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Introduction

Motivation
● Empirical driven: difficult task to estimate social interaction effects

● “reflection problem” (Manski, 1993); separation of social effects from
other confounding effects; data limitation

● SAR model

Lee (2007) Lin (2010)

● Research question: How to identify heterogeneous endogenous and
exogenous social interaction effects with group-level common factors?

● application: heterogeneous peer effects in student academic achievement
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Model setting

Empirical Specification

yi = ∑
g∈{F,M}

∑
p∈{F,M}

dg,iλg,pȳ−i,p,ci + ∑
g∈{F,M}

∑
p∈{F,M}

dg,ix̄
′
−i,p,ciγg,p

+ x′iβ1 + t′ciβ2 + αsi + ui
● yi: student i’s academic achievement

● dg,i: dummy variable for i’s gender, dF,i + dM,i = 1

● ȳ−i,p,ci =
⎧⎪⎪⎨⎪⎪⎩
average achievement of female classmates if p = F
average achievement of male classmates if p =M

● x̄−i,p,ci =
⎧⎪⎪⎨⎪⎪⎩
average characteristics of female classmates if p = F
average characteristics of male classmates if p =M
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Model setting

Empirical Specification

yi = ∑
g∈{F,M}

∑
p∈{F,M}

dg,iλg,pȳ−i,p,ci + ∑
g∈{F,M}

∑
p∈{F,M}

dg,ix̄
′
−i,p,ciγg,p

+ x′iβ1 + t′ciβ2 + αsi + ui
● {λF,F , λM,M} and {γF,F , γM,M}: within gender peer and contextual effects;
{λM,F , λF,M} and {γM,F , γF,M}: cross gender peer and contextual effects

● xi: student i’s pre-determined characteristics

● tci : characteristics of the head teacher of class ci
● αsi : effects of common variables, identical for all students in the same group

● parameters of interest: θ0 =
(λF,F,0, λM,F,0, λF,M,0, λM,M,0

´¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¸¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¶
Λ0

, γF,F,0, γM,F,0, γF,M,0, γM,M,0, β1,0, β2,0

´¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¸¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¶
φ0

, σ2
0)′
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Model setting

Empirical Specification

In Matrix/Vector Form:

Yn = ∑
g∈{F,M}

∑
p∈{F,M}

λg,pHgWp,nYn + ∑
g∈{F,M}

∑
p∈{F,M}

HgWp,nXnγp,g

+Xnβ1 + Tnβ2 +
S

∑
s=1

αshs + un

● Yn = (y1,⋯, yn)′ ,Hg = diag {dg,1, . . . , dg,n} ,Xn = (x1,⋯, xn)′ , Tn =
(tc1 ,⋯, tcn)′ , un = (u1,⋯, un)′, hs is the dummy variable for each school s

● WF,n, WM,n: row normalized n × n matrix with each element

wij,F,n =
⎧⎪⎪⎨⎪⎪⎩
1/ (∣Fci ∣ − 1) ci = cj
0 ci ≠ cj

and wij,M,n =
⎧⎪⎪⎨⎪⎪⎩
1/ (∣Mci ∣ − 1) ci = cj
0 ci ≠ cj

● ∣Fci ∣: # of female students in class ci; ∣Mci ∣: # of male students in class ci
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Estimation Method

Maximum likelihood estimation

● CML (Lee, 2007) and “de-group-mean” (Lin, 2010) approaches can not be
applied w/ heterogeneity

● direct estimation approach (joint estimation of θ0 and group fixed effects)
can be used

● concentrate out as many parameters, e.g. group fixed effects
α = (α1,⋯, αS)′ and linear parameters φ, as possible for numerical search
● concentrated log-likelihood function

Qn(Λ) = −
n

2
[1 + ln(2π)] −

n

2
ln [

1

n
Y ′nCn(Λ)Yn] + ln ∣Sn(Λ)∣

● asymptotic bias exists due to E [
∂Qn (Λ0)

∂λg,p
] ≠ 0, need bias corrections
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Data

Data

China Education Panel Survey (CEPS)

● The first large-scale, nationwide, and longitudinal survey dataset

● different questionnaires for students, parents, teachers, and school administrators
● Wave I, surveys 19,487 students from Grade 7 and Grade 9 in 438 classrooms of

112 schools in 28 county-level units in mainland China in 2013-2014 academic year
● Wave II, follow-up survey for 10,279 students in Grade 8 in 2014-2015 academic year

● Select students who appear in both Waves, random assigned classrooms

● “group”: a grade level (Grade 8) in the same school
● construct networks based on gender subgroups within a classroom

● Final sample: 3,944 students across 97 classrooms in 56 schools

● on average, 41 students in each class with a minimum of 14, a maximum of 74 and
a standard deviation 13.02
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Data

Variables
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Data

Summary statistics
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Estimation Results

Peer effects

Chinese Mathematics

Female Classmates Male Classmates Female Classmates Male Classmates
Female Male Female Male Female Male Female Male

.7734*** .5315*** .5125*** .4112*** .3989*** .2482*** .5652*** .4683***
(.0854) (.0666) (.1088) (.1008) (.0730) (.0839) (.0988) (.0967)

English Total

Female Classmates Male Classmates Female Classmates Male Classmates
Female Male Female Male Female Male Female Male

.6140*** .4489** .7130*** .4762 .6645*** .5055*** .4367*** .3449***
(.1197) (.1781) (.1606) (.3031) (.0854) (.0731) (.1107) (.0949)

● significant heterogeneous gender peer effects from female/male classmates

● female students are more subject to female/male peers’ average achievement

● female peers higher impact in total and Chinese scores, male peers higher in Math

● within-gender effects > cross-gender effects for female students (total score)
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Estimation Results

Contextual effects

Female Classmates Male Classmates
Female Male Female Male

Chinese Relative age .1823 (.1702) -.0467 (.1675) -.3581* (.1962) .1224 (.1901)
Attend kindergarten -3.0196 (3.6818) 3.9821 (3.5969) -6.3429* (3.6933) 1.3857 (3.6009)

Mathematics Relative age .2740 (.1806) -.0730 (.1790) -.4849** (.2123) .0683 (.2015)
Local resident 4.1093 (2.8141) -2.2392 (2.8532) -5.5803* (3.0723) 5.1577* (2.8911)

Mother’s Education -.4686 (1.0204) -.6195 (1.0204) 2.2530* (1.0587) -.9135 (1.0423)

English Relative age .3245* (.1732) -.0599 (.1688) -.2713 (.2212) .2511 (.2531)
Local resident 3.8016 (2.6681) -1.8771 (2.8193) -8.1032** (2.9436) 3.7163 (3.0092)

Mother’s Education -.0599 (.9700) -.8382 (1.0413) 1.2656 (1.0477) -.4033 (1.1543)

Total Relative age .4468** (.1872) -.2151 (.1848) -.3330 (.2096) .0388 (.2001)
Local resident 4.6416 (2.9250) -5.5168* (2.9339) -5.4366* (3.0552) 7.4535** (2.8492)

Father’s Education -.7261 (.8840) .7579 (.9119) -1.6946* (.9415) .3593 (.9040)
Mother’s Education -.3528 (1.0699) -.5139 (1.1102) 1.8081* (1.0876) -.5879 (1.0458)

● relative age: competitive effects (Chinese and Math) vs. complementary effects
(English and Total)

● mother’s education: Chung and Zou (2020) find that higher classmates’ maternal
education raises students test score, we detect the specific channel (male
classmates → females)
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Estimation Results

Characteristics of students and head teachers

Chinese Mathematics English Total

Student Only child in family .5946* .7728*** .5065 .8019**
(.3486) (.3702) (.3534) (.3762)

Relative age -.0627*** -.1142** -.0993*** -.1201***
(.0233) (.0247) (.0236) (.0251)

Attend kindergarten 1.6937*** 1.6219*** 1.6241*** 1.8566***
(.4192) (.4425) (.4256) (.4499)

Father’s Education .2367** .2782** .4416*** .3761***
(.1008) (.1071) (.1034) (.1088)

Mother’s Education .2983*** .1610 .2304** .2504**
(.1041) (.1105) (.1042) (.1124)

Head teacher Female -0.1180 .4767 -.3119 .2077
(.6354) (.7766) (1.4381) (.6936)

Teaching experience .0435 .0477 .0232 .0411
(.0414) (.0439) (.0484) (.0451)

Teach relative course .0803 .3344 -.4607 .0652
(.5618) (.5857) (1.8734) (.8861)

● all students’ characteristics show positive impact, except relative age

● not significant influence of head teachers’ characteristics
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Estimation Results

Estimation Results
Students’ characteristics-relative age

● relative age is a good approximate for whether a student has repeated or skipped a grade

in primary school (noisy with lots of missing values)
● a cutoff date regulating the precise age for entry into primary school in China

● regular range group has low correlation, other two groups have higher negative correlations

● delayed range group has lower average grades, while earlier range group is the opposite
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Conclusion

Conclusion

● Consider higher-order spatial autoregressive models with group effects
to confront some conceptual problems in social interaction estimation
● separately identify heterogeneous peer and contextual effects
● disentangle peer effects from other confounding effects

● Significant gender disparities in peer effects from subgroups in a
classroom, provide justification for related policy intervention

● Limitation: the group fixed effect model cannot deal with possible
unobservable factors in common within groups
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