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A B S T R A C T

We use administrative data from the lottery-based open enrollment system
in Beijing middle schools to obtain unbiased estimates of school fixed ef-
fects on student performance. To do this, we classify children in selection
channels, with each channel representing a unique succession of lotteries
through which a child was assigned to a school. Results show that school
fixed effects are strong determinants of student performance. These fixed
effects are shown to be highly correlated with teacher qualifications mea-
sured in particular by their official ranks. Teacher qualifications have
about the same predictive power for student test scores as do school fixed
effects.

I. Introduction

While common sense suggests that school quality should affect stu-
dent performance, there is limited rigorous supporting evidence. The main reason
for this is that the endogeneity of school selection makes it difficult to sort out the
direction of causation in the relationship between school quality and student perfor-
mance, and to separate school effects from unobserved individual student charac-
teristics that might affect both school selection and performance. The ideal way of
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identifying the role of school quality on student performance would be through
random assignment of students across schools.

While a completely random assignment of students to schools rarely exists, we
show in this paper how the preference-based random assignment of students to
schools, which was part of the middle school education reform implemented in 1998
in Beijing, can be used to estimate the contributions of school quality and teacher
qualifications to student performance. Our analysis is based on the performance of
the second cohort of students that was affected by the reform (students who entered
middle school in 1999), measuring their achievements at the end of three years of
middle school.

As school application and admission procedures consist of a mix of choice and
randomized assignment, we construct “selection channels” that reflect how students
were assigned to schools based on their parents’ school choices. These channels map
parents’ choices into the complex open enrollment system in which neighborhoods
have overlapping sets of schools available to them and schools have neighborhood-
specific quotas. Each channel corresponds to a unique set of successive lotteries such
that, within a given channel, students have the same probability of being assigned
to a particular school. The validity of this randomization controlling for selection
channels is verified to hold.

Randomization within selection channels and overlapping school choices across
channels allow measuring the school impact on student performance through school
fixed effects. These school fixed effects account for the role of both observable and
nonobservable school characteristics on student performance. Results show that
school fixed-effects are strong determinants of academic performance as measured
by scores achieved in the unified High School Entrance Examination (HSEE). This
applies to the overall test score and especially to the scores obtained in different
subjects individually.

Relating school fixed effects to observable characteristics of the schools, we find
that they are predominantly explained by teacher characteristics, leaving little role
for other school resources and peer quality. Among these characteristics, most im-
portant are the school’s teacher qualifications characterized by their official ranks,1

education levels, informal training, and years of teaching. The percentage of teachers
in different ranks is a strong positive predictor of performance while average years
of teaching has a negative impact on performance and the percentage of teachers
with informal training has no impact. Results are shown to be robust to several
shortcomings of the randomization process (some unidentified student transfers and
some imbalances in observables), to student attrition (some children not taking the
HSEE), and to some missing information on test scores, giving us confidence that
the estimated roles of school quality and teacher qualifications are unbiased.

Before 1998, schools were individually selecting which applicants to admit, re-
sulting in merit-based student admissions. By breaking the selection system by which
good students went to good schools, we find that the reform has substantially

1. This is a four-level rank system established by the Education Bureau and in place since 1980. Rank is
based on the teacher’s formal education level, training, experience, and honors; on evaluations from the
headmaster, colleagues, students, and parents; and on direct audits of the teacher’s class.
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changed the relative performance of schools. We observe little correlation between
school performance after and before the reform except for the best four schools,
which suggests that the prereform school heterogeneity was largely due to the se-
lection of students or to peer effects rather than to teacher qualifications and other
school resources which were not affected by the reform. Furthermore, after random-
ization of students, when one can effectively distinguish school effects from selection
of students, we find little remaining peer effects on student performance, at least at
the aggregate school level. The reduction in peer heterogeneity across schools, which
is also a consequence of the reform, might explain this lack of effect. The dominant
factor in explaining school heterogeneous performances is thus teacher qualifications,
and in particular teacher ranks. School choices, however, show that parents did not
anticipate this transformation, and at least in this second year of the reform, were
still selecting as first choices those schools that performed best before the reform.

II. The Roles of School Quality and Teacher
Qualifications on Performance

Great challenges in rigorously assessing the impact of school quality
on academic achievements are (1) to find an effective identification strategy that
isolates school effects from confounding unobserved factors, (2) to estimate a mea-
sure of school quality that is comprehensive of the multiple school characteristics
that affect academic achievements, and (3) to identify which school characteristics
matter in explaining quality differences across schools. In this paper, we propose a
novel way of doing this that capitalizes on increasingly prevalent open enrollment
systems with parental school choices and randomized lottery-based school assign-
ment, and estimate individual school fixed effects that measure the role of both
observable and nonobservable school characteristics on outcomes.

A number of studies have measured the effect of school quality via nonexperi-
mental approaches. One can, for example, capture the effect of measurable school
resources that vary over time from panel data on individual student performance,
using school fixed effects to control for the nonrandom matching between students
and schools (Rivkin, Hanushek, and Kain 2005). These fixed effects, however, also
absorb invariant dimensions of school quality and resources. Other analyses based
on cross sectional data of student performance rely on controlling for a large number
of household and child characteristics (Newhouse and Beegle 2006; Dearden, Ferri,
and Meghir 2002), including fully controlling for household characteristics by using
siblings (Newhouse and Beegle 2006). In contrast, most natural and randomized
experiments provide exogenous variation in a particular resource across schools or
across classes within a school. These experiments give strong identification, but only
inform on the role of the particular resource that has been the object of the exper-
iment such as class size or teaching materials (Angrist and Lavy 1999; Krueger
1999; Banerjee et al. 2007). An exception is a study showing that immigrant students
randomly assigned to Israeli elementary schools with higher overall school quality
(characterized by students’ average math test score) have improved future academic
performance (Gould, Lavy, and Paserman 2004).



126 The Journal of Human Resources

Recent introduction in public schools of open enrollment systems that combine
parental school choices with lottery-based randomized school assignments open new
possibilities of identifying the impacts of a broad range of factors on academic
performance relying on the identification advantages of randomization. We use the
open enrollment system that was introduced in 1998 in Beijing to assign students
to middle schools. We are able to identify school fixed effects by constructing “se-
lection channels” where school assignment was random within the self-selected
channel. Because not all students complied with the randomization procedure, we
use the preference-based randomization procedure to construct instruments to deal
with nonrandom attritions such as transferring school after random assignment. The
methodology we propose is relevant for many similar cases of open enrollment with
lotteries in U.S. cities and across the world, where randomized assignments are
conditional on student school choices.

Similar open enrollment systems with randomization have been exploited in pre-
vious studies, but the questions asked and the methods used were not the same as
those we consider here. Hastings, Kane, and Staiger (2006) used the public school
choice lottery system in Charlotte, North Carolina, to examine whether being as-
signed to a first-choice school improves academic performance. They find that it
depends on parents’ preferences in choosing schools. While there are no academic
gains on average from attending a first-choice school, there are significant academic
gains for the children of parents who, in their school choice, put high weight on
school academic quality as opposed to geographical proximity or racial mix. This
indirectly shows that recognizable measures of school quality such as school average
test scores can indeed influence student academic achievements. Cullen, Jacob, and
Levitt (2006) analyze the impact of winning a lottery in the Chicago high school
open enrollment system on student outcomes. Again, there are no gains in academic
performance for lottery winners, but winners tend to attend better schools based on
observables such as peer achievements and attainment levels. This result indirectly
suggests that measurable school inputs have no positive impact on student academic
performance, confirming similar results obtained by Hanushek (1997). Our paper is,
as far as we know, the first attempt to use this kind of data to directly examine the
comprehensive effect of school quality on student performance, and we find that
school quality does indeed contribute to student performance.

School fixed effects are the most comprehensive measure of school quality, but
they do not reveal which school characteristics determine the impact on academic
performance. We therefore proceed to relate the estimated fixed effects to observable
school characteristics and in particular to teacher qualifications. Our paper thus re-
lates to studies that attempt to identify the role of teacher quality and characteristics
on student performance. Several studies use matched teacher-student panel data and
characterize the role of teachers on student performance by teacher fixed effects
(Rockoff 2004; Rivkin, Hanushek, and Kain 2005; Clotfelter, Ladd, and Vidgor
2006; Koedel and Betts 2007). Other studies use the experimental design of the
STAR project, whereby students and teachers were randomly matched, to estimate
either teacher fixed effects (Nye, Konstantopoulos, and Hedges 2004) or the impor-
tance of specific teacher characteristics (Krueger 1999; Dee 2004). The general find-
ings are that teacher fixed effects have significant impacts on student test scores, but
are not well explained by observable teacher characteristics that might proxy for
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quality. While these studies use the heterogeneity of individual teachers within a
school to measure their effects, our analysis characterizes the qualifications of a
school’s body of teachers and contrasts effects across schools.

In terms of observable teacher characteristics, we use a comprehensive measure
of teacher quality that is rarely available in the existing literature, the official teacher
rank. At the school level, we thus use the distribution of teachers by rank together
with other teacher characteristics such as the percentage of teachers with a university
degree and with informal training, and their average years of teaching. We find that
the school’s teacher qualifications, particularly as characterized by their ranks, are
important predictors of student performance.

III. The Education Reform as a Natural Experiment

A. The Middle School Education Reform in the Eastern City District

This paper uses an educational reform in middle school admissions implemented in
the Eastern City District of Beijing to examine the effect of school quality and
teacher qualifications on student academic performance. The Eastern City District is
the second largest precinct in the old city section. Its residents come from diverse
socioeconomic backgrounds, quite typical of the metropolitan areas of China’s de-
veloped regions in terms of demographic and socioeconomic composition.

Before the reform, primary school graduates were admitted by public middle
schools on a merit basis. Although the allocation of public educational funds across
schools officially depended on school size, better schools always received far more
resources from the private sector, creating huge disparities in resource allocation
across schools. As a result, middle schools were very heterogeneous, with vastly
different performances in the city-wide HSEE as indicated by excellence rates2 rang-
ing from 55 percent to 100 percent. The better schools were in high demand and
hence could select the best students among applicants, a phenomenon that only could
reinforce inequities across schools. This situation led, for quite some time, to de-
mands for an equalization of access to school resources across students. Because
equalizing resources across schools would have been very difficult given existing
disparities and vested interests, and because the government considered that merit-
based selection puts unhealthy pressure on children at these early ages, it launched
in 1998 an educational reform involving drastic changes in the admissions procedure.

The district was divided into school neighborhoods based on primary school en-
rollment. Students in each neighborhood had access to up to seven middle schools,
with some middle schools available to more than one school neighborhood. The
formerly best schools were available to more than one school neighborhood, while
most lower-quality schools were only available to the school neighborhood of prox-
imity. All schools were given a neighborhood specific enrollment quota by the Edu-
cation Bureau.

2. The excellence rate is the percentage of students in a middle school with test scores higher than 455
out of 560 on the HSEE. A middle school’s excellence rate is a strong predictor of the chance of being
admitted to a good high school, which is, in turn, a strong predictor of access to university education.
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A student could apply to all of the middle schools available in his school neigh-
borhood, ranking them from a first choice through, say, a seventh choice depending
on the number of middle schools he applied to. These choices were incorporated
into a centralized school assignment system as follows. A computer-generated ten-
digit number was randomly assigned to each student. Students were considered for
admission in their first-choice school and admitted if the number of first-choice
applicants was less than the school quota for the specific school neighborhood. If
the number of first-choice applicants to the school exceeded its quota, students with
the lower numbers were admitted up to the quota. All students not admitted to their
first-choice school were considered for a second round of admission based on their
second-choice school with a similar procedure, and so on. If a student had missed
all of the schools he applied to, he was randomly assigned to any middle school
available to his neighborhood that had not yet filled its enrollment quota. Thus,
conditional on the student’s school application and neighborhood of residence, the
new enrollment procedure is a random assignment independent of a student’s own
characteristics and family background. Through this system, students of diverse
backgrounds were mixed and expected to spend their three years of middle school
together.

In 1999, the private school system was not well developed and randomization
was implemented in all districts in Beijing. Moreover, the Eastern City District has
a very good reputation in educational quality among all districts in Beijing, in ad-
dition to its advantage in location. Therefore, there was not much incentive for
students to leave the public school system or to transfer out of this district to avoid
randomization. However, two types of admissions could occur that did not follow
randomized assignments. First, schools admitted some students directly if their par-
ents were employed in the school, if the students had received at least a city-level
prize in academic or special skill achievements, or if a considerable direct payment
was made to the school. This direct admission had taken place before the lottery-
based assignments. Second, schools admitted some transfer students not in compli-
ance with their random assignments after the outcomes of the lottery were known.
Randomization was thus incomplete, with a fraction of the students avoiding the
random drawing process. In what follows, we show that incomplete randomization
does not bias the results obtained.

B. The Data

The data consist of the administrative school records for all 7,102 students enrolled
in the third and last year of the 28 public middle schools of the district in 2002, a
questionnaire applied to them and their families, and administrative data on their
teachers. Dropout and repetition is very rare in middle schools of this district, and
hence we consider this to be the population of students who entered middle school
in 1999.

Our analysis focuses on the 4,717 students among them that went through the
randomized application process. For each of them, the administrative data provide
their choice sequence and the school they have attended, but neither the randomly
assigned lottery number nor the actual lottery outcome. A key issue is thus to identify
the noncompliers. By comparing the school a student attends with his choice se-
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quence, one can identify students who transferred to a school that was either not in
their choice set or that had already been filled by the round in which it was reported
in their choice sequence, and we find 300 such cases. But this does not identify the
noncompliers that managed to get in one of their chosen schools after having lost
the lottery. For this, we turn to two complementary sources of information. First,
the survey includes an explicit question on whether the student transferred schools
after the randomization result, which obtained a response rate of 98 percent. Only
180 students admitted to having transferred, among which 125 were enrolled in a
school outside their choice set and 55 in one of their chosen schools. If the ratio of
55 to 125 applies to all transfer students, one would expect to have a total of 130
lottery losers that managed to get in their chosen school. Second, we have the full
records of all transfer students for one of the most popular schools, which accounts
for 14.5 percent of the seats assigned by winning the first choice lottery. This school
reports a total of 57 transfers, 14 of them having chosen it as their first choice.
Applying this ratio to the population of noncompliers would give around 100 lottery
losers that managed to get in their chosen school. Using survey responses and school
records, we can identify a total of 67 such noncompliers. This probably leaves us
with 33 to 63 unidentified noncompliers, which represent less than 1.5 percent of
the sample.3

The administrative records also provide the test scores on the HSEE taken by
students at the end of their three years in middle school, and on all semester exams
through the six semesters of middle school. Both HSEE and semester exams are
official city-wide uniform exams. The HSEE has the important advantage of being
graded by one single committee appointed by the Education Bureau, while the se-
mester exams are graded by the schools themselves, introducing possible heteroge-
neity in scores across schools. We verified this heterogeneity in grading by regressing
the last semester test scores (overall and by subject) on the HSEE test scores and
school fixed effects. In all regressions, school fixed effects are strongly significant.
Hence semester test scores cannot be used as the main performance indicator to
compare schools. Using the HSEE test scores, however, raises another issue. Only
students who intend to enter high school take the exam, and the participation rate
in that year was around 70 percent. Moreover, we were able to get test scores for
only two-thirds of the students that took the exam because of errors in administrative
records and data input. Hence, critical issues of concern are selective test-taking and
attrition from the test score sample. We will address these with different types of
robustness checks in Section VIB.

The administrative school records provide information on students’ primary school
attended and graduation test scores in two subjects, Chinese and mathematics. School
records also give information about school resources such as playground area, num-
ber of computer labs, number of libraries, and number of years in operation. In a
survey, students were asked to give their opinions about their study environment,

3. School transfers after the randomization are highly restricted, and in most cases could only be done
with substantial financial donations to the schools. By regulation as well as school capacity constraints,
schools are not allowed to add extra classes to accommodate transfers, and only five students per class are
allowed to enroll after the randomized open enrollment procedure is finished, a number that closely matches
our figures.
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and to answer questions about their attitudes toward school and society. A question-
naire directed at parents in 2002 collected information on household income and
parents’ education levels, and their opinions on various matters concerning their
children.

Finally, administrative data were collected on the teachers who taught this cohort
of students during the three years, and interviews were conducted with around 600
of them in 2002. The teacher data include (1) basic characteristics of the teachers
such as gender, age, official rank, education, and experience, and (2) attitudinal
characteristics demonstrated by their responses to questions regarding school quality
and their satisfaction with their current job. By the time the teacher data were col-
lected, four of the middle schools had been merged with other middle schools, and
most of their teachers had been dismissed, so the teacher data are available for only
24 of the 28 schools.

IV. The Preference-Based Randomized Process of
Student Assignment to Schools

A. The Process

In 1999, the district had 28 schools that served 7,102 students. 2,165 students were
enrolled in schools without going through the randomization process, either because
they transferred from other districts (1,247)4 or were directly admitted as described
above (918). The other 4,937 students went through the school assignment process
as summarized in Figure 1 and described in what follows.

There were 15 school neighborhoods in that year,5 each with access to four to
seven schools in the district. Within each neighborhood, every student submitted a
list of schools in order of preference. Of the 28 schools, 16 could accommodate all
students that selected them as their first choice. The 220 students that chose them
were thus directly assigned to their first choice. The remaining 12 schools had more
first choice applicants than they could accommodate. We label these most coveted
schools as A schools. They proceeded to randomly select students among these first
choice applicants. This Step 1 randomization allocated 1,800 students to their first
choice school.

For the 2,917 students who did not get into their first choice school, the process
was repeated for their second choice. If their second choice was one of the A schools
that had filled up in the first round, it was considered an invalid second choice and
they missed this round. If their second choice was a school that could accommodate
all applicants, this is where they were enrolled. If their second choice was a school
that received more applicants than it could accommodate in that round, the school
proceeded to randomly select its students (Step 2 randomization in the second

4. Transfers resulted from direct negotiations between parents and school officials, with consideration of
various criteria, for example, talents and awards, financial contribution, connections between the school
and the parents’ working institution. Each school had some flexible quota to accommodate these students,
and these students did not take up quota for random assignment.
5. The division into school neighborhoods varies across years.
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round). For all remaining unallocated students (those with invalid second choices
and those randomly selected out of their second choice) the process continued with
their third choice in a similar way. We label the schools that could accommodate all
first choice applicants but eventually had to apply a randomized selection of students
in later rounds as B schools, and the randomization involved a Step 2 randomization
regardless of on which round it happened.6 The remaining least popular schools that
never had excess demand are labeled as C schools. Students who missed all their
previous choices and did not choose a C school in their neighborhood were randomly
assigned to one of these C schools. It turns out that no children had to go through
more than these three randomization steps.

Figure 1 gives a summary of this assignment process. Among the 2,917 students
that were not assigned to a school through the Step 1 randomization, 607 went
through the Step 2 randomization. Of these, 203 were admitted in their chosen B
school, 51 did not comply with the lottery outcome and transferred out to a school
of their choice, and the other students were assigned to a C school. Among the
students that never faced a second randomization, 508 chose B schools in rounds
before they filled up, 1,486 either chose a C school that accommodated them, or
had only invalid choices (schools that were already full) and hence ended up in C
schools, and 316 did not comply with their assigned C schools and transferred to
another school. The allocation of middle schools across neighborhoods was relatively
even, with each neighborhood given access to at least two and often three A schools,
and at least one of each B and C schools. Many students either reported a C school
in their applications or were in a neighborhood with only one C school, leaving 156
students unassigned by all their choices that were randomly assigned to one of the
C schools in their school neighborhoods. We will denote this residual assignment
the Step 3 randomization.

B. The Construction of Selection Channels

As only the 4,717 students choosing an A school as their first choice actually went
through the randomization, we only refer to these students in this section, as well
as in most subsequent analyses. The school choices expressed by students reveal
their preferences, and it would be ideal to compare among students who had made
the same school choices but ended up in different schools. Because students were
allowed to select up to seven schools, the number of different possible sequences is
too large to be used in the analysis. Therefore, we classify these choices into 137
“selection channels” that uniquely characterize the process through which a student
reached the school he is enrolled in. In other words, within each channel, students
had the same probability of being sequentially chosen by the same set of schools
regardless of their school choices.

Each selection channel is specific to a neighborhood and represented by three
schools in addition to the corresponding neighborhood index {NB s1 s2 s3}. NB is
the neighborhood index. s1 is the student’s first choice (one of the 12 A schools).

6. One school that serves four neighborhoods had applications in excess of their quotas, and was thus
classified as an A school in two neighborhoods, while it could accommodate all applicants in the two other
neighborhoods, and was thus classified as B school in those two neighborhoods.
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s2 is the second or higher order choice, if it led to a Step 2 randomization (neces-
sarily one of the B schools), and 0 otherwise. s3 is the school in which the student
would be enrolled if he missed the preferred schools because of the randomizations
he faced. Students from neighborhoods with more than one C school who did not
select any C school among their choices have s3 � 0.

We illustrate the process for Neighborhood 10 as an example in which all Step 2
randomizations took place on the second choices. Neighborhood 10 has access to
three category A schools, A1, A2, and A3, one B school, and one C school. Students
that chose, for example, (A1 B C) as their first three choices faced a selection process
that potentially entailed two steps of randomization. As schools A1, A2, and A3
were filled in the first round, they were considered invalid whenever selected as
second or higher choice. As school B was filled in the second round, it was consid-
ered invalid whenever selected as third or higher choice. Hence, in this neighbor-
hood, we need only show the first two choices of a student’s total seven choices to
completely characterize the selection and randomization processes the student went
through. In the following examples, we include students’ first three choices to make
this clear.

Students who chose (A1 A2 C) or (A1 A3 C) as their first three choices were de
facto facing the same selection process as those that chose (A1 C B), (A1 C A2),
or (A1 C A3). Both types of students were randomized on their first choice, and, if
they were selected out of School A1, would automatically be enrolled in School C
(because schools A2 and A3 were full before the second round). Similarly, if a
student that chose (A1 A2 B) or (A1 A3 B) was randomized out of his first choice,
not only the second choice, but also the third choice was invalid because B was full
by Round 3; thus, he would end up being sent to School C. All seven choice
sequences ultimately imply the same selection process that we can summarize as
{10 A1 0 C}, meaning that students were from neighborhood 10, were first random-
ized for entry into School A1, and if selected out were automatically enrolled in
School C. Note that even if students did not choose School C explicitly on their
applications, but were randomized out of their preferred choices, they would be
placed in School C as there was only one C school in neighborhood 10. Some
students selected the same school for several choices, as illustrated by choices (A1
A1 C) and (A1 B B) as the first three choices. We also assign them to {10 A1 0
C} and {10 A1 B C}, respectively, following the rationale above. Thus, an exhaus-
tive list of the selection channels available in this neighborhood includes {10 A1 B
C}, {10 A2 B C}, {10 A3 B C}, {10 A1 0 C}, {10 A2 0 C}, and {10 A3 0 C}.
They fall under two types of channels: {10 A B C} and {10 A 0 C}.

We summarize all possible types of channels encountered in the whole district in
Table 1, and show where the children were enrolled for the 4,350 children who did
not transfer after the random assignment. The 163 students that are under a selection
channel of type {NB A 0 0} selected only schools of Type A in their choices, and
were thus randomized into a C school if they missed their first choice. By far the
most frequent channel type is {NB A 0 C}, corresponding in most cases to a se-
quence of invalid choices (schools already filled in earlier rounds) before the choice
of a C school. Children choosing a channel of that type were enrolled in school C
if they lost at the randomization on their first choice. The channel type {NB A 0
B} corresponds to cases of students choosing a B school in a round before it had
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Table 1
Selection Channel Types and Assignment of Students to School Types

Selection Channel Number of Students Assigned by School Type

Type A B C All
Number of
Channels

NB A 0 0 67 96 (50) 163 (50) 12
NB A 0 B 333 508 (31) 841 (31) 24
NB A 0 C 1,066 1,390 (218) 2,456 (218) 54
NB A B 0 7 24 14 45 (6) 8
NB A B C 327 179 339 845 (62) 39
Total 1800 203 353 4,350 (367) 137

Numbers in parentheses are students who transferred after their initial assignments. For the last two channel
types, it is not known whether the student had been assigned to School B or C.

filled up its quota. The last two channel types {NB A B 0} and {NB A B C}
correspond to all choices that led to a second step randomization. Children that won
at the first randomization step went to A, those that lost at the first step but won at
the second step enrolled in B, and the others went to C. There are 137 specific
channels, with each neighborhood having between three and 31 of them. These
channels perfectly characterize all the factors that affected the school placement of
children other than the random drawing.

C. Tests of Validity of the Randomization

In the subsequent analysis of student performance, we compare students that belong
to the same selection channel, arguing that the school to which they have been
assigned is random within each channel. The validity of that analysis requires ver-
ification that children randomly selected in or out of a school within a channel are
similar. We perform tests on all the variables that could not possibly be influenced
by the outcome of the randomization. These include two student characteristics (gen-
der and primary school graduation test score), four parental characteristics (income,
education level, whether they have a relative in the school, and an index of parents’
attitude toward their children, namely, the parents’ declared ideal for the final edu-
cation level of their child), quality of primary school the student attended measured
by its students’ average graduation test score, and three variables related to the
expressed school choice (the number of Type A schools in the application, and the
average quality of the schools in the student’s first three choices measured by the
HSEE test scores in 1999 and by the percent of teachers with Rank II and above).

For each of the randomization Steps 1 and 2, separately, we perform an overall
test of the randomization by pooling the channels together and estimating:

x ����IN �� �ε ,(1) ic i c ic
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where is a characteristic of student i from channel c, are channel fixed effects,x �ic c

and is an indicator equal to 1 if the student is selected into the chosen schoolINi

during the random assignment, and 0 otherwise. The parameter measures a�
weighted average of within channel differences in mean characteristics between stu-
dents randomly selected in and out (schools with more applications and a selection
rate closer to 50–50 are weighted more heavily). Perfect randomization implies a
nonsignificant .�

Results are reported in Table 2, for the 4,717 students subjected to the Step 1
randomization (Column 1) and the 607 students subjected to the Step 2 randomi-
zation (Column 2). Differences in mean characteristics between children randomly
selected in and out are all small, and the equality of means is rejected in only three
cases at the 0.01, 0.05, and 0.10 significance level, respectively. The significant
differences are that students randomly selected in through the first randomization
have parents with slightly higher education than those randomized out, about 1.5
percent of the mean level (Column 1), and students who were randomly selected in
through the second randomization have parents with slightly lower income (Column
2), which is of the opposite sign to the attrition created by parents’ paying to get
their children in. They also were more likely to have a relative in the school; yet
only 14 percent students have a relative in the school they attended. Furthermore,
as many of the variables included in the randomization test are correlated, the p-
value of individual tests does not provide guidance for the proportion of the tests
expected to be rejected. We thus conduct a Monte Carlo simulation test as done by
Cullen, Jacob, and Levitt (2006) to examine how many statistically significant dif-
ferences would be observed if school assignment were truly random within each
channel, and then compare the simulation results to the observed values. For each
randomization step, we randomly assign the students in each channel to the corre-
sponding schools in proportion to the number of seats observed in the initial allo-
cation, and reestimate Equation 1 for all variables. We repeat this experiment 1,000
times to construct distributions of the number of statistically significant differences
in students’ and parents’ characteristics under random assignment for significance
levels equal to 0.01, 0.05 and 0.1, respectively. For the Step 1 randomization, we
find statistically significant differences at the 0.01 level in at least one variable
(which is the outcome of the tests using the actual sample) in 8.4 percent of the
simulated samples. For the Step 2 randomization, 16.1 percent of the simulated
samples have at least as many significant differences as are observed. We thus con-
clude that none of the observed imbalances are inconsistent with the random as-
signment procedure having been conducted as it should have been.

To provide further assurance that observed imbalances are not problematic, we
estimated a simple regression of the HSEE overall test scores on these background
characteristics and school fixed effects in a nonexperimental setting, that is without
using the random assignment feature. The regression reveals that neither parents’
education and income nor whether they have a relative in the school are significant
predictors of the overall test score in the estimated model. In addition to the school
fixed effects, the only variables predicting HSEE scores are the student gender and
primary school test score, and parents’ ideal for the child final education level. This
result should alleviate any concern with the observed small imbalances in charac-
teristics.
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Test of the validity of the Step 3 randomization across C schools for the 156
children who had not specified any Type C school on their application and missed
all their choices is done by estimating:

x �� �� �ε ,isc s c isc

where is a characteristic of child i from channel c assigned to school s, andx �isc s

are school fixed effects, and by testing for the joint significance of the school fixed
effects. Results are reported in Table 2, Column 3. Test results reject the nonsignif-
icance of school fixed effects for three variables characterizing the students at the
0.05 level. The global Monte-Carlo simulation-based test shows that 2.1 percent of
the simulated samples have at least three significant differences at the 0.05 level.
Therefore, we cannot effectively defend the randomization of this step; however,
excluding these students from the sample in the analysis does not affect the results
of later analysis.

One concern is that, as described above, a large number of students had transferred
schools or had missing HSEE scores, 367 and 2,112 students, respectively, so that
the analysis is done using only the 2,360 students who neither transferred schools
nor had missing HSEE scores. The process responsible for some of these missing
observations was not random. One would expect transfers to come from students
that were randomized out of their preferred school and had wealthier and more
educated or ambitious parents. Children that did not take the exam are among those
expected to obtain lower scores, more likely to come from worse schools, and hence
to have missed better schools in the random assignment. Both of these sources of
attrition would create a bias in favor of better background characteristics for ran-
domized-in students. On the other hand, missing test scores due to administrative
errors have no reason to carry any bias across student characteristics. To evaluate
the potential bias brought by these sources of attrition, we analyze the differences
in characteristics between the students randomized in and out among the sample of
nontransfer students with observed HSEE test scores. Results reported in Columns
4 to 6 show some additional imbalances compared to the full sample in the number
of Type A schools in their choice list, but here again of very small magnitude. On
the other hand, imbalances in parents’ income and education and having a relative
in the school (in the Step 2 and 3 randomizations) have become less significant; all
but one characteristic in the Step 3 randomization are balanced. And here again,
none of the imbalanced characteristics have significant predictive power for the
HSEE overall score in the nonexperimental regression.

We therefore proceed with confidence in the validity of comparing students ran-
domized in and out with observed test scores. And we will conduct robustness checks
to further confirm the stability of the obtained results.

V. Effects of School Quality on Student Performance

A. Estimation of School Fixed Effects

We now proceed to the analysis of the impact of school quality on student perfor-
mance. School quality is measured by a fixed effect that accounts for both observable
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and nonobservable school characteristics. Performance is measured by the student
test scores on the HSEE. This exam includes five subjects—Chinese, mathematics,
English, physics, and chemistry—graded on a scale of 120 points for the first three
subjects, 100 points for physics, and 80 points for chemistry. The passing score is
300 out of 560, with an excellence distinction if the overall score is at least 455.
Almost all students (96.4 percent) successfully passed the exam, but only 21.6 per-
cent obtained the excellence level. The overall score also determines high school
admission. In 2002, 21 public high schools recruited students based on these HSEE
results. The recognized top five high schools required a minimum score of 450,
while the other high schools admitted students with scores of at least 389. With
those thresholds, 72 percent of the sample students qualified for high school.

We confine our analysis to the 2,211 students who enrolled through the random
assignment process described in the previous section, did not transfer after the ran-
domization, and for which we have HSEE test scores and core individual charac-
teristics.7 We first regress students’ overall test scores on individual school fixed
effects, controlling for selection channels and individual characteristics. Because
students in the same channel are randomly assigned to different schools, the school
assignment is orthogonal to unobserved student characteristics for students in the
same channel. Thus, after controlling for channel effects, the coefficients on the
school dummies are unbiased estimates of the overall school effects averaged across
selection channels.

The regression model is:

y ���� �� �� �Z ��ε(2) icsm c s m i icsm

where is the score obtained by child i from selection channel c and enrolledyicsm

in school s from market m, is the selection channel fixed effect, denotes the� �c s

school fixed effect, is the market fixed effect, are child characteristics, and� Zm i

denotes the unobserved heterogeneity clustered at the school level.8 A schoolεicsm

market is defined by the set of schools that are related either directly or indirectly
to each other through common selection channels. Because school fixed effects are
identified by the random assignment within channel, only schools that pertain to the
same market can be compared, justifying the role of the market fixed effects. Ana-
lyzing the channels reveals that the 28 schools constitute two markets of unequal
size, one composed of 23 schools and the other of five schools. We also include
some important individual characteristics to increase the efficiency of the estimation
and control for potential residual differences observed between the students random-
ized in and those randomized out of their first choice (as seen in Table 2). These
include the child primary school test scores and gender, the child primary school
dummy variable (totaling 66 schools), and his parents’ income and average education

7. We control for some important individual characteristics to improve the efficiency of the estimation and
the balancing quality of the randomization. We will discuss the issue raised by missing observations in the
subsequent section.
8. Alternative error models consist of clustering errors at the class level or including class random effects
without clustering of errors. These models give very similar results and we therefore only report the results
from the model with errors clustered at the school level.
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level. Inclusion of the wider set of individual characteristics from Table 2 will be
done in robustness checks in Section VIB.

Table 3 reports a summary of estimation results. The F tests of the joint signifi-
cance of the school fixed effects show that they are indeed strongly significant in
determining test scores in all subjects. Estimated school effects are significantly
positively correlated with the overall score and across the five subjects. For the 23-
schools market, the correlation coefficients between the fixed effects for each subject
and the overall fixed effects are in the 0.57–0.84 range. Across subjects, correlations
are in the 0.29–0.81 range, except for the low correlation of 0.19 between physics
and English, suggesting that school effects represent overall school quality. The
school effects are consistently strongly significant when clustering the errors at the
class level, or including more controls in the model such as the number of Type A
schools reported in the choice list.

To examine the importance of variation in school quality (measured by the school
fixed effects) on student academic outcomes (measured by students’ test scores), we
estimate the variance of school fixed effects. The sample variance of the estimated
school fixed effects can be decomposed into two parts:

ˆvar(�)�var(���)�var(�)�var(�)

where is the vector of true school effects and is the vector of estimation errors.� �
Here we assume . Then, following Koedel and Betts (2007), we scalecov(�,�)�0
the Wald statistic by the number of schools minus one, and use it as an estimate of

. That is:ˆvar(�)/var(�)

ˆvar(�) 1 �1ˆ ˆ ˆ� [(���̄)V (���̄)]Svar(�) S�1

where S is the number of estimated school fixed effects, is a S x 1 matrix with�̄
each entry equal to the sample average of the estimated school fixed effects, and

is the variance-covariance matrix of the estimated school fixed effects. The var-V̂S

iance of school fixed effects is then estimated by:

ˆvar(�)ˆvar(�)�var(�)� .
1 �1ˆ ˆ ˆ[(���̄)V (���̄)]SS�1

The ratio between this measurement error-adjusted estimate of the standard de-
viation of the school fixed effects and the standard deviation of the student test
scores gives a scale for interpreting the importance of the school fixed effects on
student performance. As school fixed effects are not comparable across the two
market segments, we only use the 23 schools from the larger market segment. Results
reported in Table 3 show that raising school quality by one standard deviation in
the distribution of school effects is equivalent to an average increase in student test
scores of 0.25 standard deviations of its distribution, with values ranging from 0.24
to 0.31 for the different individual subjects. Those values are slightly higher than
what has been measured for the contribution of teacher effects in most U.S. schools
by Koedel and Betts (2007). Note, however, that they are not directly comparable,
as the effect estimated in most U.S. domestic studies are identified from the
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Figure 2
Schools’ Average Performance Before and After the Reform

within-school variation of teacher quality whereas our study explores school quality
and teacher qualifications across schools. School and teacher effects are also likely
to differ across cultures and school systems.

B. Relating School Fixed Effects to Popularity and Observable Characteristics

What do individual school fixed effects measure and how do they relate to the
observed performance and popularity of the schools? We find a relatively low cor-
relation between the measured school fixed effects and either the prereform school
performances or their popularity while they are highly correlated with the average
HSSE test scores in 2002. This, in essence, was the justification for the reform in
the first place. Heterogeneity in school performance before the reform came from a
combination of heterogeneity in their quality (material and human endowments) and
in the quality of their students. And school popularity, measured by their oversub-
scription status in the application and school admission process (Type A, B, and C
schools), largely reflected this prereform performance. Figure 2 shows how the re-
form, by breaking the traditional student selection process by which good students
went to good schools, affected relative school performances. Four of the Type A
schools with high performances in 1999 fell very low in 2002, while several Type
C schools with poor performance in 1999 obtained good average scores in 2002.
Except for the four top schools, there is no clear difference in average performance
in 2002 across the three school types. This is suggestive of the fact that the student
selection process was a main contributor to school heterogeneity prior to the reform.
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What factors contribute to school quality? We grouped all the available school
characteristics in three categories: (i) teacher characteristics, (ii) other physical and
human resources, and (iii) characteristics of the nonrandomized students.

We are particularly interested in different aspects of teacher qualifications because,
following traditional Chinese educational philosophy, middle school teachers are
intensely involved in students’ lives and studies. Teacher qualifications are measured
by rank in the official four-level system, by having a university or an informal
training degree, and by years of teaching. We also consider the teacher gender ratio
as a potential contributor to school quality, although without any theoretical a priori
for the direction of its influence. The informal training degree is acquired by at-
tending an on-the-job training program, a practice that has been encouraged in the
Chinese education system as a way of improving teacher quality, especially during
this period of reform. The distribution of teacher characteristics varies a great deal
across schools, ranging from 8 to 56 percent with high ranks (III and IV combined),
from 25 to 100 percent with university degree, from 14 to 53 percent with informal
degrees; average years of teaching range from 11 to 22 years; and the teacher female
ratio varies from 69 to 84 percent.

Other physical and human resources include the teacher-student ratio, average
class size, number of years the school has been in operation, school size, and the
playground area, number of libraries, number of computer laboratories, and number
of media facilities per 100 students. Characteristics of children that were enrolled in
the school without going through the randomization process include their gender
ratio, average primary school test score, and average parents’ income and education.
In addition, we include the percent of League members in previous cohorts to capture
past peer quality.9

With only 24 schools for which we observe characteristics, establishing the re-
spective roles of these factors is difficult and will be done in different complementary
ways. We first focus on the role of teacher characteristics. We find that school effects
are positively correlated with some teacher qualifications (percent of teachers of
Rank II and III-IV, and with a university degree), but negatively with percent of
teachers with informal training degree and with years of teaching. Multivariate re-
gression analysis shows that these correlations remain strong and significant when
put together, except for the percentage of teachers with a university degree and the
gender ratio. The result of the estimation of school fixed effects on the other four
teacher qualification indicators reported in Table 4, Column 1, show that these vari-
ables jointly explain 74 percent of the variance of school fixed effects.10

A key question of course is whether this estimation suffers from omitted variable
bias, if teacher qualifications are highly correlated with other determinants of school
quality. With only few schools for the regression, we proceed by selectively adding
some of the observed school characteristics. Candidate variables are selected on the
basis of their predictive power of the HSEE score (in a simple regression of scores

9. Only students over 14 years old with excellent resume inside and outside schools are eligible to join
the League.
10. As the dependent variables, that is, school fixed effects, are themselves estimated with errors, the
variance of the error term of this second-stage regression will usually not be homoskedastic. We report
robust standard errors estimated with the Huber/White/sandwich estimator.
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Table 4
Partial Correlations Between School Fixed Effects and Teacher Qualifications

School fixed effects

(1) (2) (3)

Teacher characteristics
Percentage of teachers

of Rank II 0.82*** 0.79**

[0.26] [0.31]
of Ranks III and IV 1.12*** 1.03*

[0.33] [0.53]
with university degree 0.25

[0.37]
with informal training �0.61** �0.72** �0.09

[0.27] [0.30] [0.34]
Average years of teaching �4.50*** �4.47** 0.10

[1.48] [1.73] [1.42]
Teacher female ratio �19.88

[82.37]
Peer characteristics

Nonrandomized student parents’ incomea 0.20
[0.51]

Previous cohort’s league membership �0.20
[0.51]

School resourcesb

Teacher-student ratio �1.12 263.85
[238.50] [255.25]

Playground area / 100 students 13.85
[42.73]

Ratio of libraries / 100 students �32.43
[28.69]

School’s years of operation 0.08
[0.10]

Market fixed effect Y Y Y
Number of observations 24 23 22
R-squared 0.74 0.75 0.65

Robust standard errors in brackets. * Significant at 10 percent; ** significant at 5 percent; *** significant
at 1 percent
a. Other nonrandomized student characteristics are parents’ education, gender ratio, average primary school
test scores, and league membership. None of them are significant when added to the regressions.
b. Other school resources are class size, school size, and playground area, and number of computer labo-
ratories and media facilities per students. None are significant when added to the regressions.
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on individual and school characteristics) and their correlation with teacher qualifi-
cations. Among the category of other school inputs, we recognize two groups of
variables highly correlated among themselves. In the first group (school size, class
size, teacher-students ratio, and years of operation), the teacher-student ratio is the
most correlated with the different teacher qualification variables and is an important
contributor to explaining HSEE scores. Similarly, in the second group constituted
of indicators of facilities (playground area, number of computer laboratories, media
facilities, or libraries per 100 students) we retain the number of libraries per 100
students. And for the nonrandomized student characteristics, which are highly cor-
related among them, we retain average parents’ income. Adding each of these three
variables one at a time or jointly shows that none significantly contributes to school
quality after teacher qualifications are taken into account, and that the coefficients
on teacher qualifications are robust. The joint estimation is reported in Table 4,
Column 2. Further attempts at adding any of the other characteristics give the same
robust results.

The strong coefficients on the percentage of teachers with different ranks support
the validity of this teacher evaluation system. To further explore the value of the
rank system, we developed the best possible estimation of the school fixed effects
based on the traditional measures of teacher characteristics (gender ratio, percent
with university training, percent with informal training, and years of teaching) and
those variables from each group that most contribute to increasing the fit. These
criteria led to the selection of teacher-student ratio, years of operation, percent of
League members in previous cohorts, and playground area per 100 students. The
regression results reported in Column 3 of Table 4 show that by restricting to the
more standard teacher characteristics, we can only predict 65 percent of the variation
in overall school quality measured by the school fixed effects, and none of the effects
are individually significant.

In conclusion, teacher qualifications do appear to be explaining most of the dif-
ferences in school quality, and the rank system in vigor in the country seems to
capture important dimensions of teacher qualifications.

The two-stage approach, first estimating the school fixed effects and then regress-
ing these fixed effects on teacher characteristics, fully exploits the identification of
teacher qualifications on student test scores that can be found in the data. However,
linking teacher qualifications directly to student academic performance gives a direct
interpretation of the magnitude of the effect on scores, is more efficient, and facili-
tates the implementation of some robustness tests. We therefore now proceed with
this direct estimation.

VI. Effects of Teacher Qualifications on Student Test
Scores

A. The Basic Estimation

The effect of teacher qualifications on student test scores is identified by replacing
the school fixed effects in the original Equation 2 by :Xs

y ���� �X ��Z ��ε(3) ics c s i icsn
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where is the set of average teacher qualifications in school s. In the basic esti-Xs

mation, includes the core set of student variables, that is, child primary schoolZi

test scores and gender, the child primary school dummy variable (totaling 66
schools), and his parents’ income and average education level. Due to missing in-
formation on teacher qualifications in four schools and on some students, the esti-
mation is done on 1,978 students from 24 schools.

Results in Table 5 confirm our findings in the second-stage regressions in the last
section. Student test scores improve with teacher ranks in the school. Trading 10
percent of Rank I teachers for Rank II teachers will raise the average overall score
by eight points. Trading these Rank I teachers for Rank III teachers raises the average
score by 11 points. These effects are large when compared to the range of variation
in the overall score, measured by its standard deviation of 52.6 or by the 61-point
difference between the threshold for entering the top high schools of the district and
the passing grade for entering any high school. By contrast, having teachers with at
least a university degree does not have a significant impact on test scores.

Both the percentage of teachers receiving informal training degrees and the av-
erage number of years of teaching have either insignificant or significantly negative
effects on test scores. Specifically, the average number of years of teaching has a
significantly negative effect in all subjects, with a decline of 13 points in the overall
score for an increase of three in average years of teaching. The size of the negative
effect of average years of teaching is thus comparable to the size of the beneficial
effect derived from increasing the share of teachers with Ranks III/IV.11 This result
persists when using different measures of teacher experience.12

One possible explanation for the negative effects of years of teaching and informal
degree training is that their benefits have been captured by the teacher rank variable.
However, this cannot be the only reason, as the coefficients of these two variables
remain insignificant or negative when the measures of teacher rank are removed
from the regression. When we include the square of years of teaching in the re-
gression without the two measures of teacher rank, we find a significant quadratic
pattern implying that the marginal effect of years of teaching becomes negative after
the 16th year. Many existing studies (such as Rockoff 2004; Rivkin, Hanushek, and
Kain 2005) also find that teacher’s experience only has positive effects for the first
several years of a teacher’s career. Here, the mean level of average years of teaching
across schools is around 17, at which time the marginal effect of a year of teaching
has turned negative. With teacher rank possibly taking up part of the positive effects
of experience for the first 16 years, what remains in the teacher experience variable
might in fact capture the disproportionate share of older teachers in the group. An-
other more worrisome explanation derives from our fieldwork. Interviews clearly
revealed that teachers’ main complaint with their job is being overloaded with re-

11. This is obtained by comparing the effect of one standard deviation in years of teaching (3.2 years) on
the average score to the effect of one standard deviation in the share of teachers with Rank III/IV (11.9
percent). Both induce an around 13-point difference in the average overall score, although in opposite
directions.
12. Measures of experience include years of teaching, years of teaching graduating classes, and years of
teaching as head-teacher.
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sponsibilities, and that the excessive burden seriously affects their productivity. The
detrimental effects of these burdens are apparently accumulating over the years of
teaching.

The above results also hold for test scores on individual subjects as reported in
Table 5. To add emphasis on the critical role of teachers in getting students admitted
into high school, we run a probit estimation on whether a student’s overall score
meets the minimum requirement for high school admission. Coefficient estimates
reported in the last column of Table 5 suggest that a 10 percent increase in the
percentage of teachers of rank II or III/IV increases a student’s chances of passing
the high school entrance threshold by 4.8 percent and 12.2 percent, respectively,
while accumulation of an average three additional years of teaching reduces this
probability by 8.3 percent. These are large effects considering that only 72 percent
of students in the sample passed that threshold.

An indirect way of measuring how well the teacher qualification variables capture
the school fixed effects is to compare the school fixed effects and the teacher qual-
ification models in their capacity to predict students test scores, using the same
observations and the same set of controls. The goodness-of-fit measure we use is
the square of the correlation between the predicted values and the observed values.
These values are 0.28 and 0.27 for the school fixed effects model (similar to that
reported in Column 1 of Table 3) and for the teacher qualifications model (similar
to that reported in Column 1 of Table 5), respectively. In addition, the square of the
correlation between the two series of predicted values by these models is 0.98. This
suggests that the observable teacher qualification variables capture almost all of the
observable and nonobservable dimensions of school quality contained in the school
fixed effects.

B. Robustness Checks

We proceed in this section with three types of robustness checks that respond to
concerns about omitted variable bias and sample selection. First, we check that the
effects of the teacher qualifications on the overall HSEE scores estimated in Table
5 do not capture omitted school characteristics. This was already established in the
two-stage procedure, and we simply verify that the results carry over in this direct
estimation. Second, we show that the results are robust to alternative specifications
that would reveal potential problems associated with quality of the randomization
and selective transfer of children out of their assigned school. And finally, we con-
firm that the estimated impacts of teacher characteristics are not confounded by the
selection of students for which we have HSEE scores.

1. Omitted Variable Bias

Row 1 in Table 6 reports the estimation from the original overall test score regression
in Table 5 with the core set of individual characteristics and selection channel fixed
effects. Results reported in Row 2 show that the coefficients are robust to the addition
of the core set of school characteristics defined above—that is, teacher-student ra-
tio—nonrandomized students parent income, and ratio of libraries to 100 students.
As in Section VB, we added other school characteristics in different combinations,
and always found the same stable coefficients for teacher qualifications. This con-
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firms that it is unlikely that the estimated effects of teacher qualifications are due to
omitted school characteristics.

2. Randomization and Student Transfers

We argued in Section IVC that evidence of differences in individual characteristics
among students randomly selected in and out at each step of the assignment process
was not strong enough to invalidate the randomization procedure. To check that
these factors are not confounding the results on teacher effects, we control for them
as well all the other individual characteristics described in Table 2 (parents having
a relative in the school, parental ideal for child final education level (six levels), the
number of Type A schools in the application sequence, the average scores in 1999
of the first three choices, and the average percentage of teachers of Rank II and
higher in the first three choices, in addition to the core set of characteristics). We
verify in Row 3 that these control variables do not significantly affect the coefficients
of teacher qualifications.

Finally, we check for the risk of bias introduced by exclusion from the sample of
367 students who transferred schools after the random assignment. This also reveals
the direction of possible bias that might result from the unidentified school transfers.
To check this, we add these students back to the sample, and conduct a two-stage
least squares (2SLS) regression of the overall test scores on teacher qualifications.
In this estimation, we instrument the teachers’ qualifications by the qualifications of
the teachers of the schools the student could have attended had he not transferred.13

Results in Row 4 show no evidence that the original estimations systematically
overestimate the effects of teaching resources on student test scores.

3. Missing HSEE Test Scores

A final concern is that nearly 50 percent of the 4,717 students do not have HSEE
scores. There are three major reasons for missing HSEE scores: First, students who
did not expect to successfully pass the threshold of high school entrance did not
take the HSEE; second, students whose persistent excellent performance enabled
them to enter a desirable high school without taking the HSEE; and third, the data
center was unable to merge some students’ test score data with the administrative
data from schools and census data for various reasons, such as typos in student
names in the database. Unfortunately, with the available information, we are unable
to distinguish nonattendance from data entry errors, and thus we will treat them as
a joint problem. The first and third reasons are, however, the major reasons for
missing test scores, as the mean semester test score over the three years was 78 for
students with HSEE scores and only 60 for students without HSEE scores.

We find that, on average within each selection channel, students who were ran-
domized in during the Step 1 randomization were 3 percent less likely to have
missing HSEE scores than students who were randomized out, and this difference

13. We assume that the student lost the lottery of his first choice (with a few of them losing the second
step randomization as well), and would have attended one of the other (B or C) schools that correspond
to his selection channel. When the selection channel implies a third randomization on the C school, we
use the average teacher characteristics across these schools.



Lai, Sadoulet, and de Janvry 151

is marginally significant at the 5 percent level. Thus missing HSEE scores are not
random. We conduct several tests to explore whether the nonrandom allocation of
missing HSEE scores compromises the estimates of teacher qualifications. First, we
show in Row 5 of Table 6 that controlling for the percentage of students with missing
HSEE scores and their average semester score relative to the school average leads
to point estimates that show less contrasts (positive effect of ranks lower, negative
effects of years of teaching and informal training less negative, and university degree
significantly positive) but not statistically different from the original results. Second,
as student performance across the semesters is the most important determinant of
whether the student would take the HSEE at the end of the three years, we weight
each observation in regression Model 3 by the inverse of the predicted probability
of not having a missing HSEE score (that is, the probability of being included in
the sample) to correct for the sampling bias introduced by missing scores. The
probability of nonmissing HSEE score is predicted using polynomials of the student
average semester scores over the five semesters, individual and parental character-
istics such as student gender, primary and middle school dummies, primary school
test scores, and parents’ income and education. The estimated teacher effects shown
in Row 6 are somewhat more contrasted than but also not significantly different
from the original results. The results are robust to sampling weights predicted from
various models. To conclude, we do not find evidence that missing HSEE scores
have caused significant overestimates of teacher effects.

Finally, we report in Row 7 an estimation of the effects of teacher characteristics
on the student test scores, including all the controls previously introduced in blocks:
school characteristics, individual characteristics and control for missing HSEE test
score. Point estimates are very close to the original estimates.

These alternative estimations confirm the important role of a school’s teacher
qualifications in student performance, with a robust positive effect of teachers of
higher ranks, a robust negative effect of number of years of teaching, and a less
robust but somewhat negative effect of informal training.

VII. Conclusions

The educational reform introduced in the Beijing Middle School Sys-
tem offers a unique natural experiment to measure the contributions of school quality
and the school’s teacher qualifications to student academic performance. This paper
exploits the preference-based random assignment of students across schools to con-
struct selection channels that regroup students whose choices made them face the
exact same lotteries. Students in the same channel therefore all have the same prob-
abilities of being selected in any of the schools included in the channel. The facts
that schools have neighborhood quotas and that neighborhoods have access to com-
mon schools create overlaps across selection channels, allowing school quality to be
compared across a large school market. We carefully test the validity of the intra-
channel randomization. We estimate school fixed effects on student performance,
providing a measure of the contribution of both observable and nonobservable as-
pects of school quality on academic performance. We find that the school fixed
effects are large both on overall test scores and on individual subject test scores.
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School fixed effects are shown to be strongly associated with observable teacher
qualifications, particularly teacher rank. Upgrading a school’s teacher pool by having
10 percent more of their teachers with Ranks II or III/IV rather than Rank I would
increase the average students score by eight to 11 points, increasing by 5 percent to
12 percent the probability of students to be admitted in high school. In contrast,
after controlling for teacher rank measures, informal degree training and average
number of years of teaching are at best insignificant and at worst significantly neg-
ative. We show that these results are robust to specific features of the school as-
signment process and data availability such as incomplete randomization, unidenti-
fied transfers, attrition in taking the High School Entrance Examination, and missing
test scores. We also show that teacher qualifications, with a strong role for teacher
rank, are equally good predictors of the impact of school quality on student academic
performance as are school fixed effects, indicating that most of the nonobservable
component of fixed effects can be accounted for by observable teacher qualifications.

The paper shows that, in this Beijing school district, the random assignment of
students to school has considerably affected the relative performance of schools.
Results suggest that much of the heterogeneity across schools observed prior to the
reform was due to the selection of students. Furthermore, after the reform, all het-
erogeneity of school seems to be explained by teacher qualifications, leaving no role
for other school resources or peer effect in explaining student performance. For the
peer effect, this can of course be the consequence of the reform itself, which has
considerably reduced the heterogeneity of the student body across schools. In this
second year of the reform, parents were still expressing preference for the schools
with best performance before the reform rather than for those that had best teachers.
To the extent that parents judge school quality from student performance, this mis-
judgment should correct itself, as parents gradually see better outcomes coming from
schools with better teachers.
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