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ABSTRACT

Essays on Effects of Educational Inputs

Yifeng Luo

This dissertation contributes to the ongoing debate on how educational inputs make a differ-

ence and how to allocate them efficiently. Educational inputs could be broadly defined as any

personnel inputs such as teachers and career service staff, learning environment that includes

peers and school facilities, and policies that facilitate learning. This dissertation explores three

topics: peer effects in higher education, the consequences of college expansion, and the impacts

of school closures.

Chapter I estimates the peer effects of non-cognitive skills. I show how peers’ non-cognitive

skills influence students’ academic outcomes and own non-cognitive skills. I use a unique dataset

that includes information on student non-cognitive skills, course grades, and friendship from a

university in China that randomly assigns students to dormitories. My first main finding is that

peers’ non-cognitive skills affect students’ academic outcomes positively but differentially. All

students benefit from exposure to “persistent” peers, while students with low baseline academic

ability also benefit from exposure to “motivated” peers. My second main finding is that peers

also affect the development of students’ self-control and willingness to socialize. These findings

have important implications in evaluating the social returns to interventions that improve non-

cognitive skills and education policies that change peer group composition.

Chapter II summarizes the current literature on college expansions, which change the edu-

cation resource for many students. Studies have explored the impact of College Expansions that

happened worldwide and this chapter summarizes literature in the field of economics of edu-



cation. This chapter pays special attention to studies that explore the impact on wages and em-

ployment and how current studies identify causal relationships. Meanwhile, this chapter reviews

how current studies examine the impacts of college expansion in China starting from 1999, which

was unparalleled in magnitude. Finally, I discuss how future studies could improve to identify

causal effects of the impact of the tremendous college expansion in China.

Chapter III, which is a joint work with Ying Xu, estimates the effect of school closures caused

by wildfires. School closures are a common and disruptive feature of education systems when

sudden shocks from weather, natural disasters, or infectious disease require that students remain

at home rather than in the classroom. Indeed, since January 2020, school closures have happened

all around the world due to the COVID-19 pandemic. In the United States, more than 50 million

students are currently out of school due to COVID-related closures. This raises an important

question: How do sudden school closures affect student development in the short and medium

term? In this chapter, we use administrative data to examine the causal effect of unexpected

school closures, exploiting sudden variations in these closures due to wildfires in California. We

show that unexpected closures have negative effects on student test scores, and the loss of school

time is one of the most important mechanisms of decline in student achievement. Meanwhile,

minority students and students from school districts with low socioeconomic status experience

larger negative effects from such unexpected closures. We argue that these results can help in-

form policy to identify and address the negative impacts of such closures.
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Chapter 1

Peer Effects of Non-cognitive Skills:

How Peers’ Non-cognitive Skills Affect Academic Performance and

Non-cognitive Skills Development

This paper estimates the peer effects of non-cognitive skills. I show how peers’ non-cognitive

skills influence students’ academic outcomes and own non-cognitive skills. I use a unique dataset

that includes information on student non-cognitive skills, course grades, and friendship from a

university in China that randomly assigns students to dormitories. My first main finding is that

peers’ non-cognitive skills affect students’ academic outcomes positively but differentially. All

students benefit from exposure to “persistent” peers, while students with low baseline academic

ability also benefit from exposure to “motivated” peers. My second main finding is that peers

also affect the development of students’ self-control and willingness to socialize. These findings

have important implications in evaluating the social returns to interventions that improve non-

cognitive skills and education policies that change peer group composition.
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1.1 Introduction

Emerging research suggests that non-cognitive skills,¹ such as self-control and persistence,

play an important role in academic performance, labor market outcomes, and well-being in adult-

hood (Adhvaryu et al., 2018; Alan et al., 2019; Brunello and Schlotter, 2011; Heckman et al., 2006,

2019; Kautz et al., 2014; Weinberger, 2014). There is also an established literature on the spillover

effects from peers in schools². However, relatively little is known about the role of non-cognitive

skills in peer effects.

Bridging this gap is important for understanding the education production function and the

impact of education policies that change peer group composition, such as desegregation, ability

grouping, and school choice. Overlooking the peer effects of non-cognitive skills also biases

estimation of the social returns to interventions that improve student non-cognitive skills, such as

Head Start and the Perry Preschool Project (Alan et al., 2019; Carneiro and Ginja, 2014; Heckman

et al., 2006). Surprisingly, few studies have explored whether or how peers’ non-cognitive skills

affect students’ outcomes.

This paper explores the following two roles of peers’ non-cognitive skills: (1) Do peers’ non-

cognitive skills influence one’s college grades? (2) Do peers have an impact on the formation of

one’s own non-cognitive skills? To estimate peer effects, I utilize a natural experiment conducted

¹Non-cognitive skills may be broadly defined as personality traits or patterns of thought, feelings, and behavior
(Borghans et al., 2008a). The current study focuses on personality traits and patterns of thought but not feelings or
behaviors.

²Studies have found that peers affect students’ test scores in primary schools (Burke and Sass, 2013; Duflo et al.,
2011; Hoxby, 2000) and middle/high schools (Billings et al., 2014; Ding and Lehrer, 2007; Imberman et al., 2012),
beliefs about math ability (Eble and Hu, 2019b), job search behavior (Marmaros and Sacerdote, 2002), probability of
college enrollment (Bergman, 2018; Page and Scott-Clayton, 2016), college major choice (De Giorgi et al., 2010), and
future earnings (Carrell et al., 2018). Studies of peer effects in college, the content of this paper, also found that peers
influence students’ grades (Booij et al., 2017; Carrell et al., 2009; Garlick, 2018; Sacerdote, 2001; Zimmerman, 2003).
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at a Chinese university, where incoming students are randomly assigned to dormitories within

majors. I analyze two rounds of survey data on students’ non-cognitive skills, the first of which

was administered at enrollment when students had not interacted with their peers much yet, and

the second a year later, after students had spent some time with their randomized peers. The

second round of survey data also includes information on different types of student friendships,

shedding light on the nature of peer interactions. This data-set, described inmore detail in section

1.2, enables me to examine the role non-cognitive skills play in peer effects.

I first estimate the causal effects of peers on students’ grades, enriching the measure of peer

quality by including various noncognitive skills. Existing studies on peer effects in higher ed-

ucation mostly measure peer quality using admission test scores (Carrell et al., 2009; Garlick,

2018; Sacerdote, 2001; Zimmerman, 2003), which may not capture all relevant student character-

istics. A few recent studies, for example, found that students’ outcomes are associated with their

peers’ noncognitive skills. Golsteyn et al. (2017) found that the presence of more persistent and

risk-averse peers increases students’ course grades, and Zárate (2019) found that having more so-

ciable peers enhances the development of students’ social skills. Therefore, it is useful to examine

systematically what kinds of noncognitive skills among peers influence students’ grades.

Evidence from this chapter indicates that peers’ noncognitive skills affect students’ course

grades. Students whose college entrance exam (CEE) scores were in the lower half benefit from

having highly motivated peers (e.g. peers that are energetic and courageous to complete tasks). A

1 standard deviation (SD) increase in peers’ motivation improves these students’ average grades

by 0.12 SD. Students also benefit from having persistent peers (e.g. peers that persevere until

tasks are finished), especially those with higher baseline academic ability as measured by CEE

scores. A 1 SD increase in peers’ persistence improves the grades of students with higher CEE

3



scores by 0.08 SD on average.

Next, I explore whether peers influence the development of students’ noncognitive skills.

Studies have documented the importance of noncognitive skills for both academic and job mar-

ket performance (Adhvaryu et al., 2018; Alan et al., 2019; Caliendo et al., 2015; Duckworth and

Quinn, 2009; Heckman et al., 2019; Hadsell, 2010; Weinberger, 2014), but few focus on whether

peers could affect one’s non-cognitive skills. Examining this relationship among college students

may be particularly important. Borghans et al. (2008a) argued that cognitive skills rise sharply

during childhood and peak in late adolescence but that many non-cognitive skills, such as con-

scientiousness, increase from childhood to late adulthood. Most students in China enter college

at the age of 18-19, when the development of non-cognitive skills is increasingly important.

I find that having peers with high levels of self-control and agreeableness and high CEE scores

may increase students’ willingness to socialize one year later. This finding suggests that friendly

roommates, defined as those with high self-control and agreeableness, facilitate communication

and interaction and over time increase students’ willingness to socialize. Furthermore, having

peers with high self-control levels and low emotional sensitivity levels decreases students’ self-

control one year later. One possible explanation for this finding is that students overly dependent

on peers when living together: Living with roommates with high self-control and low emotional

sensitivity (signaling low levels of monitoring) disincentivizes students fromworking tomaintain

a harmonious environment, decreasing their self-control.

Peer effect studies that have looked at the impact of randomized roommates have sometimes

found mixed evidence regarding their impact on students’ academic performance because room-

mates make up only a small subset of students’ social networks (Carrell et al., 2009). In this study,

first-year students in the university frequently form friendships with their roommates, which is

4



critical to examining their peer effects. For example, among all the friends students indicated

they study or socialize with, more than 60% are their roommates. There are two main reasons

why roommates comprise such a high proportion of friends in this dataset. First, dormitories in

China are larger than those in the United States, usually holding 4-8 students, allowing a peer

group to form more easily among roommates. Second, randomization in dormitory assignment

happened within majors so roommates attend the same classes, which may increase their likeli-

hood to study together. Compared with previous studies, the current study finds a larger effect

of peers’ baseline academic ability on student grades (SD = 0.16-0.27), which may largely be at-

tributed to the frequent interaction between roommates. These conditions provide support for

analyzing the peer effects of roommates.

This paper builds on and contributes to the literature on peer effects by considering the role

of a set of well-known and important noncognitive skills. First, it examines the impact of several

noncognitive skills that have been shown by previous literature to be associated with aspects

of well-being in adulthood, such as financial success and labor market performance, on college

grades. Second, by exploring the impact of peers on both academic outcomes and noncognitive

skills, this study provides a holistic picture of how peers influence human capital accumulation.

Existing studies, including Xu et al. (2020), have studied the impact of peers on behavioral out-

comes, another aspect of noncognitive skills. More recently, Golsteyn et al. (2017) measured

noncognitive skills using 4 self-reported questions. The current study measures a relatively more

comprehensive set of noncognitive skills. It also ensures the credibility of the measure of each

type of noncognitive skills by adopting well-developed questionnaires.

To my knowledge, this is also one of very few papers on peer effects in the context of higher

education in China. Carman and Zhang (2012), Ding and Lehrer (2007), and Xu et al. (2020)
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explored the impact of peers in middle schools in China, but few studies have focused on peer

effects in higher education or the role of noncognitive skills. Developing a better understanding

of peer effects and their mechanisms in China may be particularly important for several reasons.

First, college-aged students in China account for a significant proportion of students worldwide

(above 15%; author’s calculation using UNESCO Institute for Statistics data). Second, dormitories

in China usually house more students (usually 4-8) than those in many developed countries, so

roommates are likely to spend more time together. Finally, higher education in China is growing

rapidly.

The rest of the paper is organized as follows. Section 1.2 documents the setting of the uni-

versity this paper studies and the administrative and survey data used in this paper. Section 1.3

describes the outcomes and empirical strategy of this study. Section 1.4 presents the impact of

peers on college grades. Section 1.5 shows the impact of peers on the formation of non-cognitive

skills and social networks. Section 1.6 concludes.

1.2 Context and Data

The university from which this study gets its data is a four-year college located in central

China, ranked about 100-150 out of about 2,600 colleges in the country (China Statistic Year-

book, 2018). It mostly enrolls students from the province in which it is located, and students

were randomly assigned to on-campus dormitories within majors and to course sections in re-

quired courses. This dormitory randomization differs from that in many other studies because

it happened within majors rather than the whole grade level. Therefore, students within a dorm

typically have similar academic backgrounds because the admission cutoff score is different for
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each major. Randomization within an entire grade level, which has been used in various peer

effect studies in the United States (Carrell et al., 2009, 2013; Sacerdote, 2001), clearly facilitates

the integration of students with different backgrounds. However, randomization within majors

also has several advantages. From an administrative perspective, placing students of the same

major together reduces administrative costs because news and activities can be spread more eas-

ily among targeted students. From both a research and an administrative perspective, students

within a dorm have more in common and may spend more time together because they take sim-

ilar courses, facilitating peer effects. Many universities in China assign dormitories according

to majors and Figure 1.1 shows how a typical dormitory in China looks like. Therefore, it is

meaningful to explore whether peer effects are different in this context than in the United States.

This paper combines two sets of data from the university: college-level administrative data

and two rounds of survey data on 3,000 first-year students. The administrative dataset includes

students’ grades in all first-year courses and dormitory assignments. The next two subsections

describe the two rounds of survey data and the noncognitive skill measures obtained from them.

1.2.1 Survey

The Round I survey was conducted in September 2017, when students had just enrolled in the

university. The school survey was implemented by a team of 25 graduate students (13 men and

12 women) in the economics department. Surveyors were randomly assigned to dormitories of

first-year students of the same gender, which they were required to visit to hand out the surveys

and monitor students answering the questionnaire. Surveyors recorded each student’s attitude

(highly cooperative, neutral, or impatient) and time spent answering the survey. In most cases,
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surveyors went to their assigned dormitories in the evening hours to ensure that most students

were in the dormitories. They were also instructed not to visit too late so that students who

wanted to rest early would not answer the questionnaire impatiently. If students were absent

from their dormitories, the assigned surveyor was required to follow up during the survey period.

All students received a planner notebook as a gift after the survey, and surveyors were required

to take a photo with students as a monitoring tool. On average, each surveyor completed 115

surveys, and 3,000 valid observations were collected.

The Round I survey includes questions on demographic information, such as age, place of

birth, parental education, and family income. Students were also asked to report their CEE scores.

The survey also incorporated questions to evaluate students’ noncognitive skills. Detailed infor-

mation on noncognitive skill questions is provided in the next subsection.

Table 1.1 summarizes the characteristics of students who participated in the Round I survey.

Panel 1 shows the students’ academic background characteristics. Students had a mean CEE

score of 508.³ As a point of comparison, 16.3% of the students who took the CEE in the province

where the university is located scored higher than 508. Therefore, most students in the school

have academic abilities that are well above average. This inference is also supported by students’

self-reported high school rankings: More than half of students reported that they ranked in the

top 20% in their high school. About 32% of students studied liberal arts rather than science in

high school.

Panel 2-4 of Table 1.1 reports students’ demographics, parental income, and parental educa-

tion, respectively. Slightly more than half of the students are females, and only 3% have minority

³The total possible points is 750 for students from 30 out of 34 provinces/areas. Students from Jiangsu, Zhejiang,
Hainan, and Shanghai have different total points in the CEE.
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ethnicity. 26% of the students are only children, which seems low given that these students were

born when China’s one-child policy was in effect, but it is consistent with census data. On av-

erage, students spent 28.6 minutes answering the survey, meaning that they did take time to

answer the survey questions carefully.

The Round II survey was conducted in September 2018 and collected information on students’

noncognitive skills. The Round II survey had a smaller sample size than Round I (1,710 valid ob-

servations), mainly because the survey team could not obtain data on student grades at several

colleges, so they decided not to follow up with students at these colleges. A few students also

moved to other dormitories or lived off-campus in their second year, and surveyors did not follow

up with these students. Twelve surveyors from the Round I survey teamwere selected to conduct

the Round II survey, following similar protocols. The two rounds of the survey enable the ob-

servation of how students’ noncognitive skills had changed one year after enrollment. Students

were also asked to identify four types of friends: those with whom they (1) attend classes, (2)

study, (3) often communicate and chat with, and (4) hang out with (e.g., during sports, shopping,

or gaming).

1.2.2 Non-Cognitive Skill Measures

Many noncognitive skills may be related to academic performance or job market outcomes,

and it is not possible to include them all in one survey. The school survey included noncognitive

skill measures based on two criteria: (1) relevant classical questionnaires exist that can be trans-

lated into Chinese without distorting their meaning because of cultural differences; and (2) the

skills have been shown by previous studies to be correlated with academic outcomes or future
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well-being (Borghans et al., 2008a; Brunello et al., 2010; Gutman and Schoon, 2013; Heckman and

Rubinstein, 2001; Kautz et al., 2014).

In the end, the survey was designed to measure these noncognitive skills: the Big Five per-

sonality traits,⁴, locus of control, grit, self-control, social skills, and leadership. It included a total

of 144 questions related to noncognitive skills. Appendix B presents a more detailed description

of the questions used to measure these skills.

1.3 Empirical Strategy and Outcomes

1.3.1 Empirical Strategy

I first explore the correlation between student grades and baseline non-cognitive skill mea-

sures.

Gradei = β1Noncogi + β2CEEi + ηi + ϵi (1.1)

In this equation, Gradei is the average grades of individual i, CEEi is own standardized

baseline academic ability, measured by college entrance exam (CEE) score, and Noncogi is a

full set of non-cognitive skill measures at baseline (Round I survey). The estimates from this

regression do not show the causal relationship between own baseline characteristics and grades.

Still, they provide a general idea of how non-cognitive skills are correlated with college grades.

Then, I estimate the effect of peers’ average baseline academic ability and non-cognitive skills

on own grades in first year courses and non-cognitive skills at the beginning of the second year:

⁴The Big Five personal traits include extraversion (outgoing vs. reserved), agreeableness (friendly vs. criti-
cal), openness to experience (curious/inventive vs. cautious/consistent), conscientiousness (efficient/organized vs.
careless), and neuroticism (sensitive vs. confident).
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Yi = β1

ΣjNoncogj

n− 1
+ β2Noncogi + β3

ΣjCEEj

n− 1
+ β4CEEi + ηi + ϵi (1.2)

Equation 1.2 shows how peers influence one’s outcomes. In the model, Yi is the outcome of

individual i, Σj

n−1
CEEj is the leave-one-out average of roommates’ academic ability as measured

by peers’ standardized mean college entrance test score, and �j
n−1Noncogj is a full set of leave-

one-out average non-cognitive skill measures of roommates at baseline. ηi is a set of personal

control variables, including parental education, parental income, the province where the student

took the college entrance exam, and major fixed effects. Standard errors are clustered at the level

of randomization (dormitory level), following Abadie et al. (2017).

The vector β1 contains the main coefficients of interest, which estimate the causal effect of

peers’ non-cognitive skills on outcomes. The validity of the causal relationship depends on the

assumption that peers’ cognitive skills and non-cognitive skills are unrelated to the error term.

In formula, this means:

E(
ΣjCEEj

n− 1
∗ ϵi|CEEi, ηi, noncogi) = 0 (1.3)

E(
ΣjNoncogj

n− 1
∗ ϵi|CEEi, ηi, noncogi) = 0 (1.4)

As mentioned in the previous section, first year students were randomly assigned to dormito-

ries within a major and gender. This is critical to the identification of causal effects because (1.3)

and (1.4) will be satisfied under the randomization of dormitory assignments. Another strength of

this paper is that first-year students were also randomly assigned to different sections of required

courses, making it hardly possible for students to strategically choose course sections taught by
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instructors who give higher grades.⁵

One problem of including multiple non-cognitive skill measures in the regressions is that

some categories may correlate with others because some questions in one category are similar

to those in others. For example, the “Grit” measure includes the following two questions:

• I have difficulty maintaining my focus on projects that take more than a few months to

complete.

• New ideas and projects sometimes distract me from previous ones.

These two questions are highly related to self-control, another category of non-cognitive skill.

Table A.1 shows that the correlations between non-cognitive skill measures can sometimes be as

large as .57 (correlation between social skills and leadership). The presence of several highly

correlated explanatory variables in the regression model does not affect the predictive power,

but would increases estimates of parameter variance, and results in parameters with incorrect

signs and implausible magnitudes(Greene, 1990). What is more, using these original measures in

Equation 1.2, I could calculate the variance inflation factors (VIF) of these measures. 7 out of 10

are larger than 10, the conventional threshold at which multi-collinearity would be a concern.

Building on the ideas of Cawley et al. (2001) and Bentzen (2012), I use a principal compo-

nent regression method to re-group the non-cognitive skill measures. The benefits of this type of

method in this context are two-fold. First, it alleviates the problem of high correlations among

different non-cognitive skill measures, reducing the variance. Second, it facilitates the interpre-

⁵If whether students choose a course in which the instructor tends to give higher grade is unrelated to peer’s
characteristics, there would not be a problem for identification. If not, however, this may bias the estimation because
(1.3) and (1.4) are violated even with peer-randomization. For example, if having higher-achieving peers makes a
student strategically choose course sections that give higher grades, then a positive effect between peer’s higher
achievements and own grade is caused by strategically course selecting, rather than improvement in cognitive skill.
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tation of results by forming new measures that are less correlated with each other. For example,

it is more straightforward to understand the difference between self-control and motivation, two

derived principal components, than that between self-control and locus of control, two original

measures. Appendix C provides details on this method.

Threemajor principal components were created using this approach: motivation, self-control,

and willingness to socialize. The selection of the number of major factors follows Cattell (1966).

Table 1.2 shows the questions with the highest factor loadings for the three major factors, which

is equivalent to finding the questions that determine these factors. Following Kaiser (1960), I also

include seven other factors as minor factors that have eigenvalues larger than 1.

One potential problem is that the creation of these factors introduces additional measurement

error. Angrist (2014) argued that measurement error might lead to overestimation of peer effect

when group assignment is non-random. However, Feld and Zölitz (2017) showed that under

random assignment, estimates of peer effects would tend towards zero with measurement error.

This study alleviates the problem of measurement error by (1) ensuring that the randomization

works, following Feld and Zölitz (2017), (2) exploring the magnitude of attenuation bias by boot-

strapping the principal component regression process, which has been shown to reduce the bias

of factor scores of principal components (Ichikawa and Konishi, 1995). Comparing the regression

coefficients using bootstrapped factor scores and those using the original factor scores shows the

magnitude of attenuation bias. (See Appendix D for a detailed description of the bootstrapping

method.)

Previous studies of peer effects also suffer from the threat of multiple hypothesis testing. An

analysis of a randomized experiment will generate some p-values that appear to be statistically

significant purely by chance if the researcher examines a sufficiently large number of outcomes
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and subgroups. To address this concern, I apply Romano and Wolf (2016) multiple hypothesis

testing correction to compute adjusted p-values.

1.3.2 Randomization Check

This section shows that within a major, students are not assigned to roommates based on pre-

treatment performance. I check the randomization in the dormitory assignment by showing that

students’ CEE scores are unrelated to roommates’ CEE scores within a major. Similarly, students’

noncognitive skills are unrelated to those of their peers.

Column 1 of Table 1.4 shows the results with major fixed effects, Column 2 shows results with

province of origin fixed effects added, and Column 3 further adds the CEE type. Results show

that within a major, students’ CEE scores are unrelated to those of their peers.

In Table A.3, I further explore whether students’ non-cognitive skills are related to those of

their peers. Each column reports the regressions of one category of non-cognitive skills, de-

rived from the factor analysis, on the same category of non-cognitive skills of peers. Panel A

reports results with major fixed effects, and Panel B includes province of origin fixed effects.

All coefficients are statistically insignificant, further suggesting that students are randomized to

dormitories within majors. The lowest p-value of these regressions is .119. In Appendix E, I also

perform a falsification test, which shows that having the lowest p-value of .119 could be expected

from 10 regressions.
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1.3.3 Outcomes

The outcomes of this study are grouped into two broad categories: non-cognitive skills and

cognitive skills. Non-cognitive outcomes are measures of these skills derived from the factor

analysis described in the previous Section 1.3.1. Recall that two rounds of survey were con-

ducted: the first when students enrolled in the college (September 2017) and the second one year

later (September 2018). Noncognitive skill measures from Round II could, therefore, be used as

outcomes, while those of the Round I could be used as control variables.

Cognitive skills outcomes are measured by average course grades. It is true that grades re-

flect not only cognitive skills but also noncognitive ones, such as motivation and social skills.

However, grades are still a highly reliable measure of cognitive skills, especially in science. For

each student, I calculate the average grade across all courses taken in the first year, weighted by

number of credits. I also calculate the average grades for each student in three types of courses—

STEM, social science, and language courses.

1.4 Main Results

This section shows the main results of this paper. I first explore the correlation between

grades and students’ own non-cognitive skills, providing a general idea about which types of

non-cognitive skills might be important. Then, I show that students frequently interact with

their assigned roommates, which is crucial to study the impact of peers. Finally, I present the

impact of peers on students’ grades in the first year of college, both overall and in STEM, social

science, and language courses.
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1.4.1 Correlation Between Grades and Non-Cognitive Skills

I start by estimating Equation 1.1, which examines the correlation between grades and base-

line characteristics. While this analysis does not guarantee causal relationships, it facilitates the

understanding of what these factors are and which are more likely to influence student grades.

Table 1.3 presents the results. The “Major Factors” panel includes three major non-cognitive

skill factors. The “Minor Factors” panel further incorporates all the factors with eigenvalues

larger than 1, according to the criteria developed by Kaiser (1960). Column 1 reports the results

with no pre-college controls, and Column 2 with pre-college controls. Among the three major

factors, self-control is highly related to first-year grades. Motivation is also positively related

to grades, although the estimates are statistically insignificant. Coefficients on the other seven

minor factors strongly suggest that persistent students are more likely to have higher grades. The

results also imply that social sensitivity, emotional control, and emotional sensitivity, which are

all related to social skills, may correlate with grades. Therefore, in Section 1.4.3.5, in addition to

examining motivation, self-control, and willingness to socialize, we also examine whether these

minor factors affect one’s grades.

Figure 1.3 plots residual grades versus residual factor scores of the three major factors along

with persistence, which is highly correlated with grades. Following Chetty et al. (2014) and

Golsteyn et al. (2017), I first residualize standardized average grades and factor scores with respect

to individual controls (ηi in equation 1.2). I then divide the residualized factor scores into twenty

equal-sized groups and plot the mean of the grade residuals in each bin against the mean of factor

score residuals in each bin. Figure 1.3 further shows that students’ persistence and self-control

are highly correlated with their grades, and motivation is positively correlated with grades. Some
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of the minor factors are also associated with higher grades, as shown in Figure 1.4.

Female students generally have higher grades than male students. Not surprisingly, base-

line academic ability as measured by CEE scores is positively correlated with grades, which is

consistent with prior research (Scott-Clayton, 2012).

1.4.2 Do Students Form Friendship With Roommates?

Before exploring the impact of peers, it is crucial to examine whether students interact with

their roommates frequently, as previous studies have suggested that peer effects happen only

when students interact with each other (Carrell et al., 2013; Garlick, 2018). This section shows

that students in my sample do form friends frequently with roommates.

In the Round II student survey, students were asked to list the names of peers with whom they

frequently (1) study together, (2)talk, (3) go to classes, and (4) hang out. For each type of friend,

I categorize them as one of the following: (i) roommates, (ii) same major but not roommates,

(iii) same college but not the same Major, and (iv) other. Table 1.5 shows the friend composition.

Note that I can only identify a friend as (i), (ii), or (iii) if this friend participated in either round of

the survey and her/his profile exists in the administrative dataset obtained by the survey team.

Therefore, the proportion of roommates is a lower-bound estimate because some students may

list roommates who are not in the survey sample as friends. Among all the study friends listed, at

least 64.8% are surveyees’ roommates. Similarly, more than 49.2% and 60.3% of friends with whom

they reported going to classes or hang out together are surveyee’s roommates. These findings

suggest that peers form friendships frequently with their assigned roommates.
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1.4.3 Impact on First Year Grades

This section presents the main results of this study. Section 1.4.3.1 analyzes the effects of

peers’ non-cognitive skills on grades and shows that peers’ motivation, an important factor

among non-cognitive skills, positively affects one’s grades. In Section 1.4.3.2, I estimate the im-

pact of peers’ cognitive skills, showing that peers’ previous academic performance has a posi-

tive impact on students’ first-year grades. In Section 1.4.3.3, course grades are decomposed into

STEM, social science, and language. The results here indicate that the peer effects found in Sec-

tions 1.4.3.1 and 1.4.3.2 are driven by effects in STEM and social science courses. Lastly, Section

1.4.3.4 discusses the interpretations of these results.

1.4.3.1 The Role of Peers’ Non-cognitive Skills

This section explores the impact of peers’ non-cognitive skills on grades. Studies have consis-

tently found non-linear relationships between peers’ and students’ own cognitive skills (Feld and

Zölitz, 2017; Hoxby, 2000). Table 1.6 outlines how Sacerdote (2011) described these relationships.

Sacerdote (2001) concluded that studies that applied linear-in-means models mostly found

a small or insignificant effect and that more recent studies confirmed that other models work

better. Building on the findings of these studies, I divide the sample in half according to students’

baseline CEE scores to examine the impacts by baseline academic ability. In Section 1.4.3.2, which

explores the impact of peers’ cognitive academic ability, I also test whether the effect is driven

by high-achieving peers or low-achieving peers.

Table 1.7 presents the results on first-year grades. I begin by discussing the impact of peers’

baseline average non-cognitive skills. Each category is entered separately (Columns 1-6) and
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then simultaneously (Columns 7-9). Columns 2, 5, and 8 indicate that peers’ motivation, the

largest principal component of non-cognitive skills, has a significant positive impact on grades

for students whose CEE scores are in the lower half. Such a pattern does not exist for those

whose CEE scores are in the upper half, as shown in Columns 3, 6, and 9. A t-test rejects the null

hypothesis that the impact of peer’s motivation on students with low CEE scores and those with

high CEE scores are the same. Column 8, the preferred specification, shows that a 1 SD increase

in peers’ motivation increases weighted average grades by 0.12 SD for students with low CEE

scores.

Table A.10 further includes peers’ other non-cognitive skills with eigenvalues larger than 1.

The standard errors in this table are calculated according to Romano and Wolf (2016) to correct

for multiple hypothesis testing as described in Section 1.4.3.5. Column 1 shows that having per-

sistent peers increases one’s grades, and the magnitude is larger for students whose CEE scores

are in the upper half of the distribution, as shown in Columns 2 and 3. However, a t-test cannot

reject the null hypothesis that the impacts of having persistent peers are different for students

with high- and low- CEE scores. On average, a 1 SD increase in peers’ persistence measure in-

creases students’ weighted average grades by 0.05 SD.This result is consistent with findings from

Golsteyn et al. (2017), although my measure of persistence is not identical to theirs and contains

more than one survey question. Meanwhile, having peers with high agreeableness increases

average grades for students with high CEE scores.

These magnitudes are comparable to other studies in peer effects: Carrell et al. (2009) found

that a 1 SD increase in peers’ previous academic performance improved first-year students’ GPA

by 0.08 SD at the United States Air Force Academy (USAFA), and Zárate (2019) found a 0.13 SD

increase in social skills when students were assigned peers with high social skills. This effect
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size may also be compared to the effect of having a better teacher: Chetty et al. (2014) found that

a 1 SD increase in teacher value-added led to a 0.14 SD increase in math and 0.1 SD increase in

English. Therefore, Therefore, having motivated peers confers a considerable benefit for students

with lower baseline academic ability.

I further explore why the effect of peers’ motivation differs by one’s baseline CEE score. Uti-

lizing the rich information on students’ non-cognitive skills, I explore whether peers’ motivation

influenced one’s non-cognitive skills one year after interacting with their roommates. To do so,

I estimate Equation 1.2, but the dependent variable Yi,t+1 is now student i’s non-cognitive skill

score one year later (t+1).

Table A.4 shows that peers’ motivation has a positive impact on low-CEE score students’ so-

cial sensitivity, whose eigenvalue is the fifth-largest among all the factors derived from the factor

analysis. Social sensitivity is one of the most critical components of social skills, is essential to

the establishment and maintenance of social relationships, and is related to attention to accu-

racy in identifying vocal tone and need to belong (Pickett et al., 2004). On the other hand, I do

not reject a zero impact of peers’ motivation on high-CEE score students’ social sensitivity. A

t-test rejects the null hypothesis that the impacts of peers’ motivation on low-CEE and high-CEE

score students are the same⁶. These findings provide suggestive evidence that peers’ motivation

could improve one’s social sensitivity, facilitating communication and co-operation among stu-

dents and in turn improving course grades. Such findings are also consistent with the positive

correlation between social sensitivity and grades, described in Section 1.4.1.

⁶Similar tests are also performed on the impact of peers on other 9 non-cognitive skill factors that have eigen-
values larger than 1 and I cannot reject these null hypothesizes that the impact on low-CEE and high-CEE score
students are the same.
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1.4.3.2 The Role of Peers’ Baseline Academic Ability

This section explores the impact of peers’ college entrance exam (CEE) scores on students’

grades. As in the previous section, it is crucial to examine whether there are heterogeneous

treatment effects according to students’ baseline academic ability. Existing studies have found

such heterogeneity in many settings. Zárate (2019), for example, found that the presence of peers

with higher academic ability has an insignificant effect on students whose baseline academic

ability is high but negatively affects students whose baseline academic ability is low.

The results reveal that peers’ CEE scores have a positive effect on first-year grades. Column

7 of Table 1.7 shows the impact on the whole sample, and columns 8 and 9 divide the sample by

half according to students’ CEE scores. A 1 SD increase in peers’ average CEE score increases

students’ first-year average grades by 0.16 SD on average. Themagnitude for students whose CEE

scores are in the lower half is larger, but a test could not reject the hypothesis that the magnitude

is larger than that for higher-scoring students.

I also test the effect of having “academic star” students or low academic ability peers, defined

as those with CEE scores in the top or bottom 15% within a major. Table A.5 presents the results.

Columns 1 - 3 show the impacts of the proportion of low academic ability peers on first-year

grades, and Columns 4 - 6 show the impacts of the proportion of star peers. The results show

that academic stars have a positive impact on first-year grades. A 100 % increase in the proportion

of academic “star” peers would, on average, increase one’s grade by 0.21 SD. A typical dormitory

in this university has 4 students, so replacing an average student with a “star” student would

increase the proportion by 33 %, leading to a 0.21 ∗ 33% = 0.06 SD increase in grades. On the

other hand, we do not reject a zero impact of academic-ability peers on grades.
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1.4.3.3 Heterogeneity Across Subjects

Average grade is the most frequently used measure of academic outcome in the current peer

effects literature (Zimmerman, 2003; Garlick, 2018; Zárate, 2019). However, peers’ impacts on

course grades may differ by the type of course. Carrell et al. (2009) found that the impact of

peers’ SAT scores had the largest influence on math, followed by social science courses. The

impact on language and physical education was, however, insignificant.

I group the first-year courses into three categories: STEM (science, technology, engineering,

and mathematics), language, and social science courses. Then, I calculate the average grades of

students in each category to look at the peer effects on different types of courses. Examples

of courses in these categories are shown in Table A.6. Looking at the impacts by category is

important because STEM courses have been popular in recent years, both in China and other

countries, and these courses’ contents are similar across countries. Therefore, the results for

this subset might have higher external validity. Furthermore, language courses are also quite

prevalent in non-English-speaking countries, and the performance in these courses is of great

importance in academic success. This analysis provides a more in-depth understanding of peers’

impacts on grades, and complements Carrell et al. (2009) by showing the heterogeneity across

subjects not only in the impact of peers’ academic performance but also in the impact of peers’

non-cognitive skills.

Tables A.7 - A.9 present the impact of peers’ on grades in the three categories of courses men-

tioned above. I start by exploring the role of peers’ non-cognitive skills. For students with low

CEE scores, peers’ motivation has a positive impact on social science⁷ and STEM course grades

⁷Regressions in Table A.7 have fewer observations because students in some majors, such as mathematics, do
not take social science courses in their first year.
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(0.12 SD), which is similar to the main results in Table 1.7. However, the impact on language

course grades is, though positive, statistically insignificant. I do not reject a zero impact of peers’

motivation in all types of courses for students with high CEE scores.

Similarly, the impacts of peers’ CEE scores also exhibit heterogeneity across subjects. A 1 SD

increase in peers’ average CEE score increases social science grades by 0.17 SD, STEM grades by

0.13 SD, and language course grades by statistically insignificant 0.06 SD for low-CEE students.

These results are mostly consistent with Carrell et al. (2009). Again, I do not reject the zero impact

of peers’ three major non-cognitive skill factors in all types of courses for students with high CEE

scores.

1.4.3.4 Interpretation of the Results

The results above clearly show that peers’ cognitive and non-cognitive skills have impacts

on students’ grades. In this section, I discuss the interpretation of these results and how these

contribute to the current literature.

First, peers’ non-cognitive skills matter, and social interactions might be an important

channel through which better peers benefit one’s grades. I find that peers’ non-cognitive skills

affect students’ college grades: Having persistent peers increases students’ grades, and students

with low-CEE scores also benefit from having highly motivated peers. Notably, the impact of

peers’ motivation is significant in STEM and social science courses but not in language courses.

It is, therefore, useful to think about the differences between these courses.

STEM and social science courses both require significant cooperation among peers, since

they are either highly challenging courses that may require consultation with other students or

involve group projects. On the other hand, language courses usually only test students’ ability to
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memorize material and diligence. Recall from Section 1.4.3.1 that peers’ motivation may increase

social sensitivity among students with lowCEE scores. Therefore, I can infer that highmotivation

peers increased students’ social sensitivity, which in turn contributed to better communication

and cooperation. These finally led to better grades for students with low CEE scores, especially

in courses that require cooperation with other students.

Second, our findings suggest that more interaction among peers may lead to larger peer

effects. I found a larger impact of peers’ baseline academic ability on grades than most other

peer effect studies, which could be the consequence of more interactions between roommates.

Recall that Table 1.5 shows that all the friends listed as those students go to classes with, at least

49.2% are roommates, and that among all the friends they study with, at least 64.8% are room-

mates.⁸ Spending more time together may facilitate peer effects, which may explain why the

effects found in this study are larger than many existing ones. Similarly, Li et al. (2014c) suggests

that more interactions in primary schools also facilitate peer effects. Carrell et al. (2013) reasoned

that one major drawback of studies that utilized randomization in dormitory assignments is that

roommates are only a small subset of one’s peer groups. In this paper, however, roommates con-

stitute a large proportion of one’s network, as shown in Table 1.5. Therefore, this randomization

did lead to substantial interactions among roommates.

Meanwhile, my findings on the heterogeneity in the impact across subjects, consistent with

those in Carrell et al. (2009), also support the idea that peer effects are larger when there are more

interactions. Carrell et al. (2009) reasoned that this suggests how peer effects transpire: since

⁸A friend is identified as roommates if the survey team could match the name with another observation in the
sample, and they have the same building number and dormitory number. A friend is identified as “same major” if the
survey team could match the name with another observation in the sample, and they have the same major. Students
may list a friend who is her/his roommate, but somehow this friend is not in the sample. Therefore, this number
shows the lower bound of the proportion of study friends that are roommates.
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social science, science, and math courses require more interaction among students than language

and physical education courses, peer effects may be working through study partnerships versus

a social norm of effort. My findings support this idea by showing that peers’ baseline academic

ability andmotivation (positively) affect grades in STEMand social science courses, which require

more interaction among students.

Third, students gain from having “academic star students ass” peers and are not harmed

by having peers with low baseline academic ability in the context of dormitory randomization

within majors. I found positive effects of peers’ cognitive skills on grades. This finding is consis-

tent with previous studies. Meanwhile, existing studies found non-linear relationships between

peers’ academic performance and one’s own grades (Imberman et al., 2012; Sacerdote, 2011). This

paper strengthens this statement by showing that the positive effects are mainly driven by star

students with high CEE scores, while students with low CEE scores do not harm their peers’

grades.

This finding seems different from studies that found negative effects of “disruptive” peers on

one’s outcomes (Figlio, 2007; Xu et al., 2020). Note, however, that Figlio (2007) and Xu et al.

(2020) studied peer effects in the context of primary and high schools, and the presence of peers

that disrupt classes may reduce learning (Lazear, 2001). This study focuses instead on college

students, and so academically disadvantageous students are less likely to influence learning in

class. Such a finding is also consistent with Figlio and Özek (2019), which found zero or modestly

positive estimated effects of poor, low-skilledmigrants on the educational outcomes of incumbent

students using data from a public school in Florida (grades 3-10).

Furthermore, the non-linear relationships found in this study may have policy implica-

tions in peer-group design. I found that peers’ motivation and previous academic performance
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positively affect STEM and social science course grades of low-CEE score students, but have an

insignificant impact on those of high-CEE score students. Therefore, grouping students with high

motivation/CEE scores and low-CEE score students would positively affect grades for the latter

without harming high-CEE students’ grades. This implies that it might be Pareto-improving to

place high-CEE and low-CEE students together and assign all “middle-CEE” students to the same

dormitory.

Such a finding contradicts some studies that found it optimal to place students with simi-

lar academic backgrounds together because lower-achieving students were found to have lower

grades when interacting with high-achieving peers (Burke and Sass, 2013; Vigdor and Nechyba,

2007; Zárate, 2019). However, recall that the randomization here happened within majors, peers

are more likely to have similar academic backgrounds. This means that low-CEE students may

perceive the grades of high-CEE peers as achievable rather than become less confident (Zárate,

2019). Placing high-CEE students and low-CEE students together may, therefore, facilitate the

latter’s progress through more communication and interactions when students’ academic abili-

ties do not differ greatly.

1.4.3.5 Multiple Hypothesis Testing and Other Non-cognitive Measures

Previous studies in peer effect usually perform several subgroup analyses to deal with the

problem of non-linear relationships. Given the number of tests needed to perform subgroup

analyses and to analyze the effect of each non-cognitive skill factors, one may be concerned

that findings of significant effects in this paper are an artifact of multiple hypothesis testing. To

address this concern, I implement Romano and Wolf (2016) method to adjust p-values in regres-

sions. Meanwhile, given the context of this paper, it is reasonable to do the following robustness
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checks: (1) adding other minor non-cognitive skill measures to the regression model; and (2)

using alternative non-cognitive skills measures.

Adding minor non-cognitive skill measures, and multiple hypothesis testing. In addition

to the impact of peers’ three major factors discussed in Table 1.7, I further explore the impact

of peers minor non-cognitive skill factors, defined as those with eigenvalues larger than 1, an-

other commonly used criterion in factor analysis (Kaiser, 1960). Results are shown in Table A.10.

P-values are calculated using 1,000 bootstrap replications following Romano and Wolf (2016).

Columns (1) to (3) present results of the whole sample, students with lower-half CEE scores, and

students with upper-half CEE scores, respectively. The main conclusion still holds: In terms of

first-year grades, students benefit from having peers with high baseline academic ability, and

students with low baseline academic ability benefit from having highly motivated peers.

Using raw non-cognitive skill measures. In previous sections, non-cognitive skill measures

are constructed using the factor analysis described in Section 1.3. To see what happens if I do

not apply this method, I run regressions using raw non-cognitive skill measures described in

Section 1.2.2, which are highly correlated before using factor analysis. Two predictions could

be expected: (1) raw measures (of peers) that are highly correlated with the factor “motivation”

would have a positive impact on low CEE score student, while those (of peers) that are highly

correlated with the factor “persistence” would have a positive impact on high CEE score students;

(2) as mentioned in Section 1.3, the inclusion of highly correlated explanatory variables in one

regression would inflate the standard errors of the estimates, producing large variance in the

coefficients on the raw measures.

Results in Table A.11 support these predictions. First, peers with high levels of non-cognitive

skills that are highly correlated with motivation, such as locus of control (correlation = .5) and
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leadership (correlation = .67), benefit low CEE score students. Peers with high levels of non-

cognitive skills that are highly correlated with persistence, such as perseverance (correlation =

.45) and conscientiousness (correlation = .60), increase the grades of students with high CEE

scores. Although none of these estimates are statistically significant, this is likely because of the

larger variance caused by the colinearity of the raw noncognitive skill measures.

In terms of the second prediction, although variances of estimates in two different regression

models are generally incomparable, I may still look at the change in variances if some raw mea-

sures are highly correlated to factors in Table 1.7. For instance, the second factor, self-control,

is highly correlated with the raw self-control measure (correlation = .9). The variance of the

estimates increased from 0.027 to 0.035, an almost 30% increase. Meanwhile, if I only include

peer’s raw self-control measure but no other non-cognitive measures of peers, the variance also

decreases from 0.035 to 0.027.

Therefore, the results in Table A.11 supports the idea of using principal component regression,

which reduces the variance of estimates. The results are also consistent with themain conclusions

discussed in Section 1.4.3.1.

Using bootstrapped non-cognitive skill measures. Lastly, to alleviate the measurement er-

ror from factor analysis, I calculate factor scores using factor loading derived from 500 bootstrap

replications. Details of the method are in Appendix D. Table A.12 presents the results. As ex-

pected, compared with Columns 1 - 3, which show the coefficients when using the original factor

score, coefficient estimates on bootstrapped factor scores in Columns 4 - 6 generally have larger

magnitudes. This is consistent with the finding of Feld and Zölitz (2017) that under random peer

assignment, measurement error leads to attenuation bias. Importantly, the magnitude of the ef-

fect of having highly motivated peers on students with low CEE scores increases from 0.12 SD
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to 0.13 SD, and it is still statistically significant. The estimates in Columns 4 - 6 are not far away

from those in Columns 1 - 3, suggesting that measurement error does not substantially change

the conclusions.

1.5 Impact on the Development of Non-Cognitive Skills and

Friendships

This section explores the impacts of peers on the development of non-cognitive skills and

friendships. The importance of non-cognitive skills has been documented in Section 1.1, and sur-

vey data from employers also show that non-cognitive skills are essential in job market success.

For example, Holzer (1997) showed from a survey of 3,200 employers in the United States that

responsibility, integrity, and self-management are as important as or more important than ba-

sic skills when they make hiring decisions. Meanwhile, we examine the factors that determine

friendship formation, whichmakes it possible to better understand themechanism of peer effects.

1.5.1 Impact on Non-Cognitive Skill Development One Year Later

I begin by estimating the impact of peers’ three major non-cognitive skill factors. Table 1.8

presents the result. Column 1 reports the effect on motivation, Column 2 on self-control, and

Columns 3 on willingness to socialize. The results reveal that one’s self-control is negatively

affected by peers’ self-control. A 1 SD increase in peers’ average self-control decreases one’s

self-control by 0.07 SD. Meanwhile, having peers that have high levels of self-control and high

CEE scores increases willingness to socialize. A 1 SD increase in peers’ average self-control and
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CEE improves one’s willingness to socialize by 0.06 SD and 0.15 SD, respectively. The result is

consistent with Booij et al. (2017) and Feld and Zölitz (2017), which provided survey evidence

that peers with high academic ability facilitates interaction in the context of higher education.

These findings imply that: (1) there may exist “free-riding” in self-control, and (2) “friendly”

roommates increase one’s willingness to socialize. Having peers that have high levels of self-

control makes one feel unnecessary to exert effort to keep a harmonious environment. Over

time, the reliance on others reduces self-control. Meanwhile, results suggest that students may

prefer to interact with peers who have high levels of self-control and academic ability. Over time,

students who were assigned such peers may become more willing to socialize and talk to other

people.

Table A.13 further adds all peers’ non-cognitive skill factors that have eigenvalues larger than

1 as explanatory variables. Following Romano andWolf (2016), I also calculate p-values based on

1,000 bootstrap replications. The “Major Factors” panel includes three factors mentioned above

and the average CEE score of peers, and “Minor Factors” includes other factors. Results in the

“Minor Factors” panel further support the conclusions: having emotionally sensitive peers, which

could be considered an increase in monitoring, improves one’s self-control. A 1 SD increase in

peers’ average emotional sensitivity improves one’s self-control by 0.07 SD. In Column 3, the

coefficient on agreeableness also suggests that having agreeable peers facilitates one’s willingness

to socialize. These results are also robust to multiple hypothesis testing corrections.

The key findings that peers affect the development of self-control and willingness to socialize

have important implications for post-college well-being. Self-control is the underlying assump-

tion of economic behavior (Thaler and Ganser, 2015) and is associated with future financial condi-

tion (Bernheim et al., 2015; Heidhues and Kőszegi, 2010; Kaur et al., 2015). Willingness to socialize
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is also an important determinant of job market outcomes (Achtziger et al., 2015; Cobb-Clark et al.,

2019; Deming, 2017; Duckworth and Seligman, 2005; Weinberger, 2014). Therefore, the existence

of peer effects in the development of self-control and willingness to socialize implies that peer

group selection affects both college grades and future outcomes.

As mentioned in Section 1.3, studies have found non-linear relationships in peer effects on

test scores (Feld and Zölitz, 2017; Hoxby, 2000; Sacerdote, 2001). It is possible that such non-linear

relationships also exist in peer effects on non-cognitive skills, depending on students’ own level

of respective baseline scores. I test for non-linearity by running regressions replacing each peer

non-cognitive skill term in Equation 1.2 with three interaction terms between students’ baseline

own factor scores level indicators (high, middle, or low) and peers’ average factor scores.

Table A.14 and A.15 reports the results. In Table A.14, the coefficients reveal that students

with high baseline self-control are negatively affected by peers’ self-control level, but students

with middle or low baseline self-control are unaffected by peer’s self-control. Meanwhile, having

peers with high levels of emotional sensitivity, which could be considered an increase in moni-

toring, increases the self-control of students with middle or low baseline self-control. Table A.15

shows that peers are more likely to influence the willingness to socialize only for those with

middle or high baseline willingness to socialize.

1.5.2 Determinants of Friendship Formation

This section explores what affects the decision to make friends. Carrell et al. (2013) found that

students sometimes avoid interactingwith the assigned peers, which led to unexpected outcomes.

Therefore, knowing what affects the formation of friendship is critical in understanding peer
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effects. Meanwhile, friendship formation is related to one’s social network, which influences

academic success and labor market performance.

I first identify all the roommates of students who are in the sample. I create a dummy for

each student’s roommate that equals 1 if the student listed this roommate as a friend. I then run

a Logit regression of whether a student listed a roommate as a friend on several measures:

1. Roommate’s non-cognitive skills and CEE score.

2. The absolute difference between own and roommate’s non-cognitive skills and CEE score.

3. Similarities between them, such as place of origin and ranking in high school.

Table A.16 reports the results of the determinants of friendship formation. Column 1 includes

only roommate’s non-cognitive skills, Column 2 adds the absolute difference between own and

roommate’s non-cognitive skills in addition to those in 1, and Column 3 further incorporates

similarities and CEE score.

The results reveal that students are more likely to list roommates with high agreeableness and

low emotional sensitivity as friends. Intuitively, these two characteristics facilitate interaction

among individuals by showing a kind, considerate, and warm attitude. Meanwhile, students are

less likely to list roommates who are persistent and show higher leadership and social willing-

ness. The reason might be that students with these characteristics spend more time study, group

activities, and social events, which reduced their time to interact with roommates.

Meanwhile, results suggest that students are more likely to list roommates that are from

the same city and have similar levels of self-control, leadership willingness, emotional control,

persistence, and high school rankings as friends. This finding is consistent with the “homophily”

phenomenon (Graham, 2017; Mele, 2017), a tendency for people to form relationships with those

similar to them. Furthermore, students prefer to make friends with those who have higher CEE
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scores, which may also explain why being assigned high-CEE students facilitates course grades,

as shown in Section 1.4.3.2.

To alleviate the problem of multiple hypothesis testing, I again apply the correction method

developed by Romano and Wolf (2016), a widely adopted statistical method to deal with multiple

hypothesis testing. Columns 4 - 6 of Table A.16 present the results. It turns out that the most

vital factors that determine friendship formation are peer’s CEE scores, agreeableness, emotional

sensitivity, persistence, and leadership. This finding implies that in the context of college, one’s

non-cognitive skills strongly determine whether others are willing to make friends with her/him.

Those who are agreeable and less emotionally sensitive are perceived as warm and considerate,

facilitating friendship formation. On the other hand, persistence and high levels of leadership

willingness may reduce students’ chances of making friends with roommates, although these

students are more likely to spend more time on group activities, facilitating the formation of

networks outside the dormitory. Results also suggest the “homophily” phenomenon: Students

are more likely to make friends with those who are similar in leadership willingness, place of

origin, and high school ranking.

1.6 Conclusion

Although studies have shown the importance of non-cognitive skills in academic performance

and labor market outcomes (Adhvaryu et al., 2018; Alan et al., 2019; Brunello and Schlotter, 2011;

Weinberger, 2014), little is known about whether non-cognitive skills play a role in peer effects.

Using data from a university in China that randomly assigned first-year students to dormitories

within majors, this paper identifies the effects of peers’ noncognitive skills on students’ college
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grades and noncognitive skill development

I find that having persistent peers increases one’s grades and that having peers with high

motivation increases the grades of students with lower baseline academic ability. The differential

effects of peers’ motivation might be driven by the fact that high motivation peers increase the

social sensitivity of lower-achieving students, which has been shown to correlate with grades in

Section 1.4.1. Such a finding implies that peers’ motivation increases one’s grades by facilitating

interaction and communication.

Additionally, having peers with higher baseline academic abilities improves students’ grades,

which is mainly driven by the presence of “academic star” peers. Consistent with Carrell et al.

(2009), such effects exist in STEM and social science courses but not in language courses. Simi-

larly, the impacts of peers’ motivation on grades also exist only in these courses. STEM and social

science courses differ from language courses in that the former have more team projects and re-

quire students to discuss assignments more often because of their difficulty levels. This further

supports the idea that larger peer effects would occur with more interactions, communications,

and working together.

Furthermore, this paper examines the effect of peers on the development of non-cognitive

skills. Results suggest that peers may influence the development of students’ non-cognitive skills,

especially self-control and willingness to socialize, two types of skills that existing studies have

shown to affect labor market outcomes and financial success.

I found that peers with high levels of self-control and low levels of emotional sensitivity

decrease one’s self-control. This implies “free-riding” in self-control: if a student has roommates

with high levels of self-discipline and low levels of monitoring ability, the student becomes less

willing to exert effort to keep a harmonious environment. Over time, such “free-riding” behavior
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reduces one’s self-control. Meanwhile, I found that peers that are self-controlled, agreeable, and

have high baseline academic abilitymay increase one’s willingness to socialize. This suggests that

if a student perceives her/his peers to be nice, considerate, and high-achieving, she/he become

more willing to socialize because communication and interaction with these peers are pleasant.

To conclude, this paper bridges the literature on peer effects by showing that non-cognitive

skills play an important role using data from a university in China. Student grades could be

improved by both better academic ability and non-cognitive skills of peers, and peers’ character-

istics could also influence the development of students’ own noncognitive skills. Further studies

are needed to assess whether these results are valid in other contexts.
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Tables

Table 1.1: Summary Statistics

Count Mean S.D
Panel A: Academic Background & Grades
Average Grades 1704 77.38 7.34
CEE Score 1721 496.71 59.10
% Liberal Arts 1754 0.41 0.49
% Ranked top 5% in high school 1788 0.11 0.32
% Ranked 5-20% in high school 1788 0.34 0.47
% Ranked 20-50% in high school 1788 0.34 0.47
% Ranked top 5% in high school (class) 1788 0.28 0.45
% Ranked 5-20% in high school (class) 1788 0.33 0.47
% Ranked 20-50% in high school (class) 1788 0.24 0.43

Panel B: Demographics
% Female 1788 0.68 0.47
% Minority ethnicity 1788 0.03 0.18
% Single child 1788 0.23 0.42

Panel C: Parental Income (CNY)
% Mother below 2,000 1788 0.51 0.50
% Mother 2,000-5,000 1788 0.35 0.48
% Mother 5,000-8,000 1788 0.05 0.22
% Father below 2,000 1788 0.21 0.41
% Father 2,000-5,000 1788 0.56 0.50
% Father 5,000-8,000 1788 0.12 0.33
% Father above 8,000 1788 0.08 0.27

Panel D: Parental Education
% Some college (mother) 1788 0.09 0.29
% Upper secondary school (mother) 1788 0.15 0.36
% Lower secondary school (mother) 1788 0.45 0.50
% Some college (father) 1788 0.13 0.33
% Upper secondary school (father) 1788 0.22 0.41
% Lower secondary school (father) 1788 0.46 0.50

Survey Time (minutes) 1788 28.56 7.98
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Table 1.2: Determinants of Three Major Factors

Category Questions

Motivation I have energy to complete projects.
I am willing to try new experiences.
I admire people who have achieved great things.
I have courage to act.
I work hard to get things I want.
I am sure enough of own opinions to try to influence others.

Self-Control I am good at resisting temptations.
People would say I have strong self-discipline.
Pleasure and fun do not keep me from getting work done.
I can stop myself from doing things when I know it is wrong.
I can maintain focus on projects that takes more than a few months.
New ideas and projects do not distract me from previous ones.

Willingness to Socialize I love to be sociable.
I am outgoing and sociable.
I always mingle at parties
I enjoy talking to a lot of different people.
I enjoy meeting new people.
I do not tend to be quiet.

Notes: This table lists the questions that have highest “factor loadings” for the three factors that have the largest
eigenvalues from the factor analysis described in section 2. Factor loadings can be interpreted as “standardized
regression coefficients”, so they show the correlation between the single question and the derived factors. The factor
loadings of the questions listed in this table range from 0.46 to 0.75.
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Table 1.3: Grades Regressed on Baseline Own Non-Cognitive Skills

(1) (2)

Major Motivation 0.037 0.027
Factors (0.028) (0.028)

Self-control 0.116*** 0.122***
(0.021) (0.021)

Willingness to socialize 0.005 0.002
(0.025) (0.024)

Minor Leadership -0.031 -0.010
Factors (0.024) (0.025)

Social sensitivity 0.048** 0.053**
(0.024) (0.024)

Emotional control -0.054** -0.061**
(0.023) (0.023)

Neuroticism 0.032 0.033
(0.023) (0.023)

Persistence 0.131*** 0.131***
(0.023) (0.024)

Emotional sensitivity -0.047** -0.049**
(0.022) (0.022)

Agreeableness -0.018 -0.024
(0.023) (0.024)

Others Female 0.544*** 0.535***
(0.055) (0.056)

CEE score 0.170***
(0.044)

Pre-college controls No Yes
Observations 1,654 1,590
R-squared 0.305 0.309

Notes: This table reports results of student grades regressed on students’ baseline non-cognitive skills. All regres-
sions controls for gender. Pre-College controls include province or birth and self-reported Parental Income and
Education. Each category of non-cognitive skills is standardized at school-grade level. Standard errors are clustered
at dormitory level. *** p<0.01, ** p<0.05, * p<0.1

38



Table 1.4: Own CEE Regressed on Peer CEE Score

(1) (2) (3)

Peer’s Avg. CEE Score -0.020 -0.020 -0.026
(0.028) (0.023) (0.021)

Observations 2,668 2,668 2,647
R-squared 0.000 0.314 0.479
Major FE ✓ ✓ ✓
Province FE ✓ ✓
Science FE ✓

Notes: This table reports balance checks of own standardized CEE scores regressed on peers’ standardized average
CEE scores. To calculate standardized CEE, I standardize CEE score according to province where students took
CEE. Students from provinces that take the same test are grouped and their scores are standardized within group.
All regressions include major fixed effects because the randomization happened within majors. Standard errors are
clustered at dormitory level. *** p<0.01, ** p<0.05, * p<0.1
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Table 1.5: Friendship Composition

Friend Type Roommates Same Major Same College Other
(But not Roommate) (But not same Major)

Friends that I often …
Study with 64.8% 20.6% 6.8% 7.8%
Talk & Chat with 30.9% 10.1% 4.5% 54.5%
Go to Class with 49.2% 18.0% 2.2% 30.6%
Hang Out with 60.3% 16.7% 7.2% 15.8%

Notes: This table reports the composition of the friendship of each type. Each row represents one type of friendship
and therefore sums up to 100%. For example, the first cell in Column two means that among all the study friends
listed, 64.8% are surveyee’s roommates.
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Table 1.6: Models of Peer Effects

Model Description
Linear-in-means Only the mean of peers background or outcomes matters

Bad apple One disruptive student harms everyone

Shining light One excellent student provides great example for all

Invidious Comparison Outcomes are harmed by the presence of better achieving peers

Tracking Students perform best when surrounded by others like them-
selves

Focus Classroom homogeneity is good, regardless of student i’s ability
relative to the homogenous classmates

Single crossing Positive effects from high ability classmate is weakly monotoni-
cally increasing in own ability

Notes: Adapted from “Peer effects in education: Howmight they work, how big are they and howmuch do we know
thus far?” by B. Sacerdote, 2011, Handbook of the Economics of Education, volume 3, page 255. 2011 by Elsevie.

41



Table 1.7: Impact of Peers on First Year Grades

Characteristics separately Characteristics simultaneously
(1) (2) (3) (4) (5) (6) (7) (8) (9)

EV1: Peer Motivation 0.020 0.127*** -0.061 0.016 0.118*** -0.062 0.016 0.119*** -0.061
(0.038) (0.040) (0.061) (0.038) (0.040) (0.062) (0.038) (0.040) (0.063)

EV2: Peer Self-Control 0.014 0.039 0.010 0.020 0.053 0.015 0.020 0.052 0.014
(0.027) (0.039) (0.038) (0.027) (0.040) (0.039) (0.027) (0.040) (0.039)

EV3: Peer Willingness
to Socialize -0.002 -0.031 0.002 -0.005 -0.039 0.001 -0.007 -0.049 0.001

(0.026) (0.034) (0.034) (0.026) (0.035) (0.034) (0.026) (0.035) (0.033)

Peer CEE Score ✓ ✓ ✓ 0.162** 0.270** 0.187**
(0.073) (0.125) (0.089)

Lower-half CEE Score ✓ ✓ ✓ ✓ ✓ ✓
Higher-half CEE Score ✓ ✓ ✓ ✓ ✓ ✓
Observations 1560 784 776 1556 782 774 1556 782 774
R-squared 0.401 0.456 0.418

Notes: This table reports the effect of peers’ non-cognitive skills and previous academic performance on first year weighted (by credit) average grades. All
regressions include province of origin fixed effects and major fixed effects. Other controls include gender, own CEE score and non-cognitive skills at baseline,
parental education, and parental income. Grades are standardized at the school-by-grade level. To calculate standardized CEE and classify students as Upper-half
baseline CEE, I standardize CEE score according to province where students took CEE. Students from provinces that take the same test are grouped and their
scores are standardized within group. Students whose standardized CEE are at the upper half are classified as upper half, those at the lower half are classified a
lower half. Standard errors are clustered at the dormitory level; *** p<0.01, ** p<0.05, * p<0.1
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Table 1.8: Impact of Peers on Three Major Factors

(1) (2) (3)
Motiva- Self- Willingness
tion control to socialize

Peer’s Motivation -0.064 -0.042 0.032
(0.055) (0.037) (0.036)

Peer’s Self-control 0.009 -0.068*** 0.060**
(0.029) (0.024) (0.026)

Peer’s Willingness to socialize -0.035 -0.012 -0.016
(0.028) (0.026) (0.024)

Peer’s Avg. CEE score -0.027 -0.050 0.151**
(0.078) (0.068) (0.070)

Observations 1,409 1,409 1,409
R-squared 0.261 0.386 0.471

Notes: This table reports the effect of peers’ baseline non-cognitive skills and academic performance on non-
cognitive skills one year later. Both regressions include province of origin fixed effects and major fixed effects.
Other controls include gender, own CEE score and non-cognitive skills at baseline, parental education, and parental
income. Each category of non-cognitive skills is standardized at school-grade level. To calculate standardized CEE, I
standardize CEE score according to province where students took CEE. Students from provinces that take the same
test are grouped and their scores are standardized within group. Standard errors are clustered at the dormitory level;
*** p<0.01, ** p<0.05, * p<0.1
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Figures

Figure 1.1: Dormitory Structure

Notes: This figure shows the structure of a typical 4-student dormitory in China. Image downloaded from
https://www.dxsbb.com/upFiles/infoImg/2020073134894353.jpg in May 2021.
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Figure 1.2: Friendship Composition

Notes: This figure shows the composition of the friendship of each type. Each row represents one type of
friendship and therefore sums up to 100%. For example, among all the study friends listed, 64.8% are surveyee’s
roommates.
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Figure 1.3: Correlation Between Non-cognitive Skills and Grades: Major Factors and Persistence

Notes: This figure shows the correlation between non-cognitive skills and first year grades.
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Figure 1.4: Correlation Between Non-cognitive Skills and Grades: Minor Factorsx3

Notes: This figure shows the correlation between non-cognitive skills and first year grades.
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Chapter 2

The Effect of College Expansion on Wages and Employment: A

Literature Review

Abstract: Studies have explored the impact of college expansions that happen worldwide.

This paper reviews current studies on this topic, with a focus on how current studies identify

causal relationships. Specifically, this review examines how current studies on college expansion

in China starting from 1999, which was unparalleled in magnitude, could be improved to identify

its causal effects.

2.1 Introduction

College expansion is a phenomenon that has happened around the world. In Italy, for exam-

ple, the number of STEM (Science, Technology, Engineering, andMathematics) first year students

rose by 35.3 % from 12,222 students in 1960 to 16,643 in 1964 (Bianchi, 2015). The number of uni-

versities also grew sharply at the end of the 1990s (Bratti et al., 2008; Oppedisano, 2011) as an

effort to balance the supply of higher education across the nation. The United States also experi-

enced several expansions in higher education: for example, historians have called the years 1870

to 1910 “ The Age of the University”, a time when nearly all institutions of higher education en-

joyed a surge in prospective students and benefactors. Similarly, in the 1950s, college enrollment
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rose by about 50%; furthermore, undergraduate enrollment increased by 47% from 1970 to 1983,

and by 18 % from 1985 to 1992 (Snyder, 1993).

While college expansion also took place in Great Britain, Canada, and other countries (Mur-

phy et al., 2019), none could be compare in magnitude to the phenomenon in China. Before

1999, the college enrollment rate increased by about 8.5% annually in China, which was already

considerable. Even more surprising, however, was that in 1999, enrollment increased by 47.4%,

and by 38.16%, 21.61%, and 19.46% in the years 2000, 2001, and 2002, respectively. This tremen-

dous expansion led to a significant increase in the supply of high-skilled workers. However, the

expansion also led to adverse outcomes and concerns, including overcrowding in colleges, an

under-supply of educational resources, and, perhaps most importantly, lower quality of educa-

tion that will impact students’ future income.

In this paper, I explored the literature on college expansion to motivate studies on the Chinese

College Expansion period starting in 1999. This study contributes to several lines of literature:

first, it is related to the topic of cohort crowding because the direct consequence of college ex-

pansions is that per-capita educational resources are reduced if inputs cannot be adjusted in time;

second, it is relevant to the broad literature on whether educational resources can make a dif-

ference; finally, it contributes to the effect of college expansion on various outcomes, including

human capital accumulation, wages, and equality.

The rest of this chapter is organized as follows: Section 2 reviews studies on the impact

of educational resources and cohort crowding; Section 3 explores the literature on the effect of

college expansions, including a discussion of possible outcomes and a review of methods; Section

4 focuses on the college expansion in China, with a specific focus on what could be improved in

the methodology, and Section 5 concludes.
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2.2 Cohort Crowding and Effect of Educational Inputs

The topic of college expansion is related to the large body of research on the impact of edu-

cational inputs on student outcomes. One consequence of college expansions is that per-capita

education resources would be reduced: the student-teacher ratio will increase, libraries will be-

come more crowded, and students will spend more time waiting for office hours, sports activities,

and even dining. Thus, this study provides more evidence on whether student outcomes would

be worsened when fewer per-capita educational resources are provided.

Card and Krueger (1992) used U.S. earnings data from the 1980 Census to estimate the effect

of school quality, measured by student-teacher ratio, average term length, and teachers’ relative

pay. These measures are widely accepted as educational inputs. The authors concluded that men

who were educated in states with higher-quality schools had a higher return to additional years

of schooling, holding constant their current state of residence, state of birth, average return to

education in the region where they currently reside, and other factors. However, they essentially

found a correlation rather than a causal relationship, and later research did improve by using

causal methods. The following paragraphs provide reviews of some studies that found significant

effects. ¹

Angrist and Lavy (1999) use Maimonides’ rule that limits class size to be less than 40 students

to study the effect of class size on student outcomes. A regression discontinuity design was

employed since class size varied discontinuously whenever enrollment reached multiples of 40.

Thus, it is likely that students in schools with enrollments slightly smaller than multiples of

¹Most of the papers in this topic indeed found a significant effect, but keep in mind the publication bias of
“significant effect papers”, which states that studies that found significant effects were more likely to be published.
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40 were similar to students in schools whose enrollments were slightly larger than 40, except

that the former had a larger class size. The authors found a significant impact of class size on

test scores (but not future earnings). Meanwhile, Hanushek and Rivkin (2010) found that an

improvement in teacher quality of one standard deviation above themean effectiveness generated

over 400,000 dollars in marginal gains annually in the present value of student future earnings

with a class size of 20. Furthermore, financial aids could also benefit college students by reducing

time to degree (Scott-Clayton and Zafar, 2019) and increasing enrollment intensity (Park and

Scott-Clayton, 2018).

Some studies took a further step in analyzing what kind of resources may make a difference.

Rivkin et al. (2005), for example, argued that investment in teacher qualitywasmore cost-effective

in improving students’ test scores. More recently, Deming andWalters (2017) found that increas-

ing the quality of the college experience had a large impact on enrollment from 1990-2013 in the

United States, but similar level of spending that reduced tuition price did not have similar impact.

This topic is also related to the effect of cohort crowding. “Larger cohorts” could be one of

the most important reasons for college expansion, in which resources allocated to schools may

not change, but enrollment increases significantly. Bound and Turner (2007) used data covering

the last half of the 20th century and found strong evidence that large cohorts had relatively

low undergraduate degree attainment rates, implying that resources have large effects on degree

production. The authors grouped the data into state-year cells and used two strategies: first,

they regressed log of BA degrees awarded on cohort size, which is defined as the size of the

population age 18 within the state 4 years earlier; second, they used census data to estimate the

effects of cohort size on cohort share with a BA, controlling for state-specific linear trends to the

baseline specification. They concluded that within state and year, a strong negative association
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between cohort size and college completion rates existed: under the preferred functional form, a

10% increase in the size of the college-age population led to a 4% decrease in college completion

rates within states.

Bound and Turner (2007) further examined why this occurred by exploring changes in en-

rollment at different college types. They found that when cohort size became larger, community

colleges, state universities, and less prestigious universities expanded further, while elite uni-

versities usually did not increase enrollment. Given that students in elite universities generally

have a higher graduation rate while those in less prestigious institutions have a lower rate, it is

logical to expect a lower average share of college graduates in a larger cohort. Less prestigious

institutions are also less capable of finding resources to compensate for the increase in enroll-

ment, thus creating more challenges for their students. Bound and Turner (2007) also ruled out

the possibility that students from larger cohorts were less prepared for college because of fewer

per-capita resources in primary and secondary schools, thereby strengthening their argument.

However, college expansion may be different from the cohort crowding mentioned in Bound

and Turner (2007) in that expansion may happen in all universities rather than disproportionally

in less prestigious universities. Thus, it is worth looking at existing studies that directly target

the effect of college expansion.

2.3 Effect of College Expansion

The review in this section is related to the topic of college expansion that has happened or is

happening worldwide. I explore existing studies that look specifically into the effect of college

expansion.
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2.3.1 What are possible outcomes?

The first relevant question is who would be affected by college expansions and what aspect

of these individuals or even society would be affected. Existing literature has focused on several

outcomes, and here I present the most frequently used outcomes of this topic.

(1) Enrollment Rate and Graduation Rates. Nearly all studies have found that enrollment

rate increased as a result of college expansion in both China and other countries, which is intu-

itive (Meng et al., 2013; Oppedisano, 2011; Xing et al., 2018; Yeung, 2013). However, this increase

in the enrollment rate may not be equal with all groups of students. Xing and Li (2011), for

example, found that the expansion in China benefited students from different backgrounds un-

equally: students from the eastern part of China and students from urban areas benefited more

from the expansion by getting a larger increase in the probability of going to college. Meanwhile,

the increase in enrollment rate does not guarantee a higher graduation rate. Oppedisano (2011)

and Bratti et al. (2008) study Italy’s 1996-1998 college expansion and concluded that although the

expansion increased the enrollment rate for students with specific family backgrounds, but did

not increase graduation rate, as measured by the probability of holding a university degree.

(2) Student Achievement. Some studies have explored the impact of college expansions on

student achievement, such as test scores or the number of exams passed. Like Bratti et al. (2008),

Oppedisano (2011) examined the same reform using a different dataset ² and reached a simi-

lar conclusion: the expansion increased the enrollment for individuals with middle ability and

less favorable family backgrounds, without increasing their probability to quit university. Fur-

²The author use data collected from the “Survey on School and Work Experiences of Secondary School Grad-
uates”, which is a cross-section of a representative sample of secondary school graduates interviewed three years
after graduation.
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ther, Oppedisano (2011) found a significant decline in the number of passed exams for directly

affected students, especially in southern regions, casting doubts on policy effectiveness. The au-

thor reasoned that such a decline in exam passing could be explained by the type of degree that

newly-enrolled students were pursuing. In the southern provinces, the new colleges had mostly

set up new scientific courses, which were more difficult to pass than courses in other subjects.

These findings suggested that impacts on outcomes can be misleading if the context were not

well-understood.

(3) Incomes of Affected Students Could Change. There are several reasons why students

affected by the expansion may earn different wages. First, expansion lowers the average quality

of college students by admitting students who would otherwise fail to enter college (Xing et al.,

2018); second, if college expansion lowers value-added for college students, students may receive

lower wages if they are paid by marginal productivity (Xing et al., 2018); third, even if student

quality stays the same after graduation, college expansion would imply a large increase in the

labor supply, and the skill wage will decrease according to basic supply-demand theory; fourth,

according to signaling theory, a college degree is considered one’s signal of ability. However,

during expansion, the signal value of a college degree decreases because college graduates include

those who would fail to go to college without the expansion (Kyui, 2016).

Studies have found that students who were affected by the expansion suffered from a reduc-

tion in wages. For example, Ou and Zhao (2016) argued that the Chinese college expansion of

1999 decreased the income of college graduates, and there was heterogeneity in the effect of the

expansion.

Kyui (2016) analyzed the effects of a 15-year (1990-2005) expansion of the Russian Federa-

tion’s higher educational system on labor market outcomes, including wage and employment
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probability. The author found that students who benefited from the expansion (i.e., being eligible

for college but would otherwise not so absent the expansion) enjoyed a higher wage and lower

unemployment rate.

(4) Employment rate of individuals affected by expansion. Students in college during the

expansion period might suffer from a shortage of college resources if total educational expendi-

tures were not adjusted according to increased enrollment. Students may also suffer from more

competition because of the increased supply of college graduates, which may lower the employ-

ment rate.

Li et al. (2014b) and Xing et al. (2018), for example, explored the effect of the college expansion

on unemployment rate. Li et al. (2014b) used data from the 2000 and 2005 China Population

Census, and Xing et al. (2018) added the 2010 China Population Census to the analysis. Li et al.

(2014b) found that in the short run, or year 2005, expansion led to a higher unemployment rate

for the new graduates; however, Xing et al. (2018) found that such an increase in unemployment

rate gradually vanished and was finally offset in the medium run (year 2010). The two studies

also found significant heterogeneity across different regions in China, as will be discussed in the

following sections.

Between the time of these two studies, Kyui (2016) found that marginal students who were

induced to college because of college expansion had a higher employment rate. One noteworthy

observation is that Xing et al. (2018) and Kyui (2016) analyzed different sets of individuals: the

former focused on the unemployment rate of all students who were directly affected by college

expansion, while the latter identified the exact effect on students who were admitted to college

because of the expansion but who would have otherwise failed to go to college without the ex-

pansion. Both findings are important for policymakers, depending on the specific research ques-
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tions. If policymakers hope to improve labor market outcomes for certain groups of individuals,

knowing the impact of expansion on different groups of students is a necessary step.

(5) Meanwhile, the wage and unemployment rate of those who were not directly affected

by the expansion could alsochange. One reason for this is that the labor market structure would

be altered due to a surge in the supply of high-skilled workers. Employers may, for example, be

less willing to pay existing workers a high wage because it is easier to find substitute workers.

Ou and Zhao (2016) also found that the unemployment rate for high school graduates decreased

because of the expansion, and this may reflect a spillover effect from increased access to higher

education: the authors suggested that increased quotas at higher education institutions might

motivate motivated high school students at the margin to study harder, thereby improving the

knowledge and skills that would help them perform better in the job market.

(6) Inequality is another possible aspect that college expansion may influence: College

expansion changes the proportion of school-aged students who could obtain access to elite edu-

cation and, thus, may change the inequality level if the affectedmarginal students have a different

socioeconomic distribution from other students. Inequality has been defined in different ways.

For example, inequality could be perceived as a measure of whether the proportions of students

enrolled in college from different socio-economic backgrounds are the same. Bratti et al. (2008)

also defined inequality as the impact of one or more family background variable(s) on individual

educational choices. These twomeasures are essentially the same. Meanwhile, some studies have

also argued that it is useful to think of inequality as whether students from different backgrounds

have equal opportunity in going to colleges of a certain tier (Luo et al., 2020; Meng et al., 2013).

This definition considers that even if a similar proportion of students with different socioeco-

nomic backgrounds go to college, the inequality could still be large if all high-income students

56



go to higher-tier colleges, while low-income students go to less-selective ones. In some cases,

being “equal” under the first definition may not guarantee being “equal” under the second. For

example, some authors have argued that the income of disadvantaged students in China was so

low during the late 1990s that even the seemingly reasonable college tuition fees in elite univer-

sities became un-affordable for them (Wan, 2006; Wei and Li, 2000). Therefore, it is difficult for

low-income students to attend elite universities in China that are mostly located in large cities.

Studies on the relationship between the expansion of higher education and educational equal-

ity can be divided into individual and regional levels (Li et al., 2014b). Individual-level studies

have focused more on changes in educational opportunities for individuals from different fam-

ily backgrounds (Luo et al., 2018; Yue, 2015; Yun-hua, 2008). All these studies reached similar

conclusions: When educational quality is not controlled for, expansion of higher education does

improve equality (reduce inequality) in enrollment by allowing more students from low-income

families to access higher education. However, when the educational quality is considered, there

is little evidence that students from less advantaged families manage to access selective colleges.

Ding and Lehrer (2007) also yielded a similar conclusion, arguing that the overall equality of

higher education opportunities has improved because of the inclusion of more marginal students

into lower-tier higher education institutions. However, students from a higher socio-economic

status have benefited disproportionally from expansion in elite universities.

The second group of study — regional level studies — investigated the changes in enrollment

ratio (of low- and high-socioeconomic status) among various provinces and regions. The general

conclusion was that during expansion periods, the regional educational inequality of low-quality

higher education decreased, while the educational inequality of high-quality higher education

increased—conclusions that were similar to the ones those drawn in individual-level studies. For
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example, Meng et al. (2013) used the Urban Household Income and Expenditure Survey (UHIES)

from 1988 to 2007 to examine trends of inequality in China by looking at inequality within re-

gions, and concluded that the expansion might have reduced inequality, especially within college

graduates in general.

Li et al. (2014a) also noticed that the expansion happened not only in traditional higher ed-

ucation but also online education. They used the China Education Statistical Yearbook 2003 to

2008 to examine whether changes occurred in inequality (Gini coefficient) at the province level.

Inequality in this study was measured by difference in enrollment among students from various

backgrounds. The authors found that both traditional education and online education exhibited

a declining inequality trend, as shown in Table 2.1. Regional differences in the trend also existed:

the western and eastern areas had a declining inequality trend, while the central area experi-

enced a slight increase in inequality after 2004. However, the authors only showed trends and

did not conduct any causal inferences; thus, one may not convincingly argue that such a change

in inequality was caused by the college expansion. A more rigorous research method could have

made a more persuasive argument.

Still other studies have examined the effect of China’s college expansion on equality, but one

common shortfall of this body of work is that they seldom used any causal inference method.

Therefore, although some of these studies are insightful and meaningful, we can hardly conclude

that the observed effects were caused by the expansion. Looking at expansions in other countries,

I have found papers that attempted to find the causal effect of expansion on inequality. For

example, Bratti et al. (2008) found that the expansion in Italy mainly benefited mainly individuals

with low and medium levels of cultural capital by using a difference in difference approach. The

authors argued that the expansion helped to reduce inequality by increasing the enrollment rate
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Table 2.1: Gini coefficients of enrollment scale of distance higher education and traditional edu-
cation

Year Distance higher education Traditional higher education
2003 .89 .20
2004 .86 .17
2005 .86 .17
2006 .86 .17
2007 .85 .16
2008 .83 .14

Notes: Adapted from “Can distance education increase educational equality? Evidence from the expansion of Chi-
nese higher education” by F. Li, M. Zhou, and B. Fan, 2014, Studies in Higher Education, page 1817. 2014 by Taylor &
Francis.

of students with lower socioeconomic status. However, the authors also found that there was no

significant effect on graduation rate, meaning that such an increase in enrollment rate may be

meaningless if the expansion is not followed by other improvements.

Such a finding is also suggestive of future college expansions in other developing countries:

College expansion is likely to increase enrollment for students with lower socioeconomic status,

contributing to inequality reduction. However, if no other supporting policies are enforced and

no other actions are taken, simply increasing the enrollment rate may mean nothing.

Other researchers have also continued to explore this topic. For example, Holzer (2006) ex-

amined the impacts of college expansion in Sweden at the end of the 1970s and provided evidence

that the expansion increased equality in opportunities to enter higher education. Nearly all of

these studies agreed that higher education expansion lowered inequality when not considering

the quality of education; moreover, if we consider college quality, the expansion may, by contrast,

increase inequality.

(7) Innovation: College expansion may also encourage firms to adopt high-skill production
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technology, a form of innovation. Salvanes et al. (2014) examined a college expansion in Norway,

which led to an exogenous increase in the supply of skilled labor in several cities of Norway,

and found that skilled wages increased as a response, suggesting a skill-biased demand shift. The

authors used both individual-level data and firm-level data to show that the college expansion did

lead to a skill-biased technology change. First, using individual-level data, the authors found that

educatedworkers in expansion areas had a significant higherwage;³ second, using firm-level data,

the authors found that the college reform had large, gradual, and persistent (positive) impacts on

the productivity of skilled workers, which is a signal of skill-biased technology change.

Unfortunately, few other studies have noticed that college expansions may facilitate innova-

tion by supplying more qualified workers.This area deserves greater attention.

(8) Financing of Colleges. One inevitable consequence of college expansion is that per-capita

resources within a college will be reduced if resources allocated to colleges are not adjusted ac-

cordingly. In many cases, changes in financing did occur after expansion. Wan (2006), for exam-

ple, documented that the financing of higher education in China underwent a dramatic change:

The revenue sources of higher education institutions were diversified rather than centralized as

they were previously, so colleges now received financing from different sources, including na-

tional, provincial, and local governments. Colleges also generated their own incomes through

various entrepreneurial activities. Meanwhile, a system that the author called “cost-sharing”

was also adopted: Share of government contributions declined gradually, and the dependence on

institutional sources (including tuition) grew significantly.

However, the changes in sources of educational financing may not satisfy financial needs. For

³Assuming that workers are paid by their marginal productivity, an increase in the wage of skilled labor is a
sign of an increase in productivity of skilled labor, which is suggestive of a skill-biased technology change
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example, Yang (2006) mentioned that the rapid growth of higher education in China has caused

enormous financial constraints on the higher education institutions, particularly the less selective

institutions, which absorbed the largest share of the enrollment increase, yet they received no

significant increase in resource.

2.3.2 Methodology of Current Literature

Earlier, it was noted that it is not easy to build a causal relationship on this topic of college

expansions. Thus, it is interesting to see how existing studies tried to overcome this problem. In

this section, I select some papers that used different methods to identify the causal relationship

between college expansions and outcomes of interest. For example, Ou and Zhao (2016) used

a difference-in-difference method, Carneiro and Lee (2011) made use of a structure model, and

Bianchi (2015) used a general equilibrium model. All of these methods add credentials to the

identification of a causal relationship. The following discussion looks more closely at this body

of research.

Econometric theory states that in order to evaluate the effect of college expansion, a simple

OLS estimator is usually far from adequate. For instance, consider the following simple regres-

sion:

Yi = β0 + β1Expansion+Xi

where Yi is the outcome of interest, which could be wage, test score, or probability of holding

a certain degree; “Expansion” is a dummy indicating whether one was affected by the expansion;

and Xi is a set of control variables. If some unobserved factors correlate with both outcome

and ”Expansion,” then the estimator will be biased. For example, if during the expansion period,
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the outcome itself was increasing without the expansion, or if another policy increased wages

during the expansion period, then estimating the effect of expansion on wages will give us a

biased estimate.

Some studies assumed that college expansions are likely to affect only some regions of a

country or that different regions with different magnitudes. These studies used a difference-

in-difference method, assuming that the “treatment” and “control” regions would have similar

trends in outcomes without the expansion, known as the “common trend” assumption. (Bratti

et al., 2008; Oppedisano, 2011; Ou and Zhao, 2016; Walker and Zhu, 2008; Wen, 2020).

For example, Bratti et al. (2008) found that the expansion that happened in Italy in the 1990s

benefited mainly individuals with low andmedium levels of cultural capital by using a “difference

in difference” approach:

Education = β0 + β1PostReform ∗Background ∗ δSupply +X

where X includes all regional and individual backgrounds, and the outcome “Education” is

the enrollment rate. “PostReform” is a dummy indicating whether a cohort was in college after

the college expansion reform, “Background” is a set of personal background variables, including

parental culture status and parental education, and “δ Supply” is the changes in college supply.

Similarly, Ou and Zhao (2016) used a DID approach to estimate the effect of college expansion

in China starting from 1999. Both papers controlled for demographics and family backgrounds,

including gender, ethnicity, and age upon entering college; and regional variables, such as re-

gional economic conditions, number of graduates, the real increase in per-capita income, and

budgetary expenditures per pupil, among others. Birth cohort fixed effect and residence fixed
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effect are also considered. Meanwhile, applying the DID framework, Bianchi (2015) studied the

college expansion in Italy, which benefited lower-tier high school students by allowing them to

choose STEMmajors in universities for the first time. In this case, lower-tier high school students

were considered treatment groups.

Additionally, Oppedisano (2011) examined the same reform as Bratti et al. (2008) did, but using

not only a DID approach but also an IV approach that tried to address the problem that the reform

itself might be endogenous. More specifically, the author used two variables as instruments for

changes in the higher education supply. The first was a dummy variable, indicating whether

the law was enacted when the province was ruled by the same party having the majority in

the national Parliament. The second variable was the interaction between this dummy and the

fraction of provincial political positions held by members of the leading party. This approach

could further alleviate the problem that the policy might correlate with other unobserved factors

that also affect outcomes of interest. Thus, it is reasonable to think that these IVs were correlated

with changes in the higher education supply, but not with student performances at school - a

required assumption for the IV approach.

Furthermore, Kyui (2016) estimated the return to higher education and simultaneously identi-

fied the effect of higher education expansion. This method was unique in that the effect of higher

education expansion was not identified directly but used college expansion as an instrumental

variable for education attainment. Therefore, the author identified the “local treatment effect,”

or the effect on students who benefitted from the expansion by gaining more years of education.

Meanwhile, the authors employed a “marginal treatment effect” method, which characterized the

effect of expansion on the wages of students with different underlying abilities that determine
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their education and future outcomes, but were un-observable to the researchers:

MTE = E(lnW1,i − lnW0,i|Xi = x, U = u)

where W1,i and W0,i are wages when a student is treated and untreated, respectively; X is

observable characteristics and U is a synthetic measure of unobservable ones.

The marginal treatment effect method has a clear pro and con, obviously. The pro is that the

method can identify the effect on a specific group of people and uncover the relationship between

the effect size and students’ un-observed ability; the con is that it only identifiesmarginal students

who took advantage of the policy to go to college. Nothing can be said about the effect of the

expansion on students who were eligible for college without the expansion, nor about the effect

of the expansion on individuals who already had a job when the expansion occurred.

All the studies above estimated the effect of expansion at the individual outcome level, while

Carneiro and Lee (2011) grouped individuals into year-age-region of birth-region of residence

cells. In this case, the “expansion” was defined as the proportion of students (in a cohort) who

had a college degree. The authors used both a reduced form and a structure model to identify the

effect of expansion in the United States on wages from 1960 to 2000, a period in which overall

enrollment increased from about 30% to 60%.

Aggregating data in this way enabled Carneiro and Lee (2011) to apply basic theory in Labor

Economics to derive both a reduced-form regression model and a structure model to estimate the

effect of proportion of college students on wages. Specifically:

ωk
atrb = γkatr + γkab + γktrb + ϕk(Pt−a,b) + λk(P

k
M,atrb, P

k
M,atrr) (2.1)
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ωk
atrb =ξktr + ξkat + (η − 1)[logNk

atr + logQk
atr]

+ γkatr + γkab + γktrb + ϕk(Pt−a,b) + λk(P
k
M,atrb, P

k
M,atrr)

(2.2)

where in Equation 2.1, ω is the wage of age group a, at time t , who was born and went to

school in region b with schooling level k, and worked in region r, γkatr + γkab + γktrb are fixed

effects that are cohort-specific, schooling-level-specific, birth-region-specific, or work-region-

specific, and λk(P
k
M,atrb, P

k
M,atrr) is a function that controls for migration effects. ϕk(Pt−a,b) is

the composition effect, which is also the variable of interest that captures the effect of return to

skills. In Equation 2.2, N and Q are number of workers and average quality of workers in region

r. The inclusion of [logNk
atr + logQk

atr], the supply of labor, and ξktr, the region-time specific

demand for labor, better captures confounding factors that may bias the estimation.

Carneiro and Lee (2011) found that increases in college attainment caused adverse composi-

tional shifts that masked the rising college premium caused by rising demand during the 1990s.

As a result, the composition-adjusted college premium could rise by 26% over 1960-2000 rather

than 20%, the actual premium.

However, as mentioned earlier, the paper did not separate the effect of lowered cohort quality

and lowered college resources. Therefore, the decline in “composition” could result from both less

qualified students and less per-capita resources if colleges failed to adjust resources in a short

time. Further consideration of this problem would be helpful for policy implications.

To conclude this section, several methods have been used to estimate the effect of college

expansion, each with its pros and cons. What is widely accepted is that a simple linear regression

model is inadequate to identify the causal effect of college expansion, and and it is necessary

to alleviate the endogeneity problem. Many reduced-form models try to achieve identification
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using a difference-in-difference method, but this requires the strong assumption of “common

trend,” which states that the treatment and control group would follow a similar trend without

the college expansion. Unfortunately, this assumption is not likely to hold in many situations.

Researchers have also tried to use other methods, such as the general equilibrium model and

estimating the marginal treatment effect, both of which are promising in identifying some of

the effect of college expansion. The key drawback of these two methods is that the general

equilibrium model requires a comprehensive data set, which is rarely available, while the

marginal treatment effect model not only requires enough personal background data to calculate

the propensity score but also assumes much about wage function, which may be incorrect. Thus,

the method to select depends on the specific research question and the available data.

2.3.3 Impact on Wages and Employment

This subsection focuses on papers that examined the effect of college expansion on wages and

employment. College expansion, which has occurred in many countries for several decades, will

continue to happen, especially in developing countries. Thus, it is important to determine why

expansions have different impacts across countries, which could further help predict what will

happen if developing countries with relatively low college enrollment rates decide to increase

their college capacity.

This review explores studies that focus on the impacts not only on directly affected students

(i.e., those in college when the expansion happened), but also on students who were not directly

influenced by the expansion, such as those who already graduated when the expansions hap-
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pened, or those who were at “college age” when the expansions happened but failed to get into

college either because they were not qualified academically or they lacked information/financial

support to go to college.

I first explore studies focusing on the effects on wages. For the expansion in China, Wu

and Zhao (2010), Yu (2014), and Ou and Zhao (2016) found that the expansion generally led to

lowered wages for college graduates. Meanwhile, Ou and Zhao (2016) found that expansion

increased wages for high school graduates who failed to go to college. These authors argued

that expansion motivated high school students, especially those at the margin, by having a better

chance of going to college after the expansion. Exerting more effort in high school helped these

students accumulate more human capital that helped earn higher wages in the future. This is

what is usually considered a “spillover” effect.

As mentioned, college expansions could have a general equilibrium effect. Have any studies

explored the general equilibrium effect of expansion? The answer is yes. Bianchi (2015) looked

into the effect of the STEM program (Science, Technology, Engineering, and Mathematics) ex-

pansion that occurred in Italy from 1961 to 1969. The author found that although enrollment

increased because of the program and many such students obtained degrees, they earned no

more than similar students in earlier cohorts who were denied access to university.

Why did the wages of the affected individuals not change? Bianchi (2015) reconciled these

results by showing that the education expansion reduced returns to skill and lowered university

learning through congestion and peer effects. The author also found that the major choice of

those entering colleges changed: the ablest of them abandoned STEM majors, partly to avoid

peering with relatively low-achieving students.

Bianchi (2015) provided a new perspective to exploring the effect of college expansions by
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analyzing the general equilibrium effects of college expansion. This may explain why (or why

not) the wages of affected students changed (i.e., through congestion in school, negative peer

effect, or lowered return to education because of higher supply). It may also identify the effect

of the expansion on students who were not affected directly by the expansion (i.e., previous

graduates in the expanded program). However, it is also obvious that such a method requires a

comprehensive dataset on students, especially for how human capital is produced: in this case,

for example, the author has detailed information on students’ test scores and course quality,

including the number of course assistant, instructor quality, and so on. Such data are not always

available in other countries, thus limiting the possibility of studying the general equilibrium effect

in other college reforms.

Bianchi (2015)’s conclusion is similar to conclusions that have focused on the expansion in

China: The wages of affected students generally do not increase. Such a conclusion was applied

to expansion in the United Kingdom, when Walker and Zhu (2008) found that college expansion

there in the U.K did not lead to lowered wages in general.

Furthermore, Juhn et al. (2005) examined the college expansion in the United States for

whether the increase in the number of college graduates led to a decline in the average qual-

ity of college graduates, consequently lowering their relative wages.

More specifically, Juhn et al. (2005) used the 1940 - 1990 Census and regressed decade change

in log relative wages of college graduates at different ages on the share of college workers, con-

trolling for relative supply and demand of college workers by using the total number of workers

and year fixed effect. The authors concluded that the average premium was about 0.6% lower for

a cohort that was 10% larger than average. Thus, this is weak evidence that college graduates

from more educated cohorts receive a smaller college premium, even after controlling for the
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relative increase in supply.

However, these quality effects are small, relative to the effects of demand and supply shocks:

Juhn et al. (2005) used estimated coefficients to decompose total log changes in the relative wages

of college graduates into three components: cohort quality, relative supply, and year effects. Of

the 5.3% decline (in log relative wage) over the 1970s, relative supply changes contributed to a

decline of 6.6%, whereas changes in the share of college graduates contributed to an additional

2% decline. Aggregate time effects contributed to an increase of 3.3% over this period. During the

1980s, time effects contributed to an increase of 13.6% in the relative wage of college graduates,

but relative supply changes contributed to a decline of 3.3%, and changes in college share merely

contributed to a decline of 1%.

Thus, Juhn et al. (2005) concluded that the cohort college share variable is only weakly related

to relative wages of college graduates compared to year dummies. However, “year dummy” is a

comprehensive variable, which could control for things other than supply and demand factors

and also be (positively) related to the share of college workers. Thus, interpreting this result

requires caution.

Indeed, another study yielded a different conclusion: Goldin and Katz (2007) searched for

reasons why college premium decreased from the early 20th century to the late-1970s but has

increased since then. They argued that the supply-demand framework explained most of the

variation. The authors’ finding implied that a 10% increase in the supply of college equivalents

reduced the college wage premium by 6.1%. College enrollment increased before the late-1970s,

leading to a higher supply of college graduates and decreasing the relative wage of college grad-

uates; after the 1970s, college expansion slowed, especially in the sense that it grew much slower

than technology. The wage premium of college graduates then dropped significantly. Goldin and
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Katz (2007) used a relatively simple regression model: they regressed the college wage premium

on the supply of college graduates, controlling for time trends, time trends interacting with post-

pre year dummies, time trend squared, and the like. The authors did not take the endogeneity

problem into consideration. However, given the long period of time in the dataset, the endogene-

ity problem could be alleviated since it was unlikely that the confounding factor always happen

together with the treatment-college expansion-for such a long period of time.

Meanwhile, Carneiro and Lee (2011) also showed that increases in college enrollment led to a

decline in the average quality of college graduates between 1960 and 2000 in the U.S. The authors

decomposed the trends in college and age premium into price and composition effects. Prices are

determined by the interaction between the demand for skilled labor and the quantity of skilled

labor supplied in themarket, while compositionwas determined by the quality of college students

(or high school students).

Using U.S. Census data between 1960 and 2000 (1960-2000 US Censuses 1% sample, once ev-

ery decade), Carneiro and Lee (2011) found that the decline in the quality of college graduates

between these years led to a decrease of 6 percentage points in the college premium. This effect

was substantial, given that the college premium grew by just 20 percentage points over this time.

The authors also predicted that if the proportion of college participants had increased from 50%

to 60% (compared to an actual increase of college enrollment from 30% to 60% from 1960 to 2000),

average college wages would have declined by 4.3%. However, the authors still could not separate

the effect of lowered baseline quality of college students (resulting from less qualifying students

getting access to colleges) and that of lowered college resources: The decline in “composition”

could result both from less qualified students because of the expansion, and from less per-capita

resources if colleges failed to adjust resources in a short time.
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Anatural questions: Why are these results different? It is true that Juhn et al. (2005) usedmore

years of data, but this should not have yielded such different results. It could be that Carneiro

and Lee (2011) used a different identification strategy that identified the treatment effect more

precisely.

We next explore the impacts on unemployment rate. Li et al. (2014b) used data from China

2000 and 2005 census and employed a difference-in-difference method to identify the causal im-

pact. They found that the college expansion led to an increase in the unemployment rate for new

college graduates in 2005 (relative to 2000), which is about 6 years after the expansion, or what

the authors called “short-term.” Xing et al. (2018) used more recent data from the 2010 census in

addition to the data sets of 2000 and 2005. They compared the unemployment rate in 2005 (aged

22-24) to that in 2010 (aged 27-29) and found that the unemployment rate declined sharply in this

5-year period.

Meanwhile, during 1990-2005, Russia experienced an expansion of the higher education sys-

tem (mostly in private universities), in which the number of admissions increased by 181%. The

number of higher education establishments also increased from 514 (all public) in 1990 to 1,068

(655public and 413 private) in 2005. Kyui (2016) analyzed the effects of this expansion on labor

market outcomes. Using data from the Russian Longitudinal Monitoring Survey (RLMS), the au-

thor included included individuals who were aged 24 to 35 when interviewed in 2000 to 2013.

These thus formed repeated cross-sections for this analysis.

Kyui (2016) used two methods to identify the effect of the expansion. First, the author used

variation in the opportunities of obtaining higher education (i.e., the number of available slots

in universities relative to the respective youth cohorts) as the instrument for higher education

attainment to estimate the effect of education on labor market outcomes. Three joint equations
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on education choice, employment probability, and wage are estimated simultaneously using the

maximum likelihood method. This method could identify the effects of expansion because the

IV method identified “local treatment effect.” In this case, “local” meant those who were induced

to go to the college but would otherwise have failed to go without the expansion. The second

method Kyui (2016) used was the marginal treatment effect (MTE), which is the “average return

to schooling for individuals who were indifferent to accessing education at varying levels of unob-

servable characteristics”.

Kyui (2016) found, first, that the results of the IV method suggested that individuals who

benefited (by getting a better chance of going to college) from the expansion of the higher ed-

ucation system also have gained in wages; this effect was especially pronounced for women,

even when parental education was accounted for. Meanwhile, the employment probability of

these marginal students also increased. Second, using the MTE method, the author found that

estimation results suggested declining returns to a higher education degree for individuals with

higher levels of unobserved characteristics, which decreased the probability of higher education

attainment. Further, the author reasoned that those who increased their educational attainment

because of the expansion were likely to have higher values of unobservable characteristics than

their college peers. These students (with high unobservable characteristics) would have lower

returns to education, regardless of whether the expansion happened or not. Nevertheless, these

returns remained positive and significant: about 56%-83% for females and about 21%-48% for

males.

In sum, existing studies tried various methods to examine the effect of college expansions in

different countries. Most of the studies found that college expansions did not increase, and may

have even decreased, the wages of college graduates. Similarly, most studies find that wages of
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marginal students who managed to access college because of expansions were not significantly

different from the wages they would get without the expansion. The only exception is the finding

of Kyui (2016). For employment rates, existing studies have not reached a consensus. Table 2.2

and 2.3 summarize the impact of various college expansions on wages and employment.

Table 2.2: Impact on Employment Rate

Author(s) and
Year Conclusions Data Country of

Expansion Method

Li et al. (2014b)

College expansion led to
an increase in unemploy-
ment rate for new college
graduates in 2005 (rela-
tive to 2000), but this rate
decreased after 2005

2000 and 2005
census China

College
expansion
from 1999

DID

Xing et al. (2018) 2000, 2005, and
2010 census DID

Kyui (2016)

Individuals who bene-
fited from the expansion
of the higher education
system also have lower
unemployment rate

Russian Longitu-
dinal Monitoring
Survey

1990-2005
Russia
College
expansion

IV,
Marginal
Treatment
Effect

2.4 Studies on The College Expansion in China

In this subsection, I focus on studies that looked into the college expansion of China. The

effect of expansions on some of the outcomes mentioned above-namely wage, employment rate,

and equality, are discussed.

Yao et al. (2013) found that the college expansion in China decelerated the increasing trend of

college graduates’ wages and return to college. They also found that the expansion increased the

employment rate. However, the authors did not apply causal methods: Employment rate/wage

73



Table 2.3: Impact on Wages

Author(s)
and Year Conclusions Data Country of

Expansion Method

Ou and Zhao
(2016)

Lowered average wage of col-
lege graduates and increased the
wages for high school graduates
who failed to go to college

2000 and 2005 cen-
sus China

College
expansion
from 1999

DID

Wu and
Zhao (2010)

Lowered wage of college gradu-
ates

1997 and 2006waves
of the China Health
and Nutrition Sur-
vey

Yu (2014) Lowered wage of college gradu-
ates

China Health and
Nutrition Survey
(CHNS)

Bianchi
(2015)

Marginal students earned no
more than similar students in
earlier cohorts who were denied
access to university.

tax returns and
hand-written tran-
scripts of students

Italy STEM
program
expansion,
1961 to
1969

General
Equi-
librium
Model

Walker and
Zhu (2008)

The expansion did not lead to
lowered wage in general, but it
did have a significant impact on
individuals who just graduated
when expansion happened

UK Labor Force Sur-
veys from 1994 to
2003

British
university
expansion
from 1991
to 2006

DID

Juhn et al.
(2005)

College graduates from more
educated cohorts receive a
smaller college premium

1940 - 1990 Census College
education
in the
United
States

OLS

Goldin and
Katz (2007)

A 10 percent increase in the rel-
ative supply of college equiva-
lents reduces the college wage
premium by 6.1 percent.

CPS, 1940 to 1970
decennial censuses

Carneiro
and Lee
(2011)

Decline in the quality of college
graduates (, a consequence of
college expansion,) has led to a
decrease of 6 percentage points
in the college premium.

1960 - 2000 Census
1% sample

Structure
Model

Kyui (2016)

Individuals who benefited from
the expansion of the higher ed-
ucation system also have gained
in terms of wages.

Russian Longitu-
dinal Monitoring
Survey

1990-2005
Russia
College
expansion

IV,
Marginal
Treatment
Effect

(of a city in a certain year) was regressed on the share of college graduates, controlling for city
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and year fixed effect. In this case, if the demand for skilled labor increased dramatically in cities

where the share of college graduates increased more, then we can get a significant coefficient

even if expansion itself had no impact. Meanwhile, Deng and Sun (2014) argued that the expan-

sion had different impacts on the employment trends of different groups of students. Students

from 4-year colleges were having more difficulty finding a job than technical/community 3-year

colleges. However, those who attended elite universities benefited from the expansion by becom-

ing increasingly easier to find a job. The authors reasoned that this was because the expansion

increased the supply of college graduates, decreasing the wages of these students; the expansion

also decreased the signaling effect of a college diploma, making the employers unable to sepa-

rate high-quality workers from less qualified ones unless a diploma from elite colleges is shown.

However, similar to Yao et al. (2013), Deng and Sun (2014) did not apply causal methods.

We next look into studies that tried to use causal methods to identify the effect of college

expansion. Ou and Zhao (2016) used a difference-in-difference method and argued that the Chi-

nese College Expansion in 1999 decreased college graduates’ income. The authors tried to find the

causal impact of China’s higher education expansion on labor market outcomes using the China

2005 1% Population Sample Survey. The dataset is one of the (very) few Chinese datasets that

have collected information on wages, and it contains information on respondents’ current occu-

pation, employment status, monthly wage, and weekly working hours. The dataset also includes

detailed demographic indicators, including gender, month and year of birth, highest educational

level attended, and highest education level completed.

To account for possible endogeneity problem, Ou and Zhao (2016) used a difference in differ-

ence method of the form:
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Y = β0 + β1PostReform ∗ δSupply +X

where Y is the labor market outcome; “Post Reform” is a dummy variable indicating that a

student entered college after 1999, the year of expansion; and δSupply is the changes between

1998 and 2001 in average yearly in the number of university spots in a province divided by the

total number of high school graduates in that province in 1999. X is a vector of demographic and

family variables, including gender, ethnicity, and age upon entering college. Birth province fixed

effect and the birth cohort fixed effect were also included.

Ou and Zhao (2016) also mentioned several other concerns in identifying the parameter of

interest. First, given the limitations of the dataset, the authors only observed individuals’ current

living location and place of birth, but not the place where they went to college. This could be

problematic because some students could have moved to provinces with greater new university

spots to increase their university admission probability. In this case, the higher education expan-

sion policy’s effect would be overestimated because of individuals’ positive selection. To address

the problem of geographical mobility, Ou and Zhao (2016) used a restricted sample of respondents

whose current registered residence coincided with their registered province at birth, alleviating

the selection problem. The authors also restricted the sample to non-agricultural residents and

excluded a few regions or provinces with a high density of ethnic minorities.

Ou and Zhao (2016) drew many conclusions in their paper. First, for employment:

• The expansion had a marginally significant effect on individuals’ probability of being un-

employed, but no significant effect on being employed in white-collar jobs.

• The expansion decreased the unemployment rate for students with a high school diploma,
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which may be the consequence of higher motivation for marginal high-school students

who were having a better chance to access college. Although they failed to do so, the

increased learning still facilitated future outcomes.

Second, for wages:

• The reform decreased the total log of hourly wages: Adding one university spot per student

annually decreased hourly wages by 13.21% for students graduating from high schools

between 1999 and 2001.

• Because the actual national increase in university spots was 0.22 per student, hourly wages

decreased by 7% (0.1321 ∗ 0.22), on average, for students who benefited from the higher

education expansion. For highly-skilled white-collar jobs, the policy was associated with

a 9% (-0.407 * 0.22) decrease in hourly wages.

However, the most critical threat to identification was that the “parallel trend” assumption,

which is required for all DID methods, may not hold. In this context, the DID method would

be valid if we assumed that the provinces with a different expansion magnitude would have

similar wage and employment rate trends without the college expansion-an extremely strong

assumption. What is worse, due to data limitations, it is difficult to perform an event study to

test the pre-trend. Therefore, building a causal argument is not an easy task.

Two other studies also explored the effect of expansion on wages using similar difference-

in-difference methods. More specifically, Wu and Zhao (2010) used data from the 2000 and 2005

census and compared the labor force participation rate, unemployment rate, and hourly wages

for cohorts before and after the expansion policy. What they found suggested that the college

expansion in China had reduced the labor force participation rate and wages and increased the
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unemployment rate for college graduates; On the other hand, Yu (2014) used data from the 1997

and 2006 China Health and Nutrition Studies (CHNS) to analyze the effect on full-time employ-

ment, unemployment, and monthly earnings. The author also found that the expansion harmed

young college graduates by lowering the full-time employment rate, rising the unemployment

rate, and decreasing monthly earnings.

For the employment rate, two related papers analyzed the effect of the expansion on the em-

ployment rate in the short run and medium run. Li et al. (2014b) tried to analyze the effect of

expansion on the unemployment rate of new college graduates using (China’s) 2005 mini census

and 2000 census data for those aged 22 to 24. They found that the expansion increased the unem-

ployment rate of the new graduates by 6%-9%. The effect identified therein is the short-run effect,

that is, the effect on those who just entered the labor market. Later, Xing et al. (2018) used more

recent data from the 2010 census in addition to the data sets of 2000 and 2005. They confirmed Li

et al. (2014b)’s finding that policy increased the unemployment rate of new college graduates in

the short run, but the unemployment rate kept declining, and the effect mostly disappeared after

5 years. Xing et al. (2018) also found some heterogeneous effects by gender, region, and city.

Specifically, Li et al. (2014b) used data from the 2000 and 2005 census, and employed a

difference-in-difference method to identify the causal impact. The regression model they used

was:

Unemployed = α + β1age22−24 + β2year2005 + β3age22−24 ∗ year2005 + γX + ϵ

where Unemployed is a dummy indicating whether one is unemployed; age22−24 is a dummy

indicating whether one is between age 22-24 at the survey time; and year2005 is an indicator of
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whether the observation is from 2005 census or not. X is a vector of control covariates⁴. The

authors assumed that one starts college (which takes 3 or 4 years) at age 18, so if an individual

was at age 22-24 in 2000, then she/he was not likely to have been influenced by the expansion,

which began since 1999. On the other hand, if an individual was at age 22-24 in 2005, she/he was

at most 18 years old when the expansion happened and thus likely was affected by the expansion.

The variation, therefore, comes from the change in the difference between younger and older

cohorts in the unemployment rate. However, this approach highly depends on the assumption

of the parallel trend: in other words, it assumes that the younger cohorts would have a similar

unemployment rate gap as older cohorts in 2000 and 2005, without the reform. However, this is

not likely to hold during an era of dramatic economic reform in China.

Li et al. (2014b) also found substantial heterogeneity across different regions in China. After

the expansion, the unemployment rate of the youth increased by 7% in the eastern region and

17% in the central region. The effect on the western region was 3 % and insignificant. The authors

argued that this was because the western region already had a high unemployment rate.

Xing et al. (2018) used more recent data-the 2010 Population Census, together with the 2000

and 2005 Census-to see the medium-run effect of the expansion. The authors used the same

method that Li et al. (2014b) did, except for replacing year2005 with year2010.

The conclusion of the two papers is as follows: Li et al. (2014b) showed that the expansion

led to a higher unemployment rate in 2005, but Xing et al. (2018) showed that after a few years,

the unemployment rate declined. The decline was more significant in eastern and central regions

than in western and northeastern regions. According to the authors, these results suggested that

⁴X includes gender, ethnicity, provincial GDP per capita, GDP growth, share of tertiary sector in GDP, ratio of
trade volume over GDP, and provincial dummies
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the coastal (eastern) labor market was more flexible in that they absorbed unemployment in a

relatively short period. In the medium-run, the effect of expansion on unemployment was not

significant in nearly all regions, except the northeast: the medium-term unemployment effect in

the northeast remained large and was significant at the 10% level.

Xing et al. (2018) also argued why unemployment decreased in the medium run. One pos-

sibility was that unemployed college graduates became discouraged and left the labor market,

which the authors tested and proved false. The authors further showed that the “high-income”

industries did not suffer from decreases in labor quality, meaning that these industries did not

attract a higher proportion of workers. Meanwhile, they proved that migration could not explain

all the unemployment dynamics of the affected cohorts, although migration helped to reduce

the unemployment of the affected college graduates in the short run. The authors finally sug-

gested that higher economic growth and fixed-asset investment contributed to the decline in the

unemployment rate. A 10% increase in the share of fixed-asset investment was associated with

a 0.6 percentage decline in unemployment rates, and a 10% increase in the share of fixed-asset

investment was associated with a 0.6 percentage decline in unemployment rates.

The limitation of this paper was the same as for Li et al. (2014b) study: there was no evidence

that the parallel trend assumption would hold, especially during the economic crisis starting from

2008, which was likely to have different impacts on new college graduates and senior workers.

Xing et al. (2018) tried to include interaction terms between demand-side variables ⁵ and the age

group dummy (age 22 to 24) as additional controls. However, this only addressed the unparalleled

trend in the unemployment rate caused by GDP (or changes in GDP), but not other channels.

⁵These included GDP per capita, GDP growth, share of tertiary sector in GDP, and ratio of trade volumes over
GDP
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Meanwhile, both studies imputed the year an individual went to college, which may not be true:

Students in some regions in China attended the College Entrance Exam at a younger age than

in other regions, and students in China were increasingly repeating the last year of high school

when they did not get an ideal score on the exam, leading to increases in the age that entered

college.

Surprisingly, Ou and Zhao (2016) and Li et al. (2014b) posted different conclusions about the

impact on unemployment. Ou and Zhao (2016) found that expansion decreased the unemploy-

ment rate, while Li et al. (2014b) argued that expansion increased the unemployment rate. Why?

In effect, these two studies defined the “treatment group” differently. Ou and Zhao (2016)

explored differences (in unemployment gap) across provinces, while Li et al. (2014b) examined

the difference between the years 2000 and 2005. Thus, the unemployment gapmay have increased

over time in general, but it decreased in areas with higher college expansion intensity. Ou and

Zhao (2016) mentioned that the decrease in unemployment rate could be a consequence of an

increase in demand for skilled (male) workers after the expansion—a potential explanation that

solves the discrepancy if we add the additional assumption that the increase in demand happened

more rapidly or broadly in areas that experienced higher intensity in college expansion. However,

if this assumption is true, then the changes in the unemployment rate were caused by this demand

shock rather than the expansion, violating the “common trend” assumption of DID.Thus, the true

impact on the employment rate still needs further investigation.

Besides the impact on wages and the employment rate, still other interesting topics are re-

lated to this tremendous expansion. First, expansion may lead to over-education. The dramatic

increase in the supply of college graduates could lead some students to ultimately find a job

that does not require a bachelor’s education. This could be problematic, as Tsang and Levin
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(1985) pointed out, because workers with more education than their jobs require may become

dissatisfied with their jobs or suffer from psychological strain. This may lead these workers to

conduct counterproductive behaviors in the workplace, thus influencing individual productivity

that would lower the wages and the welfare of firms. Tsang and Levin (1985) also argued that

the government has a legitimate concern for over-education both because the government is a

prominent employer of workers in the labor force and it has devoted a substantial portion of its

resources to education. Therefore, the return on education is an important aspect of the effi-

ciency of government spending. It would be interesting to see whether such an expansion led to

over-education in the country.

Second, the impact of the expansion on inequality has already been discussed. Meng et al.

(2013) used the UrbanHousehold Income and Expenditure Survey (UHIES) from 1988 to 2007, and

Li et al. (2014a) used China Education Statistical Yearbook 2003-2008 in their studies. Both stud-

ies concluded that higher education expansion lowered inequality in access to post-secondary

education as a whole. However, the two studies also showed that inequality might increase if

low-income students were increasingly induced to low-quality postsecondary schools. More-

over, Wan (2006) mentioned that the Chinese government made a series of policies allocating

resources to key universities and key disciplines, such as Project 211 and Project 985. These

policies, combined with the already existing inequality in college enrollment policy that favors

students living in cities or provinces with more high-tier colleges, such as Beijing and Shanghai,

make the inequality an even more serious issue. Therefore, further studies are needed to examine

why the expansion changed inequality and what can be done to reduce inequality in an era of

college expansion.

To conclude, existing studies have tried to apply causal methods to identify the effect of the
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college expansion in China on wages and unemployment rates. Nearly all of these studies used

the difference-in-difference method, the validity of which depends on assumptions that are too

strong to prove. Further studies are needed to perform better causal methods to uncover the true

effect of the expansion.

2.5 Discussion and Thoughts on Further Research

Studies have explored the effect of various college expansions on multiple outcomes, includ-

ing achievements, enrollment, wages, unemployment rates, inequality, and school financing. In

the field of economics of education, wage and employment rates have been discussed more fre-

quently than others. This review focuses mainly on how existing studies, especially those about

the Chinese college expansion, have examined the effect of expansion on these two outcomes.

Most researcher have agreed that the expansion has decreased, or at least has not increased

the average wage of college graduates. For example, Bianchi (2015) found that although enroll-

ment increased because of the STEM program expansion in Italy, and many of the students in

that program obtained degrees, they earned no more than similar students in earlier cohorts who

were denied access to university. Further, Juhn et al. (2005) explored the expansion of college

education in the United States and concluded that although expansion lowered the average wage

of college workers, the magnitude was negligible compared to the demand effect, which seems

to imply that the expansion did not change wages much. Meanwhile, Goldin and Katz (2007)

argued that a 10% increase in the relative supply of college equivalents reduces the college wage

premium by 6.1%. Further, Carneiro and Lee (2011) also showed that increases in college enroll-

ment led to a decline in the average quality of college graduates between 1960 and 2000 in the
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United States, leading to a decrease of 6 percentage points in the college premium.

When interpreting these findings, one of the most important facts to keep in mind is that after

college expansions, the average quality of college graduates will decrease even if students learn

the same as previous cohorts, since expansion enables marginal students who are less qualified

to become college students. Therefore, finding a negative impact of college expansion on wages

is not enough to uncover the whole story, but answering the question of whether the decrease in

wage is purely caused by composition change, by lowered learning caused by school crowding,

or by negative peer effects promises to be more interesting. Existing studies, unfortunately, have

not properly addressed this problem.

Focusing on the expansion in China, studies have found similar conclusions that the impact

on wages is negative (Ou and Zhao, 2016; Walker and Zhu, 2008; Wu and Zhao, 2010; Yu, 2014).

Studies exploring the effect onwagesmostly used theDIDmethod to identify causal relationships.

Different datasets were used, including the 2000 and 2005 China census 1% sample data and

the 1997 and 2006 China Health and Nutrition Studies, but the general conclusion that college

graduates’ wages declined continues to hold.

Meanwhile, Ou and Zhao (2016) found that the expansion increased the wages for high school

graduates who failed to go to college. They argued that this was due to the possibility that the

expansion made high school students more motivated because they had a better chance of going

to college compared to similar students earlier, especially for those at the margin, thereby en-

abling them to accumulate more human capital that would help them earn higher wages in the

future—what is usually considered a “spillover” effect.

For the impact on the unemployment rate, Kyui (2016) found that the employment probability

of marginal students increased. Some studies have focused on the expansion in China: specifi-
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cally, Ou and Zhao (2016) found that the expansion decreased unemployment rate, while Wu and

Zhao (2010), Yu (2014), Li et al. (2014b), and Xing et al. (2018) all concluded that the expansion

increased the unemployment rate. Further, Xing et al. (2018) showed that although the expan-

sion increased the unemployment rate in the short run, 5 years later, such an effect eventually

vanished. One possible reason why these studies yielded different conclusions is that they de-

fined “treatment groups” differently. For example, Ou and Zhao (2016) examined difference (in

the unemployment gap) across provinces and defined “treatment group” as students in provinces

that experienced higher expansion intensity; Li et al. (2014b) looked at the difference between the

year 2000 and 2005 and defined treatment group as college graduates who experienced expan-

sion because they enrolled in colleges later than the previous cohort. Thus, the unemployment

rate may increase for younger cohorts from 2000 to 2005 because of the college expansion, but it

decreased in areas with higher intensity in college expansion.

In sum, studies have not reached a consensus on the impact of college expansion on employ-

ment probability, but for those on the Chinese college expansion, most have concluded that the

expansion increased the unemployment rate for younger cohorts. Kyui (2016) looked into the

effect on marginal students in Russia during a college expansion and found that their unemploy-

ment rates decreased.

This review also summarized the methods used in some of the existing studies to identify

the impacts of college expansions. Many studies use the difference-in-difference method (Ou

and Zhao, 2016; Wu and Zhao, 2010; Yu, 2014), which could identify the causal relationship if

the “parallel trend” assumption holds. However, this seemed to be a strong assumption that is

likely to fail. Some studies tried to use expansion as an instrument variable of education attain-

ment and employ the marginal treatment effect method (Kyui, 2016); to use the general equilib-
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rium (Bianchi, 2015) model to identify the effect on a set of related outcomes, including major

choice, student performance, and future wages; and to construct a structural model to account

for changes in demand for college graduates (Carneiro and Lee, 2011). These methods provided

different ways to uncover the true impact of college expansions, but each had its pros and cons.

For example, the general equilibrium effect and structure model required detailed individual-

level data, and the IV approach could only identify the impact on marginal students. Thus, which

method to use depends on data availability and the targeted research question.

All these studies have contributed to understanding the effect of college expansion, and many

of them examine the largest expansion that happened in China during the late 1990s. However,

there are still gaps to understanding the effect of such a tremendous expansion: First, nearly all

existing studies used the difference-in-difference (DID) method to identify the causal relationship

between expansion and wage/employment rate, but the assumption required to use DID was

likely violated in the Chinese context, as discussed in earlier sections. Therefore, whether there

are other feasible methods to identify the causal relationship will be an important topic.

Second, studies have mostly focused on the wage and employment rate of all college gradu-

ates, without identifying the effect on marginal students who would fail to go to college without

the expansion and the effect on those who would be able to go to college, whether there was an

expansion or not. Neither are there any studies exploring the effect on individuals who have not

been directly affected by the expansion, such as those who graduated before the college expan-

sion. These are important topics, especially within the context of the college expansion in China,

which had an unprecedented magnitude.

Third, few studies, if any, have explored the impact of the expansion on high school teachers.

This could be an important topic because students require different teacher skills after the reform:
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High school students may become more likely to go to college or face greater competition from

an expanded education system. Thus, teachers may change their way of allocating time and their

strategies for teaching students. Meanwhile, the demand for high school teachers may change,

thereby affecting teachers’ wages.

Fourth, students’ major/school choice may change after the expansion because marginal stu-

dents are more likely to pursue less favorable majors and colleges, creating a negative peer effect

that some parents and students want to avoid. This may lead students who would otherwise

choose these majors/colleges to work harder to be eligible for other majors/colleges. Currently,

China is experiencing a severe phenomenon in which nearly all students want to enter well-paid

majors, such as finance and computer science, while few, if any, students choose majors that are

less favorable. As a result, understanding how students select their college majors is an important

topic to solve the problem.
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Chapter 3

The Impact of School Closures on Student Achievement: Evidence

from California¹

Abstract: School closures are a common and disruptive feature of education systems when

sudden shocks from weather, natural disasters, or infectious disease require that students remain

at home rather than in the classroom. Indeed, since January 2020, school closures have happened

all around the world due to the COVID-19 pandemic and, in the United States, more than 50 mil-

lion students are currently out of school due to COVID-related closures. This raises an important

question: How do sudden school closures affect student development in the short and medium

term? In this study, we use administrative data to examine the causal effect of unexpected school

closures, exploiting sudden variations in these closures due to wildfires in California. We show

that unexpected closures have negative effects on student test scores, and the loss of school time

is one of the most important mechanisms of decline in student achievement. Meanwhile, minor-

ity students and students from school districts with low socioeconomic status experience larger

negative effects from such unexpected closures. We argue that these results can help inform

policy to identify and address the negative impacts of such closures.

¹This chapter is a joint work with Ying Xu.
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3.1 Introduction

School closures are commonly used as public safety interventions during natural disasters

and infectious disease outbreaks. For instance, the COVID-19 pandemic led to a nationwide

school shutdown around the world. In California, wildfires have caused 21,442 closure days at

public schools since the 2002-2003 school year, affecting more than 3 million students (Lardieri,

2019). Moreover, more schools and students are experiencing emergency-related closures in re-

cent years, as shown in Figure 3.1.

School closures are accompanied by adverse consequences, such as reduced instructional

time, learning interruptions, unintended strains on teachers, economic loss for parents, and emo-

tional distress from exposure to the disaster. Given the tragic impacts of COVID-19 currently un-

folding and the increasing number of natural disasters due to climate change (Herrera-Almanza

and Cas, 2020), it is of great importance to uncover how school closures affect student outcomes,

especially for disadvantaged students. Moreover, understanding the mechanisms driving the ef-

fects of school closures could can help policymakers and school officials develop strategies to

remediate school closures’ adverse consequences.

Few studies have directly explored the impact of school closures caused by disruptive events.

Some studies have shown that the number of school days matters for improving student achieve-

ment. Angrist et al. (2013) and Dobbie and Fryer Jr (2013), for example, demonstrated that charter

schools that have longer instructional time showed higher effectiveness; Similarly, Carlsson et al.

(2015) showed that extra school days were associated with higher cognitive test scores. Although

both school closures and increased school days alter the instruction time that students receive,
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their impacts differ in that only closures interrupt student learning. Closures may also lead to un-

finished teaching plans, thereby affected students may not have time to learn a particular topic at

the appropriate age. Additionally, closures caused by natural disasters are associated with family

income loss and increased student stress. Combining these factors, school closures may impose

more serious and unanticipated impacts on students’ learning.

This study explores the causal effect of unanticipated school closures due to wildfires on stu-

dent outcomes using 2009–2018 data from California. We use a district-grade fixed effects model

to exploit exogenous variation in shock intensity across space and time. Compared to extreme

winter conditions that are often used as exogenous shocks causing school closures (Goodman,

2014; Marcotte and Hemelt, 2008), wildfires in California are less predictable and have larger vari-

ations across years. Therefore, teachers are less likely to consider the impact of closures due to

wildfires when making teaching plans. This feature is an important facet of the parameter we

estimate and increases its policy relevance given the wide range of unexpected shocks that can

close schools.

First of all, we estimate the overall impact of school closures due to wildfires. We find that

school closures caused bywildfires have a negative impact on students’ math test score outcomes.

Our preferred specification shows that on average, one closure day caused by wildfires decreases

students’ math scores by 0.007 grade level. Since district-year-grade cells experienced 3 closure

days on average, wildfire closures caused achievement loss by 0.021 grade level in math. Such

closures’ impact on students’ ELA scores is negative but statistically insignificant. Fortunately,

the negative effects did not persist to the next year.

Second, we explore the heterogeneous effects of school closures on students by race and

socioeconomic status. Consistent with current research, we find that the negative impacts were
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stronger for students from low-SES districts than for those from high-SES districts (Goodman,

2014; Groppo and Kraehnert, 2017). This heterogeneity suggests that policymakers may consider

targeting resources to low-income students. Regarding heterogeneity by race, contemporaneous

exposure to school closures had a more severe (negative) effect on Black students, followed by

Hispanic students. White and Asian students suffered relatively less in terms of test scores. We

also find that closures increased gender achievement gap (e.g., the negative effects per closure

day were higher for female students). None of these negative effects persisted to the next year—a

promising finding.

We also explore whether loss of schooling time, which leads to both loss of instruction time

and out-of-school environment, could be one of the most important mechanisms of the learning

loss. Specifically, we exclude district-year cells that experienced large fires and examine the

effect of precautionary closures. The “treatment group” in this new sample suffered mostly from

a loss of school time, but not too much from psychological trauma or financial loss, than the

“control group.” This analysis provides policy implications regarding how to alleviate learning

loss. We find that loss of schooling time was likely to be one of the most important reasons for

the decrease in test scores. Such a mechanism is particularly prevalent for students from low-SES

school districts.

This study contributes to two streams of literature. First, it contributes to the literature that

estimates the impact of school closures on student outcomes. Hansen (2011); Marcotte (2007);

Marcotte andHemelt (2008) found that unscheduled closings due to snow lowered student grades.

However, using Massachusetts data, Goodman (2014) found that school closures caused by heavy

snow did not lead to lower grades for elementary and secondary school students. More recently,

Groppo and Kraehnert (2017) found that heavy snow affected student outcomes in Mongolia,
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primarily because it lowered household income rather than schooling.

This study builds on previous research and explores the dynamic effects of school closures

caused by wildfires. First, closures caused by wildfires differ from those caused by snows in that

wildfires have much larger variation across years, facilitating causal effect identification. Figure

3.2 shows that the frequency of wildfires varies considerably across years, whereas school clo-

sures caused by extreme winter conditions show much smaller variations. Second, snowfalls in

winter are common in some areas; hence, schools would anticipate closure days when setting up

teaching plans at the beginning of the semester. By contrast, teachers in California typically do

not expect wildfires every year. Therefore, wildfire closures impose more unintended strain on

teachers and interrupt student learning more drastically. Third, this paper provides evidence on

how the effect of school closures evolves over time. Interruptions in student learning may influ-

ence both contemporaneous test scores and academic performance in later years. Furthermore,

students from different socioeconomic backgrounds may differ in their capabilities to recover

from the loss resulting from school closures.

This paper also provides well-identified evidence on the effect of natural disasters on human

capital development. Existing studies mostly found negative impacts of natural disasters in de-

veloping countries (Deuchert and Felfe, 2015; Herrera-Almanza and Cas, 2020; Paudel and Ryu,

2018), especially among low-income families whose income depended heavily on weather condi-

tions (Groppo and Kraehnert, 2017). Since climate change and infectious diseases are worldwide

issues, developed countries also suffer from natural disasters. Detecting how natural disasters

influence human capital accumulation in developed countries where family incomes are less de-

pendent on weather conditions contributes to a more comprehensive understanding of this topic.

Moreover, this paper explores the mechanism through which natural disasters affect students’
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academic performance. In particular, this paper combines data on school closures due to wild-

fires and fire incidents in California to identify precautionary closures. In this way, the effect of

losing school time during school closure periods can be separated from the overall trauma caused

by the wildfires.

The rest of the paper is organized as follows. Section 3.2 documents background and data.

Section 3.3 describes the empirical strategy. Section 3.4 presents our main results. Section 3.5

concludes.

3.2 Background and Data

Unexpected wildfires affect a large number of students. In California, wildfires in 2018 af-

fected more than 1.1 million students. Furthermore, it has been predicted that climate change

will lead to more frequent extreme weather events, such as heatwaves, heavy precipitation, and

droughts in at least some world regions (Seneviratne et al., 2012). Therefore, unexpected school

closures might become more common, and they deserves more concern and policy attention.

In the United States, state requirements vary on the number of instructional days and hours

in the year. The majority of states set the school year at 180 days. However, when extreme

situations prevent schools from having enough school days, states may not require making up

all the missing school days. North Carolina, for instance, only requires schools to make up the

first three missed school days due to snow, extreme weather conditions, or other disruptions. In

California, the context of this study, Education Code § 46200 provides that superintendent shall

withhold from the school district’s local control funding formula grant apportionment if a school

offers less than 180 days of instruction. However, Education Code § 41422 also provides that in
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extreme circumstances, a school district can show, to the satisfaction of the superintendent, that

specific reasons were preventing schools during a fiscal year from having at least 175 school days;

then, it may still “receive the same apportionment from the State School Fund as it would have

received”. Therefore, schools may not have enough incentives to make up closure days caused by

unexpected reasons. As a consequence, school closures caused by unexpected disastrous events

can potentially lead to unfinished teaching plans, and the effect may persist to the following years

because classes instruction would not be replaced.

In this article, we combine several sources of data to detect the effects of school closures

on student outcomes. The first is school district-grade level data from the Stanford Education

Data Archive (SEDA). It includes, for each year in each school district from 2009 to 2018, average

test scores in English Language Arts (ELA) and Math, and the achievement gap by gender and

socioeconomic status for students in Grades 3 through 8. The test score data were derived from

California standardized testing programs as required by federal law. The state test score data

were linked and converted to a national comparable scale, the National Assessment of Education

Progress (NAEP) test scores. Scores are scaled such that 1 unit means 1 grade improvement and

are comparable across grades, school districts, and years. The national average performance is

3 in Grade 3, 4 in Grade 4, and so on. California did not administer standardized tests in 2014,

therefore test data in 2014 aremissing. The SEDA dataset also includes information on enrollment

(in Grades 3 through 8), the percentage of free/reduced-price lunch, and race composition.

Table 3.1 presents summary statistics of test scores, demographics, and closure days. Column

(1) shows that during the sample period, students from California performed considerably worse

than the national average: ² the meanmath score was 4.32 and the mean ELA score was 4.91. Stu-

²The national average SEDA-reported test score measure is about 5.5.
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dents from the closure sample (i.e., district-year-grade cells affected by wildfires) scored slightly

higher than the California average, although this simple comparison does not show a causal re-

lationship between closures and test scores. The Panel “Demographics” shows that about 56%

of students were eligible for free or reduced-price lunch. Hispanic students and White students

each represented about 45% of the sample and the remaining 10% were Asian and Black students.

The second source of data is the California Public School Closure Database, which contains

information on the number of school closure days due to natural disasters and weather, wildfires,

and student safety from 2002 to 2019. We then calculate average closure days due to wildfires

and other reasons at district-year level because SEDA has district-year-grade but not school-year-

grade test score data. Among the 918 school districts in our sample, 189 were affected by school

closures caused by wildfires during the sample period. Table 3.1 further shows that among the

36,885 district-year-grade cells, only 913 have ever experienced closures caused by wildfires. On

average, these cells experienced 3.78 days of closure caused by wildfires.

Given the sample period of SEDA data, our analysis is limited to student outcomes between

2009 and 2018. We examine the impact of wildfires that happened up to two (academic) years

before the end of Spring semesters—specifically, wildfires occurring between 2007 and 2018 are

included in our sample. The advantage of including wildfires that occurred up to the previous

2 years is twofold: (1) we could examine whether the impact of school closures persists; and (2)

it is possible to include the 2007 Santa Barbara wildfire, which closed schools for more than 1

million students.

We also include California Department of Forestry and Fire Protection data to recognize areas

involved in the disasters and combine this with schools’ zip codes to identify schools/districts that

did experience wildfires. Moreover, California Department of Forestry and Fire Protection data
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has information on acres burned by each wildfire. This allows us to calculate the average acres

burned at county-year level, informing the severity of the wildfires.

3.3 Empirical Strategy

Estimating the causal effects of school closure on student outcomes is challenging because of

omitted variable bias. Specifically, school closures are potentially related to the characteristics

of schools (location, educational resources, teacher quantity and quality, etc.) and their students

(gender, race, socioeconomic background, etc.). These characteristics are also important determi-

nants of student achievement. Overlooking them, thereby, may bias the estimated effect of school

closures on student achievement. Unfortunately, due to limited available data, researchers are

usually unable to obtain proper measures for all these confounding characteristics.

This paper uses the exogenous variations in the number of closure days due to wildfires across

years to identify school closures’ effect on student outcomes. To a great extent, wildfire closures

are exogenous for schools and students. Nevertheless, the likelihood of wildfire closures may

still be correlated with the characteristics of schools and students and school districts may have

some control over the length of school closures. For instance, schools located in cities may suffer

less from wildfires than schools located in the mountain area. Schools with sufficient funds are

also more likely to recover from the disasters and shorten the length of their school closures.

Therefore, it is unconvincing to make comparisons across school districts.

Fixed Effects Model. This study uses a district-by-grade fixed effect model to deal with the

potential problem of omitted variable bias. The variation in school closure days comes from

within school district-grade changes in the number of (average) school closure days over time.
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Therefore, the sources of omitted variable bias generated by cross school district-grade differences

that are constant over time are eliminated. The main equation is:

Scoredg(t+n) = β0+β1Days_Closure_Firedgt+Days_Closure_otherdgt+γXdgt+µdg+λt+ϵdgt

(3.1)

where Scoredg(t+n) denotes the mean standardized test scores in math or English lan-

guage arts (ELA) for school district d, grade g, and year t + n, n ∈ {−2,−1, 0, 1, 2}.

Days_Closure_firedt represents the average number of school closure days weighted by school

enrollment. When n = 0, the coefficient β1 measures the contemporaneous impact of an addi-

tional school closure day on test scores. When n > 0, the coefficient β1 denotes the lagged effect

of school closures: how an additional school closure day in year t affects test scores in year t+1

and t + 2. When n < 0, the coefficient β1 helps to examine whether there are pre-trends in

students’ test scores. Standard errors are clustered at the district level.

We analyze the impact of school closure days due to wildfires and control for closure days

caused by other less variable reasons in Days_Closure_otherdt, such as heavy rain, snows, im-

passable roads, broken/damaged infrastructures, and the like. µdg denotes the school district-by-

grade fixed effects.

One concern with using school district-by-grade fixed effects to estimate the causal effects of

school closures is that the composition of the student bodymay not be stable across years. To deal

with this problem, we add the school district-grade-year averaged measures of race composition

and proportion of free/reduced-price lunch (Xdgt) in the specification to control for the variation

in student composition. Moreover, year fixed effects λt are also included in the equation to control
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for annual shocks that affect students statewide.

We also run regressions using the weighted least square (WLS) method. Specifically, we

weight observations using both population and the inverse of the estimated variance of the

dependent variable (test score) at district-year-subject level, which are conventional weighting

schemes (Levine and McKnight, 2021; Reardon et al., 2017a,b). Solon et al. (2015) suggested that

when within-group sample size (i.e., population size of school districts) is highly variable and

when the “within-group common error term” has a small variance,³ then weighing the original

observations improves precision. We prefer the specification using population weights because

it is the mostly commonly used weighting method in economics studies.

Heterogeneity across gender, race, and socioeconomic status. Exploring school closures’

heterogeneous effects will inform us about whether some groups of students need extra support.

First, we examine the heterogeneity by gender through estimating Equations 3.1 but changing the

dependent variable to the district-year-grade level gender gap in achievement. We also explore

heterogeneity by race through estimating Equations 3.1, but changing the dependent variable

to test score outcomes by race. Lastly, we examine the heterogeneity by socioeconomic status

by dividing the sample according to the baseline proportion of free/reduced-price lunch at the

district level.

Identify the effect of loss in schooling time. School closures caused by wildfires may affect

student outcomes through the loss of school time, financial losses, and psychological trauma.

Schooling environment and instructional time could be important determinants of academic suc-

cess (Chabrier et al., 2016; Eble and Hu, 2019a; Eble et al., 2021) and are generally considered

traditional education inputs. To identify the effect of school time loss, we exclude areas that did

³For example, if we define the error term as vij = ci + µij , small variance means σ2
c is small
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experience severe wildfires. Specifically, we exclude observations that experienced wildfires with

the largest 5% of burned area. This approach excludes all the district-year-grade cells that suf-

fered from wildfires burning more than 82,780 acres.⁴ This would leave us two groups of school

district-year cells: (1) those that did not suffer from school closures, and (2) those that expe-

rienced school closures but not financial losses or psychological trauma because their schools

closed preemptively or precautionarily. Comparing student outcomes for these two groups will

enable us to identify the effect of loss of instruction time due to school closures.

3.4 Results

This section presents the main results of this paper. We first discuss the impact of school

closures on students’ test score outcomes and show the heterogeneity of the impact by race,

gender, and socioeconomic status. A robustness check of whether school closures elicited student

mobility is also shown here to validate themain findings. Then, we test two possible mechanisms:

loss of schooling time and air pollution.

3.4.1 Impact of Closures and Heterogeneity

First, we examine the overall impact of school closures caused by wildfires on student out-

comes. Panel 1 of Table 3.2 presents the results. Columns (1) - (3) show the impact on ELA scores

using ordinary least squares (OLS), weighted least squares (WLS) using population weights, and

WLS using the inverse of the variance of outcome (average test score), respectively. Columns

(4) - (6) show the impact on math scores using the same estimation methods. The results show

⁴As a point of comparison, the Los Angeles County is about 2,613,120 acres, which is about 31 times larger.
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that school closures caused by wildfires had significant negative impact on math scores, but the

impact did not persist. Our preferred specification is the one using population weights, which

implies that on average, one school closure day in the current school year caused by wildfires

reduced the math scores by 0.007 grade level. The negative effects disappeared one year after the

closures. Our preferred specification also shows that one school closure day in the current school

year caused by wildfires actually increased the math scores in the next two years by about 0.02

grade level.

One concern with the validity of the estimates is whether there were pre-trends in test scores

so that the estimated shifts in test scores could be mistakenly attributed to the effects of school

closures. To solve this problem, we check the existence of pre-trends by regressing test scores

in year t − 1 or t − 2 on closure days in year t. Since post school closures cannot affect prior

test scores, the estimated coefficient of closure days in this regression is expected to be small and

insignificant. If not, we can suspect that there were pre-trends in the test scores. Results from

this test is shown in Figure 3.3. Basically, school closures did not have statistically significant

effects on test scores achieved before the closures; hence, there is no evidence of pre-trends.

Non-linearity in the effect of school closures. Achievement loss in school closures may be

associated with duration of closures. To test this, we follow the method developed by Herrmann

and Rockoff (2012) to construct variables denoting district average closures of different durations:

less than 1 day, 1-3 days, 3-5 days. 5-10 days, andmore than 10 days. Table 3.3 shows the effects of

school closures with different durations. Basically, the negative impacts of closures were mainly

driven by (district average) closures between 1 - 5 days. When schools closed for more than 10

days, there were no statistically significant effects on test scores. One possible explanation is

that longer closures may call school districts’ attention to the severe interruption of teaching and
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learning. In this case, school districts would be more likely to take remediation measures to make

up the loss.

Heterogeneity by socioeconomic status. Next, we divide the school districts in half according

to the socio-economic status (SES) index. Panels 2 and 3 of Table 3.2 report the impact of closures

on students from low-SES and high SES-districts, respectively. Clearly, the negative impacts on

contemporaneous test scores were mainly driven by low SES districts. The effects on students

from high SES districts were much smaller in magnitude. However, the negative impact on test

scores did not persist for students from low-SES school districts. For students from high-SES

districts, school closures even had positive impacts on math scores 2 years after the closures.

Figure 3.4 provides a clearer comparison of the differential impact on students by SES status.

Clearly, the magnitudes of contemporaneous closures’ effects in Panel (a), representing students

from low-SES districts, were always larger than those in Panel (b), representing students from

high-SES districts. These findings imply that students from low-SES status families suffered more

school closures caused by wildfires.

Heterogeneity by race. We also explore whether the impact of closures differed by race.

Table 3.4 presents the results, and all regressions were weighted by enrollment at district-year-

grade level. Clearly, during the year of wildfire closures, Hispanic and Black students suffered

the most from these closures. Although the coefficients of closure days for Black students are not

statistically significant, the magnitudes are large. By contrast, the effects of closures on White

and Asian students’ test scores are small and statistically insignificant. In the medium term, the

negative impacts on Black and Hispanic students did not persist to the second year. Interestingly,

school closures even cause increase in math scores of Asian, Hispanic, and White students one

or two years after the closures.
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Figure 3.5 presents these conclusions in amore straightforward way. It is clear thatWhite and

Asian students were not severely affected; Black and Hispanic students suffered the most. These

findings suggest that we need to pay close attention to the learning loss of Black and Hispanic

students when school closures happen.

Heterogeneity by gender. Lastly, we analyze heterogeneity in effects across gender. We

use the achievement gap data at the district-year-grade-subject level to detect whether school

closures affected gender achievement gap. Table 3.6 suggests that school closures enlarged the

contemporaneous achievement gap in math between male and female students. We needed to

remember, however, that the previous analysis of heterogeneity by race and socioeconomic status

uses cross-district variations, while the heterogeneity here shows within-district variation.

3.4.2 Robustness Check: Changes in Composition

One potential concern of this analysis is that closures caused by wildfires might lead to mi-

gration, which changes the composition of the sample. If the mobility was random in terms of

the students who chose to move, then our results are unbiased. However, it is possible that some

types of students were more likely to move than others. This subsection looks at this potential

problem in detail.

We first estimate whether school closures caused by wildfires were associated with shifts in

enrollment in the test body. In the context of the SEDA data, the district-year-grade level number

of students participating in the state Math/ELA test is a better proxy for enrollment because the

test score outcomeswere calculated based on participants. Table 3.7 shows that contemporaneous

closures had a significant negative effect on the number of participants in Math and ELA tests.
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The magnitude, however, was negligible. On average, one closure day caused by wildfires only

decrease the number of participants by 1, while the average number of participants was 666.

Moreover, school closures that took place 1-2 years before the the tests did not significantly affect

the number of participants. Therefore, we conclude that school closures caused by wildfires did

not change the number of test participants.

We also examine whether school closures caused by wildfires were associated with changes

in racial composition. Table 3.8 reports the results. The unit of observation is the district-year-

subject level race percentage, and all the regressions exclude observations that do not have data

on test scores to be consistent with the main regressions in Table 3.2. Panel 1 shows that closures

in the current (academic) year did not change the percentage of Hispanic and White students,

although current-year closures decreased the percentage of Asian and Black students. However,

the magnitude is quite small: A 0.03 percentage point reduction in Asian students means a 0.38%

decrease in proportion of Asian students, which had a mean of 8%. A 0.03 percentage point

increase in Black students means a 0.86% increase in the proportion of Hispanic students, which

had a mean of 3.5%.

Similarly, Panel 2 of Table 3.8 shows that closures in the previous (academic) year did not

change the percentage of each racial group. Lastly, Panel 3 of Table 3.2 also suggests that the

penultimate year closures did not have a statistically significant effect on race composition.

In sum, we do not find that school closures changed enrollment. Although these closures

changed race composition of a few district-year-subject cells, the changes were quite small in

magnitude. Meanwhile, we control for current-year race composition throughout our main anal-

ysis, further alleviating the impact of changes in race composition.
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3.4.3 Mechanism

School closures caused by wildfires and other natural disasters may influence students

through several possible channels, including loss of school time, loss of family income, men-

tal stress, air pollution, and the like. This subsection looks into the potential mechanisms of the

impact of school closures caused by wildfires.

Reduction in school time could lead to learning loss. To examine the impact of school time

loss, we perform a similar analysis as in Table 3.2 but exclude school districts that experienced

large-scale fires, as described in Section 3.3. Table 3.5 reports the results, and columns (2) and

(5) are our preferred specification. Panel 1 shows that the loss of school time has negative but

insignificant effect on both Math and ELA test scores. Such effects, fortunately, did not persist

to the next year. One thing worth noting is the interpretation of these results: they do not

necessarily imply the fraction of the total impact in Table 3.2 that could be attributed to the

loss of school time because of differences in sample sizes and composition. Rather, these results

provide clean evidence that reduction in school time can harm test scores even without other

negative shocks.

Panels 2 and 3 of Table 3.5 further divide the full sample in half, according to the district-level

average socioeconomic status index. Panel 2 suggests that for students from low SES districts, a

1-day loss in school time reduced test scores at a larger magnitude. On average, a 1-day reduction

of school time lowered the current-year ELA scores by about .039 grade level and Math scores

by about .015 grade level, although these effects are statistically insignificant. For these students,

the negative impact on Math scores did not vanish for at least one year.

Panel 3 of Table 3.5 shows that although losing school time initially led to learning loss for
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high-SES students, the magnitude was smaller than that for low-SES students. Meanwhile, the

negative effects vanished in the second academic year. Figure 3.6 provides amore straightforward

comparison: It is obvious that the negative impacts were larger in (a), representing low-SES

students. Fortunately, these effects vanished after 2 years.

3.5 Conclusion

School closures have drawn growing attention of media, researchers, and policymakers.

Given the tragic impacts of COVID-19 currently unfolding, it is of great importance to know

how unexpected school closures from disastrous events affect student learning, especially for

students in need. Identifying those effects, however, is a challenging task.

This paper provides evidence on the impacts of school closures due to unexpected wildfires

on student test score outcomes. We find that exposure to school closures caused by wildfires

negatively affected students’ test scores, especially for students from low socio-economic status

(SES) districts. In terms of magnitude, the overall estimated negative impact of 1 day of closure

caused by wildfires on Math test scores was a moderate 0.007 grade level. The magnitude, un-

fortunately, increase to about 0.011 grade level for students from low SES school districts. These

magnitudes could potentially lead to a huge learning loss, given that an increasing number of

schools are experiencing school closures (at least in California, see Figure 3.1) and disastrous

events are happening in an increasing frequency (Seneviratne et al., 2012). Last but not least,

COVID-19 has introduced a new global threat that impacts large-scale closures.

The above-mentioned findings in the heterogeneity is consistent with the existing literature

(Goodman, 2014; Groppo and Kraehnert, 2017). Such negative effects, fortunately, did not per-
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sisted. Thus, our results suggest a worsening inequality issue in the short term but not long term,

providing important implications for researchers, education policy practitioners, and school ad-

ministrators.

We also find substantial heterogeneity by race. In particular, our results demonstrate that

Black students experienced the largest learning loss in the (academic) year of school closure,

followed by Hispanic students. After 2 (academic) years, the negative impacts on students’ test

scores mostly vanished. Such findings shed light on the issue of inequality in another dimension.

Further, our analysis implies that the loss in school time is one of the most important mech-

anisms of the decrease in test scores. Such a phenomenon is again driven by students from

low SES districts. While Groppo and Kraehnert (2017) found that the negative impact on low-

income students could channel through loss in family income, our findings further suggest that

these students also suffered more from similar loss of schooling time, compared to students from

higher-income families.

Taken together, our findings suggest that school closures caused by disastrous events have

negative impacts on students’ test score outcomes and there exist substantial heterogeneity by

race and socioeconomic status. Black students and students from low SES school districts require

special attention because of their vulnerability to school closures caused by disastrous events.

Future research is required to investigate how we can design interventions to alleviate learning

loss in these particular groups of students.
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Figure

Figure 3.1: Number of schools impacted by school closures in California

Notes: This figure shows the number of schools affected by wildfires, natural disasters & weather, student safety reasons, infrastructure, and other reasons
between 2009 to 2018.
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Figure 3.2: Number of Total School Closure Days Caused by Wildfires and Winter Conditions

Notes: This figure shows the number of total school closure days caused by wildfires and winter conditions between 2009 to 2018.
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Figure 3.3: The dynamic impact of school closures

Notes: This figure shows the dynamic impacts of school closure days caused by wildfires.
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Figure 3.4: Impact of School Closures: Heterogeneity by SES

(a) Low SES Districts (b) High SES Districts

Notes: This figure shows the heterogeneous impact of school closures on student test scores by socio-economic status, which is calculated based on district-level
free/reduced-price lunch proportion. Graph (a) shows the results for Low-SES district students and graph (b) shows the results for High-SES district students.
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Figure 3.5: Impact of School Closures: Heterogeneity by Race

(a) White (b) Black

(c) Hispanic (d) Asian

Notes: This figure shows the heterogeneous impact of school closures on student test scores by race.
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Figure 3.6: Impact of Losing Schooling Time: Heterogeneity by SES

(a) Low SES Districts (b) High SES Districts

Notes: This figure shows the heterogeneous impact of losing schooling time on student test scores by socio-economic status, which is calculated based on
district-level free/reduced-price lunch proportion. Graph (a) shows the results for Low-SES district students and graph (b) shows the results for High-SES
district students.
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Tables

Table 3.1: Summary Statistics

(1) (2) (3) (4) (5) (6) (7) (8)
Full Closure By Grade

Sample Sample Three Four Five Six Seven Eight

Test Scores

Math score 4.32 4.75 2.28 3.28 4.24 5.29 6.49 7.55
ELA score 4.91 5.11 2.38 3.38 4.39 5.42 6.48 7.49

Demographics

Free/Reduced price lunch 0.56 0.53 0.57 0.56 0.56 0.56 0.56 0.57
Asian 0.07 0.04 0.07 0.07 0.07 0.07 0.07 0.07
Black 0.03 0.03 0.03 0.03 0.03 0.03 0.03 0.03
Hispanic 0.46 0.42 0.46 0.45 0.45 0.45 0.46 0.46
White 0.42 0.48 0.42 0.43 0.43 0.43 0.41 0.41

Closure Days

Closure days 0.10 3.78 0.10 0.10 0.09 0.09 0.11 0.11

District-year-grades (ELA) 36,885 913 6,174 6,210 6,221 6,200 6,063 6,017
District-year-grades (Math) 29,943 864 6,202 6,236 6,243 6,205 2,572 2,485
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Table 3.2: Impact of School Closures on Test Score

ELA Math
(1) (2) (3) (4) (5) (6)
No Weighted Weighted No Weighted Weighted

Weight by popu- by Va- Weight by popu- by Va-
lation riance lation riance

Panel 1: Full Sample

Closure days -0.010** -0.004 -0.005 -0.008 -0.007** -0.008***
(0.005) (0.004) (0.003) (0.005) (0.004) (0.003)

Closure dayst−1 -0.003 0.007 0.002 0.017** 0.022*** 0.017***
(0.006) (0.006) (0.005) (0.008) (0.008) (0.007)

Closure dayst−2 -0.003 0.003 -0.001 0.002 0.010** 0.005
(0.004) (0.004) (0.003) (0.006) (0.005) (0.005)

Panel 2: Low SES Districts

Closure days -0.010 -0.013 -0.012* -0.005 -0.011 -0.013**
(0.009) (0.010) (0.007) (0.008) (0.008) (0.006)

Closure dayst−1 -0.011 0.003 -0.003 0.008 -0.005 0.003
(0.010) (0.010) (0.008) (0.011) (0.012) (0.010)

Closure dayst−2 0.003 -0.001 -0.006 0.008 -0.000 -0.001
(0.010) (0.011) (0.009) (0.013) (0.015) (0.013)

Panel 3: High SES Districts

Closure days -0.006 0.003 0.003 -0.005 -0.003 -0.003
(0.006) (0.003) (0.003) (0.006) (0.003) (0.003)

Closure dayst−1 0.002 0.002 -0.000 0.017* 0.011 0.010
(0.007) (0.007) (0.006) (0.010) (0.009) (0.008)

Closure dayst−2 -0.004 0.004 0.001 -0.002 0.008** 0.005
(0.004) (0.003) (0.003) (0.005) (0.004) (0.004)

Method OLS WLS WLS OLS WLS WLS
District-grade FE YES YES YES YES YES YES
Year FE YES YES YES YES YES YES
Time Trend YES YES YES YES YES YES

Notes: This table reports the effect of school closures on student achievement. All regressions include district-x-
grade fixed effects, year fixed effects and district-specific linear time trends. Other controls include the number of
closure days due to other reasons, district-grade-year level free/reduced price lunch percentage, and socio-economic
status (SES) index. Each coefficient is derived from a single regression. The number of observations in Panel 1 varies
from 29,773 to 36,777. Standard errors are clustered at district level; *** p<0.01, ** p<0.05, * p<0.1
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Table 3.3: Non-linearity in the Effect of School Closures

(1) (2)
ELA Math

Average district closure, 0 - 1 day 0.000 0.012
(0.013) (0.026)

Average district closure, 1 - 3 days -0.083** -0.130***
(0.033) (0.032)

Average district closure, 3 - 5 days -0.104*** -0.085**
(0.040) (0.040)

Average district closure, 5 - 10 days 0.003 -0.060*
(0.056) (0.035)

Average district closure, more than 10 days -0.045 -0.032
(0.040) (0.060)

Observations 36,737 29,773
R-squared 0.987 0.982
District-grade FE YES YES
Year FE YES YES
Time Trend YES YES

Notes: This table reports the non-linear effect of school closures on student achievement. All regressions include
district-x-grade fixed effects, year fixed effects and district-specific linear time trends. Other controls include the
number of closure days due to other reasons, district-grade-year level free/reduced price lunch percentage, and
socio-economic status (SES) index. Each coefficient is derived from a single regression. Standard errors are clustered
at district level; *** p<0.01, ** p<0.05, * p<0.1
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Table 3.4: Impact of School Closures on Test Score by Race

(1) (2)
ELA Math

Panel 1: Asian
Closure days 0.006 0.002

(0.013) (0.016)
Closure dayst−1 0.012 0.037

(0.025) (0.024)
Closure dayst−2 -0.003 0.037**

(0.025) (0.016)

Panel 2: Black
Closure days -0.033 -0.022

(0.022) (0.022)
Closure dayst−1 0.026** 0.020

(0.012) (0.026)
Closure dayst−2 0.007 -0.009

(0.016) (0.015)

Panel 3: Hispanic
Closure days -0.007 -0.009**

(0.005) (0.004)
Closure dayst−1 0.007 0.018

(0.011) (0.011)
Closure dayst−2 0.004 0.015*

(0.006) (0.009)

Panel 4: White
Closure days -0.004 -0.004

(0.004) (0.003)
Closure dayst−1 0.001 0.018**

(0.008) (0.009)
Closure dayst−2 0.004 -0.001

(0.006) (0.007)

Notes: This table reports the effect of school closures on student achievement. All regressions include district-x-
grade fixed effects, year fixed effects and district-specific linear time trends. Other controls include the number of
closure days due to other reasons, district-grade-year level free/reduced price lunch percentage, and socio-economic
status (SES) index. Each coefficient is derived from a single regression. The number of observations varies from
6,515 to 26,552. Standard errors are clustered at district level; *** p<0.01, ** p<0.05, * p<0.1
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Table 3.5: Impact of School Time Loss on Test Score

ELA Math
(1) (2) (3) (4) (5) (6)
No Weighted Weighted No Weighted Weighted

Weight by popu- by Va- Weight by popu- by Va-
lation riance lation riance

Panel 1: Full Sample

Closure days -0.013 -0.016 -0.020* 0.002 -0.008 -0.019
(0.013) (0.019) (0.012) (0.009) (0.025) (0.012)

Closure dayst−1 -0.019*** -0.002 -0.012* -0.005 0.018 0.002
(0.007) (0.010) (0.007) (0.008) (0.019) (0.010)

Closure dayst−2 -0.006 -0.001 -0.006 -0.007 0.005 0.001
(0.008) (0.008) (0.007) (0.008) (0.007) (0.006)

Panel 2: Low SES Districts

Closure days -0.024 -0.039 -0.037 -0.002 -0.015 -0.035
(0.025) (0.029) (0.024) (0.016) (0.038) (0.026)

Closure dayst−1 -0.026 0.003 0.002 -0.009 -0.022* -0.011
(0.022) (0.014) (0.013) (0.018) (0.012) (0.014)

Closure dayst−2 0.004 0.001 -0.008 0.001 -0.007 -0.011
(0.019) (0.013) (0.015) (0.019) (0.010) (0.013)

Panel 3: High SES Districts

Closure days -0.003 -0.001 -0.000 0.012 -0.005 0.003
(0.010) (0.013) (0.012) (0.007) (0.016) (0.011)

Closure dayst−1 -0.018*** -0.016 -0.021*** -0.006 0.023 -0.001
(0.004) (0.010) (0.006) (0.007) (0.019) (0.010)

Closure dayst−2 -0.010 -0.003 -0.006 -0.013 0.007 0.001
(0.009) (0.008) (0.007) (0.009) (0.008) (0.005)

Method OLS WLS WLS OLS WLS WLS
District-grade FE YES YES YES YES YES YES
Year FE YES YES YES YES YES YES
Time Trend YES YES YES YES YES YES

Notes: This table reports the effect of precautionary closures on student achievement. All regressions include
district-x-grade fixed effects, year fixed effects and district-specific linear time trends. Other controls include district-
grade-year level free/reduced price lunch percentage and socio-economic status (SES) index. Each coefficient is de-
rived from a single regression. The number of observations varies in Panel 1 from 29,512 to 36,444. Standard errors
are clustered at district level; *** p<0.01, ** p<0.05, * p<0.1
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Table 3.6: Impact of School Closures on Gender Inequality

(1) (2)
ELA Math

Closure days 0.001 0.006**
(0.004) (0.003)

Closure dayst−1 0.002 0.001
(0.002) (0.004)

Closure dayst−2 0.005* 0.004
(0.002) (0.003)

Notes: This table reports the effect of school closures on district-grade-year level gender gap. All regressions include
district-x-grade fixed effects, year fixed effects and district-specific linear time trends. Other controls include the
number of closure days due to other reasons, district-grade-year level free/reduced price lunch percentage, and
socio-economic status (SES) index. Each coefficient is derived from a single regression. The number of observations
varies from 25,393 to 31,513. Standard errors are clustered at district level; *** p<0.01, ** p<0.05, * p<0.1
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Table 3.7: Impact of School Closures on Enrollment

(1) (2)
ELA Math

Current Year Closures

Closure days -0.936* -1.289*
(0.533) (0.737)

Observations 36,787 29,805

Previous Year Closures

Closure dayst−1 0.225 0.177
(0.668) (0.610)

Observations 36,787 29,805

Penultimate Year Closures

Closure dayst−2 0.180 0.263
(0.315) (0.346)

Observations 36,787 29,805

Notes: This table reports the impact of school closures on enrollment in the test body. All regressions include district-
x-grade fixed effects, year fixed effects and district-specific linear time trends. Observations without test score data
is excluded to make the samples consistent with those in the main results. Each coefficient is derived from a single
regression. Standard errors are clustered at district level; *** p<0.01, ** p<0.05, * p<0.1
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Table 3.8: Impact of School Closures on Race Composition (in percentage point)

Asian Black Hispanic White
(1) (2) (3) (4) (5) (6) (7) (8)
ELA Math ELA Math ELA Math ELA Math

Panel 1: Impact of the Current Academic Year Closures

Closure days -0.027** -0.029** -0.030* -0.030* 0.047 0.050 0.008 0.008
(0.013) (0.012) (0.018) (0.017) (0.076) (0.076) (0.064) (0.065)

Observations 36,737 29,773 36,737 29,773 36,737 29,773 36,737 29,773

Panel 2: Impact of the Previous Academic Year Closures

Closure dayst−1 -0.003 0.009 0.035 0.031 0.091 0.149 -0.123 -0.192
(0.025) (0.033) (0.029) (0.036) (0.172) (0.238) (0.159) (0.209)

Observations 36,737 29,773 36,737 29,773 36,737 29,773 36,737 29,773

Panel 3: Impact of the Penultimate Academic Year Closures

Closure dayst−2 -0.039 -0.049 -0.026 -0.032 -0.087 -0.178 0.155 0.261
(0.036) (0.042) (0.021) (0.019) (0.282) (0.395) (0.285) (0.398)

Observations 36,737 29,773 36,737 29,773 36,737 29,773 36,737 29,773

Notes: This table reports the impact of school closures on district-grade-year level race composition. All regressions include district-x-grade fixed effects, year
fixed effects and district-specific linear time trends. Observations without test score data is excluded to make the samples consistent with those in the main
results. Each coefficient is derived from a single regression. Standard errors are clustered at district level; *** p<0.01, ** p<0.05, * p<0.1
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Appendix A. Supplementary Tables

Table A.1: Cross-Correlation Table of Non-Cognitive Skills

Variables LC Grit Self Leader Social AG C EV NEU
Control (LC) 1.000
Grit 0.424 1.000
Self-Control 0.407 0.554 1.000
Leadership 0.547 0.347 0.234 1.000
Social Skills 0.207 0.197 0.055 0.575 1.000
Agreeable (AG) 0.156 0.228 0.202 0.221 0.079 1.000
Conscientious (C) 0.455 0.588 0.536 0.405 0.231 0.247 1.000
Extraversion (EV) 0.241 0.137 0.039 0.410 0.507 0.094 0.175 1.000
Neuroticism (NEU) 0.380 0.351 0.380 0.343 0.227 0.269 0.384 0.333 1.000

Notes: This table reports the cross-correlation of students’ non-cognitive score measures. Each category of non-
cognitive skills represents the total score of one set of survey questions. Neuroticism is negatively coded so a higher
score in this measure means a lower level of Neuroticism.
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Table A.2: Determinants of Minor Factors

Category Questions

Leadership I often lead in projects.
I am often chosen to be the leader of a group.
When I am with a group of friends I am often the
spokesperson for the group.

Social sensitivity I am concerned about the impression I am making on others.
I am often concerned what others are thinking of me.
It is very important that other people like me.

Emotional control It is very easy for me to control my emotions.
I am very good at maintaining a calm exterior even if I am upset.
I am able to hide a strong emotion.

Neuroticism I can be tense.
I get nervous easily.
I worry a lot.

Persistence I am diligent.
I have been obsessed with a certain idea or project for a long time.
I persevere until the task is finished.

Emotional sensitivity I always seem to know what peoples’ true feelings are no
matter how hard they try to conceal them.

I can accurately tell what a person’s character is upon
first meeting him or her.

I can easily tell what a person’s character is by watching
his or her interactions with others.

Agreeableness Is considerate and kind to almost everyone.
I have a forgiving nature.
Generates a lot of enthusiasm.

Notes: This table lists the questions that have highest “factor loadings” of factors that have the eigenvalues larger
than 1, expect the three “major factors” shown in Table 1.2. Factor loadings can be interpreted as “standardized
regression coefficients”, so they show the correlation between the single question and the derived factors. The factor
loadings of the questions listed in this table range from 0.38 to 0.78.
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Table A.3: Own Non-Cognitive Skills Regressed on Peer Non-Cognitive Skills

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)
Motiva- Self- Willing- Leader- Social Emotional Neuro- Per- Emotional Agreeable-
tion Control ness to ship Sensi- Control ticism sistence Sensi- ness

Socialize tivity tivity
Panel A: Only Major FE

Peer’s Average 0.062 0.032 -0.033 0.015 -0.025 0.011 -0.013 0.002 0.001 -0.016
(0.039) (0.031) (0.033) (0.025) (0.023) (0.028) (0.028) (0.021) (0.024) (0.027)

Observations 2,721 2,721 2,721 2,721 2,721 2,721 2,721 2,721 2,721 2,721
R-squared 0.020 0.006 0.006 0.026 0.009 0.024 0.001 0.001 0.006 0.001

Panel B: Major and Province FE
Peer’s Average 0.081 0.030 -0.034 0.015 -0.021 0.010 -0.014 0.003 0.004 -0.016

(0.053) (0.032) (0.034) (0.024) (0.022) (0.028) (0.028) (0.022) (0.024) (0.025)

Observations 2,721 2,721 2,721 2,721 2,721 2,721 2,721 2,721 2,721 2,721
R-squared 0.029 0.016 0.015 0.051 0.028 0.034 0.011 0.013 0.017 0.015

Notes: This table reports the regression results of 10 factors of own non-cognitive skills on peers’ average non-cognitive skill. The factors are derived from factor
analysis described in section 1.3.1. Each column in a panel reports the regression of one category of own non-cognitive skill on peer’s same category of average
non-cognitive skill. Standard errors are clustered at the major level; *** p<0.01, ** p<0.05, * p<0.1.
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Table A.4: Impact of Peers Motivation on Social Sensitivity

(1) (2)

Peer’s Avg. Social Sensitivity -0.050 0.143**
(0.052) (0.072)

Upper-Half Baseline CEE ✓
Lower-Half Baseline CEE ✓
Observations 707 653
R-squared 0.407 0.461
Individual Controls ✓ ✓
Province FE ✓ ✓
Major FE ✓ ✓

Notes: This table reports the effect of peers’ motivation on peer’s social sensitivity. Both regressions include province
of origin fixed effects and major fixed effects. Other controls include gender, own CEE score and non-cognitive skills
at baseline, parental education, and parental income. Standard errors are clustered at the dormitory level; *** p<0.01,
** p<0.05, * p<0.1
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Table A.5: Impact of Peers with Top and Bottom “15%” CEE on Grades

Having Bottom Academic Peers Having “Academic Star” Peers
(1) (2) (3) (4) (5) (6)

% of low CEE score Peers -0.078 -0.184 -0.012
(0.119) (0.177) (0.175)

% of “Stars” 0.213** 0.278** 0.226**
(0.093) (0.131) (0.113)

Upper-Half CEE Score ✓ ✓ ✓ ✓
Lower-Half CEE Score ✓ ✓ ✓ ✓
Observations 1,556 774 782 1,556 774 782
R-squared 0.401 0.414 0.448 0.403 0.422 0.451

Notes: This table reports the effect of proportion of “Academic Star” and “Disruptive” students, defined by students whose standardized CEE are at upper or
lower 15 % within majors, on first year weighted (by credit) average grades. All regressions include province of origin fixed effects and major fixed effects.
Other controls include gender, own CEE score and non-cognitive skills at baseline, parental education, and parental income. Grades are standardized at the
school-by-grade level. To calculate standardized CEE and classify students as Upper-half baseline CEE, I standardize CEE score according to province where
students took CEE. Students from provinces that take the same test are grouped and their scores are standardized within group. Students whose standardized
CEE are at the upper half are classified as upper half, those at the lower half are classified a lower half. Standard errors are clustered at the dormitory level; ***
p<0.01, ** p<0.05, * p<0.1
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Table A.6: Example of STEM, Social Science, and Language Courses

STEM Language Social Science
Mathematics English Writing Economics

Physics English Reading Sociology
Computer Science Russian Management

Algebra Japanese Accounting
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Table A.7: Impact of Peers on First Year Social Science Course Grades

Characteristics separately Characteristics simultaneously
(1) (2) (3) (4) (5) (6) (7) (8) (9)

EV1: Peer Motivation -0.026 0.126** -0.061 -0.028 0.120** -0.064 -0.027 0.120** -0.065
(0.029) (0.060) (0.041) (0.029) (0.058) (0.041) (0.029) (0.058) (0.042)

EV2: Peer Self-Control 0.019 0.016 0.004 0.029 0.034 0.014 0.030 0.022 0.022
(0.030) (0.052) (0.038) (0.031) (0.052) (0.040) (0.031) (0.051) (0.040)

EV3: Peer Willingness
to Socialize -0.024 -0.020 -0.037 -0.027 -0.037 -0.035 -0.033 -0.050 -0.041

(0.033) (0.038) (0.045) (0.033) (0.040) (0.045) (0.034) (0.039) (0.046)
Peer CEE Score ✓ ✓ ✓ 0.165** 0.293** 0.133

(0.081) (0.130) (0.111)

Lower-half CEE Score ✓ ✓ ✓ ✓ ✓ ✓
Higher-half CEE Score ✓ ✓ ✓ ✓ ✓ ✓
Observations 1234 609 625 1231 609 622 1231 609 622
R-squared 0.305 0.385 0.335

Notes: This table reports the effect of peers’ non-cognitive skills and previous academic performance on first year average grades in social science courses. All
regressions include province of origin fixed effects and major fixed effects. Other controls include gender, own CEE score and non-cognitive skills at baseline,
parental education, and parental income. Grades are standardized at the school-by-grade level. To calculate standardized CEE and classify students as Upper-half
baseline CEE, I standardize CEE score according to province where students took CEE. Students from provinces that take the same test are grouped and their
scores are standardized within group. Students whose standardized CEE are at the upper half are classified as upper half, those at the lower half are classified a
lower half. Standard errors are clustered at the dormitory level; *** p<0.01, ** p<0.05, * p<0.1
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Table A.8: Impact of Peers on First Year STEM Grades

Characteristics separately Characteristics simultaneously
(1) (2) (3) (4) (5) (6) (7) (8) (9)

EV1: Peer Motivation 0.011 0.128*** -0.074 0.009 0.123*** -0.073 0.009 0.123*** -0.073
(0.038) (0.047) (0.053) (0.038) (0.047) (0.054) (0.039) (0.047) (0.055)

EV2: Peer Self-Control 0.015 0.036 0.015 0.018 0.045 0.018 0.018 0.043 0.015
(0.027) (0.041) (0.036) (0.028) (0.041) (0.036) (0.028) (0.041) (0.036)

EV3: Peer Willingness
to Socialize 0.002 -0.025 0.016 0.000 -0.032 0.015 -0.001 -0.041 0.015

(0.027) (0.035) (0.037) (0.027) (0.035) (0.037) (0.028) (0.035) (0.037)
Peer CEE Score ✓ ✓ ✓ 0.127* 0.259** 0.109

(0.072) (0.110) (0.093)

Lower-half CEE Score ✓ ✓ ✓ ✓ ✓ ✓
Higher-half CEE Score ✓ ✓ ✓ ✓ ✓ ✓
Observations 1560 784 776 1556 782 774 1556 782 774
R-squared 0.389 0.461 0.433

Notes: This table reports the effect of peers’ non-cognitive skills and previous academic performance on first year average grades in STEM courses. All regressions
include province of origin fixed effects and major fixed effects. Other controls include gender, own CEE score and non-cognitive skills at baseline, parental
education, and parental income. Grades are standardized at the school-by-grade level. To calculate standardized CEE and classify students as Upper-half baseline
CEE, I standardize CEE score according to province where students took CEE. Students from provinces that take the same test are grouped and their scores are
standardized within group. Students whose standardized CEE are at the upper half are classified as upper half, those at the lower half are classified a lower half.
Standard errors are clustered at the dormitory level; *** p<0.01, ** p<0.05, * p<0.1

137



Table A.9: Impact of Peers on First Year Language Course Grades

Characteristics separately Characteristics simultaneously
(1) (2) (3) (4) (5) (6) (7) (8) (9)

EV1: Peer Motivation -0.019 0.060 -0.060 -0.015 0.060 -0.056 -0.017 0.059 -0.039
(0.035) (0.041) (0.055) (0.035) (0.043) (0.056) (0.022) (0.036) (0.030)

EV2: Peer Self-Control 0.005 -0.010 0.034 0.007 -0.007 0.038 0.008 -0.009 0.039
(0.021) (0.036) (0.027) (0.021) (0.037) (0.027) (0.021) (0.038) (0.026)

EV3: Peer Willingness
to Socialize -0.032 0.021 -0.036 -0.033 -0.023 -0.037 -0.031 -0.024 -0.038

(0.021) (0.033) (0.029) (0.021) (0.034) (0.029) (0.021) (0.034) (0.029)
Peer CEE Score ✓ ✓ ✓ 0.059 0.097 0.086

(0.078) (0.151) (0.084)

Lower-half CEE Score ✓ ✓ ✓ ✓ ✓ ✓
Higher-half CEE Score ✓ ✓ ✓ ✓ ✓ ✓
Observations 1560 784 776 1556 782 774 1556 782 774
R-squared 0.455 0.389 0.331

Notes: This table reports the effect of peers’ non-cognitive skills and previous academic performance on first year average grades in language courses. All
regressions include province of origin fixed effects and major fixed effects. Other controls include gender, own CEE score and non-cognitive skills at baseline,
parental education, and parental income. Grades are standardized at the school-by-grade level. To calculate standardized CEE and classify students as Upper-half
baseline CEE, I standardize CEE score according to province where students took CEE. Students from provinces that take the same test are grouped and their
scores are standardized within group. Students whose standardized CEE are at the upper half are classified as upper half, those at the lower half are classified a
lower half. Standard errors are clustered at the dormitory level; *** p<0.01, ** p<0.05, * p<0.1
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Table A.10: Multiple Hypothesis Testing of Impact of Peers on Grades

(1) (2) (3)
All Lower half Upper half

students CEE score CEE score

EV1: Peer Motivation 0.021 0.129*** -0.054
(0.038) (0.041) (0.064)

EV2: Peer Self-Control 0.011 0.058 -0.008
(0.027) (0.039) (0.039)

EV3: Peer Willingness to Social -0.010 -0.050 0.001
(0.025) (0.036) (0.034)

EV4: Peer Leadership Willingness -0.008 -0.006 -0.014
(0.026) (0.035) (0.035)

EV5: Peer Social Sensitivity -0.010 0.005 -0.018
(0.025) (0.033) (0.037)

EV6: Peer Emotional Control -0.032 -0.043 -0.028
(0.028) (0.033) (0.039)

EV7: Peer Neuroticism -0.021 -0.011 -0.023
(0.025) (0.043) (0.033)

EV8: Peer Persistence 0.047* 0.015 0.082**
(0.026) (0.037) (0.037)

EV9: Peer Emotional Sensitive 0.026 0.002 0.017
(0.030) (0.040) (0.041)

EV10: Peer Agreeableness 0.027 -0.021 0.062*
(0.027) (0.038) (0.036)

Peer’s Avg. CEE Score 0.155** 0.275** 0.192**
(0.074) (0.131) (0.090)

Observations 1,556 782 774
R-squared 0.405 0.458 0.426

Notes: This table reports the effect of peers’ baseline non-cognitive skills and academic performance on non-
cognitive skills one year later. All regressions include province of origin fixed effects and major fixed effects. Other
controls include gender, own CEE score and non-cognitive skills at baseline, parental education, and parental in-
come. Each category of non-cognitive skills is standardized at school-grade level, To calculate standardized CEE, I
standardize CEE score according to province where students took CEE. Students from provinces that take the same
test are grouped and their scores are standardized within group. Standard errors are clustered at the dormitory level;
Romano-Wolf p-value is calculated based on 1,000 bootstrap replications. *** p<0.01, ** p<0.05, * p<0.1

139



Table A.11: Impact of Peers on First Year Grade: Using Raw Measures

(1) (2) (3)
All Lower half Upper half

students CEE score CEE score

Peer’s locus of control 0.010 0.067 -0.012
(0.040) (0.055) (0.059)

Peer’s perseverance 0.016 -0.041 0.075
(0.038) (0.055) (0.050)

Peer’s self control -0.035 -0.000 -0.053
(0.035) (0.048) (0.051)

Peer’s leadership 0.021 0.079 -0.009
(0.043) (0.056) (0.066)

Peer’s social skills -0.037 -0.095* -0.015
(0.042) (0.052) (0.056)

Peer’s agreeableness 0.031 0.041 0.033
(0.030) (0.040) (0.041)

Peer’s conscientious 0.079** 0.076 0.050
(0.036) (0.051) (0.048)

Peer’s extraversion 0.029 0.020 0.028
(0.032) (0.042) (0.042)

Peer’s neuroticism 0.044 0.067 0.024
(0.032) (0.048) (0.045)

Peer’s openness -0.052 -0.020 -0.071
(0.032) (0.045) (0.045)

Peer CEE Score 0.141* 0.264** 0.163*
(0.072) (0.12) (0.088)

Observations 1,556 782 774
R-squared 0.386 0.433 0.400

Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

Notes: This table reports the effect of peers’ non-cognitive skills and previous academic performance on first year
weighted (by credit) average grades. Non-cognitive skill measures are raw measures. All regressions include
province of origin fixed effects and major fixed effects. Other controls include gender, own CEE score and non-
cognitive skills at baseline, parental education, and parental income. Grades are standardized at the school-by-grade
level. To calculate standardized CEE and classify students as Upper-half baseline CEE, I standardize CEE score ac-
cording to province where students took CEE. Students from provinces that take the same test are grouped and their
scores are standardized within group. Students whose standardized CEE score are at the upper half are classified as
upper half, those whose score are at the lower half are classified as lower half. Standard errors are clustered at the
dormitory level; *** p<0.01, ** p<0.05, * p<0.1
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Table A.12: Impact of Peers on First Year Grade: Using Bootstrapped Factors

Original factors Bootstrapped factors
(1) (2) (3) (4) (5) (6)

EV1: Peer Motivation 0.016 0.119*** -0.061 0.019 0.128*** -0.059
(0.038) (0.040) (0.063) (0.039) (0.041) (0.063)

EV2: Peer Self-Control 0.020 0.052 0.014 0.023 0.051 0.017
(0.027) (0.040) (0.039) (0.027) (0.040) (0.039)

EV3: Peer Socialize -0.007 -0.049 0.001 -0.006 -0.059 0.013
(0.026) (0.035) (0.033) (0.026) (0.036) (0.035)

Peer CEE Score 0.162** 0.270** 0.187** 0.155** 0.254** 0.166*
(0.073) (0.125) (0.089) (0.073) (0.127) (0.088)

Lower-half CEE Score ✓ ✓ ✓ ✓
Higher-half CEE Score ✓ ✓ ✓ ✓
Observations 1,556 782 774 1,556 782 774
R-squared 0.401 0.456 0.418 0.385 0.439 0.391

Notes: This table reports the effect of peers’ non-cognitive skills and previous academic performance on first year weighted (by credit) average grades. All
regressions include province of origin fixed effects and major fixed effects. Other controls include gender, own CEE score and non-cognitive skills at baseline,
parental education, and parental income. Grades are standardized at the school-by-grade level. To calculate standardized CEE and classify students as Upper-half
baseline CEE, I standardize CEE score according to province where students took CEE. Students from provinces that take the same test are grouped and their
scores are standardized within group. Students whose standardized CEE are at the upper half are classified as upper half, those at the lower half are classified a
lower half. Columns (1) - (3) use original factor score measures as explanatory variables, similar to columns (7) - (9) in Table 1.7. Columns (4) - (6) use bootstrapped
factor score measures as explanatory variables. Standard errors are clustered at the dormitory level; *** p<0.01, ** p<0.05, * p<0.1

141



Table A.13: Multiple Hypothesis Testing of Impact on Three Major Factors

(1) (2) (3)
Motiva- Self- Willingness
tion control to socialize

Major Peer’s Motivation -0.066 -0.049 0.044
Factors (0.055) (0.038) (0.037)

Peer’s Self-Control 0.015 -0.069** 0.051*
(0.030) (0.024) (0.027)

Peer’s Willingness to Socialize -0.040 -0.015 -0.014
(0.027) (0.026) (0.024)

Peer’s Avg. CEE score -0.032 -0.052 0.151**
(0.078) (0.068) (0.069)

Minor Peer’s Leadership 0.028 -0.009 -0.021
Factors (0.030) (0.031) (0.026)

Peer’s Social Sensitivity 0.019 0.043 -0.011
(0.032) (0.028) (0.025)

Peer’s Emotional Control 0.021 -0.006 -0.014
(0.025) (0.026) (0.024)

Peer’s Neuroticism -0.023 -0.030 -0.031
(0.027) (0.024) (0.023)

Peer’s Persistence -0.028 -0.007 0.017
(0.031) (0.026) (0.025)

Peer’s Emotional Sensitivity -0.015 0.071** -0.021
(0.032) (0.024) (0.026)

Peer’s Agreeableness -0.037 0.020 0.050*
(0.033) (0.026) (0.024)

Observations 1,409 1,409 1,409
R-squared 0.265 0.392 0.475

Notes: This table reports the effect of peers’ baseline non-cognitive skills and academic performance on non-
cognitive skills one year later. All regressions include province of origin fixed effects and major fixed effects. Other
controls include gender, own CEE score and non-cognitive skills at baseline, parental education, and parental in-
come. Each category of non-cognitive skills is standardized at school-grade level. To calculate standardized CEE, I
standardize CEE score according to province where students took CEE. Students from provinces that take the same
test are grouped and their scores are standardized within group. Standard errors are clustered at the dormitory level;
*** p<0.01, ** p<0.05, * p<0.1
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Table A.14: Heterogeneity in Impact on Self-control

Interactions

High self-control * Peer self-control -0.125***
(.032)

Middle self-control * Peer self-control -0.035
(.037)

Low self-control * Peer self-control -0.026
(.051)

High self-control * Peer emotional sensitivity 0.017
(.041)

Middle self-control * Peer emotional sensitivity 0.101**
(.041)

Low self-control * Peer emotional sensitivity 0.100**
(.045)

Observations 1,409
R-squared 0.392

Notes: The dependent variable of this table is the factor score of self-control one year later. The regression includes
province of origin fixed effects and major fixed effects. Other controls include gender, own and peers’ CEE score,
own and peers’ non-cognitive skills at baseline, parental education, and parental income. To calculate standardized
CEE, I standardize CEE score according to province where students took CEE. Students from provinces that take the
same test are grouped and their scores are standardized within group. Standard errors are clustered at the dormitory
level; *** p<0.01, ** p<0.05, * p<0.1
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Table A.15: Heterogeneity in Impact on Willingness to Socialize

Interactions

High willingness * Peer self-control 0.039
(0.043)

Middle Willingness * Peer self-control 0.052
(0.038)

Low willingness * Peer self-control 0.068
(0.044)

High willingness * Peer agreeableness 0.110***
(0.034)

Middle willingness * Peer agreeableness -0.013
(0.042)

Low willingness * Peer agreeableness 0.052
(0.043)

High willingness * Peer CEE score 0.170**
(0.073)

Middle willingness * Peer CEE score 0.194***
(0.071)

Low willingness * Peer CEE score 0.083
(0.076)

Observations 1,409
R-squared 0.478

Notes: The dependent variable of this table is the factor score of willingness to socialize one year later. The regression
includes province of origin fixed effects and major fixed effects. Other controls include gender, own and peers’ CEE
score and non-cognitive skills at baseline, parental education, and parental income. To calculate standardized CEE, I
standardize CEE score according to province where students took CEE. Students from provinces that take the same
test are grouped and their scores are standardized within group. Standard errors are clustered at the dormitory level;
*** p<0.01, ** p<0.05, * p<0.1
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Table A.16: Logit Regression of Friendship Formation

No Multiple Hypothesis Test With Multiple Hypothesis Test

(1) (2) (3) (4) (5) (6)

Friend’s motivation 0.002 0.013 0.002 0.002 0.013 0.002

(0.036) (0.037) (0.038) (0.036) (0.037) (0.038)

Friend’s self-control 0.055 0.040 0.033 0.055 0.040 0.033

(0.035) (0.035) (0.036) (0.035) (0.035) (0.036)

Friend’s willingness to social -0.061* -0.072** -0.064* -0.061 -0.072 -0.064

(0.034) (0.034) (0.035) (0.034) (0.034) (0.035)

Friend’s Leadership -0.112*** -0.109*** -0.109*** -0.112** -0.109*** -0.109**

(0.036) (0.036) (0.038) (0.036) (0.036) (0.038)

Friend’s Social Sensitivity 0.019 0.028 0.009 0.019 0.028 0.009

(0.037) (0.037) (0.039) (0.037) (0.037) (0.039)

Friend’s Emotion Control 0.006 0.018 0.012 0.006 0.018 0.012

(0.036) (0.036) (0.038) (0.036) (0.036) (0.038)

Friend’s neuroticism 0.041 0.048 0.042 0.041 0.048 0.042

(0.037) (0.038) (0.039) (0.037) (0.038) (0.039)

Friend’s Persistence -0.160*** -0.148*** -0.165*** -0.160*** -0.148*** -0.165***

(0.038) (0.038) (0.039) (0.038) (0.038) (0.039)

Friend’s Emotion Sensitivity -0.168*** -0.171*** -0.165*** -0.168*** -0.171*** -0.165***

(0.039) (0.039) (0.040) (0.039) (0.039) (0.040)

Friend’s Agreeableness 0.108*** 0.097** 0.110*** 0.108** 0.097* 0.110**
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Table A.16 Continued:

(0.038) (0.039) (0.040) (0.038) (0.039) (0.040)

Diff in motivation -0.053 -0.059 -0.053 -0.059

(0.048) (0.050) (0.048) (0.050)

Diff in self-control -0.077* -0.077* -0.077 -0.077

(0.042) (0.043) (0.042) (0.043)

Diff in willingness to social -0.011 -0.012 -0.011 -0.012

(0.041) (0.042) (0.041) (0.042)

Diff in leadership -0.110*** -0.108** -0.110** -0.108**

(0.041) (0.043) (0.041) (0.043)

Diff in social sensitivity 0.049 0.031 0.049 0.031

(0.043) (0.044) (0.043) (0.044)

Diff in emotion control -0.074* -0.039 -0.074 -0.039

(0.043) (0.045) (0.043) (0.045)

Diff in neuroticism 0.012 0.011 0.012 0.011

(0.044) (0.045) (0.044) (0.045)

Diff in Persistence -0.051 -0.075* -0.051 -0.075

(0.044) (0.045) (0.044) (0.045)

Diff in Emotion Sensitivity 0.001 -0.005 0.002 -0.005

(0.045) (0.046) (0.045) (0.046)

Diff in Agreeableness -0.071 -0.067 -0.071 -0.067

(0.046) (0.048) (0.046) (0.048)

From Same City 0.261* 0.261*
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Table A.16 Continued:

(0.138) (0.138)

Same HS Ranking 0.132* 0.132*

(0.070) (0.070)

CEE score 0.079** 0.079*

(0.034) (0.034)

Diff in CEE -0.045 -0.045

(0.075) (0.075)

Observations 4,674 4,589 4,367 4,674 4,589 4,367

Notes: This table reports the logit regression of factors that determines friendship formation. All dorm-mate pair

are included. Outcome is 1 if a student list another dorm-mate as a friend. All regressions include province of origin

fixed effects and control for gender. Non-cognitive skills and difference in non-cognitive skills are standardized at

school-grade level. To calculate standardized CEE, I standardize CEE score according to province where students

took CEE. Students from provinces that take the same test are grouped and their scores are standardized within

group. Standard errors are clustered at the dormitory level; *** p<0.01, ** p<0.05, * p<0.1
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Appendix B. Non-cognitive Skill Measures

The first set of non-cognitive skills this paper includes is the famous “Big Five” personality

traits, or the “five factor model”, including openness to experience, conscientiousness, extraver-

sion, agreeableness, and neuroticism. Many existing studies found that the “Big Five” has a signif-

icant impact on test scores and future earnings. For example, Borghans et al. (2008a,b); Heckman

et al. (2006) found that the ”Big Five” is predictive of education outcomes, job performance, and

crime.

The school survey applied the John et al. (1999) 44-item inventory that measures an individual

on the Big Five Factor of personality. Other tests of Big Five are available, and the most famous

and reliable ones include International Personality Item Pool Representation of the NEO PI-R™

(IPIP-NEO), the short version of the IPIP-NEO, and NEO PI-R™. However, all these tests have

hundreds of items. Longer questionnaires may yield more comprehensive measurement, but

Burisch (1984) also observed that “short scales not only save testing time, but also avoid subject

boredom and fatigue…there are subjects…from whom you won’t get any response if the test looks too

long” (p.219). The school survey asked six categories of non-cognitive skills. Thus it is necessary

to keep each category short.

The second non-cognitive measure used in the paper is locus of control. It is the degree to

which people believe that they have control over the outcome of events in their lives, as opposed

to external forces beyond their control. Locus of control has been shown to affect course grades

in college economics courses (Hadsell, 2010) and job search behavior (Caliendo et al., 2015). This

school survey used the Duttweiler (1984) measure of locus of control to measure the students.
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Next, I included grit as another non-cognitive skill measure. The U.S. Department of Ed-

ucation defined grit as “perseverance to accomplish long-term or higher order goals in the face of

challenges and setbacks, engaging the student’s psychological resources, such as their academic mind

sets, effortful control, and strategies and tactics” (Shechtman et al., 2013, p.15). Grit has been found

to influence career consistency, GPA (Duckworth and Quinn, 2009), and math test scores in el-

ementary school (Alan et al., 2019). The school survey adopted a Grit Scale that contains 12

self-reported items on two facets–consistency of interest and perseverance of effort (Duckworth

and Quinn, 2009). It is widely accepted by the researchers to be a reliable measure of grit.

Furthermore, I included in this paper self-control measures. It is the ability to regulate one’s

emotions, thoughts, and behavior in the face of temptations and impulses. Duckworth and Selig-

man (2005) used U.S. longitudinal data to show that self-control accounted for more than twice as

much variance as IQ in final grades. Bernheim et al. (2015) and Achtziger et al. (2015) found that

self-control could influence one’s financial success. Cobb-Clark et al. (2019) also showed using

German data that self-control predicts better health, educational, financial, and labor-market out-

comes as well as increased self-reported life satisfaction. This survey used the self-control scale

developed by Tangney et al. (2004), which is commonly used by psychologists and economists to

assess self-control. It includes 13 items, which sum up to a score increasing with self-control.

Leadership measure is also included. Gardner (1995) has defined leadership as the ability to

significantly influence other people’s thoughts, behaviors, and feelings. The school survey used

the Rating Scale for Leadership (Roets, 1986), a 26-item Likert-type self-rating.

Finally, I include students’ social skills. It is defined as any skill that facilitates interaction and

communication with others. Deming (2017) showed that the labor market increasingly rewards

social skills, andWeinberger (2014) found that social skills are complementary to cognitive skills.
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Therefore, including social skill measures would be helpful and necessary. The survey used the

abbreviated version of Riggio (1986) Social Skills Inventory (SSI), developed by Oldmeadow et al.

(2013), which is composed of 24 items that measure four sub-dimensions of social skills, namely

emotional sensitivity, emotional control, social sensitivity, and social control.
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Appendix C. Principal Component Regression Method

The details of implementing the principal component regression are as follows.

Step 1: Find the “principal components” of (factors that determine) the 144 non-cognitive

skill questions asked in the Round I survey. These “components” would be similar to the original

non-cognitive skills categories, but these new categories would be less correlated.

Step 2: Select the most influential “factors” by comparing the eigenvalues of the newly con-

structed components. The question of how many factors to keep is an important one. The most

commonly used criterion is the Cattell (1966) method, which proposed drawing a scree plot of the

eigenvalues of all the factors. Then, the author suggested identifying the “elbow” of the down-

ward sloping curve where the eigenvalues start to level off and retaining factors to the left of

this “elbow”. As shown in Figure C.1, such an “elbow” appears between the third and the fourth

factor, so three factors are retained. Meanwhile, in the context of this study, it is also meaningful

to examine whether other minor non-cognitive factors also affects .

Step 3: Next, figure out what these newly constructed factors mean. This is achieved by

finding the survey questions that determine the value of a factor the most. The main theme of

these questions determines the new category names. This yields the names of the three retained

factors: motivation, self-control, and willingness to socialize. Table 1.2 shows the questions with

the highest factor loading for the three factors, which is equivalent to finding the questions that

determine the factors. Table A.2 also shows the questions with the highest factor loading for the

factors with eigenvalues larger than 1 but smaller than those of the three major factors.

Step 4: Calculate the factor scores of selected “factors” of each student in the Round I survey
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and use them as new explanatory variables instead of the baseline non-cognitive skill measures

in the right-hand side of equation (1).
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Figure C.1: Scree Plot of Eigenvalues of Factors

Notes: This figure shows the scree plot of eigenvalues of factors derived from factor analysis using scores of all the
self-reported non-cognitive skill questions. These questions are described in section 1.2.2
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Appendix D. Bootstrapping Principal Component Analysis

This section shows how to calculate bootstrap factor scores. The basic setup of factor analysis

is:

x = Λ′F + ϵ (D.1)

where F is the latent “common factors” and Λ is the (rotated)⁵ loading matrix. x is a set of

standardized observed variables (e.g. original non-cognitive skill measures).

The factor scores could be calculated using regression scoring method:

f̂ = Λ′R−1x (D.2)

where R is the correlation matrix of the observed variables.

Bias comes from the the loading matrix, Λ from equation D.1. Ichikawa and Konishi (1995)

showed that bootstrap method works well in reducing the bias of rotated factor loadings, I there-

fore compute the bootstrap bias-corrected estimate of factor loadings:

Λ̃ = Λ̂−B∗
n = 2Λ̂− E∗(Λ̂∗) (D.3)

where B∗
n is the estimated bias using n bootstrap replications and Λ̂ is the baseline estimate

of rotated factor loading matrix. E∗(Λ̂∗) is derived by the following:

⁵In many cases, it is meaningful to rotate the factor loadings, so that each item loads strongly on only one of
the factors. Throughout the paper, I use varimax rotation, which maximize the variance of the loadings.
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Step 1: Run factor analysis using repeated sampling. Obtain the rotated factor loading matrix

Λ1.

Step 2: Repeat the the previous step 500 times, sowe obtain 500 rotated factor loadingmatrices

Λ1 to Λ500.

Step 3: Rotated loading matrices from different sample sometimes have different column or-

der. For example, the ith column of Λ5 may represent the factor “self-control”, but the ith column

of Λ6 may could represent the factor “motivation”. This could be problematic when averaging

these factor loading matrix, since the mean of the ith column may mean a mix of several factors.

To solve this, I calculate the sum of squared deviations of each vector (column) of Λj with

column “i” of the baseline loading matrix Λ̂. The vector of Λj that has the smallest deviation is

then switched to the column “i” ofΛj . After changing the column orders, I have 500 factor loading

matrices, Λ∗
1 to Λ∗

500. The ith column of every matrix evaluate the same category of non-cognitive

skills.

Step 4: E∗(Λ̂∗) is calculated by averaging Λ∗
1 to Λ∗

500.
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Appendix E. Falsification Test of Randomization

This section describes details of the falsification test mentioned in Section 1.3.2 to support the

argument that the dormitory assignment is random.

The main idea is to re-randomize the dormitory assignment for 1,000 times. For each re-

randomization, I reproduce the results in Table A.3 by running regressions of one’s non-cognitive

skill Principal Component on that of peers at baseline (with controls), and find the lowest p-

value for the estimates of these regressions. This yields 1,000 p-values, whose cumulative density

distribution is shown in Figure E.2. More than 97.3% of these have p-values that are smaller than

0.119. Therefore, this results strengthen the claim that the roommate assignment is random.
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Figure E.2: Cumulative Density of P-Values

Notes: This figure shows the cumulative density of p-values from 1,000 re-randomization. Each p-value is the
lowest p-value of 10 regressions of own baseline non-cognitive skill principal component on that of roommates
(with controls).
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