline hereafter) and June 2016 (the
follow-up or endline, hereafter), respectively. This allowed us to assess
the influence of ability tracking on students over eight months.

The survey was conducted in 23 counties across 3 prefectures in two
provinces of northwest China, Shaanxi and Gansu. These counties were
nationally designated as “poverty” counties at the time of data collec-
tion. We took the following steps to collect the data. First, we got the list
of all junior high schools in these counties and randomly chose 200
junior high schools as our sample schools. Second, in each sample
school, we randomly chose the 7th-grade classroom as our sample class.
Third, all students in the sampled 7th-grade classroom were surveyed. A
more detailed description of the sampling strategy and data collection is
available in Lu et al. (2017). Among the 200 sample schools, 81 schools
(40.5%) had only one 7th-grade class, whereas the remaining schools
had two or more 7th-grade classes. In total, 12704 seventh-grade stu-
dents were included in this survey.

To collect the data, each round of the survey involved more than 100
enumerators. To ensure the quality of the survey, all enumerators
attended a 2-day intensive training before they went to visit the sample
schools to conduct the survey in a face-to-face, standardized manner
following the same survey protocol. Each round of the survey collected
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Fig. 1. Creating treatment and comparison groups.

rich information. For the purpose of this study, we draw on information
from three blocks. In the first block, we asked each student to take a
standardized math test on paper. In the second block, students were
asked to fill out a survey instrument on paper that was designed to
measure their math self-concept and math anxiety. In the third block,
students were asked to provide information on basic demographic and
family background characteristics, such as age, gender, boarding status,
whether his/her father or mother completed at least junior high school,
and family assets. Additionally, teacher and principals from the sampled
school were surveyed to collect teacher and school attributes.

We focus on three outcome variables, namely math score, math self-
concept and math anxiety. As described by Lu et al. (2017), the math
score was computed from a 30-minute standardized mathematics test
based on the Chinese National Curriculum Framework. The tests were
strictly proctored and graded by the survey team. Consistent with the
PISA 2012 survey, a set of five questions each were used to measure
math self-concept and math anxiety score. Each items required a 4-point
Likert-type response (OECD, 2012). Details of the questions 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 in the same survey round. This was done by
subtracting the mean score and dividing it by the standard deviation
(SD) of the comparison group at the relevant point of time.

4. Research design and empirical strategy
4.1. Research design

As discussed above, while ability tracking was prohibited in China’s
secondary education system in 2006, it is still practiced (Xinhua Daily,
2021). 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 or not (Li et al., 2018).
However, data can be exploited to make such an establishment. In fact,
previous studies in China have attempted to identify ability tracking,
including high and low track placement, to study the effects on student’s
outcomes by data exploitation (Li et al., 2018).

We rely on the available data to detect if ability tracking is practiced
in the sample schools. Both international evidence and studies from
China suggest that ability tracking is carried out based on pre-existing
test scores of students (Slavin, 1993; Hattie, 2002; Zhang et al., 2014).
In China, when students enter junior high school (grade 7), their new
grade allocation is made based on prior test scores (Xinhua, 2010;
Xinhua Daily, 2021). If there is a statistically significant disparity be-
tween average scores amongst classes in a school, it is highly likely that
the school practiced ability tracking. Based on this assumption, we use
raw baseline test score to test if ability tracking is practiced in a school.
In the case of our study, the baseline survey was conducted after stu-
dents were assigned to different classrooms in seventh grade, thus stu-
dents’ math test scores in the baseline capture their ability based on
which they were placed in their respective classes. If the students were
tracked during the seventh-grade class allocation, average class math
test scores are likely to capture the effect. Therefore, schools practicing
ability tracking would reflect a statistically significant difference in
scores between its classes in the baseline survey.

We take a quasi-experimental approach to define the treatment and
comparison groups. As explained by Gopalan et al. (2020),
quasi-experimental approaches involve “nonexperimental (or
non-researcher-induced) variation in the main independent variable of
interest”. In other words, treatment is assigned “not on a random basis”
(pp. 44, emphasis our own). This is in contrast to randomized controlled
trials (RCT) where the treatment is assigned (to designate the treatment
group) and withheld (to designate the control group) randomly (Gopa-
lan et al., 2020). As our treatment variable (ability tracking) was not
assigned randomly, we use the term comparison group (as opposed to
‘control’ group which is the term primarily used in RCTs studies) to refer
to our reference group.

In order to designate schools (and classrooms) into treatment group
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Table 1
Distribution of sample across treatment and comparison groups.
Total Treatment Comparison
No. of classrooms within each school Schools Students Schools Students Schools Students
@ (2) ®3) @ ®) (6)
Panel A: Distribution of students across treatment and comparison groups (sample used to identify the treatment and comparison group)
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 sued for analysis
2 96 6773 15 1101 81 5672
3 20 2057 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: From 9740 students we dropped students with missing outcome variables (math score, math self-concept and math anxiety either at baseline or endline (n =
108). Following this, we dropped the attrition students (n = 462). The remaining 9170 students was the final sample for the study.

(those that practice ability tracking) and comparison groups (those that
do not practice ability tracking), we took the three steps to detect if
schools practiced ability tracking (Fig. 1). To begin with, we dropped 81
schools where only one class was surveyed, this left us with 119 schools.
Within the 119 schools with multiple classes, we dropped students with
missing baseline data (n = 404), which left us with 9740 students. These
9740 students from 119 schools constitute the sample that we used to
identify ability tracking schools (treatment group) and non-ability
tracking schools (comparison group) for the rest of the study. As
shown in Panel A of Table 1, the numbers of schools in the remaining
sample with two, three, or four sample classes are 96 (80.67%), 20
(16.81%), and 3 (2.5%), respectively.

In the second step, we used linear regression to examine if there is
any difference in baseline math scores between classes within schools to
detect ability tracking. For each school, we ran the following model:

Y: = p,(class), + €; (€8

where Y; represents the raw math score at baseline survey for any stu-
dent i. §, 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
differences 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 sta-
tistically significant at 10% level (p < 0.1), the school was classified as a
treatment school, i.e., the school practiced ability tracking. Otherwise, a
school was classified as non-tracking and thus the comparison group.
Regression results show that 25 schools (21%) practiced tracking, which
is categorized as the treatment group. The rest 94 schools did not
practice ability tracking (79%) and constitute the comparison group.

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 the remaining classes as low-ability classes.
Panel A of Appendix Table 2 details the sample distribution of treatment
groups (schools with ability tracking) across high-ability and low-ability
classes.

In the last step, after identifying 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 = 108 in either of the two survey
waves (baseline = 67 & endline = 41). Among the remaining students,
462 students participated in the baseline survey but were missing in the
follow-up survey. In other words, the attrition rate is 4.8%. Appendix
Table 3 compares the attrited (n = 462) and non-attrited students
(n =9170) across key characteristics.

There were two reasons to drop the students with missing informa-
tion on outcome variables (for self-concept and math anxiety) and

attrition students after using them to classify the treatment and com-
parison groups. First, having a greater sample of students can more
precisely detect differences in test scores between classes and thus,
provide more accurate evidence for whether ability tracking was prac-
ticed in a school. Second, whether a school practiced tracking only
required students’ entrance test scores (namely the baseline survey), but
not their test scores in the follow-up survey. Further, detecting whether
a school practiced tracking is unrelated to the overall effect of ability
tracking on student learning outcomes. In other words, the former refers
to the detection of ability tracking while the latter is concerned with its
effects. After removing observations with missing outcome variables and
attrition, we were left with 9170 students. Table 1, Panel B, shows the
distribution of the sample across treatment and comparison groups,
amongst schools with two, three, and four classrooms. 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, class-
rooms with higher average math test scores were designated as high-
ability tracked classroom, whereas remaining were designated as low-
ability tracked classrooms. 41% of the students were in high-ability
tracked classes whereas the rest 59% in low-ability tracked classes
(n = 2164) (Appendix Table 2, Panel B).

We use the 9170 students for all further analyses in the rest of the
paper.® At this stage, all three dependent variables (math scores, self-
concept, and anxiety scores) were independently standardized to z-
scores relative to the comparison group in the same survey round. Fig. 2,
Panel A plots the distribution of standardized math scores across the
sample for treatment and comparison groups, while Panel B plots the
difference between the highest-scoring and lowest-scoring classes within
each school but across treatment and comparison groups.

Table 2 reports student, household, teacher, and school character-
istics in the baseline survey across the entire study sample. Average
standardized scores for math test score, math self-concept and math
anxiety are 0.057, 0.010, 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 students’ mothers have graduated from junior high
school. Mothers (fathers) were not present in the household for the
entire school year for 15% (41%) of the sample. The average household
asset ownership score is 2.75 out of 7. The proportion of sample students
who reported that they discussed homework at home at least once a
week or more is 63%. About 36% of the teachers in the sample are

3 Some observations, the control variables had missing values. These obser-
vations were dropped automatically when variable is added to the model.
Missing value count for each variable is reported in Table 2. We also ran the
analysis by dropping all observations for whom even a single control variable
had a missing value, and our results still hold (not reported).
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Panel A: Standardized math score across treatment and comparison

groups (n=9170)

0 1 2

Standardized math score

Panel B: Difference in standardized math score between highest and
lowest scoring classes across each school (n=119)

0.0 0.3

tracking [] Comparison i

0.6 0.9
Dlfference in standardized math score

===
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-

Fig. 2. Standardized math scores across treatment and comparison groups for students without missing values for outcome variables*. * Note: Panel A plots indi-
vidual scores of students across treatment and comparison groups i.e., each point is one student. Panel B plots each school i.e., each point captures the difference in

test scores between the highest and lowest-scoring classrooms within each school.

female. On average teachers have almost 10 years of teaching experi-
ence. 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 4.69 out of 5 and an average student-teacher
ratio of 8.75.

When we compare the baseline characteristics by treatment status,
results from t-tests show that there is a statistically significant difference
at the baseline between treatment and comparison groups in terms of
math, self-concept, and anxiety scores as well as student, household, and
school characteristics. However, gender composition is equally distrib-
uted across treatment and comparison groups. These observed differ-
ences in the baseline imply the necessity to control for these
characteristics in our multivariate analyses.

4.2. Empirical strategy

As explained in the above section, we took a quasi-experimental
approach where we designate the treatment group as schools that
practice ability tracking whereas the comparison group as schools that
do not follow ability tracking. Having defined the treatment and com-
parison groups, following Koedel and Rockoff (2015), we take the linear
value-added model (VAM) to assess the association between ability
tracking and students’ academic and non-academic outcomes. VAMs
have been used to estimate value-added to student achievement for a
variety of educational inputs. For example, VAMs have been widely used
to estimate the effects of individual teachers on students (Hanushek and
Rivkin, 2010; Chetty et al., 2014). To separate the effect of ability
tracking on students, we follow Liu et al. (2010) and Guo et al. (2022) to
specify our VAM model as follows:

AY; = a+ B, (tracking); + B, (baseline score),
+ B5(student characteristics); + f,

+Ps (teacher characteristics); + P4 (school characteristics);

(household characteristics);

+pB, (teacher incentive treatment), + €;

(2

where /A\Y represents the value added in standardized math score (from
baseline to endline surveys) for a given education-related outcome (i.e.,
math score, self-concept score, and anxiety score) for student i (Liu et al.,
2010; Lei et al., 2018). Tracking is a dummy variable that takes the value
of one if a student is from a school that practices ability tracking and
zero if a student is from a school that does not practice ability tracking.
Baseline score represents the standardized score for a given
education-related outcome in the baseline survey, i.e., math score, math
self-concept score, or math anxiety score.

We also control for student, household, teacher, and school charac-
teristics in the baseline survey. Specifically, following the literature, we
control for students’ gender (1 = female) (Liu et al., 2010), their
boarding status (1 = boarding in school) (Lei et al., 2018), and age in
years (Booij et al., 2016). We include five variables for household
characteristics: whether mother graduated from junior high school
(1 =yes) (Lei et al., 2018), whether mother/father is absent from home
for the school year (1 =yes) (Li et al., 2018; Lei et al., 2018), household
economic status proxied by possession of durable assets (Guo et al.,
2022; Lei et al., 2018), and whether students discuss homework at home
(1 = more than once a week). We also control for three teacher char-
acteristics: gender (1 = female) (Lei et al., 2018), years of teaching
experience (Liu et al., 2010), and qualification (teacher has middle
school math teaching certificate, 1 =yes) (Chu et al., 2015). For school
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Table 2
Baseline characteristics by treatment status.
Overall Treatment Comparison  p-value
m=9170) (@m=2164) (n=7006) HO: (2)=
3
@ 2) 3) “@
OUTCOME
VARIABLES
Standardized math 0.057 0.242 0.00 (1.00) < 0.01%**
score (1.00) (0.990)
Standardized self- 0.010 0.043 0.00 (1.00) <0.1%
concept score (1.00) (1.01)
Standardized anxiety -0.017 -0.072 0.00 (1.00) < 0.01%**
score (1.01) (1.03)
STUDENT
CHARACTERISTICS
Female (1 =yes) 0.499 0.496 0.500 0.735
(0.500) (0.500) (0.500)
Boarding at school 0.597 0.654 0.579 < 0.01%**
1 =yes)! (0.491) (0.476) (0.494)
Age (in years) 13.0 13.0 13.0 < 0.1*
(0.940) (0.976) (0.929)
HOUSEHOLD
CHARACTERISTICS
Mother graduated 0.251 0.276 0.243 < 0.01%**
junior high school (0.434) (0.447) (0.429)
1 =yes)?
Mother absent for both 0.149 0.132 0.155 < 0.01%**
semesters (1 :yes)3 (0.356) (0.338) (0.362)
Father absent for both 0.413 0.446 0.403 < 0.01%**
semesters (1 =yes)* (0.492) (0.497) (0.491)
Household assets (score 2.75(1.70) 2.75 (1.66) 2.75 (1.71) 0.999
0-7)°
Students discuss 0.633 0.633 0.633 0.997
homework with (0.482) (0.482) (0.482)
parents - more than
once a week
A =yes)®
MATH TEACHER
CHARACTERISTICS
Female (1 :yes)7 0.358 0.341 0.363 <0.1*
(0.479) (0.474) (0.481)
Years of teaching 9.61 (7.07)  9.19(6.65)  9.74 (7.19) < 0.01%**
experiences®
Has middle school math ~ 0.723 0.821 0.693 < 0.01%**
teaching certificate (0.447) (0.384) (0.461)
(1 =yes)®
SCHOOL
CHARACTERISTICS
School assets (score 4.69 4.66 4.69 <0.1%
0-5) (0.620) (0.563) (0.636)
Student/teacher ratio 8.75 (2.87) 7.83 (2.39) 9.04 (2.95) < 0.01%**

Note: N = number of observations; *p < 0.1; “p < 0.05; ""p < 0.01

1 Missing =2 (Treatment = 1; Comparison = 1); 2 Missing =18 (Treatment = 7;
Comparison = 11); 8 Missing =13 (Treatment = 6; Comparison = 7); 4 Missing
=2 (Treatment = 1; Comparison = 1); 5 Missing =3 (Treatment = 0; Comparison
=3);° Missing =4 (Treatment = 0; Comparison = 4); 7 Missing =37 (Treatment
= 0; Comparison = 37); 8 Missing =37 (Treatment = 0; Comparison = 37); 9
Missing =68 (Treatment = 0; Comparison = 68)

characteristics, we include two variables: school assets (scored out of 5)
(Liu et al., 2010), and student-teacher ratio (Liu et al., 2010). Lastly, as
the data were sourced from a randomized controlled trial on teacher
incentive, we add a teacher incentive treatment school dummy variable
which indicates if the student was from a school that was 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 tracking variable in Model (2) to get an empirical spec-
ification as follows:

International Journal of Educational Development 103 (2023) 102927

A\Y; = a+ B, (ability — tracking); + B, (baseline score),
+ B;(student characteristics); + f,
+Ps (teacher characteristics); + P4 (school characteristics);

(household characteristics);

+p; (teacher incentive treatment); + €;

3

where ability-tracking is a vector of two dummy variables with all stu-
dents in schools that do not practice ability tracking serve as the refer-
ence. One dummy variable takes the value of one if a student is in a high-
ability class in tracking schools and zero otherwise. The other dummy
variable takes the value of one if a student is in a low ability classroom in
schools that practice ability tracking and zero otherwise.” Other vari-
ables in Model (3) remain the same as in Model (2).

To estimate the heterogeneous effect of ability tracking on student
ability, gender, boarding status, and economic status, we added their
interaction terms with tracking and ability-tracking variables in Models
(2) and (3), respectively. Four interaction variables include (a) student-
ability a vector of dummy variables that expresses a student’s academic
ranking within his/her class (Top 1/3rd, Middle 1/3'® and Bottom 1/
3rd in class) at the baseline survey, (b) student gender, (c) boarding
status, and (d) economic status. We test for heterogeneity effects on
boarding students as prior work has shown that boarding students are
especially vulnerable groups within the school (Luo et al., 2009; Wang
et al., 2016). Economic status is a dummy variable that indicates if the
student is in the top-half economic level of the sample.

5. Results

Our design has two groups, namely schools with ability tracking
(treatment group), and schools without ability tracking (comparison
group). Within schools that practice ability tracking (treatment group),
we have two sub-groups: (1) high-ability classroom students; and (2)
low-ability classroom students. We focus on the effect of ability tracking
on students’ math score, math self-concept, and math anxiety.

5.1. Effect of ability tracking on students in schools that practice ability
tracking

We compare students in schools that practice ability tracking
(treatment group) to students in schools that do not practice ability
tracking (comparison group). With regards to the effect of ability
tracking, regression results from Model 2 show that ability tracking has
no statistically significant effect on student’s math score, math self-
concept, or math anxiety (Table 3). However, when we look at the
estimated coefficients on baseline scores, our results show that those
students with higher baseline score tend to experience less value added
from baseline to endline surveys in math score, math self-concept and
math anxiety. Specifically, after controlling baseline characteristics and
the treatment variable, results show that as baseline score of math score
increases, the value added in math score from the baseline to the endline
is significantly less by 0.408 SD (p < 0.01). Similar results are also found
when we look at the value added in math self-concept (0.429 SD,
p < 0.01) and math anxiety (0.513 SD, p < 0.01).

4 In the context of our sample classroom allocation do not change through the
school year i.e., students remain in the same classroom across the entire school
year. Our data confirm that the classroom allocation did not change for 99.2%
of the students from the baseline to the endline. Only 74 students reported
having different classroom at the endline compared to the baseline (though
their schools were still the same). We kept them in our analysis as we do not
know when the classroom allocation changed across the entire year. Further,
we also ran our analysis by dropping these 74 students, and our results still hold
(not reported).
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Table 3
Effect of ability tracking on students in school that practiced ability tracking on
value-added math score, self-concept and anxiety.

Math Math self- Math
score concept anxiety
(€] 2) 3)
Tracking -0.075 0.039 -0.058
(0.066) (0.049) (0.038)
Baseline math score (in SD) -0.408""  -0.429"" -0.513""
(0.013) (0.010) (0.012)
STUDENT CHARACTERISTICS
Female (1 =yes) -0.013 -0.143"" 0.135"""
(0.018) (0.020) (0.018)
Boarding in school (1 =yes) 0.063" 0.034 -0.053"
(0.030) (0.025) (0.025)
Age (in years) -0.133""  -0.062"" 0.067"""
(0.013) (0.013) (0.012)
HOUSEHOLD CHARACTERISTICS
Mother graduated junior high school 0.009 -0.019 -0.020
(1 =yes)
(0.023) (0.022) (0.028)
Mother absent for both semesters -0.025 0.011 0.005
(1 =yes)
(0.026) (0.024) (0.025)
Father absent for both semesters -0.003 -0.010 0.018
(1 =yes)
(0.019) (0.020) (0.022)
Household assets (score 0-7) 0.013* 0.005 -0.016™
(0.007) (0.007) (0.007)
Students discuss homework with parents ~ 0.008 0.040% -0.025
- more than once a week (1 =yes)
(0.021) (0.021) (0.020)
TEACHER CHARACTERISTICS
Female (1 =yes) 0.010 0.042 -0.063*
(0.053) (0.044) (0.035)
Years of teaching experience -0.005 -0.004 0.005*
(0.005) (0.003) (0.003)
Teacher has junior high school math -0.066 -0.015 0.009
teaching certificate (1 =yes)
(0.049) (0.038) (0.035)
SCHOOL CHARACTERISTICS
School assets (score 0-5) 0.064* 0.050"" -0.023
(0.036) (0.025) (0.033)
Student/teacher ratio -0.008 0.013" -0.002
(0.010) (0.006) (0.005)
Teacher incentive treatment (1 =yes) 0.009 -0.015 0.023
(0.052) (0.039) (0.034)
Constant 1.517""  0.515" -0.769""
(0.288) (0.231) (0.260)
Observations 9061 9061 9061
R2 0.215 0.215 0.264
Note:

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

5.2. Effect of ability tracking on students in high-ability and low-ability
classrooms

We conducted two comparisons to assess the effect of ability tracking
on students in high-ability and low-ability classrooms (within schools
that practice ability tracking), relative to comparison schools. One is to
compare students in the high-ability classrooms in schools that practice
ability tracking relative to students in schools that do not practice ability
tracking (i.e., the comparison group). The other is to compare students
in the low-ability classrooms in schools that practice ability tracking
relative to students in schools that do not practice ability tracking (i.e.,
the comparison group).

Regression results from Model (3) show that there is no statistically
significant effect of ability tracking on math scores of high- or low-
ability class students relative to students in schools that do not prac-
tice ability tracking (i.e., the comparison group). Similarly, ability
tracking does not have any statistically significant effect on the math
self-concept of high- or low-ability classroom students (Column 6,
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Panels A and B, Table 4) relative to students in the comparison group.

However, unlike math score and math self-concept, regression re-
sults show that ability tracking has a statistically significant effect on
reducing the math anxiety of high-ability classroom students who star-
ted with higher math anxiety. Controlling for student, household,
teacher, and school characteristics, compared with the comparison
group (students in schools that do not practice ability tracking), high-
ability classroom students in ability-tracking schools experience a sta-
tistically significant less value added in math anxiety from the baseline
to the endline by 0.103 SD (p < 0.05). However, no such effect is
observed on the math anxiety of low-ability class students (Column 6,
Panel C, Table 4).

5.3. Heterogenous effect of ability tracking on students

Is there any heterogenous effect among ability tracking on students?
To answer this question, we further investigated the heterogeneity in
ability tracking by making three comparisons with a focus on four di-
mensions: students’ academic rank, gender, boarding status, and eco-
nomic status. First, we compare treatment against comparison. Then we
compare high-ability classroom students (in treatment schools i.e., those
that practice ability tracking) against comparison (all students in schools
that do not practice ability tracking). And finally, we compare low-
ability classroom students (in treatment school) against comparison.

Results from heterogeneity analyses exhibit no heterogeneity in the
effect of ability tracking on students, regardless of the comparisons or
dimensions (Tables 5 and 6). The only exception is that boarding stu-
dents in low-ability classes experience statistically significant less value
added from baseline to endline surveys in math test score (0.168 SD,
p < 0.05) as compared to non-boarding students in comparison schools
due to ability tracking (Column 3, Panel A, Table 6).

6. Discussions and implications

Using longitudinal data from 9170 students from 119 junior schools
in rural China, the paper evaluated the association between ability
tracking and students’ academic and non-academic outcomes. Results
from our analyses revealed that ability tracking did not affect math
score, math self-concept, or math anxiety of students. Sub-group ana-
lyses revealed similar results for high-ability and low-ability classroom
students (within schools that practice ability tracking) for math score
and math self-concept. Our data did show that ability tracking, in about
eight months of our study period, had a statistically significant effect in
reducing the math anxiety of high-ability classroom students as indi-
cated by 0.103 SD less value added from baseline to endline surveys
(p < 0.05) relative to students in schools that do not practice ability
tracking (i.e., comparison group). We also found that ability tracking has
a heterogeneous effect on the math scores of low-ability boarding
students.

Our findings are consistent with previous studies on both academic
(Betts and Shkolnik, 2000) and non-academic outcomes (Ireson and
Hallam, 2009).° In their meta-analysis Steenbergen-Hu et al. (2016)
found that between class ability tracking had “negligible” effect on
student’s overall academic achievement, alongside previous works of
Slavin (1993) who had also found no achievement effect from grouping
in secondary schools. Studies in Asia have also found mixed effects of
ability tracking on test scores (Zhang et al., 2014; Cheung and Rudo-
wicz, 2003) and self-concept (Cheung and Rudowicz, 2003).

Our results showed that ability tracking has heterogeneous effects on
the math score of low-ability boarding students, who experience less
value added from baseline to endline surveys in their score (0.168 SD,

5 Ireson and Hallam (2009) found that the policy did not influence student’s
subject-specific self-concepts in math, science, and English (though it did find a
negative effect on students’ general academic self-concept).
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Table 4
Association between ability tracking and high-ability and low-ability classroom student’s math self-concept and anxiety score.
@ (2 3 (€] 5) 6)
Panel A: Value added: Math score
Tracking (High-ability) -0.300%*** -0.120 -0.104 -0.104 -0.097 -0.100
(0.074) (0.076) (0.074) (0.074) (0.073) (0.075)
Tracking (Low-ability) -0.082 -0.053 -0.055 -0.052 -0.051 -0.057
(0.059) (0.070) (0.069) (0.066) (0.066) (0.065)
Baseline math score (in SD) -0.361%*** -0.394%** -0.399%** -0.400%** -0.407***
(0.015) (0.014) (0.013) (0.013) (0.013)
Constant -0.007 0.003 1.694*** 1.602%** 1.714%** 1.514%**
(0.033) (0.038) (0.169) (0.165) (0.183) (0.287)
Observations 9170 9170 9168 9128 9061 9061
R2 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 0.036 0.031 0.048
(0.054) (0.060) (0.061) (0.061) (0.059) (0.055)
Baseline self-concept score (in SD) -0.404%** -0.422%%%* -0.424%** -0.428%** -0.429%**
(0.011) (0.011) (0.011) (0.011) (0.010)
Constant 0.017 0.021 0.807%** 0.762%** 0.858%** 0.514**
(0.033) (0.034) (0.182) (0.185) (0.190) (0.231)
Observations 9170 9170 9168 9128 9061 9061
R2 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) -0.014 -0.038 -0.035 -0.031 -0.023 -0.027
(0.044) (0.049) (0.049) (0.049) (0.047) (0.046)
Baseline anxiety score (in SD) -0.494%** -0.507%*** -0.508%** -0.512%** -0.513%**
(0.011) (0.011) (0.011) (0.012) (0.012)
Constant -0.020 -0.024 -0.949%** -0.817%** -0.893*** -0.772%**
(0.026) (0.027) (0.162) (0.165) (0.180) (0.260)
Observations 9170 9170 9168 9128 9061 9061
R2 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
Teacher incentive YES YES YES YES YES YES

Notes:

1Student characteristics: gender (1=female); boarding status (1=yes); and age (in years).

2Household characteristics: mother graduated junior-high school (1=yes); mother absent for both semesters (1=yes); father absent for both semesters (1=yes);
household assets (out of 7); and students discuss homework with parents - more than once a week (1=yes).

3Teacher characteristics: gender (1=female); years of teaching experience; and teacher has junior high school math teaching certificate (1=yes).

4School characteristics: school asset (out of 5); and student-teacher ratio.
5Teacher incentive (1=yes)

6SEs clustered at school level

7*p < 0.1; "p < 0.05; ""p < 0.01

p < 0.05) relative to their non-boarding counterparts in comparison
schools. Although the underlying reasons may be unknown, the inter-
play of two factors could potentially explain the results. First, studies
have shown that boarding students perform much worse than their non-
boarding counterparts across both mental health and academic outcome
indicators (Luo et al., 2009; Wang et al., 2016). This combined with the
potential adverse effect of having low-ability classmates could explain
the negative association of ability tracking on the value added in math
score of low-ability boarding students.

However, our results are inconsistent with some earlier studies on
ability tracking. With regards to test scores, we find ability tracking had
no effect on student test scores. This finding is inconsistent with those of
Figlio and Page (2002), Duflo et al. (2011), Fuligni et al. (1995), Collins
and Gan (2013), Antonovics et al. (2022), and Fu and Mehta (2018),
where they all find the positive associations became visible after one
year, or longer than the period of our study. This may imply that ability
tracking takes longer to add value amongst junior high school students.
Further, with regard to self-concept, the results are contradictory to
those of Liu et al. (2005), and Mulkey et al. (2005). Liu et al. (2005)
found that while low-ability tracked students initially reported lower

academic self-concept, three years later they had higher self-concept
than high-ability classroom students. The positive self-concept, as also
discussed in the paper, may be attributed to Singapore’s streaming
policy that provides provision for additional years to low-ability stream
students to finish secondary school. Prior research has shown that
varying levels of flexibility in tracking could lead to differential effects
(Gamoran, 1992). Mulkey et al. (2005) found effects two and four years
post-tracking, which was longer than our study period of less than one
year. This implies that our study period may have been too short to
capture associations between ability tracking and self-concept.

The key finding of the study is that ability tracking had a statistically
significant effect in reducing the math anxiety of high-ability classroom
students (0.103 SD less value added, p < 0.05) relative to the students in
schools that did not practice ability tracking. Previous studies have
assessed the effect of ability tracking on grade anxiety and test anxiety
(Cheung and Rudowicz, 2003; Wang, 2015), though they have not
studied math anxiety.

In China, high-ability students may experience less anxiety because
of three reasons. First, students in high-ability classrooms are often
allotted better resources and teachers. Studies have shown that teachers
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Table 5 Table 5 (continued)
Heterogeneous effect of ability tracking across students in schools that practice o @ @) @
ability tracking.
(0.029)
@® @ 3 “ Female 0116™ 0132 0135  0.134""
PANEL A: Value added: Math score (0.018) (0.021) (0.018) (0.018)
Tracking -0.080 .0.067 -0.006 -0.095 Boarding student -0.056 -0.053 -0.036 -0.052"
(0.061) (0.071) (0.074) (0.068) (0.025) (0.025) (0.029) (0.025)
Baseline math score (in SD) 0.312"°  -0.408""  -0.408""  -0.408"" Tracking*class rank (Middle 1/ -0.008
(0.026)  (0.013)  (0.013)  (0.013) 3
Class rank (Middle 1/3) -0.169"" (0.056)
(0.037) Tracking*class rank (Top 1/3) 0.016
Class rank (Top 1/3) -0.278"" (0.065)
(0.060) Tracking*Female 0.009
Top half economic status -0.024 (0.044)
0.031) Tracking*Boarding student -0.078
Female -0.015 -0.009 -0.012 -0.013 (0.053)
(0.018) (0.021) 0.018) (0.018) Tracking*Top half economic 0.064
Boarding student 0.050* 0.064" 0.087""  0.064" status
(0.029) (0.030) (0.034) (0.030) ™ . (0~0542M
Tracking*class rank (Middle 1/ -0.048 Constant -0.336 -0.768 -0.786 -0.756
3) (0.260) (0.260) (0.265) (0.261)
(0.045) Observations 9061 9061 9061 9061
Tracking*class rank (Top1/3) -0.005 R? 0.275 0.264 0.264 0.264
(0.059) Baseline score YES YES YES YES
Tracking*Female .0.015 Student characteristics YES YES YES YES
(0.041) Household characteristics YES YES YES YES
Tracking*Boarding student -0.108 Teacher characteristics YES YES YES YES
(0.069) School characteristics YES YES YES YES
Tracking*Top half economic 0.040 Teacher incentive YES YES YES YES
status Note:
(0.065) ) - .
Constant 1768 1516 1493 1525 1Student characteristics: gender (1=female); boarding status (1=yes); and age
0.280)  (0.288)  (0.289)  (0.289) (in years).
Observations 9061 9061 9061 9061 2Household characteristics: mother graduated junior-high school (1=yes);
R? 0.222 0.215 0.215 0.215 mother absent for both semesters (1=yes); father absent for both semesters
PANEL B: Value added: Math self-concept score (1=yes); household assets (out of 7); and students discuss homework with par-
Tracking 0.050 0.008 0.065 0.012 ents - more than once a week (1=yes).
) ) (0.046) ~ (0.060) ~ (0.058) ~ (0.051) 3Teacher characteristics: gender (1=female); years of teaching experience; and
Baseline self-concept score (in -0.462 -0.429 -0.429 -0.429 the teacher has a junior high school math teaching certificate (1=yes).
SD) (0.010) (0.010) (0.010) (0.010) 4School characteristics: school asset (out of 5); and, student-teacher ratio.
Class rank (Middle 1/3) 0.126" STeacher incentive (1 =yes)
0.022) 6SEs clustered at school level
Class rank (Top 1/3) 0.343™" 7*p < 0.1; p<0.05 p<0.01
(0.028)
Top half economic status Eg'géz) and principals disproportionately invest their time in high-ability
Female 0128 0158 0142  .0.143" classrooms and students (Persson, 1998). Similarly, teachers in China
(0.020) (0.023) (0.020) 0.020) focus on high-ability students (Li et al., 2018). Having more engaged
Boarding student 0.037 0.033 0.043 0.035 teachers in the classroom is associated with positive students learning
Tracking*cl © iddle 1 (g‘gf:) (0.025) (0.028) (0.025) experience (Klusmann et al., 2008). Access to such resources means that
r;; ing”class rank (Middle 1/ e students in high-ability classes learn better and thus, suffer from lesser
(0.050) anxiety. Second, not only do the high-ability students benefit from better
Tracking*class rank (Top 1/3) -0.014 resources, the general social well-being of low-ability class students in
(0.060) China lags behind those of high-ability students in that they are more
Tracking*Female ?(')0(?429) likely to suffer from mental health problems and drop out (Vi et al.,
Tracking*Boarding student ’ 0,042 2012; Mo et al., 2013; Shi et al., 2015; Wang et al., 2015). Moreover,
(0.060) high-ability classroom students in Chinese rural schools have higher
Tracking*Top half economic 0.052 interpersonal trust, greater confidence in the educational institutions,
status 0.054 and more faith in financial and government systems than their
.05 o . .
Constant 0.003 0.522" 0.506™ (() 5 62 low-ability counterparts (Li et al., 2018). These factors could also posi-
(0.238) (0.232) (0.235) (0.230) tively influence high-ability classroom students’ general anxiety levels.
Observations 9061 9061 9061 9061 Last but not least, being in high-ability classes means that students incur
R? 0.236 0.215 0.215 0.215 the positive effects of having higher-quality peers. Studies have shown
IT’ANf_L ¢ ‘(/)a(l;éel added: (I)Moaﬁﬂz' a‘”“elyo ;Co‘;re 0.091" that access to better-quality peers in China increases academic learning
rackin; -U. -U. -U. -U.! . . .
& (0.039) (0.042) (0.049) (0.036) (Ding and Lehrer, 2007; Lai, 2007), and thus may reduce anxiety.
Baseline anxiety score (in SD) 0.532™"  -0.513""  -0.512""  -0.513"" We acknowledge five limitations of the study. First, the study iden-
(0.011)  (0.012) (0.012) (0.012) tified ability tracking by comparing differences in baseline scores be-
Class rank (Middle 1/3) -0.116 tween classrooms within each school (at 10% confidence, or p < 0.1) as
Class rank (Top 1/3) fg (2)832** opposed to direct confirmation by school administrators. Is it possible
(0'_027) that the differences in baseline scores between classes may be due to
Top half economic status -0.027 factors other than ability tracking? We argue this is highly unlikely for

two reasons: a.) The schools and students were sampled from the same
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Table 6

Heterogeneous effect of ability tracking across students in high and low-ability
classrooms in schools that practice ability tracking.

m ) 3) @
PANEL A: Value added: Math score
Tracking (High-ability) -0.082 -0.110 -0.083 -0.122
(0.083) (0.081) (0.084) (0.092)
Tracking (Low-ability) -0.081 -0.037 0.052 -0.077
(0.058) (0.070) (0.076) (0.059)
Baseline math score (in SD) 0.3047° 040777 -0.406"7  -0.407"
(0.026) (0.013) (0.013) (0.013)
Class rank (Middle 1/3) -0.176™"
(0.037)
Class rank (Top1/3) -0.292""
(0.059)
Top half economic status -0.024
(0.031)
Female -0.015 -0.009 -0.012 -0.013
(0.018) (0.021) (0.018) (0.018)
Boarding student 0.049* 0.063" 0.088"""  0.064""
(0.028) (0.030) (0.034) (0.030)
Tracking (High-ability)*class -0.090
rank (Middle 1/3)
(0.070)
Tracking (Low-ability)* class -0.017
rank (Middle 1/3)
(0.048)
Tracking (High-ability)*class -0.121
rank (Top1/3)
(0.095)
Tracking (Low-ability)*class 0.076
rank (Top1/3)
(0.062)
Tracking (High-ability)*Female 0.020
(0.070)
Tracking (Low-ability)*Female -0.040
(0.046)
Tracking (High-ability) -0.029
*Boarding student
(0.082)
Tracking (Low-ability)*Boarding -0.168"
student
(0.073)
Tracking (High-ability)* Top half 0.042
economic status
(0.089)
Tracking (Low-ability)*Top half 0.038
economic status
(0.075)
Constant 1768 1.5137"  1.485"" 15217
(0.279) (0.287) (0.288) (0.288)
Observations 9061 9061 9061 9061
R? 0.223 0.215 0.216 0.215
Panel B: Value added: Math 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) 0.061 0.019 0.084 0.027
(0.056) (0.065) (0.069) (0.054)
Baseline self-concept score (in 0.4617"  -0.429™"  -0.429""  -0.429""
SD)
(0.010) (0.010) (0.010) (0.010)
Class rank (Middle 1/3) 0.126"
(0.022)
Class rank (Top1/3) 0.343""
(0.028)
Top half economic status -0.029
(0.030)
Female 0128 015777 01437 .0.143"
(0.020) (0.023) (0.020) (0.020)
Boarding student 0.037 0.033 0.043 0.034
(0.025) (0.025) (0.028) (0.025)
Tracking (High-ability)*class -0.025
rank (Middle 1/3)
(0.054)
Tracking (Low-ability)* class -0.013
rank (Middle 1/3)
(0.071)
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Table 6 (continued)

@™ 2) 3 4
Tracking (High-ability)*class 0.008
rank (Top1/3)
(0.076)
Tracking (Low-ability)*class -0.029
rank (Top1/3)
(0.065)
Tracking (High-ability)*Female 0.066
(0.060)
Tracking (Low-ability)*Female 0.058
(0.059)
Tracking (High-ability) -0.024
*Boarding student
(0.090)
Tracking (Low-ability)*Boarding -0.056
student
(0.063)
Tracking (High-ability)* Top half 0.066
economic status
(0.069)
Tracking (Low-ability)*Top half 0.041
economic status
(0.072)
Constant 0.004 0.522" 0.504" 0.524"
(0.238) (0.232) (0.235) (0.230)
Observations 9061 9061 9061 9061
R? 0.236 0.215 0.215 0.215
Panel C: Value added: Math anxiety score
Tracking (High-ability) -0.130"  -0.135" -0.070 -0.136"
(0.059) (0.064) (0.065) (0.058)
Tracking (Low-ability) -0.015 -0.010 0.038 -0.058
(0.048) (0.053) (0.059) (0.043)
Baseline anxiety score (in SD) -0.532"" 0513  -0.512"" -0.513""
(0.011) (0.012) (0.011) (0.012)
Class rank (Middle1/3) -0.116™"
(0.024)
Class rank (Topl/3) -0.280""
(0.027)
Top half economic status -0.028
(0.029)
Female 0116 0132 01357 01347
(0.018) (0.021) (0.018) (0.018)
Boarding student -0.056"  -0.054"  -0.036 -0.052""
(0.025) (0.025) (0.029) (0.025)
Tracking (High-ability)*class 0.027
rank (Middle1/3)
(0.083)
Tracking (Low-ability)* class -0.028
rank (Middle1/3)
(0.054)
Tracking (High-ability)*class 0.058
rank (Topl/3)
(0.098)
Tracking (Low-ability)*class -0.011
rank (Topl/3)
(0.060)
Tracking (High-ability)*Female 0.066
(0.063)
Tracking (Low-ability)*Female -0.033
(0.061)
Tracking (High-ability) -0.053
*Boarding student
(0.062)
Tracking (Low-ability)*Boarding -0.099
student
(0.072)
Tracking (High-ability)* Top half 0.066
economic status
(0.063)
Tracking (Low-ability)*Top half 0.061
economic status
(0.078)
Constant -0.339 -0.768""  -0.790""  -0.758""
(0.260) (0.261) (0.265) (0.261)
Observations 9061 9061 9061 9061
R? 0.276 0.264 0.264 0.264
Baseline score YES YES YES YES

(continued on next page)
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Table 6 (continued)

@ 2) 3) @
Student characteristics YES YES YES YES
Household characteristics YES YES YES YES
Teacher characteristics YES YES YES YES
School characteristics YES YES YES YES
Teacher incentive YES YES YES YES

Note:

1Student characteristics: gender (1=female); boarding status (1=yes); and age
(in years).

2Household characteristics: mother graduated junior-high school (1=yes);
mother absent for both semesters (1=yes); father absent for both semesters
(1=yes); household assets (out of 7); and students discuss homework with par-
ents - more than once a week (1=yes).

3Teacher characteristics: gender (1=female); years of teaching experience; and
the teacher has junior high school math teaching certificate (1=yes).

4School characteristics: school asset (out of 5); and student-teacher ratio.
5Teacher incentive (1=yes)

6SEs clustered at school level

7*p < 0.1; **p < 0.05; ***p < 0.01

region and shared common socio-economic backgrounds, and b.) Given
that ability tracking is banned at the junior-high-school level and the
class composition in our sample is generally based on an S-shape policy,
it is less likely that these differences in scores could be attributed to
anything but ability tracking. Second, the treatment and comparison
groups were different in the baseline survey in terms of some student,
teacher, and school characteristics, which might pose selection bias. The
analysis tried to minimize the potential selection bias by controlling for
these baseline characteristics in the regression analyses. However, we
recognize that it does not eliminate the selection bias. So caution still
needs to be taken in interpreting the findings as causal. Third, the
sample was unequally distributed across the treatment and comparison
groups (Table 1) which may negatively affect the power of the study to
detect effects (higher likelihood of Type-2 error). Such a concern re-
mains prevalent in quasi-experimental studies (Gopalan et al., 2020).
However, given that our sample distribution is not extreme, alongside
our large sample size, means that some of challenge of the unequal
sample distribution may be mitigated. Fourth, while the study finds that
ability tracking reduced math anxiety, it could not test for underlying
mechanisms due to data constraints. 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 to manifest. This is
even confounded by the fact there may be less variation in ability
amongst students in rural schools in China, as compared to students in
the US (Ding and Lehrer, 2007), which may have made it difficult to
capture the differences in scores over eight months.

Despite its limitations, the paper contributes to the growing litera-
ture around the contentious debate on ability tracking. To address the
paucity of empirical analysis on ability tracking in a developing context,
the study employed a quasi-experimental design and showed that ability
tracking was associated with a statistically significant reduction in math
anxiety of high-ability classroom students. However, at the same time,
the heterogeneous analysis revealed that low-ability boarding students
experienced a negative effect on their test scores relative to their non-
boarding counterparts. As far as we know, this is the first attempt to
study the associations of ability tracking on both academic and non-
academic outcomes using a longitudinal data set from rural China. Un-
like other studies, it did so by comparing schools with ability tracking to
non-ability tracking schools and thus can assess the effect of the practice.
In this way, the paper attempts to contribute to the growing body of
economics of education literature and is also relevant to the larger body
of work on the study of peer effects in education.

Our results strengthen the evidence that high-ability classroom stu-
dents are likely to draw benefits from ability grouping, and these ben-
efits are in the form of non-academic outcomes (i.e., math anxiety),
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though not necessarily in the form of test scores. Simultaneously, we
found that while there is no direct loss to low-ability students, certain
subgroups (i.e., low-ability boarding students) suffer negative conse-
quences. This implies that while ability tracking can be considered a
viable option in low-resource settings to further student learning, it must
be carefully complemented with other measures to ensure an expansion
of its benefits and limits its shortcomings. This could be considered in
multiple ways. First, given teacher’s incentive to prioritize high-ability
students in rural China, there is a need to re-align teacher’s incentives
to ensure they do not neglect low-ability students while employing
ability tracking. Without such protective measures, ability tracking is
likely to exacerbate the learning inequality between low and high-
ability students, something previous studies have warned against in
other contexts (Gamoran et al., 1995; Kerckhoff and Glennie, 1999).
Incentive programs such as pay-for-percentile have shown to be effec-
tive in increasing teacher performance while ensuring that they pay
attention to all students across all ability groups in China (Loyalka et al.,
2019). Second, there is a need to pay special attention to vulnerable
groups especially low-ability boarding students who are likely to be
overlooked while practicing ability tracking. Boarding students already
score lower, in both, health and learning outcomes than their
non-boarding peers (Luo et al., 2009; Wang et al., 2016). Thus, even a
minor oversight over their learning is likely to have an adverse impli-
cation, including (as evident from our results) the practice of ability
tracking. Afterschool remedial programs have been shown to have a
highly positive effect, especially on low-performing students, in other
developing contexts (Banerjee et al., 2007). Similarly, policies such as
encouraging peer interaction (Li et al., 2014) and introducing
computer-assisted learning (Mo et al., 2015) have been shown to have a
positive effect in China. Supplementing ability tracking with such ini-
tiatives can ensure that its negative implications are mitigated.

The study adds to the debate on ability tracking. However, there is
still no consensus on whether it is effective in improving student
learning. While the study did find that ability tracking reduced the
anxiety of high-ability students, it is unclear whether the results could
persist over a longer period. Previous studies have shown that the
benefits of non-academic outcomes may disappear or switch from high-
ability to low-ability students (Mulkey et al., 2005). Therefore, future
study is needed to assess the effect of ability tracking over a longer
period. Second, future work would need to investigate why ability
tracking reduced the math anxiety of high-ability students. Further, it
would need to investigate why ability tracking reduced math anxiety but
did not have any influence on academic self-concept, and math scores.
While the association between math academic self-concept and test
scores is well documented (Marsh et al., 2008; Marsh and Martin, 2011),
work on cross-interaction between anxiety, self-concept, and test scores
needs to be done, especially with regard to peer effects. Last, ability
tracking is legally allowed in high schools in 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. More-
over, 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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Appendix

Table Al
Survey questions to measure math self-concept and anxiety as described in PISA (2012)1.

Math Self-concept . T'am just not good at math

. I get good grades in math

. Ilearn 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
. 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

U A WNF A WND -

Students answer on a 4-point Likert of strongly agree, agree, disagree, and strongly disagree.

Table A2
Distribution of treatment group across high-ability and low-ability students.
Treatment High-ability Low-ability
@ ) [©)]
Panel A: Distribution of students across high-ability and low-ability groups (with students’ that are missing outcome variables)
Number of students 2285 939 1346
Panel B: Final sample of treatment group across high-ability and low-ability groups (without students’ that are missing outcome variables)
Number of students 2164 884 1280
Proportion 100% 40.85% 59.15%

Table A3
Baseline characteristics by attrition status?.

Non-attrited Attrited p-value
(N =9170) (N = 462) HO: (1)=(2)
(€8] (2) 3)
OUTCOME VARIABLES
Standardized math score 0.0762 (1.00) -0.306 (0.988) < 0.01 * **
Standardized self-concept score 0.021 (0.997) -0.182 (1.04) < 0.01 * **
Standardized anxiety score -0.0268 (1.01) 0.143 (1.05) < 0.01 * **
STUDENT CHARACTERISTICS
Female (1 =yes) 0.499 (0.500) 0.387 (0.488) < 0.01 * **
Boarding at school (1 =yes) 0.597 (0.491) 0.604 (0.490) 0.76
Age (in years) 13.0 (0.940) 13.6 (1.15) < 0.01 * **
HOUSEHOLD CHARACTERISTICS
Mother graduated junior high school (1 =yes) 0.251 (0.434) 0.232 (0.423) 0.35
Household assets (score 0-7) 2.75 (1.70) 2.69 (1.78) 0.49
Student discussed homework with parents - more than once a week (1 =yes) 0.633 (0.482) 0.578 (0.494) < 0.05* *
MATH TEACHER CHARACTERISTICS
Female (1 =yes) 0.358 (0.479) 0.377 (0.485) 0.39
Years of teaching experiences 9.61 (7.07) 10.7 (7.02) < 0.01 * **
Teacher has junior high school math teaching certificate (1 =yes) 0.723 (0.447) 0.732 (0.443) 0.69
SCHOOL CHARACTERISTICS
School assets (score 0-5) 4.69 (0.620) 4.72 (0.621) 0.29
Student/teacher ratio 8.75 (2.87) 8.93 (3.23) 0.26
Note:

10utcome variable standardized relative to comparison group
2 N = number of observations
3Mother and father missing both semesters not reported here as variables were created from endline survey and are not available for attrited students.
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