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Abstract

Sibling interaction is one of the most important and frequent communications
for children. Using administrative data collected by a municipality in the Hokkaido
prefecture, Japan, we find a positive and significant spillover effect in academic per-
formance both from older to younger siblings and from younger to older siblings.
Our heterogeneity analysis shows that sibling spillovers vary by family backgrounds.
The spillovers from older to younger siblings are amplified among same-gender sib-
lings, siblings 2-3 years apart, and lower-income families. On the other hand,
the spillovers from younger to older siblings are significantly observed only among
brother pairs; the wider the age differences, the stronger the effects; and spillover ef-
fects among poorer families are negatively estimated. Finally, we show that younger
siblings in lower-income households are more influenced by their bottom-achieving
older siblings, eliciting the importance of family-based interventions aimed at better
quality sibling interaction at the family level.
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1 Introduction

Siblings share a common background and frequently interact with each other: they are
raised by the same parents in the same home, often attend the same school, and spend
time together. Therefore, the effects that siblings have on each other are transmitted
through many possible pathways. Siblings might model and influence both good and bad
behaviors amongst themselves (Black et al. 2017)). Alternatively, within a family, time
or money reserved for one child might be transferred to another child, or it might be
contested. Consequently, the impact of these investments could be amplified or diluted
depending on the way of sibling interaction. Examining these spillovers is important
for policy evaluation: policies that target one child in a family could be amplified or
offset depending on the direction of sibling spillover. Furthermore, “sibling spillovers
may have implications for inequality in outcomes of children from different backgrounds-
for example, if, high-income children are more likely to benefit from the transmission
of good behaviors than low-income children” (Nicoletti & Rabe 2019 (NR hereinafter);
p.482). This study aims to provide the first evidence of sibling spillover from Japan,
where the students attain the highest grades in mathematics and science among OECD
countries (according to the scores of Programme for International Student Assessment)[]

Economic literature has investigated the spillover (or peer) effect within a classroom
(see, inter alia, Lavy et al.[2012; |Abdulkadiroglu et al.|2014; Gibbons & Telhaj|2016;
Booij et al.[[2017)). Although the qualitative results of these studies are mixed, many of
them agree that the effects received from school peers, if any, are limited. Moreover,
we should keep in mind that estimating peer effect is complicated owing to the reasons

mentioned in Manski (1993)): endogenous effect, contextual effects, and correlated effects.

IThe source is https://www.nier.go.jp/kokusai/pisa/pdf/2018/01 point-eng.pdf (accessed
April 16, 2021)


https://www.nier.go.jp/kokusai/pisa/pdf/2018/01_point-eng.pdf

Angrist| (2014]) reviews studies that have investigated the peer effects. He points out some
potential issues that confuse the true causal peer effects and correlation within a group.

Despite the large volume of studies on school peer effects, sibling interaction has drawn
surprisingly little attention. Nonetheless, sibling correlations are widely found in the
literature; sibling correlations are strong and much larger than neighborhood correlations
(Mazumder| 2008, Lindahl 2011, or Nicoletti & Rabe 2013 among others). However,
these studies do not successfully quantify how much of these correlations are derived by
the interactions among siblings. As mentioned, the observed sibling correlations should
include family background; therefore, not all of them can be simply attributed as spillover.
Only recently have economic studies begun to examine the causal impacts of sibling
interaction(Joensen & Nielsen| 2018; |Qureshi [2018; |Bingley et al.[2019; Aguirre & Matta
2021 among others). These studies have generally found the positive sibling spillover
effects from older to younger siblings. While these studies have advantages in terms of
clear identification strategy along with natural experiments, it is generally very difficult
to determine the appropriate policy changes or randomized situation suitable for research
questions.

We contribute to the literature by estimating how children’s school achievement trans-
mits to their younger and older siblings. Unlike previous studies, we estimate the spillover
effects in a way that does not rely on policy reforms or natural experimental situations.
To separate sibling association from the correlated observed and unobserved factors as
much as possible, we utilize an identification strategy developed by NR to the adminis-
trative data collected by Date city (a municipality in the Hokkaido prefecture, Japan)ﬂ

The data include the test scores in multiple subjects (i.e., Japanese and mathematics)

2A brief overview of Date city is available at https://www.city.date.hokkaido.jp/ (In Japanese.
Accessed: April 16, 2021), and we briefly discuss the demographic characteristics in Section


https://www.city.date.hokkaido.jp/

and some demographic information (i.e., gender, needs for public assistance, name of
household head (identifier of sibling pairs)) of all students aged 7 to 14 attending the
public school located in this city. In NR, they regressed a younger sibling’s test score at
16 years old on the same test score of older siblings using within-pupil between-subject
estimation. The powerful advantage of this estimation method is that we can cancel out
the children’s unobserved fixed effect (FE), which does not vary by subjects|

Following this identification strategy, we regress a younger sibling’s test score at a
specific year on the lagged test score of older siblings and find a positive and significant
spillover from older to younger siblings. Furthermore, as a novelty over NR, we also
estimate the spillover effects from younger to older siblings: spillover in the opposite
direction is also positive and significantly estimated. For spillover from older to younger
siblings, the effects are strongly amplified among same gender siblings, siblings 2—-3 years
apart, and lower-income families who need public assistance from the municipality. On
the other hand, while we detect positive spillovers from younger to older siblings, the het-
erogeneity analyses reveal that the pattern of spillover is arguably different: a significant
spillover is only observed among brother pairs; the wider the age differences, the stronger
the spillover effects; and spillover effects among lower-income households is negatively
estimated while the coefficient is not significant.

To the best of our knowledge, this is the first study that directly estimates the bi-
directional sibling spillover and its heterogeneity in academic performance. Specifically,

it is noteworthy that not only have the spillover effects among households never been

3To further account for subject-specific inputs by family (mostly from the parental subject-specific
time and/or pecuniary investment), they employ the two-stage least squares (2SLS) approach. Owing
to data limitation, we cannot apply the 2SLS to our data, as discussed in Section [2.2]in detail. However,
please note that, also as in the original NR, they use Ordinary Least Squares (OLS) estimation as a
preferable model because they could not reject the null hypothesis in the robust Hausman test. This
would imply that the endogeneity issue caused by subject-specific family inputs is not serious.



investigated by using Japanese data but also no past studies have used administrative
educational data where the sibships are identifiable in Japan. While the results on older
to younger sibling spillovers are quite similar to those obtained by NR, we newly find
that there are notably different patterns in the transmission of academic performance
from younger to older siblings.

The remainder of the paper is organized as follows. Section 2 explains the identifi-
cation strategy of our estimation. Section 3 introduces the institutional background and
compares some demographic characteristics of Date city, Hokkaido, and overall Japan to
check the external validity of our results; then, we report summary statistics of the data.
We explain the empirical results and conduct robustness tests in Section 4, and discuss

the implications for the policy in Section 5. Finally, Section 6 concludes the paper.

2 Identification Strategy

2.1 Model

Based on the identification strategy exploited by NR, we consider the following value-

added equation for the test scores of younger siblings.

le,isqt - al+p1m7isqt—1+51}/2,i8’qt—1+71,FI§7it+71,SI§,ist+’71,XX1,it+,usqt+,ul,it+€1,isqt' (1)

where

® Y isq is the test score of the younger sibling of sibling-pair 7, in school s, subject ¢

in year t,

® Y isq—1 is the test score of the younger sibling of sibling-pair ¢, in school s, subject



q in a lagged year t — 1,

® Y5 vq—11is the test score of the older siblings, who might have belonged to a different

school s in year ¢ — 17
° I{it is a vector of family inputs for the younger child of sibling pair ¢ in year ¢.

. Iiist is a vector of school s’s input at period t for younger sibling in household i,

which are not subject-specific.

e X, i is a row vector of other child, household, and school characteristics that are

not captured by If; or I .

® /i, is unobservable characteristics varying by school, subjects, and year. (e.g.,

School-specific curriculum for math).

e /i1 is an individual FE (not captured by the above factors) affecting the test score

in year ¢, allowing this FE to vary across year.

€1,isqt 1 an idiosyncratic error term with mean 0.

Similarly, we also consider the spillover from younger to older sibling:

Yoisqt = Qo+ p2Yoisrgt—1+ BoY 1 isqt—1 +Ig,it72,F +I§,i5/t72,s +72,x Xa it + s/ gt + [2,it T €2,is/gt-
2)

In and , our primal objective is to consistently estimate the coefficient §; and
Po; however, this task is challenging mainly owing to two issues: (i) correlation problem

and (ii) reverse causality. In our case, the second issue is not serious because we use the

4Because the school they attend is assigned based on the address, the siblings attend the same school
in most cases. However, if the older sibling attends junior high school and younger sibling attends
elementary school in a given year, we treat them as enrolled in different schools



lagged independent variable, which implies there should not be the reverse causality from
Yiisqt t0 Yo i9q—1, and from Y5 ;90 t0 Y1 jsqe—1-

On the other hand, because siblings share many common characteristics (e.g., envi-
ronments in households, socioeconomic status, or school characteristics), it is difficult to
avoid the first correlation issue. To mitigate this, by obtaining the test scores in multiple
subjects for each observation, we can cancel out the unobserved characteristics that do
not vary by subjects.

We transform the dependent variable into

Dev}/l,isqt = }/i,isqt - § Yl,isk:t/27

k=Japanese,Math

and we apply the same transformation for Equation . After we also apply the analogous

transformation to the right-hand side, we obtain [’

DevY jsqr = p1DevYy jsp—1 + Bi1DevYsjvq—1 + Deviigg + Devey jsqe )
DevYs joq = paDevYs iggi—1 + BoDevY jsqi—1 + Devpiggr + Deves jogr.
As suggested above, the advantage of this transformation is that the unobserved hetero-
geneity does not complicate the estimates unless it depends on subject-specific factors.
Because much of the heterogeneity is not highly likely to be subject-specific (i.e., health,
cognitive and non-cognitive endowments of children, or the household status), this strat-
egy should be powerful in this context.

However, we still might face the issue of how we deal with the unobserved hetero-

geneity in subject-specific inputs in year ¢. In particular, we might be concerned about

5To avoid the complication, we only discuss the spillover from older to younger sibling in the remainder
of this section.



subject-specific school inputs. Because older and younger siblings attend the same school
in almost all the cases, the school’s subject-specific inputs that are opaque to us should
cause bias to our estimates. Regarding this issue, we partial out the shared subject-
specific school characteristics by adding School-Year-Subject FE in Equation ((3)).

We impose an assumption that, after controlling for the School-Year-Subject FE, there
is only negligible (or none at all) endogeneity between DevY;qq:—1 and the residual in
Equation: unobserved subject-specific family investments in year t, if any, do not
influence the results of our analysis. Although this assumption seems to be restrictive,
we should note that such family characteristics up to ¢t — 1 are largely wiped out because
we control for the younger siblings’ lagged test score in Equation (3). Furthermore, the
main variable in our study, DevYs;yq—1, is already determined at the time of parental
subject-specific investment between years ¢t — 1 and ¢, which is a different point from NR.
Therefore, parental subject-specific unobserved investment for younger siblings at ¢t does

not influence the older siblings’ lagged test score (i.e., the variable in interests).

2.2 Difference from NR

While we basically follow the empirical strategy adopted by NR, a major difference is the
time gap between the dependent variable and the lagged independent variables. Using the
data for annually conducted exam scores, we take one year lag of independent variables
(excluding School-Year-Subject FE) in (3)). On the other hand, in NR, they estimated
the sibling spillover by regressing the younger siblings’ test scores at age 16 (the time
of secondary school graduation (denoted as DevY) ;sq6 in NR)) on the same test score
of older siblings (DevYs;yq6), while controlling for the younger siblings’ test score at

age 11 (the time of the transition from primary to secondary school) as a lagged score



(they denote it as DevY ;5411). Therefore, they had to deal with the issue of unobserved
subject-specific family inputs for five years (between ages 11 and 16). Moreover, in their
data structure and sample restrictionﬂ, DevYs ;gq16 1s not pre-determined with regard
to the residuals (Devey ;sq16) because they use sibling pairs at most 3 years gap: the
subject-specific family characteristics can affect the older sibling’s exam score at 16 years
old. Therefore, in NR, the endogeneity between the older sibling’s test score at age 16
and unobserved subject-specific family inputs could be more apparent than ours. To fully
tackle this issue, they adopted instrumental variable estimation where the subject-specific
test scores of the older sibling at age 16 are instrumented by the predetermined average
attainment of the school-by-cohort peers of the older sibling. They used the students
encountered by the older sibling for the first time in a secondary school as peers to avoid
the reflection issue in the first stage regression.

Ideally, we would employ the same strategy for the endogeneity issue. However, in
Date city, because the reshuffling of students is not conducted every year in many schools
and the number of students per grade in each school is not large, sometimes no classmates
are newly encountered. Therefore, the strategy of using the newly encountered peers to
construct an instrument was not an option in this study. Despite this, it should be
noteworthy that the exogeneity of older siblings’ test scores was not statistically rejected
in NR; therefore, NR interpreted the estimation without the instrumental variable as a
preferred one and they used it for their subsequent analysis. Considering that DevY5 ;g1
in (3) would be less likely to be affected by the family level unobserved subject-specific
inputs than in the case of NR because it is predetermined with regard to the residual, this
result would ensure, to some extent, that our main variable in interest is not empirically

endogenous after washing out the children and school-year-subject FE.

6See Section 3.5 of NR for the details.



3 Background and Data

3.1 Institutional Background (Standardized Examinations)

Date City conducts standardized tests (hereafter, Original Test) to measure children’s
academic ability every December, in addition to the national-level academic achievement
test (NAAT) (Zenkoku Gakuryoku Gakushu Jokyo Chousa in Japanese) led by the Min-
istry of Education, Culture, Sports, Science, and Technology (MEXT) in every April.
While NAAT is offered to the sixth and ninth graders (i.e., the highest grade in elemen-
tary and junior high schools, respectively), Original Tests are offered to all students from
the 1st to the 8th grade enrolled in public schools in Date City.

Only the abilities in Japanese and mathematics are measured by NAAT. However, a
science exam was newly added in 2012, and it has been conducted once every three years;
English was added in 2019 and it is also going to be conducted once every three years[]F]
The Japanese and mathematics exams consist of two parts, A and B. The former mainly
asks basic questions, while the latter mainly asks questions that require application skills
to practical issues.

As we discuss in detail in the following section, all students enrolled in the public
elementary and junior high schools in Date City take the Japanese and mathematics
exams in the Original Test, and the science exam is added when the children reach the
4th grade. The exams are comprised of (i) basic questions (Kiso in Japanese) and (ii)
advanced questions (Katsuyou in Japanese), whose problem structure is very close to that

of NAAT. In Table [AT] of the Appendix, we show detailed results of the Original Test by

"Please see https://www.mext.go.jp/a menu/shotou/gakuryoku-chousa/zenkoku/1344101.htm
(in Japanese) for more information on NAAT. NAAT is very similar to Key Stage 2 (taken at 11 years
old) and Key Stage 4 (taken at 16 years old) analyzed by NR. Unfortunately, we are not eligible to access
the individual data of NAAT

8The results of NAAT for students in Date City are available at https://www.city.date.hokkaido
.jp/kyoiku/detail/00000882.html| (in Japanese, accessed April 16, 2021)
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year and contents.

3.2 Comparison between Date City, Hokkaido, and Overall Japan

We compare some demographic variables of Date City, Hokkaido, and overall Japan to
check the external validity of our estimates. Panel A of Table [I] shows the following
information: (i) number of children under 15 years old, (ii) gender ratio of children under
15 years old, (iii) total number of households, (iv) share of intact families (two parents and
child(ren)), (v) share of single-parent families, which is sourced from the latest Census
conducted in 2013?]. In addition, we sourced the information on public assistance Level
1 and Level 2 (defined in Section 3.4) from the survey conducted in 2015 by MEXTIT_UI
(Panel B of Table [1).

From Panel A, we observe that the gender ratio in Date city is slightly higher than
that of Hokkaido and overall Japan, and the share of intact households (single-parent
households) is slightly smaller (larger) than that of overall Japan. Panel B shows that,
while the share of children with public assistance needs in Hokkaido is remarkably higher
than that of Date city and overall Japan, the shares in Date city are very similar to that

of overall Japan.

3.3 Data Description

The longitudinal data used in this study were constructed from administrative data cre-
ated by the Education Committee of Date City. This city is a relatively small municipality

with a population of approximately 35,000 and an area of approximately 450 square kilo-

9Available at https://www.e-stat.go.jp/stat-search/files?page=1&toukei=00200521&tstat=
000001049104 (in Japanese, accessed April 16, 2021)

UAvailable at  https://www.mext.go.jp/component/a menu/education/detail/__icsFiles/
afieldfile/2018/02/02/1632483_17_1.pdf| (in Japanese, accessed April 16, 2021)
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meters in southwestern Hokkaido. The data in our study cover four years (i.e., 2012,
2014, 2015, and 2016) of all students enrolled in public primary (1st—6th grade) and
junior high (7th--9th grade) schools, which comprise approximately 7-8% of the total
population of the cityﬂ. The test scores for Japanese and mathematics subjects of all
students are available. The test scores for science are available only of students in the
fourth grade or above.

The data of test scores were merged with the students’ family information (obtained
from the school register), including zip-code, the name of the family head, need for
public assistance, and the students’ status of mental/intellectual disability. While we
cannot directly identify the sibling relationship only from this information, the name of
the family head can be used as a matching variable for siblings; the names of the family
head are represented by Chinese characters (Kanji) and we did not detect any duplicates
in their names. To the best of our knowledge, there have been no past studies conducted
in Japan that used administrative educational data where the sibships are identifiable.

We limited the analytic sample using the following procedure. First, children with
disabilities were excluded because many of them are enrolled in special needs schools (i.e.,
the contents learned are different from those learned by other students) and their test
scores are often missing. Second, children without any siblings were excluded because
they are not of interest in this study. We also excluded, from the data, siblings in the
same academic year (mostly twins or triplets) because we cannot generally identify the
older and younger siblings from the data set. When we had multiple pairs of siblings from
one family, we only employed the two oldest students to avoid any multiplier spillover

effects: this strategy is similar to that in NR.

HSimilar type of data in Japan is also used in, say, Oikawa et al.| (2020)), Bessho et al.|(2019) among
others

11



3.4 Descriptive Characteristics of Our Data

Table [2[ shows the mean and standard deviation of key variables and demographic vari-
ables used in the heterogeneity analysis.

Panel A of Table [2| represents the raw test scores of each subject for younger and
older siblings. We observe that the average score for Japanese is slightly higher than
that for the other two subjects. In the following analyses, we use the standardized
scores so that they have 0 mean and 1 standard deviationH The deviation variables,
DevY | are constructed by taking the deviation from the averaged standardized test
scores. For instance, suppose that student A’s standardized test scores for each sub-
ject is {Japanese, Math} = {0.4,—0.1}. Then, the average of these three outcomes is
0.15; therefore, { DevYjy,, DevY an} = {0.25 — 0.25} are obtained.

An important demographic variable is a proxy for household income level. In Japan,
there are two levels of assistance for poor families to alleviate the burden of educational
expenseﬁ First, the most urgent group is the families that are eligible to receive public
assistance from the government; hereinafter, we call this group “Level 1.” The second
classification is the families that are poor, but whose economic situation is not too se-
vere to receive governmental public assistance. These families obtain a certain level of
support for children’s school activities (e.g., lunch, commuting, extracurricular activity,
medical expenses, and expenses for any items necessary for school attendance) from each
municipality’s support plan. Hereinafter, this group is called “Level 2.” We provide the

detailed contents of supports provided by Date City in Appendix[A.2] As shown in Table

12The test scores are separately standardized by year, grade, and subjects.

3You can find a detailed explanation from the Ministry of Education, Culture, Sports, Science
and Technology (MEXT) of Japan at https://www.mext.go.jp/amenu/shotou/career/05010502/
017 .htm (In Japanese. Accessed: April 16, 2021) The Level 1 group is called “Yo-Hogo” (which means
assistance (“Hogo”) is necessary (Yo) ) and the Level 2 group is called “Jun Yo-Hogo” (“Jun” in Japanese
corresponds to the prefix “semi-” in English)

12
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2| the families classified in Level 1 are few (0.7%) in this sample, whereas the Level 2
families account for 13.5% of all families in these data. We implemented the subsample
analysis by combining these categories.

As for the pattern of the siblings’ gender combination, we found that the pair of older
sister and younger brother is slightly more common than other groups, while the four
subgroups generally occur equally. The average age difference between the older and
younger siblings is approximately 2.7 years and ranges from 1 to 7 years.

Table (3| shows the descriptive statistics of test scores divided by year for the older and
younger siblings. We see that the average and standard deviation of the test scores taken
by younger and older siblings are quite similar in all years, which implies that the annual

exams children in Date city take are highly comparable in terms of difficulty or quality.

4 Results

4.1 Baseline Result

As a first analysis, we examined the role of controlling for the children’s FE by showing
the scatter plot of raw correlation of Y} ;50 and Y3 ;54:—1, and the scatter of DevY] ;50 and
DeUYz,z‘s'qt—l.

In Panel A of Figure [I} while we find the positive and sufficiently significant correla-
tion@ between sibling test scores in both cases, the difference in their magnitudes (0.369
versus 0.124) indicates the naive OLS without considering that p;, leads to an exces-
sive overestimation of the spillover effect. As the siblings have similar or same (family
level) characteristics in common, we can easily assume that unobserved heterogeneity

of a younger sibling p;; positively correlates with the older sibling’s performance. In

MPairwise correlation for the analytic sample of the main analysis was computed.
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Panel B, we also examine the sibling spillover from younger to older siblings. While the
magnitudes (0.324 versus 0.063) are smaller than those observed in Panel A, we find the
tendency is highly close. The regression results of Equation are reported in Table .
The result in column (1) implies that the increase in an older sibling’s lagged test score
by 1 standard deviation (SD) leads to approximately 11.3% of an SD increase in the
younger sibling’s test score when controlling for the younger sibling’s lagged test score.
After adding School-Year-Subject FE, the estimated coefficient slightly decreases to 10.1
% of an SD. In columns (3) and (4) of Table 4 we conduct the same estimation for the
spillover from younger to older siblings. After controlling for the older sibling’s lagged
test score and the set of FE, while the magnitude is approximately 0.6 times of impacts
from older to younger siblings, we obtain the significant spillover effects: 1 SD increase
in younger sibling’s test score is linked to 5.8 % of an SD increase in older sibling’s test
score in the next year.

In all columns, we find that the coefficient p has a highly similar magnitude regardless
of the age of the children: younger siblings and older siblings have similar persistence in

cognitive abilities.

4.2 Robustness
4.2.1 Reverse Regression

We begin our robustness tests by swapping the role of younger and older siblings’ test

scores in Equation , that is, we consider estimating the following equations.

DevYVQ,is’qtfl - P~1 Devyé,is’qth + BlDeval,isqt + Dev,usqt + Dev€2,is’qt (4)

DeUle,isqt—l = pNQDev}/l,isqt—Z + BQDevyé,is’qt + Devlus’qt + Devel,isqb (5)

14



where we estimate the significance of coefficients By, Bs. If our baseline results indicate
a correlation originated from the unobserved subject-specific family inputs, not a causal
effect, we should obtain a similar result in these regressions. Moreover, because the lagged
variables are regressed on the variables at ¢, we should not obtain the significant effect.
In columns (2) and (4) of Table[5] we find that the positive and significant spillover effect
disappears in this specification conditional on controlling for the subject-specific school
inputs by year. In column (1), we obtain the marginally insignificant coefficient (p-value
= 0.104) with a magnitude of 4.7%; this result would reflect the possibility that both
siblings share many unobserved school inputs and leaving them uncontrolled would cause

bias to our estimates.

4.2.2 Permutation Test

To further check the robustness of our estimates, we perform permutation tests with a
random sampling of the observations under the following setting. To alleviate the concern
that the sibling spillover effects are confounded with the family characteristics, we assign
an unrelated child who shares the same characteristics (gender, enrolled school, age, and
need for public assistance) to be the older sibling; then, we estimate the placebo spillover
effects. If the residual endogeneity caused by unobserved subject-specific family inputs is
largely entangled with specific family characteristics, our placebo estimates would have a
magnitude close to our baseline results. We run this procedure 1,000 times and summarize
the results in panel A of Figure[2] where the histogram of 1000 point estimates is reported.
A dashed black lines represent the 95 percentile of the distribution, and the red line
shows the point estimate we obtained from our baseline analysis (in Table [4]). The figure

suggests that the true sibling spillover is almost unlikely to be derived by the similarity
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in the family backgrounds: the effect is larger than the 95 percentile of the placebo
estimates. This result corroborates that uncontrolled subject-specific family inputs do
not seem to seriously cause bias to our baseline estimates.

Also, we conducted the same analysis for spillovers from younger to older siblings
(see panel (B) of Figure[2)). The point estimate of our baseline analysis is larger than 95
percentile of the distribution, implying again that spillover effects would not confound
with the family backgrounds. In Appendix [B] we report the results of an additional
permutation test where we randomly sample a classmate and then assign him/her to be
the sibling. The results suggest that the true sibling spillover is not likely to be derived

from the classmate (i.e., the remaining school level endogeneity).

4.2.3 Exclusion of Data in 2012

As described in Section [3.3] our data are composed of students’ exam scores in 2012,
2014, 2015, and 2016. Since our specification assumes that the lags between ¢t and ¢ — 1
are constant over time, dropping data collected in 2012 should not largely change our
results. To confirm this, we conducted the same analysis excluding the data in 2012.
Table [6] shows the results: while the point estimates vary to some extent, all the newly
estimated sibling spillovers are within 1 standard error from the baseline results and the
significance of spillover is maintained. Whether we exclude the partial data does not
change the qualitative results of our analysis.

We also conducted the reverse regression for the 2014-2016 restricted data: the out-
come variables in 2015 are regressed on siblings’ test score in 2016, children’s own test
score in 2014, and the set of School-Year-Subject FE. The results shown in Table [7] im-

ply that the siblings’ future test scores do not significantly affect the outcome variables,
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which corroborates the validity of our main specification.

4.2.4 Further Threats

Further, we conducted two checks to verify the reliability of our estimation.
First, our identification strategy relies on the assumption that the coefficient £ in
Equation (3] is identical across all the subjects: Japanese and mathematics. To test this,

we run the following regression and conduct F-tests with the null hypothesis: d; = ds.

Yiisgg = @ 4 01Y2 5501 + 02Yoisnri—1 + WY1 isqr—1 + 1,3t + Mgt + €1,isqts (6)

where the definition of each variable is identical to that in Equation and the subscripts
J, M represent Japanese and Math, respectively. We also estimate the same model for
spillover in the opposite directionm We also test the equivalence of the persistence
parameter (p) across subjects by allowing for different w by subjects. We test w; = wo in

the following equation:

Yiisgg = @+ 61Ya550-1 + 02Yo isare—1 + w1 Y1 isgt—1 +waY1isare—1 + fi1it + fsqt + €1isqts (7)

In Table[§] we report the estimation results where we allow for the varying spillover effects
across subjects. In columns (1) and (2), coefficients corresponding to each subject (d; and
o) are very similar and we do not reject the equality of the two coefficients along with
the F-test whose p-value is approximately 0.88. After allowing for the different persistent
parameters, we find that the spillover and persistence parameters are very close in all

subjects, which strongly supports our assumption. We also find that the spillover effects

15Tn estimating 7 we also run the regression where we do not control for the children’s own lagged
test score to avoid the possible complication of “Nickell Bias” (Nickell|1981)). The results’ magnitudes of
coeflicients are similar and we do not reject all the F-tests under this specification.
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are almost the same across subjects for younger to older siblings in columns (4) to (6) of
Table . Overall, these results support the representation in Equation or , where
the parameters § and p are assumed to be identical across different subjects to obtain
Equation (3)) after taking the deviation.

Second, our concern is that the unit of a cluster, sibling-pair level, might be insufficient
in that it might overlook the possible correlation of the error term within a specific group.
Our baseline estimates assume that observable characteristics (included as Deve_;zq:) of
children are independent of each other after controlling for all the FEs we discussed.
However, for instance, if a test for a specific grade in a specific year is anomalously
difficult, this might provide a biased estimate of standard errors because the students
taking the same test score would be correlated in some way. As a further test, we
compute the standard errors clustered at the school level and school-year level. Since
the resulting number of clusters is few, the unadjusted results could underestimate the
standard errors; therefore, we apply the wild bootstrapping method with 10000 times
replications (Angrist & Pischke 2008 /Cameron et al.[|2008) and [Webb (2013)) type weight.
The results are shown in Table [0) where we see that the qualitative results of spillover

effects (both directions) are robust to the changes of clustering units.

4.3 Heterogeneity

We conduct heterogeneity analyses by interacting some characteristics with DevY joq—1

or DevYs gq—1 in Equation (3)):

DevY) isq = p1DevY jsqe—1 + Pr,z * DevYajgq—1 * Zaigr + Devpisg + Devey jsqr

DevYs g = paDevYsjogi—1 + Po,z ¥ DevY jsqi—1 * Z1iqe + Devpiggr + Deveg o gy
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where (Z1 jqt, Z2qt) is a characteristic that possibly varies by the household, subjects, and
year. We report the estimation results of the parameter 3,  and 3, 7 in the following

discussion.

4.3.1 Gender Combination

Intuitively, we may expect that the effects are stronger among same-gender siblings. |[Dunn
& Kendrick (1979) found that same-gender sibling pairs show a higher percentage of
positive interaction (e.g., laughing, smiling, joint physical play)E]. However, at the same
time, Abramovitch et al.| (1980) suggested that the level of interaction is large even among
mixed-gender siblings. Hence, the literature on development psychology acknowledges
that the gender composition itself is not an important factor while significant levels of
sibling interaction are observed.

As for spillover from older to younger siblings, the effects are stronger among same-
gender siblings: The effects are 17.7 % of an SD for brother pairs and 18.2 % of an SD for
sister pairs, and these effects are much larger than those of mixed-gender siblings (See the
top panel of Table [10). While we find that the spillover from younger to older siblings
among brother pairs is also significant, the spillovers among sister pairs are arguably

smaller (5.0 % of an SD) and insignificant.

4.3.2 Age Spacing

The second panel of Table [10] suggests that the spillover from older to younger siblings is
nonlinear in the degree of age spacing: the magnitude of effects is increasing until 3 years

of difference and then the effects become insignificant if the age difference is 4 years or

16We should note that their study subjects are very young siblings. “The ages of the first child when
the second child was born ranged from 18 to 43 months,” (p.144, Dunn and Kendrick 1979) and the
follow-up survey was conducted at the time when the younger sibling became 14 months old.
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larger. Borrowing the discussion in the past literature in psychology or sociology (Minnett
et al.|[1983 among others), we could interpret this result as a trade-off between the close
relationship and conflict among siblings. While the sibling relationship of siblings with 1
year age gap is intensive, this causes the conflict at the same time; therefore, these two
factors might offset each other.

On the other hand, the patterns of spillover in opposite direction (i.e., younger to older
siblings) are largely different: we found that the wider the age difference, the greater the
effects. The effect among siblings with 4 years or larger age differences is 9.7 % of an SD,

which is approximately 8 times bigger than that among siblings with 1 year age gap.

4.3.3 Needs for Public Assistance (Income Level)

In panel (C) of Table , we investigate the heterogeneous impacts depending on the needs
for public assistance. While the point estimate is marginally insignificant, the spillover
effect from older to younger siblings is slightly larger among the low-income households:
1 SD increase in older sibling’s test score leads to 12.7% of SD increase in younger
sibling’s performance in low-income households, while this effect is 9.5% among other
households. This result would indicate that sibling interaction plays a more important
role if the household is comparatively poor. Because poor households should be less likely
to have educational resources for children (e.g., expenditures for cram schools and extra-
curricular activities), the effects from older siblings could be more important inputs in
these households.

The magnitude of sibling spillover from younger to older siblings is very similar but
these have different signs: insignificant -12.1% of an SD for lower-income households, and

significant 9.0% of an SD for other households. Since the point estimate is not statistically
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significant, we should be careful to interpret the results; however, the negative and larger
coefficients for lower-income households would imply that the good performance of the

younger sibling might stress out the older siblings through, say, sense of inferiority.

4.3.4 Sibling’s Lagged Test Score

Finally, we consider the heterogeneity based on the performance of lagged siblings’ test
score: Y jsqt—1 O Yo9q—1. We simply split the sample based on the percentile scores.
In our setting, the students are classified into lower half if their score is less than 50
percentile and upper if their score is beyond 50 percentile. For instance, assume that
the older sibling’s (standardized) test scores at t — 1 are 0.5 for Japanese and -0.3 for
mathematics, and the medians of both tests are zero. Then, in Equation , Zaige 18
classified into “Upper” half, and Z,;pp is classified into “Lower” half. Hereinafter, we
interchangeably use the words “Upper half” and “Top-achieving”, and “Lower half” and
“Bottom-achieving”.

Panel D of Table shows that the spillover from top-achieving older sibling to
younger is about half as high as that from a bottom-achieving older sibling (the esti-
mated magnitude is 6.3% versus 12.1%); spillover from a top-achieving younger sibling
is nearly twice as high as that from a bottom-achieving younger sibling (the estimated
magnitude is 8.5 % versus 4.4%). Our results suggest that the older siblings can play
a more encouraging role if their performance is not great; however, to put it another
way, it can be interpreted that younger siblings are more susceptible to the deterioration
of the non-top achieving older siblings’ grades. On the other hand, older siblings are
more likely to be inspired by the younger sibling’s achievement if the younger sibling is

a good-performing student.
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5 Discussion

One of the major concerns of policymakers in the educational sector is how to reduce
the educational gap between affluent and disadvantaged households. Affluent households
should be able to invest in their children’s education by pecuniary and non-pecuniary
aspects, while the disadvantaged households may be constrained in providing education
for their children. Many policies intending to provide educational opportunities to chil-
dren from disadvantaged households have been formulated (e.g., the Head Start policy).
The literature has evaluated the effectiveness of these policies (see, inter alia, |(Currie &
Thomas|[1995; (Currie & Thomas [1999). Our above analysis supplements the studies on
these aforementioned educational policies by examining the (positive) externality through
sibling spillover effects.

In the bottom panel of Table , we estimated the spillover effects across older (and
younger) sibling’s attainment (upper half and lower half). We additionally split the
sample based on the household income level, and then, estimated spillover effects for
each subgroup in Table [I1]

The results imply that younger siblings in higher-income households are likely to
benefit from their top-achieving older siblings than the younger siblings in low-income
households (where the effects are insignificant), and less likely to be affected by bottom-
achieving older siblings. Based on these estimates, we discuss the effectiveness of school-
level educational intervention focusing on less achieving students from low-income house-
holds.

What if the intervention could increase the test score of bottom-achieving students
in lower-income families by 10 % of an SD? This virtual policy is similar in spirit to

the Head Start policy in the United States or the Pupil Premium policy in the United
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Kingdom["| among other similar policies targeting low-income households, and it can be
interpreted as remedial education (analyzed in Bessho et al| 2019 for instance). The
results suggest that this policy can efficiently reduce the attainment gap through large
spillover from older to younger siblings: this intervention would increase the younger
siblings’ performance by 1.60% (0.160*10) of an SD.

However, it is noteworthy that this intervention would not have positive spillover to
older siblings if it focuses on younger siblings: panel B of Table suggests that the
increase in the performance of bottom-achieving younger sibling in poor families by 1 SD
would lead to 15.1 % (marginally insignificant) decrease of older sibling’s performance.

We should also consider the possibility of family-based interventions, especially for the
spillover from older to younger siblings. In our study, the average performance of children
in low-income families is arguably lower than that of children in higher-income families
as many studies have found. Also, as we documented above, the younger siblings in low-
income families are affected by spillover from bottom-achieving students rather than the
top-achieving ones. Taken together, the attainment gap between these two groups could
be widened by the quality of communication that siblings have in their families.

These suggest that the policymakers should also be worried that the poor quality
of sibling interaction among low-income families could lead to a larger attainment gap.
Since the school-based interaction cannot fully fix this issue, it would be worthwhile to
consider interventions directed to individual families. A promising fact is that the past
literature mainly in psychology implies the validity of family-based interventions. For
instance, Brotman, Dawson-McClure, et al.| (2005)) evaluated a family-based intervention

(conducted in New York area)@ aimed at preventing conduct problems of pre-school

17See https://www.gov.uk/government/publications/pupil-premium/pupil-premium (Accessed
April 16, 2021) for the general information of the policy
18The detailed description of the prevention program is documented by |Brotman, Gouley, et al.[ (2005).
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siblings of delinquent youths. This study finds that the antisocial behavior (e.g., parent-
rated defiant behavior, physical aggression) of untargeted older siblings was decreased
8 months after the intervention[l—_g]. The authors inferred that improved parenting skills
for a specific (targeted) child were likely to overflow to other children. The result of
this study implies the possibility that sibling interaction could be ameliorated through
better parenting. Curiously, the policy implications of our study are arguably different
from NR: they find that the magnitude of the spillover does not vary by older sibling’s
attainment between poor and affluent background families, letting them conclude that
the policymakers do not need to be anxious about the quality of sibling interaction too

much.

6 Conclusion

In this paper, we apply the identification strategy proposed by NR to the unique data
collected by a municipality in Japan, and provide supportive evidence on the sibling
spillover. Furthermore, not only the effect from the older siblings, which have been
examined by some past studies, we also investigate the sibling spillover from younger to
older siblings. An increase in the test score of an older sibling leads to 10.1% of an SD
in a younger sibling’s test score, and the increase in younger sibling’s test score by 1
SD induces 5.8 % of an SD increase in older sibling’s test score in the next year. The
heterogeneity analysis implies that the spillover effect varies depending on the family
backgrounds. For spillovers from older to younger siblings, the impact is larger among

same-gender siblings, siblings with 2-3 years gap, and low-income families. Conversely,

19 Journal of Family Psychology, Vol 19 (4) is a special issue focusing on sibling interaction and its
effects on family welfare. The title is “Special Issue: Sibling Relationship Contributions to Individual
and Family Well-Being.”
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we found that the spillovers from younger to older siblings are significant only among
brother pairs, and these spillover effects become stronger as the age difference becomes
wider. Surprisingly, spillover effects among lower-income families are negatively estimated
while the coefficient is not significant.

After interacting the sibling’s lagged test scores (i.e., above or below 50 percentile)
and household income (i.e., with or without need for public assistance), we found that
the younger siblings in lower-income households are more likely to be affected by the
bottom-achieving older siblings, suggesting that quality of sibling interaction might be
different between wealthy and poor households. This would indicate that the attainment
gap between low and high-income families can be partly attributed to the difference in
the quality of sibling interaction.

Combining the above results, the policy implication from our study is twofold. First,
the school-based intervention targeting a certain set of children would have non-trivial
positive externalities through the sibling spillover. Besides, more importantly, the family-
based intervention for poor households would also be effective in improving the attainment
gap, especially through the spillover from older to younger siblings.

Despite the novel findings, we should note that there are some limitations to our study.
First, the sample size of our study is not large because we rely on data collected from
one municipality (e.g., the National Pupil Database used by NR contains over 230,000
sibling pairs). Second, while we check that the demographic information in Date city
is not very different from that in overall Japan: especially, the share of poor families in
need of public assistance is highly comparable with that of the total population of Japan
(see Panel B of Table , it is not completely clear if our results are universal in other

countries. In fact, our results have some qualitative difference from those of NR despite
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that we generally follow their empirical strategy. This clearly reflects that the sibling
spillover and its heterogeneity can vary depending on the cultural, economic, or religious
backgrounds.

While it is beyond the scope of this study to answer the question “Why does the
policy implication vary depending on the context?”, this study would provide important
implications on educational policies or interventions. Especially, our findings based on
Japanese students, who are comparatively successful in terms of academic skills among
developed countries, should be universally valuable. Furthermore, the methodology in
this study can be applied to a very wide range of children’s outcomes. For example,
we would also be able to estimate the effects on non-cognitive skills, which recently
have gathered close attention by researchers not limited to economics. Estimating the
precise spillover effects in both these skills by a sophisticated econometric strategy will
help researchers to synthesize the findings in economics and other related fields of social

science.
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Tables and Figures

Table 1: Comparison of Characteristics

Date City Hokkaido Overall
Japan

Panel A
Number of Children under 15 3,966 608,296 15,886,810
Number of Children under 15 (Male) 2,056 310,387 8,133,536
Number of Children under 15 (Female) 1,910 297,909 7,753,274
Gender Ratio of Children under 15 (Male/Female) 1.076 1.042 1.049
Total number of households 14,953 2,438,206 53,331,797
Share of Intact households 0.222 0.227 0.268
Share of Single-parent households 0.095 0.093 0.089
Panel B
Number (Public Assistance Level 1) 22 13,358 136,798
Share (Public Assistance Level 1) 0.009 0.035 0.014
Number (Public Assistance Level 2) 351 69,230 1,329,336
Share (Public Assistance Level 2) 0.141 0.181 0.138
Share (Level 1 + Level 2) 0.150 0.216 0.152

Panel (A) Notes: We source the data from Census in 2015 for the variables in panel (A).

Panel (B) Notes: We refer to the survey conducted in 2015 by MEXT for the information on Hokkaido and overall
Japan. Since this survey does not contain the municipality-level information, we summarize the same information
from the school register of Date City in 2015.
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Table 2: Summary Statistics

Mean Std. Dev. Min Max Obs.

A: Test Score (Unadjusted)

Test Score (Japanese, Youger Sib.) 73.134 19.253 0 100 1928
Test Score (Math, Youger Sib.) 68.853 20.748 0 100 1928
Test Score (Japanese, Older Sib.)  72.249 17.713 0 100 1935
Test Score (Math, Older Sib.) 67.390 20.869 0 100 1936
B: Demographic Variables
Older Bro, Younger Bro 0.260  0.439 0 1 1931
Older Bro, Younger Sis 0.239  0.426 0 1 1931
Older Sis, Younger Bro 0.283  0.450 0 1 1931
Older Sis, Younger Sis 0.218 0.413 0 1 1931
Age Difference 2.7112  1.239 1 7 1931
Public Assistance (Level 1) 0.007  0.083 0 1 1436
Public Assistance (Level 2) 0.135  0.342 0 1 1436

Notes:We used longitudinal data constructed from the administrative records of academic test
scores and the students registry created by Date City(in 2012, 2014, 2015, 2016). The descriptive
table is over the analytic sample for the estimation of Equation . The number of observation of

Public Assistance is smaller because this information is only available since 2014.
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Table 4: Baseline Results

Older to Younger Younger to Older

(1) (2) (3) (4)
b1, B2 (Spillover) 0.113%* 0.101%* 0.042 0.058*

(0.033) (0.033) (0.030) (0.031)
p1, p2 (Lagged Score) 0.371%* 0.362%** 0.376** 0.385%*

(0.033) (0.035) (0.034) (0.034)
School-Year-Subject FE No Yes No Yes
Adjusted R? 0.151 0.155 0.131 0.154
Number of Clusters (Sibling Pairs) 600 600 600 600
Total Observations 1948 1948 1950 1950

Notes: Robust standard errors clustered at sibling level are reported in parentheses. We used longitudinal
data (2012, 2014, 2015 and 2016) constructed from the administrative records of academic test scores and
the students registry created by Date City. In columns(1) and (2), the dependent variable is younger
siblings’ attainment at year ¢. In column (3) and (4), spillover in inverse direction (from lagged younger
siblings’ test score to older siblings’ attainment) is estimated: the dependent variable is older siblings’
attainment at year t. T : p < 0.1, *: p < 0.05, **: p < 0.01.

Table 5: Reverse Regression

(1) 2) 3) (4)
Dependent Variables DevYs joqt-1 DevYs jgq1-1 DevY jsqi-1 DevY jsqi-1
DevY] jsqt 0.047 0.034
(0.029) (0.029)
DevYs jsqr—o 0.270%* 0.264**
(0.037) (0.038)
DevYs jsq 0.032 0.045
(0.047) (0.048)
DevY] jsqt—2 0.381** 0.375%*
(0.042) (0.045)
School-Year-Subject FE No Yes No Yes
Adjusted R? 0.085 0.094 0.151 0.187
Number of Clusters (Sibling Pairs) 530 530 351 351
Total Observations 1612 1612 868 868

Notes: Robust standard errors clustered at sibling level are reported in parentheses.We used longitudinal data (2012,
2014, 2015 and 2016) constructed from the administrative records of academic test scores and the students registry
created by Date City. In columns(1) and (2), the dependent variable is lagged test score of older siblings; In columns
(3) and (4), the dependent variable is lagged test score of younger siblings. T : p < 0.1, *: p < 0.05, **: p < 0.01.
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Table 6: Results Excluding 2012 Data

Older to Younger Younger to Older

(1) (2) (3) (4)
b1, B2 (Spillover) 0.093* 0.079* 0.058* 0.080%*

(0.040) (0.041) (0.035) (0.035)
p1, p2 (Lagged Score) 0.375%* 0.359%* 0.409** 0.416**

(0.038) (0.040) (0.040) (0.041)
School-Year-Subject FE No Yes No Yes
Adjusted R? 0.151 0.151 0.146 0.160
Number of Clusters (Sibling Pairs) 479 479 478 478
Total Observations 1434 1434 1436 1436

Notes: Robust standard errors clustered at sibling level are reported in parentheses.We used longitudinal data (2014,
2015 and 2016) constructed from the administrative records of academic test scores and the students registry created
by Date City. In columns(1l) and (2), the dependent variable is younger siblings’ attainment at year ¢. In column
(3) and (4), spillover in inverse direction (from lagged younger siblings’ test score to older siblings’ attainment) is
estimated: the dependent variable is older siblings’ attainment at year . T :p < 0.1, *: p < 0.05, **: p < 0.01.

Table 7: Reverse Regression Excluding 2012 Data

(1) (2) (3) (4)

Dependent Variables DevYs isqo015  DevYa sqo01s  DevY isgo0is  DevYi isq 2015
DevY jsq2016 0.057 0.037
(0.042) (0.041)
DevYs isqa014 0.361** 0.354**
(0.050) (0.050)
DevYs isqo016 0.045 0.052
(0.058) (0.061)
DevY jsqo014 0.359** 0.342%*
(0.053) (0.058)
School-Year-Subject FE No Yes No Yes
Adjusted R? 0.135 0.155 0.140 0.122
Number of Clusters (Sibling Pairs) 420 420 276 276
Total Observations 840 840 552 552

Notes: Robust standard errors clustered at sibling level are reported in parentheses. We used longitudinal
data (2014, 2015, and 2016) constructed from the administrative records of academic test scores and the
students registry created by Date City. In columns(1) and (2), the dependent variable is lagged test score
of older siblings; In columns (3) and (4), the dependent variable is lagged test score of younger siblings.
T:p<0.1,* p<0.05 **: p<0.01.
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Table 8: Model Allowing for the Different Spillover Effects across Subjects

Older to Younger

Younger to Older

(1) (2) (3) (4) (5) (6)
01 0.111%*  0.103** 0.102** 0.042 0.059%  0.058"
(0.037)  (0.037) (0.038) (0.032) (0.032) (0.033)
P 0.115%%  0.099** 0.100** 0.043 0.058%  0.061°"
(0.034)  (0.034) (0.035) (0.034) (0.034) (0.035)
w 0.371%%  0.363** 0.376™*  0.385%*
(0.033)  (0.034) (0.034)  (0.034)
w1 0.365%* 0.391%**
(0.036) (0.037)
Wo 0.360** 0.380**
(0.039) (0.036)
1(Test = Math) 0.087  -0.086 0.191+  0.104*
(0.067)  (0.068) (0.115)  (0.116)
School-Year-Subject FE No Yes Yes No Yes Yes
F test (6; = d2) 0.024 0.022 0.004 0.005 0.002 0.010
p-value (9; = d9) 0.878 0.882 0.953 0.944 0.966 0.920
F test (w; = wo) 0.035 0.138
p-value (w; = wy) 0.851 0.710
Number of Clusters (Sibling Pairs) 600 600 600 600 600 600
Adjusted R? 0.754 0.755 0.755 0.723 0.730 0.730
Within R? 0.152 0.185 0.185 0.131 0.189 0.189
N 1948 1948 1948 1950 1950 1950

Notes: Robust standard errors clustered at sibling level are reported in parentheses. We used longitudinal
data (2012, 2014, 2015 and 2016) constructed from the administrative records of academic test scores and
the students registry created by Date City. In columns(1), (2), and (3), the dependent variable is younger
siblings’ attainment at year ¢. In column (4), (5) and (6), spillover in inverse direction (from lagged younger
siblings’ test score to older siblings’ attainment) is estimated: the dependent variable is older siblings’
attainment at year t. We test the equality of 6; and d in Equation (7). T :p < 0.1, *: p < 0.05, **:

p < 0.01.

34



Table 9: Different Level of Clustering

Older to Younger Younger to Older
Level of Clusters (1): School (2): School-Year (3): School  (4): School-Year
b1, B2 (Spillover) 0.101 0.058
Standard Error (0.017) (0.035) (0.035) (0.028)
Unadjusted p-value [0.000]** [0.007]** [0.124] [0.047]*
Wild Bootstrap p-value  [0.027]* [0.017]* [0.109] [0.051]F
School-Year-Subject FE Yes Yes Yes Yes
Number of Clusters 13 34 13 39
Total Observations 1948 1950

Notes: Robust standard errors clustered at school level (school-year level) are reported in parentheses of
columns (1) and (3) (columns (2) and (4)). We report unadjusted and wild-bootstrap p-value in brackets of
each column. T :p < 0.1, *: p < 0.05, **: p < 0.01.
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Table 10: Heterogeneity Analysis

A: Gender Combination

BB BS® SB® SSe
Older to Younger 0.177** 0.051 0.017  0.182%*
(0.062) (0.071) (0.064)  (0.063)
Younger to Older 0.135* -0.024 0.013  0.050
(0.056) (0.073) (0.055)  (0.066)
B:Age Difference
1 year 2 years 3 years 4+ years
Older to Younger 0.051 0.133%* 0.170*  -0.009
(0.093) (0.047) (0.070)  (0.076)
Younger to Older 0.012 0.040 0.082  0.097"
(0.080) (0.054) (0.062) (0.056)
C: Public Assistance
No Yes
Older to Younger 0.095** 0.127
(0.036) (0.078)
Younger to Older 0.090** -0.121
(0.031) (0.096)

D: Sibling’s Test Score at t-1

Upper Half Lower Half

Older to Younger

Younger to Older

0.063 0.121%*
(0.048) (0.039)
0.085+ 0.044

(0.044) (0.036)

Notes: Robust standard errors clustered at sibling-pair level are reported in paren-
theses. We used longitudinal data (2012, 2014, 2015 and 2016) constructed from
the administrative records of academic test scores and the students registry cre-
In each panel, the main explanatory variable is interacted

ated by Date City.

with household characteristics. T : p < 0.1, *: p < 0.05, **: p < 0.01.

a: BB = Older Brother and Younger Brother, BS = Older Brother and Younger
Sister, SB = Older Sister and Younger Brother, SS = Older Sister and Younger

Sister
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Table 11: Spillover: Income Level and Sibling’s Achievement Interacted

Public Assistance

No Yes
A: Older to Younger
Older Sibling (Upper Half) 0.069 0.030
(0.052) (0.124)
Older Sibling (Lower Half) 0.109* 0.1607"
(0.043) (0.083)
B: Younger to Older
Younger Sibling (Upper Half) 0.099* -0.034
(0.044) (0.159)
Younger Sibling (Lower Half) 0.085* -0.151
(0.037) (0.098)

Notes: Robust standard errors clustered at sibling level are reported in
parentheses. We used longitudinal data constructed from the administra-
tive records of academic test scores and the students registry created by
Date City. Each panel reports the regression results with household income
level x sibling attainment interaction terms. Tp < 0.1, **: p < 0.05, ***:
p < 0.01
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Appendix (Not for publication)
A Data Appendix

A.1 Detailed Descriptive Statistics of Test Scores

Table Al: Detailed Descriptive Statistics of (Unadjusted) Test Scores

2012 2014 2015 2016
Mean SD Obs. Mean SD Obs. Mean SD Obs. Mean SD  Obs.

Younger sibling
Japanese total 70.29 19.84 494 74.05 19.72 475 73.80 19.19 480 74.49 17.96 479
Japanese basic 74.30 19.64 494 78.04 19.67 475 Tr.74 1897 480 7837 17.97 479
Japanese advanced 51.90 30.02 494 55.71 30.28 475 55.85 29.14 480 56.72 28.16 479

Math total 66.52 21.87 494 7240 19.83 475 6888 19.85 480 67.71 20.92 479
Math basic 69.94 2146 494 76.33 19.29 475 73.10 19.97 480 71.72 20.88 479
Math advanced — 48.33 31.42 494 5259 31.11 475 49.32 29.13 480 49.21 29.32 479
Older sibling
Japanese total 69.64 1840 496 72.17 1794 475 73.53 16.92 481 73.73 17.28 483
Japanese basic 73.01 1833 496 76.09 17.78 475 77.52 16.83 481 76.72 17.70 483
Japanese advanced 54.70 27.23 496 55.02 27.29 475 56.18 26.10 481 59.99 2559 483

Math total 66.00 21.59 494 69.29 20.15 476 67.40 2048 482 66.94 20.77 484
Math basic 68.35 2145 494 71.58 20.15 476 69.93 20.17 482 69.41 20.62 484
Math advanced 593.46 3040 494 57.05 30.21 476 54.97 2897 482 55.33 28.97 484

Notes: The longitudinal data constructed by the administrative record of academic test scores and the students registry (in
2012, 2014, 2015, 2016). Please note that these descriptive statistics are over all children (including single child without any
siblings.)
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A.2 Public Assistance Provided by Date City

In addition to the public assistance provided by the Japanese government, Date City (as
many other municipalities do) originally provides financial assistance to help families with
financial difficulties pay for part of their elementary and junior high school expenses. The
following Table summarize the contents of financial supports, and Table shows
the eligibility criteria with some model cases. The income criteria vary depending on
the age structure of the households. Financial supports are discontinued when (i) the
household moves out from Date city, (ii) the household is excluded from the eligibility due
to the changes in household structure, and (iii) a parent or guardian declines to apply for
schooling assistance. All the information is available at the website of Date City Board
of Education (https://www.city.date.hokkaido.jp/kyoiku/detail/00000492.html)
in Japanese.
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Table A2: Financial Assistance in Date City

Ttems

Description

I: For Level 1 & 2 students
School trip

Medical Expense

Actual expense; including accomodation,
transportation, travel insurance, commem-
oration photo etc.

Copayment for diseases specified in Arti-
cle 8 of School Health and Safety Act is
waived:

e Trachoma and conjunctivitis
e Tinea, scabies and impetigo
e Otitis media

Chronic sinusitis and adenoids

Tooth decay

Parasitic diseases (including ovine
carriage)

II: For Level 2 students?®
School supplies
School supplies (for newly enrolled students)

Sport equipment
Transportation

Extracurricular activities

PTA membership

Student council

School lunch

11,420 JPY for students in elementary
school; 22,320 JPY for students in junior
high school

40,600 JPY for 1st grade; 47,400 JPY for
7th grade

Payment in kind (e.g., Skis)

The cost of public transportation from
home to school.
Actual expenses;
club activities etc.
Actual expenses with cap (Elementary
school; 3,380 JPY, Junior high school:
4,190 JPY)

Actual expenses with cap (Elementary
school; 3,380 JPY, Junior high school:
5,450 JPY)

Actual expenses

educational field trip,

Notes: The source is https://www.city.date.hokkaido. jp/hotnews/files/00000400/00000492/
20181227115014.pdf | (in Japanese, accessed April 16, 2021)
a: For students classified into Level 1, the items listed in panel II are supported by the governmental

supports
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Table A3: Eligibility Criteria with Model Case

Household size Amount of annual income Model case of household composition (Age in
criteria (JPY) parentheses)

2 1,867,819 Father or Mother (35), Child (10)

3 2,377,018 Father (35), Mother (35), and Child (10)

4 2,948,212 Father(35), Mother (30), Child (13), and Child
(10)

5 3,323,501 Father(35), Mother (30), Child (13), Child
(10), and Child (7)

6 3,705,140 Father(35), Mother (30), Child (13), Child

(10), Child (7), and Child (6)
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B Additional Permutation Test

Figure B1: Additional Permutation Test: A classmate is assigned to be a sibling

(A) Older to Younger Sibling

150
1

Frequency
100
|

50

-1 -.05 0 .05 1
Estimated Coefficients

P—value of Shapiro Wilk Normality test = .2

(B) Younger to Older Siblings

150
1

Frequency
100
|

50

-1 -.05 0 .05 1
Estimated Coefficients

P—value of Shapiro Wilk Normality test = .96

Notes: In panel (A), we randomly assign a classmate of an older sibling child to be the older sibling
then estimate the placebo spillover effects for 1000 times; in panel (B), we conducted the same assignment
for a younger sibling to estimate the placebo spillover effect. The dashed black line represents the 95
percentile of the distribution, and the red line shows the point estimate we obtained from our baseline
analysis (in Table [4)).
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