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DISSERTATION ABSTRACT
Congli Zhang

Doctor of Philosophy
Department of Educational Methodology, Policy and Leadership
June 2023

Title: Teacher Characteristics, Teacher-Student Relationships, and Student Academic Outcomes
in Chinese Junior High Schools

Experimental evidence of the effects of teacher characteristics and teacher-student
relationships on student performance is limited and even more scarce in education contexts
outside of the United States. In this dissertation, I implement quasi-experimental research
designs in two separate studies to investigate teacher-characteristic effects and teacher-student-
relationship effects in the population of Chinese junior high school students. I draw analytic
samples from a two-year, student-level, nationally representative dataset and leverage a national
trend of random teacher-student assignments to investigate teacher effects on student
performance as well as subject-specific self-concept. I estimate teacher effects as the within-
school, between-teacher variance components of teachers’ value added to student outcomes over
a school year. In my first study, I find that, in China, more years of education or of teaching
experience generally does not have a causal impact on student learning. Further, early career
(less than three years) teachers consistently outperform their colleagues at the same school.
Moreover, I detect some heterogeneity in teacher characteristic effects across subject areas:
students benefit from teachers’ graduate-level degree and Education major in Chinese (language
arts) but learn less from math teachers who hold a graduate-level degree, with the effect sizes
medium to large in magnitude. My second study first adds novel evidence about a national policy

initiative in China: assigning a formal advisor role to a core-content teacher. I find that students



taught in their content area by their advisor had better relationships with their teacher, and
students’ self-concept in language subjects (Chinese, and English as the nationally mandated
second language) and their math and English test scores were higher. In Chinese and English, the
enhanced relationship between teachers and students caused by being taught by advisor
consistently improved students’ performance and the effect sizes were large in magnitude
(although the estimates on Chinese score were imprecise). Together, these two articles contribute
to the limited teacher effects literature in Chinese education context and importantly, provide
implications for what teacher-level factors do or do not contribute to student performance to

educators and policymakers worldwide.
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CHAPTER I. INTRODUCTION

Effectively hiring quality teachers and improving teacher performance are of central
interest to education policy and practice, as it has become a bromide among observers of
education policies that “teaching quality is the single most important school variable influencing
student achievement” (McKenzie & Santiago, 2005, p.28). Indeed, over the past two decades, a
large literature body has documented the outsize role teachers have in determining students’
academic performance (Rockoff, 2004; Hanushek, 2011; Nye et al., 2004). Among this strand,
one of the leading methods has been using teacher’s value-added to student test scores as a proxy
for teacher quality (Koedel et al., 2015). Using these approaches, a large body of literature
identifies teacher quality as having consistent impact on students’ math and reading achievement
(Chetty et al., 2014; Kane et al., 2008; Rockoff, 2004) and later life outcomes (Jackson, 2018;
Kraft, 2019). While establishing the link from the variation in teacher quality to meaningful
changes in student outcomes is a helpful empirical fact, it does not identify specific teacher-
relevant factors that drive teacher quality.

Understanding more about the causal effects of specific teacher-relevant factors on
student performance has substantive implications to human resources policies and continuous
improvement of schools and teachers. Responding to this call, a rich research stream seeks to
understand whether strategic recruitment and selection policies could improve the average
quality of incoming teachers by investigating whether observable teacher characteristics are
systematically related to higher levels of student performance (e.g., Harris & Sass, 2011; Kane et
al., 2008; Rockoff et al., 2011; Papay & Kraft, 2015). If certain teacher characteristics or

credentials have consistent impacts on teacher productivity, schools could more effectively
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identify good teachers during recruitment and hiring, and teacher preparation and professional
development programs could better prepare teachers and help them improve on their job.

Another line of research has focused on the social contexts of education and examined
what school-based structures could provide more supportive teaching and learning environments,
which in turn positively affect student learning. Here, the arguably most studied domain is
teacher-student relationships as teachers (and the programs that prepare them) have long
advocated for the importance of establishing strong relationships with their students as a
mechanism to support student academic skill development. However, these important questions
have been rarely examined in experimental ways, due to ethical and/or practical difficulties to
implement randomized controlled trials in educational settings and the methodological
challenges laid out by the prevalent sorting between students and teachers both within and across
schools. Specifically, sorting of students to classrooms creates preexisting differences across
classrooms, including unobserved differences related to student outcomes but impossible to be
accounted for by simply adjusting for observable differences. Moreover, sorting of teachers to
classrooms relates observed and unobserved teacher characteristics and skills to student
outcomes, further clouding these preexisting differences. As a result, isolating the variation in
student outcomes that is attributable only to a specific teacher factor has been a fundamental
obstacle facing researchers attempting to make causal inference of their analysis results.

In my two-article dissertation, I build on these two lines of literature and overcome these
methodological challenges to answer these research questions in careful quasi-experimental
designs. Specifically, I leverage a natural experiment in China where junior high school (grades
7-9) students and teachers were randomly assigned to each other as a result of a nationwide

education reform in 2006. This random assignment allows me to identify the exogenous variation
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in a teacher factor of interest, and then estimate the causal impacts of this factor without
explicitly controlling for all other confounding variables that also affect student learning. It is
worth noticing that my identification strategy takes advantage of the between-teacher
comparisons, which is novel to the existing literature where the leading method to capture the
impacts of teacher characteristics (such as years of experience) often relies on within-teacher
variation to account for time-invariant factors outside teacher’s control and improve internal
validity (Koedel et al. 2015).

My first article examines which observed characteristics in a teacher’s human capital
profile (in particular, their level of post-secondary education and years of experience as a
teacher) determine — or do not determine — teaching effectiveness. I find that teachers’ total years
of education does not affect student learning. However, Chinese (language arts) teacher's
graduate-level degree and major in Education positively impacted students’ performance and
self-concept. In contrast, students of math teachers with graduate-level degree had lower
performance. Moreover, | find that one extra year in teaching experience does not have a causal
impact on student learning; in fact, the most effective teachers were early career teachers, which
was particularly true for English (nationally mandated foreign language) and math. Last but not
least, the finding of no marginal effect of teacher education or experience on student
performance did not differ for students who are considered disadvantaged in Chinese society:
students from low-income family or having a rural residency record (Zhao et al., 2017).
Together, these findings suggest that although teacher human capital profile matters for Chinese
language arts, teacher education and experience background in general may not provide reliable
information in terms of identifying effective teachers; therefore, comprehensive human resources

policies should look at more teacher attributes beyond these sorts of teacher characteristics.
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The second article aims to address a long-standing research question: whether the
observed associations between teacher-student relationships and student outcomes are causal, or
solely due to self-selection of teachers and students. I started with documenting that, consistent
with the existing literature, teacher-student relationship is substantially correlated with student
learning across all core content subjects including Chinese, English, and math. However, these
naive estimates cannot be interpreted as causal due to omitted variable bias as well as reverse
causality. To overcome these methodological barriers, I implement an instrumental variables
approach to identify an exogenous portion of variation in teacher-student relationships that
results from being taught by a randomly assigned teacher-advisor (a subject-matter teacher who
also serves as the students’ school-based advisor). I then use this exogenously determined
teacher-student pairing to estimate the causal impacts of teacher-student relationships on student
learning.

My first line of findings in this article is that being taught by a teacher-advisor has
positive impacts on student learning, though with important nuances across different subject
areas. It significantly improved student’s performance and self-concept in English and
relationship with English teachers; it also significantly improved student’s self-concept in
Chinese and relationship with Chinese teachers, but not test scores. In math, being assigned to a
teacher-advisor increased students’ test scores but had no impact on motivational or social-
emotional outcomes, namely subject self-concept or relationship with teachers. Based on these
effects of the exogenously decided teacher-advisor on teacher-student relationships in Chinese
and English, my instrumental variables estimation identified large impacts of teacher-student
relationships on student subject self-concept in both English and Chinese and small but also

positive impacts on student performance in English. In math, unfortunately, since students’
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relationship with their teacher did not respond to being taught by advisor, whether teacher-
student relationships matter for math performance remains unclear. In sum, these findings
highlight the fact that social-emotional aspects of teaching brings meaningful change to students’
learning in language subject areas and have substantive implications to policymakers and
educators who seek evidence-based practices to improve student outcomes.

These two articles both add new, causal, between-teacher evidence to the teacher effects
literature and more importantly, shed lights on what teacher-relevant factors drive — or equally
importantly, do not drive — the causal impacts of content teachers on student learning. I present
my dissertation in two stand-alone articles in Chapters II and III, before ending with a brief

conclusion outlining my overall contributions as well as future research directions in Chapter I'V.
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CHAPTER II. THE CAUSAL IMPACTS OF TEACHER CHARACTERISTICS ON
STUDENT ACADEMIC OUTCOMES
Introduction

In most school human resources policies around the world, teacher human capital
characteristics — such as education background and teaching experience — play an essential role.
These characteristics, often referred to as “resume characteristics” or acquired characteristics (as
opposed to sociodemographic characteristics such as gender and ethnicity), are widely used in
policy initiatives such as hiring, pay, retention, and tenure decisions due to a number of unique
properties they have: they are straightforward measures that are directly accessible in teacher’s
profile; they are practically and computationally cheaper than other teacher quality measures
obtained from value-added models, classroom observations, and student/parent surveys; they can
be easily and clearly categorized by certain policy thresholds, be directly influenced by education
policy instruments, and they are relatively objective and less politically controversial. Among
these characteristics-based policies, teacher compensation tied to experience is particularly
common in many education systems. By offering higher salaries for experienced teachers,
schools encourage teachers to retain and make the teaching profession more attractive to skillful
candidates, in turn build a stable and experienced teaching staff that is beneficial to students as
well as the whole school ecosystem.

Either explicitly or implicitly, these characteristics-based policies assume that teachers
with stronger human capital profiles are better teachers, in other words, education attainment and
experience improve a teacher’s knowledge, skills, and productivity. This assumption might
seem intuitive and straightforward; however, it is not fully supported by scientific research. In

fact, an extensive empirical literature body suggests that human capital measures frequently used
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in teacher evaluation and compensation explain little of a teacher’s contribution to student
academic growth (Aaronson et al., 2007) and rarely any specific teacher characteristic has been
identified as reliable predictor of student outcomes (Hanushek, 2011).

To date, the majority of the teacher characteristics literature is focused on Western (and
particularly U.S.) education contexts. Moreover, teacher experience effect studies are largely led
by teacher value-added method that relies on within-teacher variation to account for factors
outside teacher’s control. Whereas these approaches have incredibly improved internal validity,
these within-teacher evidence is less informative to decision-making at the time of recruitment
and hire, when decisions have to be made between candidates.

In this study, I turn to another education context — China, to fill in the eastern counterpart
of our current state of knowledge. More importantly, I take advantage of a natural experiment in
the nation and add more credibly causal, between-teacher evidence to the teacher characteristics
effects literature. Specifically, I investigate the two guiding research questions in a quasi-
experimental design: Whether—and to what extent—teacher education background affects
student academic outcomes in China? Whether—and to what extent—years of teaching
experience affects student academic outcomes in China?

Literature Review

Whether and how to use teacher education background and teaching experience in human
resources decisions are of great interests to policymakers, school administrators, and teachers
themselves. These beg careful consideration of whether and to what extent various education and
experience background characteristics contribute meaningfully to student learning.
Unfortunately, researchers have so far not identified what teacher characteristics have consistent

effects on student outcomes. For instance, one influential literature review of the education
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production function (Coleman, 1966) studies from last century, Hanushek (1986), failed to relate
teacher preparation, experience, or salary with student achievement.

To gain a broad understanding of this topic from more recent literature, two systematic
reviews, Wayne and Youngs (2003) and Coenen et al (2018) have synthesized researchers’
findings at different time points and summarized some patterns emerging from the literature.
Wayne and Youngs (2003) examined four categories of teacher characteristics: ratings of
teachers’ colleges, teachers’ test scores, teachers’ degrees and coursework, and teachers’
certification status from 21 empirical studies in the US and highlighted that the teachers’ college
ratings and test scores seem to be positively related to student achievements. They also pointed
out that findings on teachers’ degree, coursework, and certification are inconclusive — with one
exception: high school math teachers’ certification, degree, and coursework are associated with
increased student performance, which was confirmed by Coenen et al (2018). Note that Coenen
et al (2018) extended their research scope to 58 studies selected from across the world. Their
new insights included that the quality of teacher’s college matters at secondary education level
and teacher experience seems to contribute to student performance throughout a teacher’s career.

In the U.S., over the past two decades, a growing body of experimental and quasi-
experimental studies has brought additional information to our current state of knowledge.
Consistently, findings on teacher education demonstrated a pattern that education attainment,
major, and training programs generally do not add to student learning (Aaronson et al., 2007),
with few exceptions. First, regarding advanced degree, math teachers who hold a graduate-level
degree seem to positively impact student performance (Coenen et al., 2018; Guarino et al.,

2013). Second, teacher’s subject content knowledge proxied by licensure test scores was found
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to improve student learning (Clotfelter et al., 2006; Wayne & Youngs, 2003), particularly for
math (Coenen et al., 2018).

The impacts of teacher experience on student outcomes are more nuanced. First,
researchers generally agree that there is no consistent marginal effect (the effect of one additional
year of experience on student learning throughout the distribution of teacher experience) of
teacher experience on student outcomes (Aaronson et al., 2007; Hanushek, 2011; Rice, 2013).
Instead, the relationships between teacher experience and student performance are evidently not
linear (Clotfelter et al., 2006): whereas novice teachers are less effective than their more
experienced counterparts (Harris and Sass, 2011), the impact of experience is in fact strongest in
a teacher’s early career (Papay and Kraft, 2015; Ladd & Sorensen, 2017). After the first few
years, whether teachers continue to gain effectiveness is under debate: whereas some argue that
the returns to experience level off (Kane et al., 2008; Rockoff, 2004), others find that teachers
continue to improve throughout their full career (Harris & Sass, 2011), particularly in math
(Papay & Kraft, 2015). Finally, there is also evidence that the relations between teacher
experience and student learning differ across levels of education (Harris and Sass, 2011) and
subject areas (Clotfelter et al., 2007; Rice, 2013; Coenen et al., 2018).

Empirical research conducted in Chinese education context is extremely scarce. In the
very thin literature, researchers found that Chinese teacher’s experience (Hu et al., 2022) and
education background such as levels of education (Chu et al., 2015; Hu et al., 2022) do not add
to student performance, which largely echoes the findings in the U.S. Beyond degree and
experience, another commonly used teacher characteristic in China is teachers’ professional rank
in the local education agency’s database, which also plays a practical role in schools’ hiring,

appointment, salary, and other human resources decisions. In order of prestige, teacher rank
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typically consists of four levels including novice (entry level), intermediate (level 2), advanced
(level 1), and senior (high level). Each level has a relatively fixed number of teachers, which is
determined by the local agency based on the full workforce in their database. Promoting teachers
to higher levels is subject to local policy with various potential factors taken into decision
metrics, such as degree, experience, performance, even publications and research experience, all
making teacher rank an “ambiguous measure” (Chu et al., 2015). A more important note is that,
since students’ performance in high-stakes high-school entry exam at the end of junior high
school serves as a critical measure of school quality and reputation in the community, schools
oftentimes use rank promotion as an incentive to improve teacher performance. As a result,
teacher rank is highly likely endogenous to student academic outcomes and without detailed
information on local promotion policy, I am not able to unbiasedly estimate its effects in this
study. Furthermore, to avoid introducing biases into my estimation, I do not include it as a
teacher covariate either, which is different from some of the existing studies in this area.

In sum, the lack of empirical evidence in China, coupled with some debates around
teacher characteristics effects, especially about the persistence of the returns to teacher
experience, motivate the research questions in this article. Fortunately, the nationwide natural
experiment makes it possible to obtain consistent estimates of these questions in a quasi-
experimental design with stronger internal validity, which I discuss in further details in the
following section.

Background and School Settings

I conduct my research in China and identify my population of interest as Chinese public

junior high school (grades 7-9) students and their core content teachers based on a critical policy

consideration: Chinese public junior high schools are under a national law that drives the
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implementation of random assignment of teachers to students. To contextualize this natural
experiment, it is helpful to note that China and many other countries such as France, Germany,
India, Japan, and South Korea share a homeroom-based school system, which is different than
the classroom-based settings in the U.S., UK, and many western countries. Specifically, unlike in
the U.S. where each student has their own schedule and attends different classrooms each school
day, Chinese students are grouped into homerooms, put on a shared homeroom schedule, and
assigned a group of subject teachers who rotate to the homeroom to teach.

Throughout all years in which students attend the same school, students typically remain
grouped with their original homeroom cohorts and their core content teachers, especially in
subject areas that require three-year curriculum are encouraged to follow the homerooms rising
to higher grades to gain familiarity of the full junior high curricula and teaching materials. This
is particularly true for teachers who teach Chinese (language arts), English (nationally mandated
foreign language), and math — the only three core subjects that not only require a full three-year
education but also have largest weight over other subjects in the high-stakes high-school entry
exam upon graduation. As a result, the common measure of experience is a three-year “teaching
cycle” and teachers who finished their first teaching cycle are considered graduated from the
apprentice stage.

Natural Experiment Background

In 2006, with great attention to education equality, the Compulsory Education Law
(henceforth referred to as the 2006 Law; see Appendix B1 for more details) called off student
tracking at all compulsory education levels (grades 1-9) and effectively eliminated national-,
province-, and district-level academic exams below grade 9. The 2006 Law has stimulated a

trend of random assignment of teachers to students across the nation, which was captured seven
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years later in the first nationally representative educational survey, the China Education Panel
Survey (CEPS): 83% of the randomly sampled schools across the nation reported that they
randomly assigned teachers to students upon students’ entry to junior high school. Furthermore,
researchers have documented this natural experiment in their studies investigating gender
achievement gaps and teacher gender effects (Eble & Hu, 2020; Gong & Song, 2018; Xu & Li,
2018; ), peer effects (Xu et al., 2022), after-school tutoring (Sun et al., 2020), and equity issues
in Chinese education (Zhao et al., 2017).

Both from the literature and my own observations as a formal school leader, the common
teacher-student assignment approach has been that, supervised by local education departments,
schools create either random or stratified homerooms of students upon students’ entry to school,
and then randomly assign teacher groups to homerooms (teachers are often assigned to multiple
groups depending on their workload, for example, a math teacher is typically assigned to two
homerooms because two classes per day, five days per week is the full time equivalent workload
for a junior high school math teacher). Adding to the validity of the random assignment, local
education departments typically review their public schools every year to check whether there
are violations of the 2006 Law. Their strategies vary but many may require schools to submit a
copy of their original homeroom rosters for the purpose of documentation. Others may conduct a
student and/or parent survey or conduct more detailed school reviews in occasions when parents
complain about unlawful student tracking or kids being discriminated against during homeroom
assignment. These policy regulations greatly reinforce the validity of random assignment and in
turn help it become an educational norm accepted by students, parents, and educators across the
nation. This random assignment is crucial to my identification strategy and more evidence will

be presented in further details in the Method section.
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Student Performance

Teacher effect estimates will not be meaningful to policy and practice if the outcome
variables are not valid measures of student performance. An issue at first sight is that, unlike in
the US where student achievement tests are administered by the district or state, in China, none
of the national-, province-, county-, and district-level tests below grade 9 exists, and each junior
high school conducts its own locally developed tests to assess student performance. However,
these test scores may, in fact, be valid measures of student learning due to two major reasons: (1)
students are educated on the same grade-level knowledge and skills regardless their school and
location since all compulsory education schools follow a national curriculum and most use the
same PEP (People’s Education Press) textbooks; and (2) school-administered tests are designed
to be fair evaluations of teaching and learning progress because they are key assessments in a
school’s homeroom accountability system. Schools therefore often employ various approaches to
achieve within-school validity and reliability, e.g., minimize test items not directly from current
syllabus, avoid cheating or any types of manipulation of test score, include various types of items
beyond multiple-choice questions to capture multiple dimensions of students’ content knowledge
and skills, to name just a few. The one remaining issue is that this high degree of within-school
validity will be compromised across schools due to the large between-school variance: e.g.,
difficulty and quantity of test items are different (schools do not share test sheets) and scoring
strategies vary (e.g., CEPS data indicates that schools were using a cap score of 100, 120, 130, or
150) from school to school. To address these issues, I standardized students’ raw scores to have a
mean of zero and standard deviation of one within each school and use only within-school

variation in student score to estimate teacher effects.
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Beyond exam score, I also include students’ subject-specific self-concept, a measure that
is rarely examined as an outcome variable in teacher effect literature. Self-concept is generally
defined as “individuals’ general perceptions of themselves in given domains of functioning”
(Méller et al., 2009) and, from a social-cognitive perspective, is a critical variable in explaining
student performance behavior (Marsh, 1986). I include it as an academic outcome variable based
on two major considerations. First, with research showing the substantial correlations between
student achievement and corresponding self-concept (Marsh et al., 2001; Mdller et al., 2020),
self-concept can serve as a robustness check to score outcome. More importantly, self-concept
has its own research value in capturing the motivational dimensions of student learning as it
feeds into performance, subject interest, educational decisions, and longer-term academic
outcomes.

Data and Measures

I draw my analytic sample from China Education Panel Survey (CEPS), China’s first
nationally representative, longitudinal survey of middle-school students and take advantage of its
two waves of data. Starting in school year 2013-14, the CEPS team implemented a stratified,
multi-stage sampling scheme to randomly select 112 junior high schools from across the country.
Administrators from each randomly selected school were surveyed. Within each school, the
sampling scheme then randomly selected two 7th grade and two 9th grade homerooms to survey.
Within each homeroom, all students, parents, teacher-advisors, and content teachers in three core
subjects (Chinese, English, and math) were surveyed. In school year 2014-15, most (n = 9,449,
91.93%) of the initial 7th grade cohort were successfully followed up in 8th grade, and these
students will be the primary focus of my analysis. See Appendix A Data Description for more

information about this data.
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The two-wave CEPS data contains not only longitudinal information on a rich set of
student-, family-, teacher-, and school-level variables but also whether the school randomly
assigns teachers and students. Specifically, in the wave 1 survey, administrators were explicitly
asked whether the school had randomly assigned teachers and students upon students’ entry to
middle school (before 7th grade began) and 83 percent (n=93) schools responded yes. This
variable, coupled with the national random assignment trend stimulated by the 2006 Law, has
been leveraged by researchers to overcome selection bias in estimating student outcomes under
Chinese education context (e.g., Gong et al., 2018; Xu et al., 2022). I will further show detailed
evidence of this random assignment in the Method section.

Sample Restriction Process

The validity of random teacher-student assignments is central to my identification
strategy. However, CEPS data was not collected from a randomized controlled trial where
researchers had full control of the teacher-student assignment, instead, the assignments fell under
the purview of local school administrators and the data was self-report in nature. Acknowledging
this data limitation, I implemented careful restriction criteria to obtain my analytic sample where
students and teachers were the mostly likely to be truly randomly assigned to each other.
Beforehand, I theorized three major contaminants of random assignment: (A) some non-public
schools or under-resourced public schools still sorted students and teachers to meet specific
groups’ needs but reported random assignment on account of political incentives; in other
schools who truthfully implemented random assignment, after assignment; (B) some parents
lobbied their children to be placed in the homerooms with their desired teachers; and (C) under

the pressure of homeroom accountability, some teachers removed (explicitly or through implicit
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encouragement) lower-achieving students from their homeroom (to other homerooms or another
school) or schools used homeroom reassignment as some sort of policy intervention.

To deal with contaminants B and C, the most recent study using CEPS data (Xu et al.,
2022) limited the data to only wave 1 information on the initial 7th graders in the 93 schools who
reported random assignment, based on the rationale that 7th grade is the time when parents and
teachers have the least knowledge about student academic ability therefore the least likely to sort
students. This strategy may not be sufficient because CEPS wave 1 data was collected after the
mid-semester test, i.e., 2-3 months after initial assignment, which leaves enough time for student
sorting if the school indeed allowed it to happen. More importantly, CEPS’ valuable asset, the
two-wave longitudinal data, allows for the inclusion of prior scores in same and other subjects as
the most important covariates to mitigate measurement error (Lockwood & McCaffrey, 2014)
and reduce estimation bias (Chetty et al., 2014) — throwing it away is probably not a wise
methodological decision.

[ approached these three contaminants of random assignment in a different way and
specify and justify my steps of sample restriction as follows. First, I limited sample schools to
the 85 schools that were public schools (partially addressing contaminant A) and self-reported to
have randomly assigned teachers to students before 7th grade began. I then moved on to address
student sorting between wave 1 and wave 2. Note that more than 80 percent homerooms had at
least some change in their membership between two waves but most of these changes were
driven by students moving in or out of school, indicated by 830 (8.07%) students unable to
follow up and 471 (4.75%) newcomers in wave 2 data (see Appendix A. Data Description). For
identification purposes, I was relatively unconcerned about this across-school sorting because in

all the models I fit, I would control for school fixed effects to absorb any time-invariant factors
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driving students to sort in or out of school. In contrast, I was concerned about within-school
sorting (contaminants B and C), which will introduce considerable bias into the estimates of
teacher effects. In dealing with this issue, I identified 22 schools that had at least one student
change homeroom ID (but remain in the same school) between two waves and excluded them
from my sample. I was left with 63 schools with two-wave data, which I used in my primary
analyses throughout all three articles.

In Appendix C Table C1, I compare schools in my analytic sample (n=63) with the
remaining schools (n=49) based upon observed descriptive statistics and show that these two
groups of schools are indeed systematically different: my sample schools are more likely from
coastal and urban area, serve a better educated population, and have smaller class sizes. This
comparison suggests that excluding these 49 schools indeed helps address contaminant A. I
believe sacrificing some degree of external validity in exchange for a much stronger internal
validity is a sound decision and am more confident about the random assignment in my analytic
sample. In the Method section, I will formally conduct a covariates balance check to provide
empirical evaluation of random assignment validity based on wave 1 performance and student
characteristics.

Key Variables

Predictor Variables. I model teacher education attainment and experience in different
formats (continuous and categorical) to understand more beyond their linear relationship with
student outcomes. Teacher education attainment is measured by three separate variables:
education in years, an indicator for graduate degree, and an indicator for major in Education (i.e.,
pedagogy-centered majors such as Chinese Education, English Education, and Mathematics

Education, as opposed to academic-focused majors such as Chinese Studies, English Studies, and
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Mathematics Studies). Note that by the time of survey, the education background of the teacher
workforce in the nation was a blend of associate degree in Education major, bachelor’s degree in
either Education major or academic-focused major, and graduate degree (highly likely academic-
focused because Education major is 4-year capped). An examination of the highest (graduate)
degree and Education major is helpful to shed light on different dimensions through which
teacher education may affect students. The distributions of student observations by teacher

education are displayed in Figure 1, showing that most teachers hold a bachelor’s degree.
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Figure 1. Distribution of student observations by teacher education attainment in years

Notes: Figure 1 presents the distribution of student observations by their teachers’ education attainment
measured in years, separately in each of the three subjects, Chinese, English, and math. The total years of
education, 14, 16, 19 are equivalent to associate, bachelor, and graduate degree, respectively.
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Figure 2. Distribution of student observations by teacher experience (in years)

Notes: Figure 2 presents the distribution of student observations by their teachers’ experience measured in
years, separately in each of the three subjects, Chinese, English, and math.

For teaching experience, my primary measure is a continuous variable measuring
teacher’s experience in years. As shown in Figure 2, the majority of the teachers in my sample
have 15-25 years of experience. It is worth noticing that experience effects in my study are
identified by between-teacher variations, which allows me to use experience measured in years
to recover experience effects in the most intuitive and natural format — the change in student
outcome corresponding to one additional year of experience. This improves upon traditional
studies that rely on within-teacher variation therefore cannot directly use year as experience
measure due to the perfect collinearity between year and experience.

To allow for nonlinearity in experience effects, I respecify the years of experience
variable by collapsing years into three-year bins (first cycle 3-5 years, second cycle 6-8 years,
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and so forth, inspired by the three-year “teaching cycle” concept for Chinese core content
teachers) to creates a series of dummy variables, with the left-out category being novice teacher
who has two years or less experience. Ideally, this category should be no experience but because
I am using within-school, between-teacher variation, there are unfortunately not enough
observations in this category and the standard error will be problematically inflated. As a result,
using each teaching cycle as a dummy variable allows me to estimate, compared to the “novice”
teachers, how teachers with different numbers of teaching cycles under their belts impact
students differently. It is important to point out that my assumption for using this strategy is that
in the same school, teachers within the same teaching cycle do not differ meaningfully in terms
of productivity. This is a different assumption than is made in traditional within-teacher studies
of experience. Such studies deal with the collinearity between year and experience by collapsing
years into a number of bins then using across-bin variation to estimate teacher experience effects
(see Papay & Kraft, 2015 for a review of this method). These modeling approaches assume that
compared to herself, a teacher’s teaching effect does not change within each experience bin.
Outcome Variables. In each of the three subjects (Chinese, English, and math), student
academic outcomes are measured by two variables, both of which contain unique information on
student learning. First, due to the lack of national exams at junior high school level, I use
students’ subject-matter test score on school-administered mid-fall semester exam (obtained
from their school records). The second outcome variable is subject-specific self-concept. The
proxy available in the data is student’s response to a 4-point Likert-scale survey item asking
whether the subject is difficult. I reverse code the variable to represent four levels of self-
concept: zero (very low), one (low), two (high), and three (very high). Overall, students report

higher Chinese self-concept (70% reporting high or very high) than English and math self-
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concepts (50 and 52% reporting high or very high). Note that both variables are standardized to
have mean zero and unit variance within each school.

Covariates. [ draw from wave 1 data three groups of covariates at the student-,
homeroom-, and teacher-level to improve estimation precision. Student-level covariates include
student wave 1 Chinese, English, math, and CEPS cognitive test scores as well as demographic
characteristics including gender, age, single-child status, rural residency, migrant-worker family
status, mother and father’s total years of education, and family wealth (three categories including
low-income, middle-class, and wealthy). The homeroom-level covariates include homeroom size
and the homeroom means (leave-one-out mean, i.e., excluding self for each observation) of
student characteristics. The teacher-level covariates include teacher gender and whether the
teacher also serves as a teacher-advisor.

Missing Data

Within each of the analytic sample schools (N = 63), I match students with core content
teachers and obtain three separate samples for Chinese, English, and math and inspect the
magnitude of missingness. On predictor variables, teacher education and experience, the missing
rate is 0.92% and 4.78% for Chinese, 0% and 2.13% for English, and 0% and 2.63% for math. A
closer look at Chinese sample shows that in school id number 92, only one Chinese teacher
participated in the survey and also did not report any background information, which means that
this school does not contribute to the estimates because I rely on within-school variation to
recover teacher effects. This school is thus dropped from the Chinese sample. Across three
subjects, the range of missing rate on outcome variables — test score and self-reported self-
concept — 1s 1.08%-1.19% and 0.45%-0.54%. On student and teacher covariates, the missing rate

is all below 2% except for student age, which is missing from 2.37% to 2.42%. Because of the
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relatively large sample size and small missingness, I assume the values are missing at random
and drop all observations that have any missing value on my primary predictor and outcome
variables, and I replace missing values on other variables with homeroom mean (for student
covariates) or school mean (for teacher covariates).

The final sample size for Chinese, English, and math is 4,882, 5,010, and 4,995 students,
respectively. I present summary statistics of key variables in Table 1.1. Note that the sample size
and descriptive statistics of key variables are similar across three subjects with one exception,
compared to Chinese and math teachers, English teachers were less likely to graduate from the
Education major.

Table 1.1 Analytic sample summary statistics

Key Variables Chinese Sample English Sample Math Sample
N =4,882 N=15,010 N =4,995

Predictor Variables

Education (years) 15.94 (0.71) 15.87 (0.77) 15.88 (0.79)

Graduate degree 2.54% 2.38% 2.62%

Education major 95.78% 86.79% 93.61%

Experience (years) 16 (8) 17 (9) 17 (8)

QOutcome Variables

Score 0.00 (0.99) 0.01 (0.99) 0.00 (0.99)

Confidence 0.00 (0.99) 0.00 (0.99) 0.00 (0.99)

Notes: Cells report mean and standard deviation for continuous variables and percentage of each category
for categorical variables.
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Method
Identification Strategy

To account for the possibility that higher-achieving students might sort to teachers with a
stronger human capital profile, I leverage the random assignment of students and teachers not
only enforced by the national regulation and reported by the surveyed schools (discussed in
Introduction section) but also confirmed in the data. Specifically, I utilize the covariate balance
check strategy frequently used in prior research (e.g., Clotfelter et al., 2006; Xu et al., 2022) and
regress the measure of teacher educational attainment or years of experience against all student-
level wave 1 covariates while controlling for school fixed-effects and clustering standard errors
at the school level.

As demonstrated in Table 1.2, all the coefficients of my wave 1 covariates are small in
magnitude and only a few of these tests are significant at conventional levels (likely due to
sample idiosyncrasy). The small F-statistics also indicate that these covariates are jointly
insignificant across students taught by teachers with different levels of education or experience.
Importantly, none of the four wave 1 test scores seem to be significantly correlated with teacher
education or experience. Thus, I conclude that the random assignment assumption required of
my identification strategy is largely met. Provided random assignment, the variation in one of the
teacher characteristics such as education or experience is independent from any observed and
unobserved factors that also impact student outcomes; therefore, the estimated change in student
outcomes can be attributed to the treatment — being taught a year by a teacher who has that
certain characteristic.

To reenforce my identification strategy, I build on the teacher value-added literature and

improve not only the precision but also the accuracy of my estimation by accounting for a set of
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the most important covariates — controls for prior achievement — in all the models I fit. The
existing literature has informed me the good practice of how to choose from different measures
of prior achievement and whether and how they contribute to the internal validity. Results from
Chetty et al’s (2014) quasi-experimental estimate of bias have shown that, the traditional model
that only accounts for same-subject prior score may yield biased estimates but adding same- and
other-subject scores from the prior year is a considerable improvement. In their context, adding
more measures such as aggregates of prior achievement at classroom or school level improves
little from adding same and other subject prior scores, so I did not choose this based on
parsimonious consideration. In sum, I add the cubic function of prior year achievement in same
and other subjects, meaning wave 1 Chinese, English, math, and CEPS cognitive test scores, in
all the models I fit to capture varying functional forms of student prior learning ability as well as
school and family inputs (Blazar & Kraft, 2017; Chetty et al., 2014; Kane et al., 2008; Kraft,

2019; Papay & Kraft, 2015).
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Table 1.2. Covariates balance check: regressions of predictor variables on student wave 1

covariates

Education (years)

Experience (years)

Chinese English Math Chinese English Math
Wave 1 Chinese 0.016 -0.015 -0.039 0.090 -0.017 -0.102
(0.025) (0.023) (0.023) (0.226) (0.186) (0.239)
Wave 1 English -0.019 0.054 0.052 0.249 -0.090 0.117
(0.028) (0.029) (0.027) (0.325) (0.236) (0.283)
Wave 1 math 0.036 -0.038 0.003 -0.280 0.169 -0.048
(0.021) (0.027) (0.023) (0.290) (0.208) (0.249)
Wave 1 cognitive  -0.016 0.020 -0.002 -0.025 0.270 -0.074
(0.021) (0.028) (0.015) (0.306) (0.209) (0.296)
Female student -0.015 -0.017 -0.017 0.081 0.246 0.099
(0.013) (0.015) (0.014) (0.137) (0.125) (0.173)
Age 0.013 -0.011 0.016 -0.480 0.094 -0.140
(0.013) (0.025) (0.018) (0.286) (0.151) (0.231)
Only child -0.013 -0.004 -0.025 0.048 -0.302 0.171
(0.019) (0.012) (0.014) (0.181) (0.169) (0.211)
Rural residency 0.016 0.006 -0.031 0.292%* -0.266 -0.091
(0.021) (0.013) (0.019) (0.145) (0.179) (0.227)
Migrant family -0.016 0.019 0.024 0.340 -0.128 -0.229
(0.027) (0.021) (0.018) (0.184) (0.191) (0.268)
Mother education  0.002 -0.003 -0.002 -0.011 -0.019 0.042
(0.004) (0.003) (0.003) (0.032) (0.028) (0.042)
Father education 0.004 -0.002 -0.001 0.061 0.009 -0.014
(0.003) (0.002) (0.002) (0.033) (0.023) (0.033)
Family income -0.006 0.011 0.059* 0.022 0.153 -0.518*
(0.021) (0.022) (0.023) (0.272) (0.149) (0.234)
School FE X X X X X X
School clustered X X X X X X
SE
F-Statistics 0.853 1.010 1.141 1.731 1.791 1.347
(df=12; (df =12; (df=12; (df=12; (df=12; (df=12;
61) 62) 62) 61) 62) 62)
Observations 4882 5010 4995 4882 5010 4995
R2 0.616 0.651 0.623 0.551 0.762 0.539

Notes: *** p <0.001; ** p <0.01; * p <0.05. Cells report coefficients and associated standard errors in

parentheses. Each column reports results of a separate ordinary least squares regression where one of the

predictor variables (teacher education and experience measured in years) is regressed on student score
measures and characteristics from wave 1 data. All models control for school fixed effects and cluster
standard errors at school level.
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Based on this identification strategy, I recover the effect of teacher education or
experience by estimating a linear value-added model in the following using ordinary least
squares (OLS) regression:

Ait = 0g (g (Ait-1)) + BCHARjt + yXit-1 + OPjt-1 + ATje1 + 0s + &i
where 1, j, s, t denote student, teacher (homeroom), school, year; Ait is student i’s academic
performance or self-concept in year t; CHAR;: is teacher j’s education or experience variable; g
(Ait-1) is the cubic functions of student i' s prior score in Chinese, English, math, and CEPS
cognitive test; Xit-1, Pjt1, and Tjt1 are previously discussed wave 1 student-, homeroom peer-
level, and teacher-level covariates in year t-1; and &i is the idiosyncratic error term. The
coefficient of interest is B, which is the estimated effect of a given teacher education or
experience variable on a given student outcome. Note that I control for school fixed effects (0s)
to account for school time-invariant characteristics that include both students’ and teachers’
sorting to schools, then cluster standard errors at the school level to account for the within-school
correlations among residuals. I estimate each of the three subjects, Chinese, English, and math,
separately.

Results

Effects of Teacher Education on Student Learning

In Table 1.3, I report the estimates of differences in student subject score as well as self-
concept that corresponds to one additional year in teacher education attainment. In all model
specifications, I adjust for the cubic function of student wave 1 score in Chinese, English, math,
and CEPS cognitive test as well as school-fixed effects, and cluster standard errors at school
level. To test the robustness of my specifications, I estimated each subject three times, as shown

in three columns; I adjust for student’s own demographic characteristics in column 1, then add
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aggregates of these characteristics at student’s homeroom peer level in column 2, and lastly,
further add teacher covariates in column 3. The third specification is preferred. The results show
that one additional year in teacher’s education attainment (range from 14-19 years, see Figure 1)
generally did not have causal impact on student learning across three subjects with a couple of
exceptions: it curbed student self-concept in math by 0.140 standard deviation (SD) and in
contrast, it meaningfully improved Chinese score but the estimates were statistically imprecise.

Additionally, as shown in Appendix Table C2, there was no heterogeneous effect for
student groups that are considered disadvantaged in Chinese society: students from low-income
families and students who hold a rural residency status (Zhao et al., 2017).

I further examined whether and to what extent teacher’s graduate-level degree or
majoring in Education affect student learning and show my results in Tables 1.4 and 1.5. All
model specifications are similar to those in Table 1.3. Related to the findings in Table 1.3, math
teacher’s graduate level education decreased student score by 0.202 SD. A new finding is that for
Chinese teachers, those having a graduate degree significantly improved student self-concept by
0.359 SD and those graduating from educational studies major had marginal but positive effects
on student score and self-concept.

Effects of Teacher Experience on Student Learning

Table 1.6 demonstrates the estimates of the effects of teacher experience on student
subject score and self-concept in Chinese, English, and math. Consistently across different model
specifications, one additional year in teaching did not have significant impact on student
learning. . Additionally, as shown in Appendix Table C3, there was not heterogeneous effect for

students from low-income families and students who hold a rural residency status.
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A further investigation of whether teachers having finished different amount of teaching
cycles (3-5 years, 6-8 years, 9-11 years, and so forth) are more effective than their novice school
colleagues, I respecify experience as a set of dummy variables that each indicates a given cycle
and visually display the point estimate and corresponding 95 percent confidence intervals for
each cycle in Figures 3 and 4. Detailed point estimates and corresponding standard errors can be
found in Appendix Table C4. The overall pattern is that more experienced teachers were in fact
less effective than novice teachers who were still working on their first cycle. This pattern was
more persistent for English than for the other two subjects.

Discussions and Policy Implications

Schools all over the world face the challenge of hiring effective teachers, helping teachers
grow, and making high-stakes personnel decisions such as tenure, ranking, and turnover. It is
intuitive and convenient for governments, education agencies, and individuals to invest in
education, preparation, and experience when it comes to identifying and developing effective
teachers. However, consistent with the Western literature, my findings from Chinese junior high
school teachers do not support the intuition that more years of education (beyond 14
years/associate degree) or experience in teaching contribute to student’s performance or self-

concept in all core content subjects.
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Table 1.3. Effects of teacher education (in years) on student academic outcomes

Subject Score

Chinese Chinese Chinese English English English Math Math Math
. 0.053 0.042 0.040 0.027 0.019 0.025 -0.026 -0.020 -0.021

Education (yrs)

(0.045) (0.050) (0.065) (0.027) (0.025) (0.020) (0.026) (0.032) (0.032)
Student Covariates X X X X X X X X X
Homeroom Covariates X X X X X X
Teacher Covariates X X X
School FE X X X X X X X X X
School clustered SE X X X X X X X X X
Observations 4882 4882 4882 5010 5010 5010 4995 4995 4995
R2 0.598 0.601 0.601 0.701 0.702 0.703 0.608 0.609 0.612

Subject Self-Concept
Chinese Chinese Chinese English English English Math Math Math
. 0.019 0.010 0.016 0.004 -0.016 -0.007 -0.071*%  -0.134%** -0.140%**

Education (yrs)

(0.072) (0.063) (0.049) (0.028) (0.029) (0.030) (0.033) (0.036) (0.037)
Student Covariates X X X X X X X X X
Homeroom Covariates X X X X X X
Teacher Covariates X X X
School FE X X X X X X X X X
School clustered SE X X X X X X X X X
Observations 4882 4882 4882 5010 5010 5010 4995 4995 4995
R2 0.075 0.079 0.083 0.253 0.256 0.260 0.238 0.244 0.244

Notes: *** p <0.001; ** p <0.01; * p <0.05. Cells report coefficients and associated standard errors in parentheses. Each column reports results
of a separate ordinary least squares regression where subject score or self-concept is regressed against teacher education measured in years. Each
sample is estimated three times: the first model accounts for the cubic functions of the student’s four wave 1 scores (in Chinese, English, math, and
CEPS cognitive test) as well as wave 1 demographic characteristics; the second model adds homeroom size and the means of the wave 1
demographics of the student’s homeroom peers, and the third model further adds teacher gender and indicator of advisor role. All models control
for school fixed effects and cluster standard errors at school level.
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Table 1.4. Effects of teacher graduate degree on student academic outcomes

Subject Score

Chinese Chinese Chinese English  English  English  Math Math Math

0.230 0.239 0.238 0.027 0.000 0.040 -0.219*  -0.239 -0.202%*
Graduate degree

(0.210) (0.191) (0.216) (0.060) (0.065) (0.049) (0.091) (0.120) (0.083)
Student Covariates X X X X X X X X X
Homeroom Covariates X X X X X X
Teacher Covariates X X X
School FE X X X X X X X X X
School clustered SE X X X X X X X X X
Observations 4882 4882 4882 5010 5010 5010 4995 4995 4995
R2 0.599 0.601 0.602 0.701 0.702 0.703 0.608 0.610 0.612

Subject Self-Concept

Chinese Chinese Chinese English English English Math Math Math

0.302 0.313 0.359* 0.067 -0.013 0.055 -0.026 -0.150 -0.135
Graduate degree

(0.169) (0.163) (0.149) (0.108) (0.143) (0.142) (0.094) (0.169) (0.177)
Student Covariates X X X X X X X X X
Homeroom Covariates X X X X X X
Teacher Covariates X X X
School FE X X X X X X X X X
School clustered SE X X X X X X X X X
Observations 4882 4882 4882 5010 5010 5010 4995 4995 4995
R2 0.076 0.080 0.085 0.253 0.256 0.260 0.237 0.241 0.241

Notes: *** p <0.001; ** p <0.01; * p <0.05. Cells report coefficients and associated standard errors in parentheses. Each column reports results
of a separate ordinary least squares regression where subject score or self-concept is regressed against the indicator of teachers’ graduate-level
degree. Each sample is estimated three times: the first model accounts for the cubic functions of the student’s four wave 1 scores (in Chinese,
English, math, and CEPS cognitive test) as well as wave 1 demographic characteristics; the second model adds homeroom size and the means of
the wave 1 demographics of the student’s homeroom peers, and the third model further adds teacher gender and indicator of advisor role. All
models control for school fixed effects and cluster standard errors at school level.

42



Table 1.5. Effects of teachers’ Education major on student academic outcomes

Subject Score

Chinese Chinese Chinese English  English  English  Math Math Math
. . 0.312%* 0.272 0.244 -0.007 -0.039 -0.034 0.012 -0.004 0.046

Education major

(0.104) (0.149) (0.157) (0.070) (0.071) (0.050) (0.106) (0.101) (0.072)
Student Covariates X X X X X X X X X
Homeroom Covariates X X X X X X
Teacher Covariates X X X
School FE X X X X X X X X X
School clustered SE X X X X X X X X X
Observations 4882 4882 4882 5010 5010 5010 4995 4995 4995
R2 0.599 0.602 0.602 0.701 0.702 0.703 0.608 0.609 0.612

Subject Self-Concept
Chinese Chinese Chinese English English English Math Math Math
. ) 0.414***  (0.412* 0.278 -0.011 -0.043 -0.034 -0.109 -0.100 -0.083

Education major

(0.115) (0.164) (0.193) (0.087) (0.091) (0.048) (0.136) (0.111) (0.108)
Student Covariates X X X X X X X X X
Homeroom Covariates X X X X X X
Teacher Covariates X X X
School FE X X X X X X X X X
School clustered SE X X X X X X X X X
Observations 4882 4882 4882 5010 5010 5010 4995 4995 4995
R2 0.077 0.081 0.084 0.253 0.256 0.260 0.237 0.241 0.241

Notes: *** p <0.001; ** p <0.01; * p <0.05. Cells report coefficients and associated standard errors in parentheses. Each column reports results
of a separate ordinary least squares regression where subject score or self-concept is regressed against the indicator of teacher majoring in
Education. Each sample is estimated three times: the first model accounts for the cubic functions of the student’s four wave 1 scores (in Chinese,
English, math, and CEPS cognitive test) as well as wave 1 demographic characteristics; the second model adds homeroom size and the means of
the wave 1 demographics of the student’s homeroom peers, and the third model further adds teacher gender and indicator of advisor role. All
models control for school fixed effects and cluster standard errors at school level.
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Table 1.6. Effects of teacher experience on student academic outcomes

Subject Score

Chinese Chinese Chinese English English English Math Math Math
. -0.002 0.000 0.002 -0.003 -0.002 -0.004 -0.004 -0.005 -0.004

Experience (yrs)

(0.004) (0.004) (0.004) (0.003) (0.003) (0.002) (0.002) (0.003) (0.002)
Student Covariates X X X X X X X X X
Homeroom Covariates X X X X X X
Teacher Covariates X X X
School FE X X X X X X X X X
School clustered SE X X X X X X X X X
Observations 4882 4882 4882 5010 5010 5010 4995 4995 4995
R2 0.598 0.601 0.601 0.701 0.702 0.703 0.608 0.610 0.612

Subject Self-Concept
Chinese Chinese Chinese English English English Math Math Math
. -0.005 -0.002 0.000 0.003 0.002 0.000 -0.004 -0.003 -0.002

Experience (yrs)

(0.006) (0.005) (0.005) (0.003) (0.003) (0.003) (0.004) (0.004) (0.003)
Student Covariates X X X X X X X X X
Homeroom Covariates X X X X X X
Teacher Covariates X X X
School FE X X X X X X X X X
School clustered SE X X X X X X X X X
Observations 4882 4882 4882 5010 5010 5010 4995 4995 4995
R2 0.076 0.079 0.083 0.253 0.256 0.260 0.237 0.241 0.241

Notes: *** p <0.001; ** p <0.01; * p <0.05. Cells report coefficients and associated standard errors in parentheses. Each column reports results
of a separate ordinary least squares regression where subject score or self-concept is regressed against teacher experience measured in years. Each
sample is estimated three times: the first model accounts for the cubic functions of the student’s four wave 1 scores (in Chinese, English, math, and
CEPS cognitive test) as well as wave 1 demographic characteristics; the second model adds homeroom size and the means of the wave 1
demographics of the student’s homeroom peers, and the third model further adds teacher gender and indicator of advisor role. All models control
for school fixed effects and cluster standard errors at school level.
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Figure 3. Nonlinear effects of teaching experience on subject score

Notes: Figure 3 demonstrates the average relationship between the listed bins of teacher experience and students’ Chinese, English, and math score
outcomes from an ordinary least squares regression estimator, which regresses each score outcome on a set of indicators that each represents a year
bin (0-2 years as reference level), after accounting for student-, homeroom-, and teacher-level covariates as well as school fixed-effects. Standard
errors are clustered at school level.
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Figure 4. Nonlinear effects of teaching experience on self-concept

Notes: Figure 4 demonstrates the average relationship between the listed bins of teacher experience and students’ self-concept outcomes in
Chinese, English, and math from an ordinary least squares regression estimator, which regresses each outcome on a set of indicators that each
represents a year bin (0-2 years as reference level), after accounting for student-, homeroom-, and teacher-level covariates as well as school fixed-
effects. Standard errors are clustered at school level.
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The impacts of teacher education or experience background on student learning are
complicated and nuanced as they should be, because they are confounded by numerous observed
and unobserved factors — from every aspect of student’s learning and living environment — that
also influence student learning. In this study, I leverage the random teacher-student assignment
and between-teacher comparison condition in each school in a nationally representative,
longitudinal dataset of Chinese junior high schools and recover the effects of teacher education
and experience characteristics on student academic outcomes.

Note that this quasi-experimental design effectively accounts for the sorting of individual
students to teachers but does not rule out the possibility that teachers can influence individual
students through peer effects (e.g., a student learned more with a skillful teacher not only
because her teacher was effective in teaching but also her homeroom cohorts were all making
progress with this teacher), though this issue is mitigated by the various homeroom-level
covariates I include in my estimation. Nonetheless, it is helpful to bear in mind that the teacher
effect in my study is broadly defined — it is blend of teacher’s direct effect and indirect effect
(through homeroom peers) on individual students. Another note is that the estimates of teacher
experience effects do not fully account for teacher-cohort impact, i.e., the influence of hiring
policy or (more or less) preparation in certain year(s) for a certain cohort of teachers, although
this issue is less concerning because of the relatively stable policy environment and similarity in
teachers’ background within each school.

My study has three major contributions to the empirical literature of teacher effects. First,
the effects of teacher education and preparation on student learning outcomes differ considerably
across subject areas. Chinese teachers’ graduate-level degree and major in Education consistently

improved student self-concept and students scored higher if their teachers graduated from
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education studies major. Math teachers with a graduate-level degree, on the contrary, negatively
impacted student performance and more years of education decreased student self-concept. For
English teachers, years of education, degree level, and major did not seem to matter.

It is worth noticing that this overall pattern of negative effects of teacher education
background in math is different from the findings in the US context where researchers generally
found greater variability in teacher effects in math than in reading (Hanushek & Rivkin, 2010;
Papay & Kraft, 2015). This is not surprising because a growing line of literature has started to
document some fundamental differences between the education systems of developing and
developed countries, for instance, the weaker associations between family socioeconomic status
and achievement in developing compared to developed countries (Kim et al., 2019) and the even
weaker effect sizes for math/science than for language (Chinese/English) subjects in China (Liu
et al., 2020). My finding further indicates that the mechanisms through which math teachers
affect student learning may be different between China and the US. For instance, an anecdotal
knowledge of math education in China is that students can improve their math score by repeated
practicing (e.g., students often score higher by accurately perform complex hand calculations
since the nation does not allow any calculator usage in high-stakes high-school and college entry
exams). One consequence is that some teachers exploit this knowledge and improve their
students’ performance by assigning large amount of homework and overpreparing students for
exams. Another consequence is that some parents, pressured by the highly competitive education
system, seek afterschool tutoring or individual attention from teachers for their kids, which is
confirmed in the CEPS data where among all students in the nation, 25.8% reported that they
attended afterschool tutoring in math, whereas the proportions were 10.6% and 22.5% in Chinese

and English.
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My second major finding is that, there is no causal effect of years of teaching on student
learning outcomes, neither on score nor self-concept, across all three subjects. An exploration of
nonlinearity in experience effects showed that more experienced English teachers consistently
underperformed their novice colleagues whose experience was less than two years. This pattern
was less obvious for math and Chinese teachers, but it was evident that across all subjects, more
experienced teachers did not have better student outcomes in comparison to their novice
colleagues. This nonlinear effect differs from the recent findings in the US context where gains
from experience were found to be largest in a teacher’s first few years then persist throughout the
teacher’s full career (Harris & Sass, 2011; Papay & Kraft, 2015) but lines up with a few earlier
studies that found no returns to experience (Aaronson et al., 2007) or no returns to experience in
a teacher’s later career (Boyd et al., 2008; Kane et al., 2008).

The biggest concern regarding this counterintuitive finding is that it might be a result of
more experienced teachers systematically leaving for better careers. Although the data limitation
restrains me to fully investigate this matter, [ have two arguments to strengthen my estimation.
First, the inclusion of school fixed effects in my estimator effectively accounts for time-invariant
school factors that drive the systematic sorting of teachers in or out of school. Moreover, the data
did show that among the 63 schools in my analytic sample, eight (13 percent) reported a
relatively high rate of teacher turnover. I excluded these schools and show in Appendix C
Figures 5 and 6 that this finding held for schools without high rates of teacher turnover.

Third, I did not find heterogeneous effects of teacher education or experience on student
learning. Specifically, the fact that teacher education attainment and experience do not have

marginal effect on student performance persists for student groups that are considered
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disadvantaged in Chinese society: students from a low-income family and students who have a
rural residency record.

These findings should be interpreted with considerations of an important education
context. Specifically, the effects of teacher education and experience background could be pulled
toward null direction and similarly, the effects of new teachers could be boosted by the frequent
and in-depth collaborations and peer-learning among teachers in China. From both observations
of school practice and review of literature, subject-based professional learning communities
(PLCs) among teachers — such as mentoring and coaching relationships, classroom observation
and feedback workshops, and regular meetings on curriculum/material development, class
preparation, and knowledge sharing — are highly valued, common practice in Chinese schools
(Chen, 2020; Liu & Hallinger, 2018). This unique professional environment was confirmed in
CEPS survey, where 96.2 percent (N = 761) of the teachers in the nation indicated that they had
frequent communications with colleagues on teaching-related matters including curriculum and
materials (69 percent of the 761 teachers), teaching methods (86.3 percent), developing quizzes
and exam sheets (32.6 percent), and classroom management and student development (80.2
percent). As a result, it is possible that teachers who are novice or from less prepared background
have the sufficient professional and structural support from their PLCs therefore are able to
quickly catch up with or even outperform their experienced or skillful colleagues.

My study suggests that education decisionmakers should strategically spend resources on
recruitment and hiring and be mindful that 1) teachers with stronger human capital profile are not
necessarily better teachers, 2) teacher education background matters more for Chinese than other
subject teachers, and 3) teaching experience should not be a policy focus. In fact, in terms of a

more evidence-based hiring metric, it may worth including more characteristics and attributes of
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teachers such as content knowledge for teaching, cognitive skills, and noncognitive skills. For
example, Rockoff et al (2011) studied a variety of nontraditional teacher measures including
teaching-specific content knowledge, cognitive ability, personality traits, feelings of self-
efficacy, and scores on a commercial teacher-screening instrument — in addition to traditional
characteristics collected by local agency. They found that adding nontraditional measures to
traditional measures indeed explains more variation in predicting teacher effectiveness and both
researcher-measured teacher cognitive and noncognitive skills were both significant predictors of
student achievement. Moreover, teacher demographic characteristics that match with current
students can also add to school outcomes as a growing literature body has identified that teacher-
student gender match (Dee, 2005; Egalite & Kisida, 2018; Xu & Li, 2018) and racial match

(Dee, 2004; Egalite & Kisida, 2018).
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APPENDIX A. DATA DESCRIPTION

Conducted by the National Survey Research Central (NSRC) of Renmin University, China, the
China Education Panel Survey (CEPS) started in school year 2013-2014 and employed a
stratified, four-step random sampling procedure to draw a random sample of middle schools,
teachers, and students from the nation. First, they randomly selected 28 school districts/counties
with probability proportional to size (PPS) from three stratified sample frames, specifically, 15
from 2,870 districts/counties (frame 1) in the nation, 3 from 31 districts/counties in Shanghai
area (frame 2), and 10 from 120 migrant labor concentrated districts/counties (frame 3). Second,
within each district/county, they randomly selected four schools from all schools serving 7th
and/or 9th grades with PPS. Third, within each school, they randomly selected two homerooms
from 7th grade and another two from 9th grade. Fourth, within each homeroom, they included all
students and administered separate surveys to students, parents, homeroom advisory teachers,
classroom teachers for three core subjects (math, Chinese, and English), and school
administrators.

Using this procedure, the CEPS team surveyed 112 schools with their 10,279 7th grade and
9,568 9th grade students in school year 2013-14 and successfully followed up with 9,449 of the
original 7th graders (follow-up rate 91.9%) along with 471 new students in school year 2014-15.
Detailed numbers of students by wave and frame are visualized in the following bar chat. Note
that the 9,449 students with two-wave data (the first three bars) were the focus of my
dissertation, see more discussion in the text.
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APPENDIX B. EDUCATION POLICIES
B1. Compulsory Education Law (2006)

The Compulsory Education Law! was amended and adopted at the 22nd Session of the 10th
National People's Congress Standing Committee and issued as No. 52 Order of the President on
June 29, 2006. Relevant to my research, the law highlighted that all school-age children and
adolescents shall have equal right and the obligation to receive a 9-year compulsory education
(Article 4) at the schools near their residency (Article 12). They shall go to school without taking
any examination (Article 12). The county level governments and education departments shall
promote the balanced development among schools and narrow down school quality gaps (Article
22). No education government may create key schools and non-key schools and no school may
create key classes and non-key classes (Article 22). No school may expel students based on
school management rules (Article 27). Legal liabilities are attached to the violations of these
articles.

B2. Regulations of Advisory Teachers by Ministry of Education (2009)

The Ministry of Education issued the Regulations of Advisory Teachers? on August 12, 20009.
Relevant to my research, the regulation specified advisory teacher’s core responsibilities as
moral education, student discipline, student development, and mentoring. The regulation
emphasized that every homeroom in the country shall have an advisory teacher and the position
is half-time equivalent. A homeroom’s advisory teacher should teach the homeroom and should
be ethical, psychologically healthy, caring, dedicated, and having strong communication ability
and managerial skills.

1. See http://www.lawinfochina.com/Display.aspx?lib=law&Cgid=77520 for a translation of the Law.
2. No translation of this document was found on the internet. The Chinese version is here
http://www.moe.gov.cn/sresite/A06/s3325/200908/t20090812_81878.html.

53


http://www.lawinfochina.com/Display.aspx?lib=law&Cgid=77520
http://www.moe.gov.cn/srcsite/A06/s3325/200908/t20090812_81878.html

APPENDIX C. ADDITIONAL TABLES AND FIGURES
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Figure 5. Experience on score for schools without high turnover

Notes: Figure 5 demonstrates the average relationship between the listed bins of teacher experience and students’ score outcomes in Chinese,
English, and math from an ordinary least squares regression estimator, which regresses each outcome on a set of indicators that each represents a
year bin (0-2 years as reference level), after accounting for student-, homeroom-, and teacher-level covariates as well as school fixed-effects.
Standard errors are clustered at school level. Note that the schools reporting high levels of teacher turnover are excluded.
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Chinese self-concept ¢ English self-concept by Math self-concept
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Figure 6. Experience on self-concept for schools without high turnover

Notes: Figure 6 demonstrates the average relationship between the listed bins of teacher experience and students’ self-concept outcomes in
Chinese, English, and math from an ordinary least squares regression estimator, which regresses each outcome on a set of indicators that each
represents a year bin (0-2 years as reference level), after accounting for student-, homeroom-, and teacher-level covariates as well as school fixed-
effects. Standard errors are clustered at school level. Note that the schools reporting high levels of teacher turnover are excluded.
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Table C1. Comparing schools included and excluded from the main analyses on observed school
characteristics

School Characteristics ;1 (iu6d36d Exilzg ed p-value
School district sampling frame 0.069
Sample frame 1 46.03% 63.27%
Sample frame 2 15.87% 4.08%
Sample frame 3 38.10% 32.65%
School district location 0.03
East China 68.25% 51.02%
Middle China 9.52% 28.57%
West China 22.22% 20.41%
School district administrative level 0.018
Municipality 28.57% 12.24%
Urban area of provincial capital cities 20.63% 14.29%
Urban area of prefecture-level cities 20.63% 14.29%
County or county-level city 30.16% 59.18%
District population average education (years) 9.88 (1.44) 9.27 (1.34) 0.024
School location 0.9
Center of the city/town 41.27% 32.65%
Outskirts of the city/town 11.11% 10.20%
Rural-urban fringe zone of the city/town 14.29% 16.33%
Towns outside of the city/town 15.87% 20.41%
Rural areas 17.46% 20.41%
Proportion of rural residency students 0.003
Lower than 25% 33.33% 8.16%
25% to 60% 30.16% 22.45%
60% to 80% 15.87% 30.61%
Higher than 80% 20.63% 38.78%
Proportion of the local students 0.009
Lower than 50% 4.76% 14.29%
50% to 70% 26.98% 12.24%
70% to 90% 34.92% 18.37%
higher than 90% 33.33% 55.10%
Number of substitute teachers 1.38 (3.77) 4.27 (17.86) 0.5
Unknown 3 4
Average homeroom size 48 (9) 52 (8) 0.011

Notes: Cells report mean and standard deviation for continuous variables and percentage of each category
for categorical variables. The p-statistic was obtained from a) Wilcoxon rank sum test for district
population average education, number of substitute teachers, and average homeroom size, and b)
Pearson’s Chi-squared test for all other characteristics.
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Table C2. Heterogeneity in teacher education effects

Panel A. Students from low-income families

Subject Score

Chinese Chinese Chinese English English English Math Math Math

Education (yrs) 0.050  0.039  0.037  0.026 0019 0025 -0.042 -0.037 -0.040
(0.046) (0.050) (0.066) (0.025) (0.024) (0.019) (0.028) (0.034) (0.029)
Low income -0.286  -0.269 -0.200  -0.110  -0.089  -0.065 -1.000 -1.034 -1.119
(0.814) (0.824) (0.792) (0.371) (0.338) (0.353) (0.620) (0.637) (0.665)
Education x Low 0.019 0.017 0.013 0.006 0.004 0.003 0.066  0.068 0.074
income (0.051) (0.052) (0.050) (0.024) (0.022) (0.023) (0.039) (0.040) (0.042)
Student Covariates X X X X X X X X X
Homeroom
Covariates X X X X X X
Teacher Covariates X X X
School FE X X X X X X X X X
School clustered SE =~ X X X X X X X X X
Observations 4882 4882 4882 5010 5010 5010 4995 4995 4995
R2 0.598 0.601 0.601 0.701 0.702 0.703 0.608 0.609 0.612

Panel B. Students with rural residency

Subject Score

Chinese Chinese Chinese English English English Math Math Math

Education (yrs) 0.070  0.058  0.055  0.019 0.010 0015 -0.022 -0.015 -0.016
(0.060) (0.059) (0.071) (0.026) (0.025) (0.021) (0.030) (0.035) (0.032)
Rural 0.632 0.598 0.635 -0.399  -0421 -0.424 0.126 0.149  0.152
(0.736) (0.652) (0.649) (0.265) (0.263) (0.254) (0.443) (0.443) (0.468)
Education x Rural -0.040  -0.037 -0.040  0.024 0.026 0.026 -0.007  -0.008 -0.009
(0.046) (0.041) (0.041) (0.017) (0.017) (0.016) (0.028) (0.028) (0.029)
Student Covariates X X X X X X X X X
Homeroom
Covariates X X X X X X
Teacher Covariates X X X
School FE X X X X X X X X X
School clustered SE =~ X X X X X X X X X
Observations 4882 4882 4882 5010 5010 5010 4995 4995 4995
R2 0.599 0.601 0.602 0.701 0.702 0.703 0.608 0.609  0.612

Notes: ¥** p <0.001; ** p <0.01; * p <0.05. Cells report coefficients and associated standard errors in
parentheses. Each column reports results of a separate OLS regression where subject score is regressed
against teacher education, low-income (or rural residency), and their interaction term. Each sample is
estimated three times: the first model accounts for the cubic functions of the student’s four wave 1 scores
(in Chinese, English, math, and CEPS cognitive test) as well as wave 1 demographic characteristics; the
second model adds homeroom size and the means of the wave 1 demographics of the student’s homeroom
peers, and the third model further adds teacher gender and indicator of advisor role. All models control
for school fixed effects and cluster standard errors at school level.
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Table C3. Heterogeneity in teacher experience effects

Panel A. Students from low-income families

Subject Score

Chinese Chinese Chinese English English English Math Math Math

Experience (yrs) -0.001 0.001 0.002 -0.003  -0.001 -0.003  -0.004 -0.005 -0.004
(0.004) (0.004) (0.004) (0.003) (0.003) (0.002) (0.002) (0.003) (0.002)
Low-income 0.105 0.080 0.068 0.073 0.062 0.072 0.035 0.048 0.040
(0.074) (0.080) (0.078) (0.070) (0.075) (0.074) (0.063) (0.066) (0.065)
Experience x Low- -0.006 -0.005 -0.004 -0.005 -0.005 -0.005 0.001 0.000 0.001
income (0.004) (0.005) (0.004) (0.003) (0.003) (0.003) (0.003) (0.003) (0.003)
Student Covariates X X X X X X X X X
Homeroom
Covariates X X X X X X
Teacher Covariates X X X
School FE X X X X X X X X X
School clustered SE X X X X X X X X X
Observations 4882 4882 4882 5010 5010 5010 4995 4995 4995
R2 0.598 0.601 0.601 0.702 0.702 0.704 0.608 0.609 0.612

Panel B. Students with rural residency

Subject Score

Chinese Chinese Chinese English English English Math Math Math

Experience (yrs) 20.001  0.002  0.003  -0.003 -0.002 -0.004 -0.004 -0.005 -0.005
(0.004)  (0.004) (0.005) (0.003) (0.003) (0.002) (0.003) (0.003) (0.003)
Rural 0.035  0.046  0.033 0002 0002 0001 -0.020 0.005 -0.001

(0.063)  (0.055) (0.053) (0.037) (0.036) (0.036) (0.060) (0.060) (0.058)
20.002  -0.003  -0.002 -0.001 -0.001 -0.001 0.002 0.0l  0.001

Experience x Rural
(0.004)  (0.003)  (0.003) (0.002) (0.002) (0.002) (0.003) (0.003) (0.003)

Student Covariates X X X X X X X X X
Homeroom

Covariates X X X X X X
Teacher Covariates X X X
School FE X X X X X X X X X
School clustered SE X X X X X X X X X
Observations 4882 4882 4882 5010 5010 5010 4995 4995 4995
R2 0.598 0.601 0.601 0.701 0.702 0.703 0.608 0.610 0.612

Notes: ¥** p <0.001; ** p <0.01; * p <0.05. Cells report coefficients and associated standard errors in
parentheses. Each column reports results of a separate OLS regression where subject score is regressed
against teacher experience, low-income (or rural residency), and their interaction term. Each sample is
estimated three times: the first model accounts for the cubic functions of the student’s four wave 1 scores
(in Chinese, English, math, and CEPS cognitive test) as well as wave 1 demographic characteristics; the
second model adds homeroom size and the means of the wave 1 demographics of the student’s homeroom
peers, and the third model further adds teacher gender and indicator of advisor role. All models control
for school fixed effects and cluster standard errors at school level.
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Table C4. Nonlinear effects of teacher experience on student academic outcomes

Panel A. Subject score outcomes

Subject Score

Chinese Chinese Chinese English  English  English Math Math Math

3-5yrs 0.169 0.170 0.170 0.001 -0.046 -0.137 0.046 0.011 -0.019
(0.185) (0.145) (0.173)  (0.093) (0.104)  (0.105) (0.192)  (0.235) (0.170)
6-8 yrs 0.023 0.109 0.120 -0.177*  -0.226*  -0.293**  0.002 -0.075 -0.084
(0.222)  (0.190) (0.183) (0.078) (0.099)  (0.096) (0.166)  (0.216) (0.153)
9-11 yrs -0.158 -0.069 -0.041 -0.177*  -0.182 -0.274**  0.099 0.032 0.014
(0.187)  (0.163)  (0.163)  (0.071) (0.108)  (0.101) (0.156)  (0.188) (0.137)
12-14 yrs -0.235 -0.177 -0.173 -0.024 -0.024 -0.137 -0.072 -0.122 -0.129
(0.197)  (0.175)  (0.194) (0.084) (0.097)  (0.093) (0.168)  (0.199) (0.142)
15-17 yrs 0.184 0.321* 0.415* -0.050 -0.130 -0.217 -0.010 -0.055 -0.032
(0.177)  (0.145) (0.162)  (0.098) (0.128)  (0.130) (0.166)  (0.196) (0.145)
18-20 yrs -0.117 -0.008 0.032 -0.118 -0.146 -0.255%* -0.071 -0.107 -0.164
(0.177)  (0.150)  (0.164)  (0.088) (0.109)  (0.108) (0.163)  (0.195) (0.141)
21-23 yrs -0.012 0.057 0.045 -0.195*  -0.231*  -0.319**  -0.067 -0.125 -0.152
(0.190)  (0.152) (0.164) (0.083) (0.101)  (0.095) (0.175)  (0.212) (0.145)
24-26 yrs -0.030 0.032 0.134 -0.250%* -0.249*  -0.336** 0.008 0.003 -0.080
(0.191)  (0.165) (0.183)  (0.107) (0.118)  (0.119) (0.198)  (0.187) (0.150)
27-29 yrs -0.080 0.047 0.104 -0.123 -0.110 -0.225 -0.122 -0.204 -0.182
(0.174)  (0.155) (0.152) (0.120) (0.129)  (0.122) (0.163)  (0.207) (0.148)
30+ yrs -0.088 -0.145 -0.105 0.002 -0.036 -0.177 0.010 -0.084 -0.004
(0.182)  (0.220) (0.246)  (0.096) (0.119)  (0.126) (0.171)  (0.193) (0.146)
Student X X X X X X X X X
Covariates
Homeroom X X X X X X
Covariates
Teacher X X X
Covariates
School FE X X X X X X X X X
School X X X X X X X X X
clustered SE
Observations 4882 4882 4882 5010 5010 5010 4995 4995 4995
R2 0.598 0.601 0.601 0.701 0.702 0.703 0.608 0.610 0.612

Notes: *** p <0.001; ** p <0.01; * p <0.05. Cells report coefficients and associated standard errors in
parentheses. Each column reports results of a separate ordinary least squares regression where subject
score is regressed against the categorical predictor: teacher experience measured in year bins (0-2 years
omitted). Each sample is estimated three times: the first model accounts for the cubic functions of the
student’s four wave 1 scores (in Chinese, English, math, and CEPS cognitive test) as well as wave 1
demographic characteristics; the second model adds homeroom size and the means of the wave 1
demographics of the student’s homeroom peers, and the third model further adds teacher gender and
indicator of advisor role. All models control for school fixed effects and cluster standard errors at school
level.
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Panel B. Subject self-concept outcomes

Subject Self-Concept
Chinese Chinese Chinese English English  English Math Math Math

3-5yrs 20292  -0.194  -0299  -0.005 -0.115 -0.317* 0314 0215  0.190
(0.247) (0.244) (0.231) (0.139) (0.118)  (0.136) (0.314)  (0.320) (0.306)
6-8 yrs -0.541*  -0.403  -0427  -0.043 -0.152  -0.300*  0.189  0.039  0.051
(0.263)  (0.246) (0.239) (0.133) (0.128)  (0.127) (0.287) (0.269) (0.285)
9-11 yrs -0.358  -0.164  -0.195 -0.010 -0.103  -0.304* 0315 0212 0217
(0.238)  (0.230) (0.230) (0.110) (0.127)  (0.132) (0.314)  (0.312)  (0.309)
12-14 yrs -0.507* -0.358  -0.458 0.086  0.046 -0.202 0.172  0.077  0.090
(0.230)  (0.222) (0.236) (0.121) (0.123)  (0.134) (0.292) (0.273) (0.279)
15-17 yrs -0.301  -0.203  -0.090 -0.025 -0.272  -0.465** 0.101 0.028  0.059
(0.230)  (0.227) (0.224) (0.133) (0.148)  (0.146) (0.300)  (0.291)  (0.295)
18-20 yrs -0.504* -0331  -0359 0.086  -0.053  -0.295*  0.086  -0.043  -0.062
(0.231)  (0.226) (0.234) (0.133) (0.133)  (0.135) (0.289) (0.272) (0.274)
21-23 yrs -0.412 -0266 -0381 0.024  -0.096 -0.290*  0.161 0.112  0.118
(0.231)  (0.228) (0.231) (0.124) (0.120)  (0.127) (0.298)  (0.290) (0.292)
24-26 yrs -0.566* -0.427  -0.307 -0.150 -0.184  -0.376*  0.033  0.072  0.039
(0.274)  (0.280) (0.267) (0.148) (0.149)  (0.144) (0.310)  (0.321)  (0.307)
27-29 yrs -0392  -0.159  -0.153  0.086  0.014 -0.238 0.043  -0.037 -0.011
(0211)  (0.234) (0.225) (0.166) (0.140)  (0.142) (0.288)  (0.285)  (0.290)
30+ yrs -0.465* -0319  -0475 0.160  -0.029  -0.339* 0279  0.266  0.349
(0.181)  (0.231) (0.267) (0.139) (0.148)  (0.154) (0.301) (0.286) (0.302)
Student
Covariates X X X X X X X X X
Homeroom
Covariates X X X X X X
Teacher
Covariates X X X
School FE X X X X X X X X X
School
clustered SE X X X X X X X X X
Observations 4882 4882 4882 5010 5010 5010 4995 4995 4995
R2 0.079 0.083 0.087 0.255  0.258 0.261 0241 0245  0.246

Notes: *** p <0.001; ** p <0.01; * p <0.05. Cells report coefficients and associated standard errors in
parentheses. Each column reports results of a separate ordinary least squares regression where subject
self-concept is regressed against the categorical predictor: teacher experience measured in year bins (0-2
years omitted). Each sample is estimated three times: the first model accounts for the cubic functions of
the student’s four wave 1 scores (in Chinese, English, math, and CEPS cognitive test) as well as wave 1
demographic characteristics; the second model adds homeroom size and the means of the wave 1
demographics of the student’s homeroom peers, and the third model further adds teacher gender and
indicator of advisor role. All models control for school fixed effects and cluster standard errors at school
level.
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CHAPTER III. CAUSAL IMPACTS OF TEACHER-STUDENT RELATIONSHIPS ON
STUDENT ACADEMIC OUTCOMES, AND THE ROLE OF TEACHER-ADVISORS
Introduction

The benefits of teacher-student relationships (TSRs) are well theorized from attachment,
motivation, and sociocultural perspectives (Davis, 2003; Roorda et al., 2011). Researchers have
long observed that positive TSRs are associated with reduced disciplinary problems (Crosnoe et
al., 2004; Quin, 2017), enhanced psychological engagement and school attachment (Quin, 2017),
and increased academic performance (Lee, 2012; Roorda et al., 2011). The overall correlations
between positive TSRs and better student outcomes were found to be medium to large in several
systematic literature reviews (e.g., Christensen, 1960; Cornelius-White, 2007; Quin, 2017,
Roorda et al., 2011). Not surprisingly, many researchers, policymakers, educators, and parents
hold a fairly strong intuition that “Kids don’t learn from people they don’t like” (Aspy et al.,
1977) and believe affective education increases school productivity (Aspy and Roebuck, 1982).

From a policy and economic perspective, if teacher-student relationships do have
positive, causal effects on student performance, it will be one of the most cost-effective ways to
boost school outcomes because most of the commonly implemented relationship-building policy
initiatives such as integrating advising or mentoring responsibilities into teachers’ roles, teacher
preparation or on-site professional development trainings focusing on interpersonal skills and
social-emotional learning strategies, introducing relationship measures into teacher evaluation,
etc., usually require fewer resources than traditional school reform initiatives such as hiring high-
performing building leaders or teachers, and reducing class sizes, student-teacher ratios, or

student-counselor ratios.
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Unfortunately, existing literature on TSR is overwhelmingly correlational. For example,
Roorda et al. (2011) reviewed 99 studies and found that most of them used cross-sectional
designs and none supported causal inference. The same pattern was documented in the other two
literature review studies, Cornelius-White (2007) and Quin (2017). Compared to correlational
studies, experimental evidence on the effects of TSR is extremely scarce (Moore et al., 2019). To
my knowledge, only a few small-scale, experimental studies provided some potential channels
through which TSR may influence student learning. For example, mentoring supports from
teachers (e.g., setting academic goals, developing learning strategies, progress reviews, and
positive feedback) were found to significantly improve student academic outcomes such as GPA
at school (Murray & Malmgren, 2005).

Indeed, whether and to what extent TSRs affect student academic performance is a
challenging research question: it cannot be answered by directly comparing the average
performance of students who have positive relationships with their teachers and that of who do
not, because unobserved differences between these two groups introduce bias into the estimation.
For instance, highly motivated or socioeconomically advantaged students often form more
positive relationship with their teachers; if they can successfully sort to teachers before or during
the school year, the differences in academic outcomes between these students and their peers are
attributable to their motivation or family wealth (and potentially more confounding factors)
rather than TSR. In addition to confounding issues, reverse causality also creates substantial
threats to internal validity; if high performing students tend to form more positive relationship
with teachers, the observed relationships between TSR and student outcomes will be

contaminated by the effects from student performance to TSR.
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Education experiments overcome these methodological barriers by randomly assigning
teachers and students to different levels of TSR but face incredible practical and ethical issues;
thus, to my knowledge, have never been done at scale in any countries. I venture into this frontier
by implementing a quasi-experimental design, where different levels of TSR are defined by an
exogenous shock rather than the self-selection of teachers and students. This approach is
arguably one of the best alternatives to education experiments and importantly, is possible to
conduct at-scale with observational data.

Specifically, I leverage a natural experimental condition in Chinese junior high schools
(grades 7-9) where students were randomly assigned to teachers upon their entry to 7th grade and
some of them were randomly assigned to a dual-role teacher-advisor (a teacher that not only
teaches a core content subject but also formally serves as the student’s advisor). Based on
extended attachment theory (Birch & Ladd, 1997; Pianta, 1999) and social-emotional learning
literature (Elias et al., 1997), being taught by advisor may positively affect student’s relationship
with teacher, and, since it is a condition randomly assigned to student, it may serve as an ideal
instrumental variable (IV) to identify an exogenous portion of variance in TSR then further
identify the causal relationship from TSR to student outcomes. In other words, using an
instrumental variable estimation (IVE; e.g., Angrist et al., 1996; Angrist & Krueger, 2001;
Baiocchi et al., 2014; Bound et al., 1995; Staiger & Stock, 1997) approach, I am able to identify
TSR effects without explicitly controlling for numerous omitted variables that also influence
student outcomes.

In this large-scale, longitudinal, quasi-experimental study, [ answer two main research

questions: (1) whether—and to what extent—being taught by a teacher-advisor affects teacher-
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student relationships and academic outcomes in China? and (2) whether—and to what extent—
teacher-student relationships affect student academic outcomes in China?

Literature Review
Teacher-Student Relationship and Student Learning

The theoretical framework for the TSR effects on students learning is well-developed in
the literature. The extended attachment theory literature (Birch & Ladd, 1997; Pianta, 1999)
posits teachers as potential attachment figures to students at school (Rhodes et al., 2006). The
central idea of attachment theory is that children’s emotional safety toward their mother allows
them to explore their environment and develop social and cognitive competencies (Bowlby,
1969). Extending this mechanism into a school setting, it is expected that if a similar emotional
bond is established between teachers and students, students will build confidence and motivation,
become more engaged in learning activities, and actively develop academic skills (Birch & Ladd,
1997; Roorda et al., 2011; Pianta et al, 2012). Furthermore, the social-emotional learning
literature also sheds light on one of the mechanisms through which TSR may impact student
learning. A positive learning environment will help students become social-emotionally
competent (Elias et al., 1997) and students’ emotional attachment to school and engagement in
classroom are critical components that influence student performance (Becker & Luthar, 2002;
Hoffman, 2009).

The close relationship between TSR and student outcomes has been long-observed and
well-documented by researchers. There have been two literature review studies since Davis
(2003) highlighted the strong associations between TSR and student social and cognitive
development. Cornelius-White’s (2007) meta-analysis on 119 papers from six nations identified

an overall substantial, positive association between teacher-student relationship and student
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cognitive outcomes (e.g., achievement, perceived achievement, grades, 1Q, etc.). Roorda et al
(2011) conducted a meta-analysis of 92 articles from five regions and nations and found that the
positive relationship between teachers and students was positively associated with students’
school engagement and achievement. Although few of these three literature reviews and the
studies they synthesized were able to establish a causal linkage from TSR to student outcome,
they contributed to our current understanding of TSR and inspired various policy initiatives at
local, national, and international level to use TSR as a leverage to boost student outcomes.
Teacher Advising and Student Learning

Given the suggestive evidence on the potential benefits of positive teacher-student
relationships and separate evidence on the potential of guidance counseling for secondary
students (Carrell & Hoekstra, 2014; Hurwitz and Howell 2014; Mulhern, 2020), many school
systems across the world have implemented some form of an advisory program. While advisory
programs assume many forms, they generally follow a format in which an advisor is assigned to
a small group of students to provide individualized support on students’ academic and personal
developments (Galassi et al., 1997; McClure et al., 2010). In classroom-based school systems
(e.g., the U.S.) where students are selected to teachers based on students’ own schedule, a
student’s advisor may or may not be their classroom teacher. In homeroom-based school systems
(e.g., China) where students are grouped in homerooms and share a common homeroom
schedule, a homeroom’s advisor is one of their core content teachers. Whereas advisory
programs vary considerably across school settings and even schools under the same setting, they
share the common theory of change — teacher advising is correlated with improved TSR and

enhanced student outcomes.
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In the U.S., advisory programs have been an evidence-based junior high school
movement starting from the past century. Some states and education agencies leveraged various
policies to reenforce the teacher advisement implementation, for example, Florida passed
legislation in the 1980s to fund junior high school advisory programs (Galassi et al., 1997).
Advisory programs had also been advocated by the National Association of Secondary School
Principals (NASSP) and been integrated into multiple school reform efforts such as the Model
Schools Project, IDEA’s Individually Guided Education, and the Reform in Secondary
Education Project in California. To date, teacher advising still serves as a complement to the
school counseling system in many schools across the nation.

Unlike the school counseling programs implemented by systematically trained
professionals under national or state guidelines, however, school advisory programs vary
considerably from school to school, even under the same education system and settings. Subject
to local policy, advisory programs may be designed to meet one or multiple student needs such
as personal advocacy, group identity, development guidance, invigoration, academic
performance, and general school business (Galassi et al., 1997), and teacher-advisors’
responsibilities are difficult to universally define or clearly categorize. As a result, advisory
program evaluation studies suffer from the substantial lack of uniformity across advisory
programs, data limitation due to the small scopes of implementation, and methodological
weaknesses in addressing omitted variable bias created by the prevalent sorting between advisors
and students (Galassi et al., 1997). It is no surprise that advisory is an extremely understudied
area and that within the scarce literature, findings are considerably inconclusive and mixed
(Galassi et al., 1997; McClure et al., 2010) with only very few, small-scale experimental studies

highlighting that supports from teachers (e.g., setting academic goals, developing learning
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strategies, progress reviews, and positive feedback) significantly improve student academic
outcomes such as GPA at school (Murray & Malmgren, 2005).

The existing literature on teacher advising conducted in Chinese education context is
even more limited. In Wang and Yang (2021), the most relevant work to this paper, the authors
exploited the random teacher-student assignment in the data and found that “homeroom
teachers” (or teacher-advisors in the current study) had positive impact on student academic
outcomes (measured by a pooled raw score in three core subjects, Chinese, English, and math).
In their exploratory analysis, they found that classroom teacher-student relationships might be
the potential mechanism through which these advisor effects generated. In other words, Wang
and Yang (2021) add evidence to the theory of change underlying advisory programs: teacher
advising is reliably correlated with improved teacher-student relationship and enhanced student
outcomes, which provide supportive information to the assumptions I make in my IV estimation.
Another relevant but more peripheral study, Chen and Zhao (2022), found that the administrative
duties of homeroom teachers, such as grade-level instruction team leadership and department
head significantly curbed student performance.

Background and School Settings

I conduct my research in China and identify my population of interest as Chinese public
junior high school (grades 7-9) students and their core content teachers based on a critical policy
consideration: Chinese public junior high schools are under a national law that drives the
implementation of random assignment of teachers to students. To contextualize this natural
experiment, it is helpful to note that China and many other countries such as France, Germany,
India, Israel, Japan, and South Korea share a homeroom-based school system, which is different

than the classroom-based settings in the U.S., UK, and many Western countries. Specifically,
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unlike in the U.S. where each student has their own schedule and attends different classrooms
each school day, Chinese students are grouped into homerooms, put on a shared homeroom
schedule, and assigned a group of subject teachers who rotate to the homeroom to teach.
Among the group of subject teachers, one of them formally serves as the homeroom’s
advisor (or teacher-advisor, see Galassi et al, 1997 for more interchangeably used terms for this
role). As a result, a natural comparison condition is formed between students who are taught by
traditional teachers and those taught by teacher-advisors, in a given content subject, e.g., math.
To fully understand the widespread presence of teacher-advisors, it is helpful to know that school
guidance counselor is not a professional position in China, therefore in compensating for this
policy void, every homeroom in the country has a formal teacher-advisor in position to
implement a comprehensive advisory program. According to the Ministry of Education’s
regulations of teacher-advisors in 2009 (henceforth referred to as 2009 Regulation; See
Appendix B2 from the previous chapter for more details), these advisory programs generally
integrate four core components: moral education, student discipline, student development, and
mentoring. Acting on these responsibilities and utilizing the weekly advisory periods as
opportunity of social-emotional learning, teacher-advisors play a significant role in students’
school life and often form much closer relationships with advisees than traditional teachers do.
Throughout all years in which students attend the same school, students typically remain
grouped with their original homeroom cohorts. Their teacher-advisor and core content teachers
(especially in subject areas that require three-year curriculums) are encouraged to follow the
homerooms rising to higher grades to gain familiarity of the full junior high curricula and
teaching materials. This is particularly true for teachers who teach Chinese (language arts),

English (nationally mandated foreign language), and math — the only three core subjects that not
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only require a full three-year education but also have larger weights over other subjects (such as
history, political studies, physics, chemistry, geometry, biology, etc.) in the high-stakes high-
school entry exam upon students’ graduation. In conjunction, although folk knowledge suggests
that all subject teachers are expected to serve on this role when they are needed and their
personal situation allows them to, the majority of teacher-advisors are Chinese, English, and
math teachers so that it will be convenient for them to follow the homeroom cohort rising to
higher grades and maintain a stable homeroom ecosystem.

Natural Experiment Background

In 2006, with great attention to education equality, the Compulsory Education Law
(henceforth referred to as the 2006 Law; see Appendix B1 for more details) called off student
tracking at all compulsory education levels (grades 1-9) and effectively eliminated national-,
province-, and district-level academic exams below grade 9. The 2006 Law has stimulated a
trend of random assignment of teachers to students across the nation, which was captured seven
years later in the first nationally representative educational survey, the China Education Panel
Survey (CEPS): 83 percent of the randomly sampled schools across the nation reported that they
randomly assigned teachers to students upon students’ entry to junior high school.

Both from the literature (e.g., Xu et al., 2022) and folk knowledge, the common teacher-
student assignment approach has been that, supervised by local education departments, schools
create either random or stratified homerooms of students upon students’ entry to school, and then
randomly assign teacher groups to homerooms (teachers are often assigned to multiple groups
depending on their workload, for example, a math teacher is typically assigned to two
homerooms because two classes per day, five days per week is the total full time equivalent

workload for a junior high school math teacher). Adding to the validity of the random
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assignment, local education departments typically review their public schools every year to
check whether there are violations of the 2006 Law. Their strategies vary but many may require
schools to submit a copy of their original homeroom rosters for the purpose of documentation.
Others may conduct a student and/or parent survey or conduct more detailed school reviews in
occasions when parents complain about unlawful student tracking or kids being discriminated
against during homeroom assignment. These policy regulations greatly reinforce the validity of
random assignment and in turn help it become an educational norm accepted by students,
parents, and educators across the nation. This random assignment is crucial to my identification
strategy and more evidence will be presented in further details in the Method section.
Data and Measures

The data information and sample restriction process for this article are largely identical
with those in the previous chapter.
Key Variables

Predictor Variable. To measure TSR, I retrieve three items from CEPS student survey
that ask the student if their Chinese, English, or math teacher often praises them, asks questions
of them, and pays attention to them in classroom. All items were rated on a 4-point Likert-scale
ranging from “strongly disagree” to “strongly agree”. I performed a principal component
analysis (PCA) to uncover the construct(s) underlying the three items and present results in
Appendix Table Al. Across three subjects, the first component was the only component with
corresponding eigenvalue above one and explains more than 70 percent of the total variation in
all three items. Given the robustness of the PCA results and the approximately equal weighting
of all items, using first component or the average of the three items should not return different

estimates. To promote interpretation, in my main analyses, I follow Garrett and Steinberg (2015)
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and take the mean of the three items to create a single index of TSR, then standardized it to be
mean zero and unit variance within each subject, each school. I used the PCA first component
measure of TSR in my robustness checks to confirm the findings in my main analysis.

Instrumental Variable. I use a single IV variable, a dichotomous variable coded one for
students whose teacher was also their homeroom advisor and zero otherwise.

Outcome Variables. In each of the three subjects (Chinese, English, and math), student
academic outcomes are measured by two variables, both of which contain unique information on
student learning. First, I use students’ subject-matter test score on school-administered mid-fall
semester exam (obtained from students’ school records). The second outcome variable is subject
self-concept. The proxy I use is students’ response to a 4-point Likert-scale survey item asking
whether the subject is difficult. I reverse code the variable to represent four levels of self-
concept: zero (very low), one (low), two (high), and three (very high). Note that both variables
are standardized to be mean zero and unit variance within each school.

Covariates. [ draw from wave 1 data three groups of covariates at the student-,
homeroom-, and teacher-level to improve estimation precision. Student-level covariates include
student wave 1 Chinese, English, math, and CEPS cognitive test scores as well as demographic
characteristics including gender, age, single-child status, rural residency, migrant-worker family
status, mother and father’s total years of education, and family wealth (three categories including
low-income, middle-class, and wealthy). The homeroom-level covariates include homeroom size
and the homeroom means (leave-one-out mean, i.e., excluding self for each observation) of
student characteristics. The teacher-level covariates include teacher gender, age, education

attainment, and experience.
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Missing Data

Within each of the analytic sample schools (N = 63), I matched students with core
content teachers and obtained separate samples for Chinese, English, and math, then examined
the missingness. The proportion of missingness on IV was 0.92% for Chinese sample and zero
for the other two subjects. The predictor variable was missing at 0.79%, 1.06%, and 0.75% for
Chinese, English, and math sample, respectively. Across three subjects, on outcome variables,
standard score and self-concept, the range of missing rate is 1.08%-1.19% and 0.48%-0.54%. On
student and teacher covariates, the missing rate is all below 2% except for three variables:
student age, teacher age, and teaching experience, the highest missing rate is 2.42%, 2.25%, and
4.78%, respectively, across three subjects. Because of the relatively large sample size and small
missingness, | assume this missingness is completely at random and drop all observations that
have any missing value on IV, predictor, and outcome variables. I replace missing values on
other variables with homeroom mean (for student covariates) or school mean (for teacher
covariates).

The final sample size for Chinese, English, and math is 5,055, 5,080, and 5,105 students,
respectively. Summary statistics of key variables are presented in Table 2.1. Note that the sample
size and descriptive statistics of key variables are similar across three subjects with one
exception, students seemed to be slightly more likely taught by teacher-advisor in math than in

the other two subjects.
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Table 2.1. Analytic sample summary statistics

Key Variables Chinese Sample English Sample Math Sample
N = 5,055 N = 5,080 N =5,105

Predictor Variable

TSR 0.00 (1.00) 0.01 (0.99) 0.00 (0.99)

Instrumental Variable

Taught by teacher-advisor 28.11% 27.64%% 31.38%

Outcome Variables

Score 0.00 (0.99) 0.00 (0.99) 0.01 (0.99)

Self-concept 0.00 (0.99) 0.00 (0.99) 0.00 (0.99)

Notes: Cells report mean and standard deviation for continuous variables and percentage of each category
for categorical variables.

Method

Identification Strategy

The exogenous variation in TSR is the key to my identification strategy and it relies on a
critical assumption is that the assignment of teachers and students was random so that students
taught by advisors and non-advisor teachers were not systematically different in wave 1. Indeed,
the random assignment of students and teachers is not only enforced by the 2006 Law and
reported by the surveyed schools (discussed in Background section), but also confirmed in the
data. Specifically, I conduct a series of student covariates balance checks within each subject by
regressing the instrumental variable, the indicator of being taught by teacher-advisor, against
wave 1 student covariates while controlling for school fixed effects and clustering standard
errors at school level. I show results in Table 2.2 and highlight that, both individually and jointly,
students’ wave 1 scores and other socioeconomic variables did not predict whether or not the
student was assigned for their subject-matter class to a teacher-advisor.

The only exception is that students’ same-subject wave 1 score was significantly
correlated with being taught by an advisor, i.e., students having higher wave 1 math scores were

significantly more likely taught by advisors who taught math, same as to Chinese and English.
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Recall that wave 1 scores measure student performance on mid-fall semester exams, by that time,
students had been in advisors’ classroom for half a semester (2-3 months). Thus, one might
conclude that this indicates the possibility of students with either better learning ability or
stronger motivation of learning a subject, say, math, sorting to math teacher-advisors during that
first half semester. I cannot rule out this possibility. However, noting the small magnitude of the
coefficients and the insignificant coefficients of other variables that are also correlated with
academic ability and motivation, I argue that these estimates are more likely capturing the
potential effects of being taught by advisor for a short period of time (although unfortunately,
without prior ability controls and careful modeling, these coefficients cannot be directly
interpreted as teacher-advisor effects). Based on this reasoning, I argue that the critical
assumption to my identification strategy was largely verified: students assigned to learn in
subject classes with teacher-advisors were not systematically different from their school peers in

observable ways.
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Table 2.2. Covariates balance check: regressions of being taught by teacher-advisor on student
wave | covariates

Being taught by teacher-advisor

Chinese Sample English Sample Math Sample
Wave 1 Chinese 0.026* -0.013 -0.013
(0.011) (0.012) (0.013)
Wave 1 English -0.017 0.045** -0.026
(0.015) (0.015) (0.017)
Wave 1 Math -0.024 -0.023 0.039*
(0.013) (0.014) (0.016)
Wave 1 cognitive -0.005 0.007 0.018
(0.008) (0.016) (0.016)
Female -0.006 -0.005 0.010
(0.009) (0.007) (0.009)
Age 0.008 -0.015 0.022
(0.011) (0.012) (0.016)
Rural residency -0.011 -0.004 0.000
(0.013) (0.011) (0.014)
Only child -0.010 0.000 -0.009
(0.009) (0.012) (0.012)
Migrant family -0.006 -0.009 0.014
(0.012) (0.011) (0.012)
Mother education (years) 0.004 -0.003 0.001
(0.002) (0.002) (0.002)
Father education (years) 0.001 0.001 0.001
(0.002) (0.002) (0.002)
Family income -0.007 0.010 0.013
(0.009) (0.010) (0.011)
School FE X X X
School clustered SE X X X
F-Statistics 1.484 1.416 1.527
(df =12; 62) (df =12; 62) (df =12; 62)
Observations 5055 5080 5105
R? 0.541 0.598 0.466

Notes: *** p <0.001; ** p <0.01; * p < 0.05. Cells report coefficients and associated standard errors in
parentheses. Each column reports results of a separate ordinary least squares regression where the
instrumental variable, the indicator of being taught by homeroom advisor, is regressed on wave 1 student
score measures and characteristics. All models control for school fixed effects and cluster standard errors
at school level.
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Instrumental Variable Estimation

To overcome the endogenous issue related to my predictor variable TSR, I leverage the
random assignment of teacher-advisors to students to identify a portion of variance in TSR that
was uncorrelated with potential outcomes and use only this portion (rather than the endogenous
TSR) to obtain asymptotically unbiased estimates of TSR effects on student academic outcomes.
Intuitively, the IV, being taught by advisor, serves as “a haphazard push to accept a treatment
where the push can affect the outcomes only to the extent that it alters the treatment received”
(Yang et al., 2014) — therefore to statistically parse out the exogenous variation in TSR. Thus,
my estimate of TSR effect is considered asymptotically unbiased under three critical
assumptions: exogeneity, relevance, and exclusion restriction. The first assumption, exogeneity
assumption — being taught by advisor was uncorrelated with the residuals in neither the
regression equation of the reduced form (regression of outcome on I'V) nor the first stage
(regression of TSR on IV) — was warranted by my identification strategy discussed earlier.

To meet the relevance assumption, being taught by advisor must be (relatively) strongly
correlated with TSR. Since advisor programs are designed to provide students individualized
support and promote connections between advisors and advisees, students are expected to
perceive more positive TSR in their advisors’ than in traditional teachers’ classroom. This
expectation was confirmed in my data. Specifically, I show in Table 2.3 evidence that being
taught by advisor significantly increased TSR by more than 0.2 standard deviations (SD)! in
language subjects (Chinese and English). In other words, being taught by advisor meets the
relevance assumption for an instrument in Chinese and English.

In the math sample, unfortunately, as shown in the last three columns of Table 2.3, the

policy initiative of assigning advisors to students in hopes of improving TSR did not see the
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intended effects. This suggests that math teachers may influence students’ academic outcomes
through channels that beyond relationship building, which is potentially related to how Chinese
students are tested in math: the nation does not allow any calculator usage in high-stakes high-
school and college entry exams. Consequently, students often score higher by accurately perform
complex hand calculations, they are used to improve their math scores by repeated practicing,
and it is not uncommon that math teachers improve students’ performance by assigning large
amount of homework and overpreparing students for exams. Regardless these reasons, being
taught by advisor did not meet the relevance assumption therefore could not serve as a valid [V
in math subject. The causal impact of TSR on students’ math outcomes remains unknown

throughout this study.

1. Although this effect size is considered educationally meaningful, it is not statistically large enough for being
taught by advisor to be a strong IV. One may notice from the 2SLS estimates in Table 2.6 that the first-stage F
statistics, or Kleibergen-Paap rk Wald F statistics (Kleibergen & Paap, 2006) were all close to or below 10,
indicating that being taught by advisor is a weak IV. However, since I only have one IV and one predictor, i.e., the
number of instruments is equal to the number of endogenous predictor of interest, the bias of 2SLS regression is
“approximately zero” (Angrist & Krueger, 2001). To conclude, although being taught by advisor is a weak
instrument that may inflate the standard errors of the point estimates, it is unlikely to bias my 2SLS estimation,
therefore I will proceed with this IV in Chinese and English samples
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Table 2.3. Effects of being taught by teacher-advisor on teacher-student relationship

Teacher-Student Relationship

Chinese Chinese Chinese English English English Math Math Math
Taught by advisor 0.202%** 0.218** 0.211%** 0.130 0.182** 0.208** 0.037 0.037 0.025

(0.072) (0.082) (0.077) (0.072) (0.063) (0.069) (0.079) (0.076) (0.074)
Student Covariates X X X X X X X X X
Homeroom Covariates X X X X X X
Teacher Covariates X X X
School FE X X X X X X X X X
School clustered SE X X X X X X X X X
Observations 5055 5055 5055 5080 5080 5080 5105 5105 5105
R2 0.019 0.024 0.025 0.038 0.042 0.045 0.009 0.013 0.016

Notes: *** p < 0.001; ** p <0.01; * p <0.05. Cells report coefficients and associated standard errors in parentheses. Each column reports results
of a separate OLS regression where the predictor of interest, teacher-student relationship, is regressed against the instrumental variable, the
indicator of being taught by teacher-advisor. Each sample is estimated three times: the first model accounts for the cubic functions of the student’s
four wave 1 scores (in Chinese, English, math, and CEPS cognitive test) as well as wave 1 demographic characteristics including gender, age,
single-child status, rural residency, migrant-worker family status, mother and father’s total years of education, and family wealth; the second
model adds homeroom size and the means of the wave 1 demographics of the student’s homeroom peers, and the third model further adds teacher
gender, age, education attainment, and experience. All models control for school fixed effects and cluster standard errors at school level.
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The last assumption, exclusion restriction, requires that being taught by advisor only
impacts student learning through TSR. This assumption is known to be “untestable” and may be
challenged if having a teacher-advisor systematically affected student outcomes without altering
TSR. The biggest threat to this assumption is selection to teacher-advisor role, in other words, if
schools consistently assigned more effective teachers to be homeroom advisors, then the IV
estimates of the TSR effects on student performance will be biased. I recognize that directly
testing this assumption is nearly impossible due to the fact that not all the homerooms were
selected within each school. Acknowledging this limitation and the fact that two homerooms
were randomly selected from each school and all schools were randomly selected from the
nation, I reasonably relax this assumption to be that teacher-advisors and non-advisor teachers
are not systematically different on variables that are associated with student academic outcomes.

This assumption is likely warranted based on two main reasons. Firstly, the 2009
Regulation only requires advisors to have mentoring and communication skills (see Appendix B2
of last chapter) — which are not pedagogical nor content specific, and folk knowledge among
educators suggests that advisor appointment decision is finalized by teachers themselves and
often hinges on their availability (e.g., health and family conditions) and willingness to take on
such a committed role. Moreover, a wave 1 teacher characteristics balance check (Appendix
Table A2) shows that, in my analytic sample, there was no systematic difference between 104
advisors and 251 non-advisor teachers in terms of pre-existing characteristics such as gender,
age, teaching experience, education attainment, and subject area. Although this analysis only
demonstrates that these two teacher groups do not differ based on observables and cannot rule
out the possibility that the two groups may differ in unobserved ways, it makes this difference

less plausible.
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There may be another potential threat to the exclusion restriction if teacher-advisors
impact students’ performance by improving parents’ involvement and investment in their
children’s education without altering classroom teacher-student relationships. Research has
documented the positive relationship between parental involvement and student academic
achievements (Fan & Chen, 2001) and home-based parental involvements such as family
resources and study aids are more common in an Asian society (Ho, 2003). Due to the advisor
role, teacher-advisors often have more direct and frequent communications with parents than
traditional teachers do and close advisor-parent relationships are not uncommon in China. The
most frequently observed, academically oriented changes in students — such as students who
exhibit misbehaviors or have attention issues behave differently in their advisor’s classroom or
seek after-school tutoring on the subject taught by their advisor — could be results from improved
teacher-student relationships (which would not violate the exclusion restriction assumption) but
would do so if these changes were due to parental influence.

I argue that these potential backdoors are likely not posing a big threat because these
students with disruptive behaviors, attention issues, or access to after-school tutoring are
systematically different from other students in terms of wave 1 academic performance, cognitive
score, and demographical characteristics — all of which have been adjusted for in my estimation.
Nonetheless, I conduct various formats of robustness check and show evidence that findings in
my main analysis hold after accounting for the fixed effects of 1) whether or not the student
reported high frequency of at least one of the three at-risk factors including unable to
concentrate, skipping classes/being absent/ truanting, and copying homework from
others/cheating in exams; and 2) whether or not the student had off-school tutoring on the

estimated subject.
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Based on my identification strategy and estimation approach, I recover the impacts of
TSR on student outcomes by estimating a value-added, two-stage least-squares (2SLS)
regression in the following:

TSRijt = ag (g (Ait-1)) + tADVISOR;jt + 02Xit-1 + a3Pjt-1 + a4Tje1 + 0s + gi (1)

Ait = Bg (g (Ai-1)) + BITSRije + BoXio1 + P3Pit + PaTie1 + 05 + & (2)
where 1, j, s, t denote student, teacher (homeroom), school, year. In equation (1), TSRijt is the
endogenous predictor variable measuring teacher-student relationship and ADVISOR;: is the IV,
the indicator of teacher-advisor. In equation (2), Ait is student i’s academic performance or self-
concept in Chinese or English in year t and TSR is the predicted value of teacher-student
relationship by equation (1). In both equations, g (Ai1) is the cubic functions of student i' s prior
score in Chinese, English, math, and CEPS cognitive test, Xit-1, Pjt1, and Tjt1 are wave 1
student-, homeroom peer-level, and teacher-level covariates in year t-1, and gi and &i are the
idiosyncratic error terms. The coefficient of interest is 1, which is the estimated effect of
teacher-student relationship on student outcome. Note that I control for school fixed effects (8s)
to account for school time-invariant characteristics that include both students’ and teachers’
sorting to schools, then cluster standard errors at the school level to account for the within-school
correlations among residuals. I estimate each of the two subjects, Chinese and English
separately.

Results
Effects of Taught by Advisor on Student QOutcomes
Advisor Effects on TSR (First-Stage Estimation). As discussed in the Method section,
Table 2.3 demonstrates the first-stage of the 2SLS estimates: being taught by teacher-advisor for

a school year (from wave 1 to wave 2) significantly improved TSR in Chinese and English by
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0.211 standard deviation (SD) and 0.208 SD. This indicates that teacher-advisors have the
intended positive effects on student social-emotional aspect of learning therefore being taught by
advisor can be used as an instrument to identify the exogenously defined relationship between
TSR and student outcomes in these two language subject areas (but not math).

Adyvisor Effects on Academic Outcomes (Reduced-Form Estimation). I present in
Tables 2.4 the effects of being taught by a teacher-advisor on student academic outcomes.
Specifically, being taught by advisor significantly improved student English and math score by
0.139 SD and 0.136 SD and increased student self-concept in Chinese and English by 0.216 SD
and 0.178 SD. However, in Chinese test score and math self-concept, the advisor effects were
not significantly different from zero. These findings were robust across three different model
specifications. In Appendix Table A3, I used wave 2 CEPS cognitive test score as alternative
outcome to re-estimate teacher-advisor effect and show evidence that my models did not have
overidentification issues.

Note that compared to Wang and Yang (2021), where the authors used only wave 1
CEPS data and pooled information from three subjects to find positive effects of being assigned
to teacher-advisor’s classroom on both score and self-concept outcomes, my findings add to the
literature in at least two ways. First, [ add important heterogeneity estimates across different
subjects and suggest that the mechanisms underlying advisor effects may be different for math
and Chinese. Second, I estimate advisor effects in a value-added model and by accounting for
student prior year achievements, I not only improve estimation precision but also allow for an
expanded interpretation of my results — the effects of being taught by advisors for a full school

year.
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Table 2.4. Effects of being taught by advisor on student academic outcomes

Subject Score

Chinese ~ Chinese ~ Chinese  English English English Math Math Math
. 0.050 0.042 0.043 0.100%** 0.133%** 0.139%** 0.114%** 0.119%* 0.136**

Taught by advisor

(0.048) (0.054) (0.053) (0.032) (0.036) (0.040) (0.041) (0.042) (0.039)
Student Covariates X X X X X X X X X
Homeroom Covariates X X X X X X
Teacher Covariates X X X
School FE X X X X X X X X X
School clustered SE X X X X X X X X X
Observations 5055 5055 5055 5080 5080 5080 5105 5105 5105
R2 0.598 0.600 0.601 0.704 0.705 0.705 0.608 0.610 0.611

Subject Self-Concept
Chinese Chinese Chinese English English English Math Math Math
. 0.222%%* 0.218** 0.216%* 0.161** 0.208*** 0.178%** 0.056 0.038 0.016

Taught by advisor

(0.067) (0.076) (0.077) (0.052) (0.044) (0.045) (0.050) (0.046) (0.040)
Student Covariates X X X X X X X X X
Homeroom Covariates X X X X X X
Teacher Covariates X X X
School FE X X X X X X X X X
School clustered SE X X X X X X X X X
Observations 5055 5055 5055 5080 5080 5080 5105 5105 5105
R2 0.081 0.085 0.086 0.261 0.265 0.265 0.237 0.240 0.245

Notes: *** p < 0.001; ** p<0.01; * p <0.05. Cells report coefficients and associated standard errors in parentheses. Each column reports results
of a separate OLS regression where the outcome variable (score or self-concept), is regressed against the instrumental variable, the indicator of
being taught by teacher-advisor. Each sample is estimated three times: the first model accounts for the cubic functions of the student’s four wave 1
scores (in Chinese, English, math, and CEPS cognitive test) as well as wave 1 demographic characteristics including gender, age, single-child
status, rural residency, migrant-worker family status, mother and father’s total years of education, and family wealth; the second model adds
homeroom size and the means of the wave 1 demographics of the student’s homeroom peers, and the third model further adds teacher gender, age,
education attainment, and experience. All models control for school fixed effects and cluster standard errors at school level.
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Table 2.5. Naive estimates of the relationship between TSR and student academic outcomes

Subject Score
Chinese ~ Chinese ~ Chinese  English English English Math Math Math
0.053%**  (0.054%**  (0.054***  0.089***  (.089*** 0.089%** 0.051%%*  0.050***  0.049***

TSR

(0.011) (0.011) (0.010) (0.010) (0.010) (0.010) (0.010) (0.010) (0.010)
Student Covariates X X X X X X X X X
Homeroom Covariates X X X X X X
Teacher Covariates X X X
School FE X X X X X X X X X
School clustered SE X X X X X X X X X
Observations 4882 4882 4882 5010 5010 5010 4995 4995 4995
R2 0.599 0.602 0.602 0.701 0.702 0.703 0.608 0.609 0.612

Subject Self-Concept

Chinese Chinese Chinese English English English Math Math Math
TSR 0.200%**  (0.202%**  (0.202%**  (.195%**  (.194%** 0.194%** 0.161%***  Q.161*** (.158***

(0.016) (0.016) (0.016) (0.017) (0.017) (0.017) (0.017) (0.017) (0.016)
Student Covariates X X X X X X X X X
Homeroom Covariates X X X X X X
Teacher Covariates X X X
School FE X X X X X X X X X
School clustered SE X X X X X X X X X
Observations 4882 4882 4882 5010 5010 5010 4995 4995 4995
R2 0.077 0.081 0.084 0.253 0.256 0.260 0.237 0.241 0.241

Notes: *** p < 0.001; ** p <0.01; * p <0.05. Cells report coefficients and associated standard errors in parentheses. Each column reports results
of a separate OLS regression where the outcome variable (score or self-concept), is regressed against TSR, the predictor of interest. Each sample is
estimated three times: the first model accounts for the cubic functions of the student’s four wave 1 scores (in Chinese, English, math, and CEPS
cognitive test) as well as wave 1 demographic characteristics including gender, age, single-child status, rural residency, migrant-worker family
status, mother and father’s total years of education, and family wealth; the second model adds homeroom size and the means of the wave 1
demographics of the student’s homeroom peers, and the third model further adds teacher gender, age, education attainment, and experience. All
models control for school fixed effects and cluster standard errors at school level.
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Naive Estimates of Relationship Between TSR and Student Learning

For comparison (to both existing literature and quasi-experimental evidence in the
following) purposes, Tables 5 summarizes the relationship between TSR and student academic
outcomes estimated by ordinary least squares (OLS) regression that accounts for school-fixed
effects and clustering of standard errors. Consistent with the existing correlational literature,
across all three subjects, TSR was significantly associated with increased academic outcomes,
only the effect sizes for score outcomes (0.054, 0.089, and 0.049 SD in Chinese, English, and
math, respectively) were much smaller than those in the literature (e.g., Cornelius-White, 2007),
which is likely due to the improvement in my estimation precision (in particular, adding cubic
functions of wave 1 scores in same and other subjects as well as cognitive test). On the other
hand, TSR seemed to be more strongly related to student self-concept (0.202, 0.194, 0.158 SD in
Chinese, English, and math, respectively) than to score and the effects sizes can be considered
medium to large. These findings persisted when I estimated the model three times with each time
adding one more set of student-, homeroom peer- and teacher-level covariates. To be clear, these
OLS estimates are confounded by theoretically countless omitted variables and should not be
interpreted as causal.
IV Estimates of TSR Effects on Academic Outcomes

Based on my identification strategy, the statistically adjusted estimates obtained from the
value-added, 2SLS regression approach can be interpret as the causal effects of TSR on student
learning. Table 6 reports the effects of TSR on student outcomes estimated by 2SLS regression
that accounts for school-fixed effects and clustering standard errors at school level. I found that
after correction for bias, one SD increase in TSR improved students’ Chinese self-concept by

approximately one SD (95% CI: 0.468-1.578) whereas on Chinese score, the estimate was
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educationally meaningful (0.202 SD, 95% CI: -0.300-0.704) but very imprecise. In English
classrooms, TSR positively affected both score and self-concept: one SD increase in TSR
improved student score by 0.665 SD (95% CI: 0.022-1.308) and self-concept by 0.855 SD (95%
CI: 0.153-1.557). These findings were robust across three model specifications that add different
sets of student-, homeroom peer-, and teacher-level covariates from wave 1.

These finding held true across a rich sets of robustness checks (Appendix Table A4, AS,
and A6) using the same 2SLS regression: in Table A4, I add disruptive behavior or attention
issue fixed effects; in Table A5, I add off-school tutoring fixed effects; in Table A6, I use a
composite measure of TSR from principal component analysis (Appendix Table A1) as
alternative predictor variable. Additionally, in Table A7, I use wave 2 CEPS cognitive test score
as alternative outcome variable to show evidence that my 2SLS approach did not have
overidentification issues.

Discussions and Policy Implications

Teacher is the most important measured aspect of schools in determining student
achievement (Hanushek, 2011) and understanding more about the mechanisms through which
teachers bring meaningful change to student outcomes is of central interests of researchers,
policymakers, and educators. My study adds new, quasi-experimental evidence of the positive
effects of teacher-student relationships on student academic outcomes. Using random assignment
to a teacher-advisor as an instrument in an IV estimation, I found that one standard deviation
(SD) increase in TSR because of the teacher-advisor significantly improved students’ English
score by 0.67 SD and self-concept in English and Chinese by 0.86 SD and 1.02 SD. The
estimated effect of TSR on Chinese score (0.20 SD) was also educationally meaningful but I

could not distinguish it from zero due the relatively large imprecision in the estimates. In all, the
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Table 2.6. 2SLS estimates of TSR effects on student academic outcomes

Subject Score

Chinese Chinese Chinese English English English

TSR 0.246 0.195 0.202 0.768 0.729* 0.665*
(0.248) (0.262) (0.256) (0.480) (0.347) (0.328)
Student Covariates X X X X X X
Homeroom Covariates X X X X
Teacher Covariates X X
School FE X X X X X X
School clustered SE X X X X X X
7.859%* 7.066%* 7.461%* 3.259 8.449%** 0.233%*
Ist stage F-Statistics (df=1; (df=1; (df=1; (df=1; (df=1; (df=1;
62) 62) 62) 62) 62) 62)
Observations 5055 5055 5055 5080 5080 5080
Subject Self-Concept
Chinese Chinese Chinese English English English
TSR 1.100%** 0.999** 1.023*** 1.231 1.144%** 0.855*
(0.403) (0.300) (0.283) (0.680) 0.417) (0.358)
Student Covariates X X X X X X
Homeroom Covariates X X X X
Teacher Covariates X X
School FE X X X X X X
School clustered SE X X X X X X
7.859%* 7.066** 7.46]1%* 3.259 8.449%* 9.233%*
Ist stage F-Statistics (df=1; (df=1; (df=1; (df=1; (df=1; (df=1;
62) 62) 62) 62) 62) 62)
Observations 5055 5055 5055 5080 5080 5080

Notes: *** p <0.001; ** p <0.01; * p <0.05. Cells report coefficients and associated standard errors in
parentheses. Each column reports results of a separate 2SLS regression where the outcome variable, score
or self-concept, is regressed against the exogenously identified (by the instrumental variable) TSR. Each
sample is estimated three times: the first model accounts for the cubic functions of the student’s four
wave 1 scores (in Chinese, English, math, and CEPS cognitive test) as well as wave 1 demographic
characteristics including gender, age, single-child status, rural residency, migrant-worker family status,
mother and father’s total years of education, and family wealth; the second model adds homeroom size
and the means of the wave 1 demographics of the student’s homeroom peers, and the third model further
adds teacher gender, age, education attainment, and experience. All models control for school fixed
effects. Standard errors are clustered at school level.
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fact that language teachers can consistently improve students’ academic performance by using
more praising, asking questions, and attention to individual students (three constructs used as the
proxy for TSR) has promising implications to researchers, policymakers, and educators.

School advisory programs are evidence-based school reform efforts but the
implementations require significant inputs from various parties including local government,
school, teachers, and students, which leads to the critical interests of policymakers and educators
in learning about whether advisors contribute meaningfully to student school outcomes. The
current study adds novel evidence of teacher-advisor effects: being taught by teacher-advisor
significantly improved student English and math score both by 0.14 SD and self-concept in
Chinese and English by 0.22 SD and 0.21SD, with substantial effect sizes compared to the
magnitude of teacher effects in value-added literature, e.g., Hanushek and Rivkin (2010)
reviewed ten rigorous value-added studies leveraging within-school estimation and found that
one SD increase in teacher quality improves student reading and math score by 0.13 and 0.17
SD. Broadly taken, on average, adding an additional advisor role to a content teacher has the
approximately equivalent effects as improving teacher quality by one SD. Taking together the
auxiliary nature of advisor effects, i.e., advisor effects were generated through social-emotional
channels that parallel instruction, my findings have substantial policy implications for school
leaders and educators who seek to redefine teacher’s role in students’ school life and find
additional ways to impact students’ learning beyond traditional classrooms.

There are at least four critical suggestions to appropriately interpret the findings of this
study. First, I was not able to estimate TSR effects in math subject area but my findings do not
suggest in any way that math teachers do not have causal effects on students. Since only the

variation responding to the instrumental variable was used in the estimation and in math
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classrooms, TSRs did not differ between teacher-advisors and non-advisor teachers, the IV
estimation did not produce any meaningful results for math teachers. Second, different IVs may
lead to different estimates of effects because the [V estimates are “localized” around the
instrument (only the variation responding to IV is used in the estimation). If future studies can
identify other valid instruments, the results may differ. Third, in terms of external validity, the
estimated TSR effects exist under the school setting that advisors and non-advisors teach same
subjects, which is common in some countries (such as China, Japan, South Korea, and Israel) but
not worldwide.

Lastly, I also note that teacher effects in this paper are identified as the within-school,
between-teacher variance components of teachers’ value added to student outcomes over a
school year. Based on the random teacher-student assignment, this quasi-experimental design
effectively accounts for the sorting of individual students to teachers, however, it does not rule
out the possibility that teachers can influence individual students through peer effects. For
example, a student learned more with a teacher not only because her teacher was effective in
teaching and relationship-building but also her homeroom cohorts were all making progress with
this teacher. Although this issue is mitigated by the various homeroom-level covariates I include
in my estimation, it is helpful to bear in mind that the teacher effect in my study is broadly
defined — it is blend of teacher’s direct effect and indirect effect (through homeroom peers) on
individual students.

In terms of limitations of this study, I emphasize that a certain degree of external validity
has been sacrificed during sample restriction process, where I only include 63 schools in my
analytic samples to reenforce my internal validity. This led to systematic differences between

schools included and excluded in my analyses: my sample schools appear to be more likely
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located in economically developed and urban areas and have significantly smaller class sizes. As
a result, I note that my findings are not generalizable to schools in disadvantaged areas where
schools are more likely to fail to restrictively implement random assignments. Further study
should look closer to the assignment of teachers and students in schools from remote areas and if
possible, conduct researcher-designed experiments to test the robustness of my findings.

I also note that due to the self-report nature of CEPS data, there are potentially large
measurement errors embedded in the key variables. For instance, the self-concept measure only
captures students’ response to a single survey item therefore is potentially not accurately
capturing the latent construct. Same applies to the TSR measure, which is proxied by three
survey items rather than assessed using well-developed TSR batteries and questionnaires in the
literature. Future research should be conducted after refining these measures.

In summary, the current study adds quasi-experimental evidence to the long-standing
research question whether the observed relations between TSRs and student outcomes are causal
and highlight that the social-emotional learning environments contribute meaningfully to student
performance. These findings have substantial implications, on one hand, to researchers who
aspire to understand more about the underlying mechanisms through which teachers affect
students, and on the other hand, to policymakers and educators who seek evidence-based policy

initiatives and educational practices to improve teacher effectiveness.
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APPENDIX. ADDITIONAL TABLES AND FIGURES

Table A 1. Principal Components Analysis (PCA) on classroom TSR (based on full CEPS data)

Panel A. Chinese sample

Chinese classroom TSR

Eigenvalue Proportion of variance

Cumulative proportion

Compl 1.4630 0.7130 0.7130
Comp2 0.7203 0.1729 0.8860
Comp3 0.5848 0.1140 1.0000

Principal components (eigenvectors)

Compl Comp2 Comp3
praise 0.5516 0.7931 -0.2583
question 0.6029 -0.1651 0.7806
attention 0.5765 -0.5863 -0.5692

Panel B. English sample

English classroom TSR

Eigenvalue Proportion of variance

Cumulative proportion

Compl 1.4528 0.7036 0.7036
Comp2 0.7402 0.1827 0.8862
Comp3 0.5842 0.1138 1.0000

Principal components (eigenvectors)

Compl Comp2 Comp3
praise 0.5436 0.8109 -0.2167
question 0.6063 -0.2008 0.7695
attention 0.5805 -0.5496 -0.6008

Panel C. Math sample

Math classroom TSR

Eigenvalue Proportion of variance

Cumulative proportion

Compl 1.4534 0.7041 0.7041
Comp2 0.7383 0.1817 0.8858
Comp3 0.5853 0.1142 1.0000

Principal components (eigenvectors)

Compl Comp?2 Comp3
praise 0.5453 0.8051 0.2335
question 0.6062 -0.1863 -0.7732
attention 0.5790 -0.5631 0.5897

Notes: The survey questions are: “In your Chinese/English/math class, to what extent do you agree (0 =
strongly disagree, 1 = somewhat disagree, 2 = somewhat agree, 3 = strongly agree) with the following

statements™:

“My teacher always praises me” (praise)
“My teacher always asks me to answer questions” (question)
“My teacher always pays attention to me” (attention)
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Table A2. Covariates balance check between teacher-advisors and non-advisor teachers

Teacher-Advisor Non-Advisor Teacher
N=104 N =251 p-value
Female 74.04% 76.10% 0.7
Age 39 (7) 39 (7) >0.9
Experience (yrs) 16 (8) 16 (8) >0.9
Highest degree 0.9
Associate 8.65% 7.97%
Bachelor 88.46% 87.65%
Graduate 2.88% 4.38%
Subject area 0.7
Chinese 30.77% 34.26%
English 32.69% 33.07%
Math 36.54% 32.67%

Notes: Cells report mean and standard deviation for continuous variables and percentage of each category
for categorical variables. The p-statistic was obtained from a) Pearson’s Chi-squared test for gender,
degree, and subject area, and b) Wilcoxon rank sum test for teacher age and experience.
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Table A3. Placebo test: teacher-advisor effects on cognitive outcomes

Wave 2 CEPS Cognitive Test Score

Chinese Chinese Chinese  English English English Math Math Math

-0.055 -0.056 -0.065 -0.053 -0.055 -0.065 0.047 0.057 0.058
Taught by advisor (0.047)  (0.041) (0.040)  (0.040) (0.038) (0.038) (0.039)  (0.039)  (0.035)
Student Covariates X X X X X X X X X
Homeroom Covariates X X X X X X
Teacher Covariates X X X
School FE X X X X X X X X X
School clustered SE X X X X X X X X X
Observations 5013 5013 5013 5039 5039 5039 5063 5063 5063
R2 0.580 0.584 0.586 0.579 0.582 0.583 0.579 0.582 0.584

Notes: *** p <0.001; ** p <0.01; * p <0.05. Cells report coefficients and associated standard errors in parentheses. Each column reports results
of a separate OLS regression where the alternative outcome variable, wave 2 cognitive score, is regressed against the indicator of being taught by
teacher-advisor. Each sample is estimated three times: the first model accounts for the cubic functions of the student’s four wave 1 scores (in
Chinese, English, math, and CEPS cognitive test) as well as wave 1 demographic characteristics including gender, age, single-child status, rural
residency, migrant-worker family status, mother and father’s total years of education, and family wealth; the second model adds homeroom size
and the means of the wave 1 demographics of the student’s homeroom peers, and the third model further adds teacher gender, age, education
attainment, and experience. All models control for school fixed effects and cluster standard errors at school level.
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Table A4. 2SLS robustness: adding student at risk fixed effects

Subject Score

Chinese Chinese Chinese English English English

0.246 0.194 0.202 0.772 0.728* 0.660*
TSR (0.250) (0.266) (0.259) (0.488) (0.347) (0.321)
Student Covariates X X X X X X
Homeroom Covariates X X X X
Teacher Covariates X X
School FE X X X X X X
Risk-factor FE X X X X X X
School clustered SE X X X X X X
Ist stage F-Statistics 7.711%* 6.978%* 7.556%* 3.206 8.746%* 9.866**

(df=1;62) (df=1;62) (df=1;62) (df=1;62) (df=1;62) (df=1;62)
Observations 5055 5055 5055 5080 5080 5080

Subject Self-Concept

Chinese Chinese Chinese English English English

1.098%* 1.002%%* 1.027***  1.237 1.140%* 0.855*
TSR (0.406) (0.303) (0.285) (0.685) (0.414) (0.352)
Student Covariates X X X X X X
Homeroom Covariates X X X X
Teacher Covariates X X
School FE X X X X X X
Risk-factor FE X X X X X X
School clustered SE X X X X X X
Ist stage F-Statistics 7.711%* 6.978%* 7.556%* 3.206 8.746%* 9.866**

(df=1;62) (df=1;62) (df=1;62) (df=1;62) (df=1;62) (df=1;62)
Observations 5055 5055 5055 5080 5080 5080

Notes: *** p <0.001; ** p <0.01; * p <0.05. Cells report coefficients and associated standard errors in
parentheses. Each column reports results of a separate 2SLS regression where the outcome variable, score
or self-concept, is regressed against the exogenously identified TSR (by the instrumental variable, being
taught by teacher-advisor). Each sample is estimated three times: the first model accounts for the cubic
functions of the student’s four wave 1 scores (in Chinese, English, math, and CEPS cognitive test) as well
as wave 1 demographic characteristics including gender, age, single-child status, rural residency, migrant-
worker family status, mother and father’s total years of education, and family wealth; the second model
adds homeroom size and the means of the wave 1 demographics of the student’s homeroom peers, and the
third model further adds teacher gender, age, education attainment, and experience. All models control for
school fixed effects and student risk-factor fixed effects. Standard errors are clustered at school level.
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Table AS. 2SLS robustness: adding student off-school tutoring fixed effects

Subject Score

Chinese Chinese Chinese English English English

0.248 0.194 0.201 0.782 0.735%* 0.662*
TSR (0.253) (0.267) (0.260)  (0.498)  (0.349) (0.320)
Student Covariates X X X X X X
Homeroom Covariates X X X X
Teacher Covariates X X
School FE X X X X X X
OS Tutoring FE X X X X X X
School clustered SE X X X X X X
Ist stage F-Statistics 7.603%*%* 6.783%%* TA17%* 3.219 8.761** 10.066**
df=1;62) (df=1;62) (df=1;62) (df=1;62) (df=1;62) (df=1;62)
Observations 5055 5055 5055 5080 5080 5080
Subject Self-Concept
Chinese Chinese Chinese English English English
1.133%* 1.033%* 1.058***  1.247 1.146%* 0.849*
TSR (0.420) (0.315) (0.297) (0.699) (0.418) (0.348)
Student Covariates X X X X X X
Homeroom Covariates X X X X
Teacher Covariates X X
School FE X X X X X X
OS Tutoring FE X X X X X X
School clustered SE X X X X X X
Ist stage F-Statistics 7.603%* 6.783%* 7.117%* 3.219 8.761** 10.066**
df=1;62) (df=1;62) (df=1;62) (df=1;62) (df=1;62) (df=1;62)
Observations 5055 5055 5055 5080 5080 5080

Notes: *** p <0.001; ** p <0.01; * p <0.05. Cells report coefficients and associated standard errors in
parentheses. Each column reports results of a separate 2SLS regression where the outcome variable, score
or self-concept, is regressed against the exogenously identified TSR (by the instrumental variable, being
taught by teacher-advisor). Each sample is estimated three times: the first model accounts for the cubic
functions of the student’s four wave 1 scores (in Chinese, English, math, and CEPS cognitive test) as well
as wave | demographic characteristics including gender, age, single-child status, rural residency, migrant-
worker family status, mother and father’s total years of education, and family wealth; the second model
adds homeroom size and the means of the wave 1 demographics of the student’s homeroom peers, and the
third model further adds teacher gender, age, education attainment, and experience. All models control for
school fixed effects and off-school tutoring fixed effects. Standard errors are clustered at school level.
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Table A6. 2SLS robustness: using alternative TSR measure (from PCA) as predictor

Subject Score

Chinese Chinese Chinese English English English

0.179 0.137 0.143 0.524 0.491* 0.466*
TSR (PCA) (0.175) (0.183) (0.180)  (0.319)  (0.222) (0.221)
Student Covariates X X X X X X
Homeroom Covariates X X X X
Teacher Covariates X X
School FE X X X X X X
School clustered SE X X X X X X
Ist stage F-Statistics 8.028%* 7.465%* 7.922%* 3.405 9.21%%* 9.791%**

df=1;62) (df=1;62) (df=1;62) (df=1;62) (df=1;62) (df=1;62)
Observations 5009 5009 5009 5049 5049 5049

Subject Self-Concept

Chinese Chinese Chinese English English English

0.759** 0.687** 0.713***  0.849 0.774%* 0.602*
TSR (PCA) (0.274) (0.200) (0.191)  (0.436)  (0.260) (0.236)
Student Covariates X X X X X X
Homeroom Covariates X X X X
Teacher Covariates X X
School FE X X X X X X
School clustered SE X X X X X X
Ist stage F-Statistics 8.028%* 7.465%* 7.922%* 3.405 9.21%%* 9.791%**

df=1;62) (df=1;62) (df=1;62) (df=1;62) (df=1;62) (df=1;62)
Observations 5009 5009 5009 5049 5049 5049

Notes: *** p <0.001; ** p <0.01; * p <0.05. Cells report coefficients and associated standard errors in
parentheses. Each column reports results of a separate 2SLS regression where the outcome variable, score
or self-concept, is regressed against the exogenously identified (by the instrumental variable) TSR
measure from PCA. Each sample is estimated three times: the first model accounts for the cubic functions
of the student’s four wave 1 scores (in Chinese, English, math, and CEPS cognitive test) as well as wave

1 demographic characteristics including gender, age, single-child status, rural residency, migrant-worker
family status, mother and father’s total years of education, and family wealth; the second model adds
homeroom size and the means of the wave 1 demographics of the student’s homeroom peers, and the third
model further adds teacher gender, age, education attainment, and experience. All models control for
school fixed effects. Standard errors are clustered at school level.
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Table A7. Placebo test: 2SLS estimates of TSR effects on cognitive score

Wave 2 CEPS Cognitive Test Score
Chinese Chinese Chinese English English English

-0.274 -0.260 -0.309 -0.384 -0.283 -0.299

TSR 0258)  (0.222)  (0.222)  (0.400)  (0.236)  (0.212)
Student Covariates X X X X X X
Homeroom Covariates X X X X
Teacher Covariates X X
School FE X X X X X X
School clustered SE X X X X X X

o 7.764%%* 6.971%*%* 7.276%* 3.641 9.792%* 10.76**
Iststage F-Statistics  (af=1;62) (df=1;62) (df=1;62) (df=1;62) (df=1;62) (df=1;62)
Observations 5013 5013 5013 5039 5039 5039

Notes: ¥*¥* p <0.001; ** p <0.01; * p <0.05. Cells report coefficients and associated standard errors in
parentheses. Each column reports results of a separate 2SLS regression where the alternative outcome
variable, wave 2 cognitive test score, is regressed against the exogenously identified TSR (by the
instrumental variable, being taught by teacher-advisor). Each sample is estimated three times: the first
model accounts for the cubic functions of the student’s four wave 1 scores (in Chinese, English, math, and
CEPS cognitive test) as well as wave 1 demographic characteristics including gender, age, single-child
status, rural residency, migrant-worker family status, mother and father’s total years of education, and
family wealth; the second model adds homeroom size and the means of the wave 1 demographics of the
student’s homeroom peers, and the third model further adds teacher gender, age, education attainment,
and experience. All models control for school fixed effects and student risk-factor fixed effects. Standard
errors are clustered at school level.
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CHAPTER IV. CONCLUSION

The overarching goal of this dissertation is to understand more about what are the
teacher-related factors that drive student academic outcomes. Leveraging the national trend of
random teacher-student assignment in China and analyzing a nationally representative,
longitudinal, student-level data, I examine two sets of teacher-related factors and estimate
whether they bring meaningful change to student learning: teacher human capital characteristics
frequently used in human resources decisions and classroom teacher-student relationships.

Overall, my findings highlight the fact that the mechanisms through which teachers affect
student outcomes are multidimensional, nuanced, and varying across different subject areas. In
Chinese language arts, teachers’ major in Education, graduate-level degree, and relationship with
students all add meaningfully to students’ learning, with more reliable effects on students’ self-
concept rather than score outcomes. In English as foreign language, teachers’ human capital
profile does not matter but positive teacher-student relationships consistently improves both
score and self-concept outcomes. In math, however, I did not find the similar theme and how
math teachers affect student learning remains a challenging question.

My findings on Chinese junior high school students and their teachers also provide a
comparison to the current literature that is largely focused on the Western, especially the U.S.
education context. An important consensus between the two sides of the world is that teacher
experience is not a determinator of teacher quality and a sound, evidence-based human resources
policy metrics should not emphasize teaching experience. Another theme is that classroom
teacher-student relationships and the social-emotional learning environment matter. Advisor
programs are grounded in theory and integrating advising and mentoring responsibilities into

teachers’ role may be an effective policy initiative to improve school outcomes.
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