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Abstract

This study examines spillover effects of targeted educational interventions through a
field experiment in 130 rural Chinese boarding schools, comparing computer-assisted
learning (CAL) and traditional workbooks. Results reveal significant negative spillovers
of workbook interventions on nontarget students’ performance, particularly affecting
those closely connected to targeted students. Effects intensify with increased expo-
sure and peer interaction. The key mechanism appears motivational: Observing peers
receiving supplementary workbook resources in class reduces students’ confidence in
the value of their academic efforts for future careers. CAL interventions, conducted
outside classrooms, show no such spillovers, highlighting the importance of considering
unintended consequences in competitive, resource-limited environments.
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1 Introdcution

The design of economic policy interventions inherently involves fundamental trade-offs
between efficiency and equity under resource constraints. To maximize effect, interventions
typically target specific high-need groups. However, social interactions between targeted
and nontarget populations generate externalities that reshape welfare impacts beyond direct
beneficiaries. Recent experimental evidence documents substantial indirect benefits across
multiple domains. Early childhood interventions generate spillover effects on neighboring
children’s skills and health through interactions between parents or children (Kusumaward-
hani, 2022; List et al., 2023), while medical treatments create positive externalities for ma-
ternal mental health and sibling academic performance (Daysal et al., 2022). Cash transfers
to eligible households increase consumption among ineligible village residents (Angelucci &
De Giorgi, 2009; Egger et al., 2022), and information disseminated through central commu-
nity members enhances village-wide vaccination rates (Banerjee et al., 2019). In agricultural
settings, social networks of subsidized farmers experience spillovers in technology adoption,
yields, and beliefs (Beaman et al., 2021; Carter et al., 2021; Vasilaky & Leonard, 2018).
However, resource competition can generate offsetting negative externalities, as evidenced
by control households experiencing adverse effects in high treatment concentration areas of

agricultural training programs (Duflo et al., 2023).

Educational training programs offer an ideal setting to examine externality effects due to
their inherently social nature. Research has shown that even brief social activities, such as
interactions during freshman orientation, can create significant peer effects through network
formation (Brade, 2024). This is because in schools and workplaces, regular interaction allows
individuals to easily observe their peers’ resources and behaviors. These social interactions
fundamentally shape both skill acquisition and productivity development through multiple
channels. Research shows that individual productivity is significantly influenced by co-

workers’ characteristics and performance—a phenomenon known as productivity spillovers



(Battu et al., 2003; Cornelissen et al., 2017; Guryan et al., 2009). These spillovers can be
both positive and negative: Knowledge sharing and skill complementarity create positive
externalities (Azoulay et al., 2010; Jaravel et al., 2018), while competitive pressures can

generate negative effects that may limit individual growth and overall productivity (Breza

et al., 2018; Cornelissen et al., 2017).

We study spillover effects of a supplementary educational intervention targeting boarding
students in rural Chinese primary schools. This setting offers unique advantages for study-
ing peer effects. Boarding students reside on campus and rely primarily on school resources
after class while interacting regularly with non-boarding peers during school hours. Addi-
tionally, rural Chinese primary schools feature fixed classroom assignments where students
maintain consistent seating throughout the semester as teachers rotate between rooms. This
structure facilitates stable peer networks and enables information diffusion between board-
ing and non-boarding students. Our cluster-randomized controlled trial spans 130 primary
schools, including over 3,000 boarding students across 352 math classes in grades 4-6. The
experiment compares three conditions: (i) computer-assisted learning (CAL), (ii) traditional
workbook instruction (pencil-and-paper learning treatment), and (iii) a control group. While
Ma et al. (2024) did not find positive estimates of the CAL program and workbook program
on the test scores of boarding students, our study examines how these targeted interven-
tions indirectly affect their 6,000 non-boarding classmates. This design addresses common
challenges in estimating causal peer effects, such as simultaneity, correlated unobservables,
and endogenous peer group formation (Manski, 1995). By introducing exogenous variation
through targeted interventions while leveraging naturally formed social networks, we can

identify genuine spillover effects.

The findings reveal distinct spillover effects of the two interventions. While the CAL
intervention shows no significant spillover effects on nontarget (non-boarding) students, the

workbook intervention produces notable negative spillover effects on nontarget students who



frequently collaborate with targeted (boarding) peers. In addition, the magnitude of these
spillovers intensifies as the number of targeted peers increases. However, nontarget students
who don’t interact with targeted peers remain unaffected by both interventions. Further-
more, for nontarget students with connections to targeted students, the negative spillover
effects strengthen as treatment intensity among targeted peers increases. The order in which
targeted peers are listed by nontarget students correlates with the strength of the negative
spillover effects. Specifically, stronger negative spillovers are observed when the targeted
peers are listed as the first peers. Interestingly, these negative spillover effects do not dimin-
ish with greater social distance between nontarget students and targeted peers. This suggests
that the impact of the workbook intervention extends beyond immediate social connections,

potentially affecting the broader classroom dynamic.

We then explore potential mechanisms that drive the deleterious effects of interventions
on nontarget students. We first examine how additional training to target peers affects
motivation of nontarget student regarding effort invested in learning mathematics. Ryan
and Deci (2017) propose that individuals typically experience two types of reward-based
motivation. The first is intrinsic motivation, where people engage in activities for personal
satisfaction or to better integrate with their social and physical environment. The second,
instrumental motivation, is driven by future objectives and pursuits with practical value,
such as improving academic performance, enhancing career prospects, increasing financial
gains, or achieving job promotions (Eccles & Wigfield, 2002; Gagné & Deci, 2005; Simons
et al., 2004). Our analysis reveals that workbook interventions significantly influence how
nontarget students view the value of their academic work. When students observe their peers
receiving supplementary workbook resources in the classroom, they tend to devalue their own
academic efforts. Seeing peers receive supplementary resources appears to diminish students’
belief that their effort on regular coursework will build valuable career skills. This trend is
particularly prominent for female students. In contrast, computer-assisted learning, which

takes place outside the classroom, does not create these negative motivational effects. This



difference suggests that the visibility of supplementary resources in shared learning spaces

plays a crucial role in generating indirect effects.

Our study reveals two key effects on teacher behavior. While both interventions main-
tained consistent patterns of classroom time allocation and student assistance, the workbook
program had an unintended effect on teacher perceptions. Specifically, teachers showed sys-
tematic bias in their evaluations, overestimating performance of students who had close con-
nections to workbook program participants while underestimating those without such con-
nections. This observation aligns with the halo effect (Nisbett & Wilson, 1977; Thorndike,
1920), where students’ association with a supplementary program influences how teach-
ers perceive their overall performance. This tendency among students in the treatment
group aligns with findings from Ma et al. (2024), which demonstrated that two interventions
led teachers to assign significantly higher class rankings to boarding students. Our find-
ings suggest that supplementary educational programs should include specific guidelines for
teacher evaluation practices to minimize such unintended assessment biases. Our findings
also challenge the initial hypothesis that workbook interventions would intensify classroom
competition and create negative spillovers. We found no evidence that nontarget students
became less willing to study or collaborate with peers who received workbooks, indicating
that cooperative learning patterns remained stable. Additionally, we did not observe in-
creased test score dispersion within groups or classes—a common indicator of heightened
academic competition (Abramo et al., 2012; Fallucchi et al., 2021; Hoxby, 2000). In con-
clusion, the workbook intervention appears to have primarily affected students’ academic
motivation while leaving both resource allocation and competitive dynamics unchanged in

the classroom.

This study contributes to several strands of the literature. First, it speaks to the growing
body of research on intervention externalities in human capital development. The existing

literature on educational interventions presents a complex picture of spillover effects. While



several studies have documented positive externalities on nontarget children (Islam et al.,
2021; Kusumawardhani, 2022; List et al., 2023), others have observed either null or nega-
tive spillover effects (Becker et al., 2022; Pedersen et al., 2017). Our study adds a crucial
dimension to this discourse by examining spillover effects in a resource-constrained, highly
competitive learning environment in rural China, highlighting the importance of considering
education resource access in program design. Our study is also closely aligned with the work
of Angelucci et al. (2019), who used a field experiment on snack choice in school lunchrooms.
They found that while peers’ actions of choosing grapes had a positive spillover effect on
children’s take-up of grapes, seeing that peers were incentivized to choose grapes had a neg-
ative spillover effect. This is consistent with our observation of negative spillovers from the
paper-pencil workbook program, especially among students with close social ties, suggesting
that perceived inequalities in resource allocation or attention can have detrimental effects
on performance and motivation. We go further by comparing different types of interven-
tions (computer-assisted learning versus traditional workbooks). In addition, we employ a
longitudinal approach, building on the work of Abramitzky et al. (2021) who has identified
long-term positive spillovers on educational attainment, aspirations, and schooling returns.
This approach allows us to capture the temporal evolution of intervention effects and their
interaction with changing social dynamics, thereby providing a more comprehensive under-

standing of spillover effects in educational settings over extended periods.

Our paper also contributes to the literature on peer effects in the general workplace,
with important implications in two main areas: organizational management and the design
of supplementary training programs. In terms of organizational management, we build
upon the work of Cornelissen et al. (2017) and Bentsen et al. (2019), who found small
but significant peer effects on wages across various occupations. Our study extends these
findings by demonstrating how peer effects operate in a supplementary intervention context,
where the stakes and dynamics may fundamentally alter existing social networks, as observed

by Banerjee et al. (2024) in formal credit markets. Unlike Duflo et al. (2023), who focused



on resource competition in agricultural settings, we explore how interventions act as signals
that alter teacher expectations and peer perceptions. Our analysis provides novel insights
into supervisors’ attitudes when introducing targeted training, offering valuable lessons for
maintaining equitable, competitive environments in organizations. Regarding the design of
supplementary training programs, our research challenges the common practice in developing
countries of training a few workers and relying on organic information diffusion within social
networks (Banerjee et al., 2019; Beaman et al., 2021; Chandrasekhar et al., 2022). While this
approach could efficiently use limited resources if workers learn from each other, our findings
reveal a potential downside: trained workers could impose negative externalities on untrained
ones, particularly by reducing motivation in a competitive environment. This aligns with
Duflo’s observations of negative spillovers in high treatment concentration areas (Duflo et
al., 2023), but our study provides a more nuanced understanding of the mechanisms at play.
These findings also complement recent work by Anwar et al. (2024), who found that peer
composition in training cohorts significantly influences program effectiveness, with treatment
effects on reducing arrests being strongest when participants were surrounded by peers with
lower arrest histories. By examining these complex interactions between interventions, peer
effects, and social networks, our research presents a more comprehensive view of how targeted
training initiatives can produce both intended and unintended consequences, with important
implications for designing effective and equitable training programs in resource-constrained

settings.

2 Background and Conceptual Framework

2.1 Rural-Urban Educational Disparities in China

The disparity in educational resources between rural and urban China has led to sig-
nificant differences in learning experiences and outcomes. This inequality stems from the

unequal distribution of economic and technological resources, creating a persistent urban-



rural divide in educational quality and opportunities. Despite government initiatives to
address educational disparities through increased rural investment (UNESCO, 2019), sig-
nificant structural imbalances in education expenditure remain. As of 2019, the per capita
educational budget allocation for rural primary schools was 11,127 CNY (1,590 USD), com-
pared to 13,455 CNY (1,922 USD) for urban primary schools (Wei et al., 2022). The conse-
quences of this resource inequality are far-reaching, with rural students experiencing inferior
education quality, evidenced by poorer achievement, higher dropout rates, and lower uni-
versity entrance rates (Wang & Li, 2017; Yang et al., 2014). This disparity also widens the
digital skills gap (Chiao & Chiu, 2018) and has long-term implications for human capital
accumulation (Londono de la Cuesta, 1996) and income returns (Herrendorf & Schoellman,
2018; Wang & Li, 2017). Crucially, it hinders the process of structural change necessary for

economic development (Laitner, 1999; Ngai & Pissarides, 2024).

Examining educational outcomes in resource-scarce rural environments is critical for tack-
ling disparities, enhancing resource distribution, and guiding policy choices. Additional
training can potentially enhance student learning by providing supplementary resources, but
it may also intensify existing inequalities. Our study concentrates on identifying the ex-
ternalities associated with supplementary training. Through analysis of these contexts, we
aim to develop interventions that strategically allocate resources, maximizing educational

advantages while minimizing the risk of exacerbating inequalities.

2.2 The Schooling Environment in China

The structure of primary education in rural China presents a unique environment for
studying the impact of student networks and resource access on educational outcomes. In
contrast to many Western educational systems, Chinese rural primary schools typically fea-
ture a fixed classroom structure where students remain in assigned seats throughout the
semester while teachers rotate between rooms. This arrangement naturally facilitates the

formation of stable peer groups and encourages collaborative learning among proximate class-



mates. The social network of students in these settings is predominantly confined to their

immediate classmates, with limited opportunities for interaction outside the classroom.

In addition, a distinctive feature of many rural Chinese primary schools is the preva-
lence of boarding systems, which accommodate students from remote areas. This system
creates two distinct student populations within the same school: boarders, who reside at
the school from Sunday afternoon to Friday afternoon and primarily utilize school resources
for after-class learning, and non-boarders, who return home daily and potentially access dif-
ferent educational resources. The boarding arrangement facilitates the implementation of
additional learning interventions, such as Computer-Assisted Learning (CAL) programs and
supplementary workbook exercises, for resident students during times when non-boarders
have left campus. This dual system of boarding and non-boarding students within the same
classroom environment also offers a rich setting for studying not only the formation of peer

networks but also the dynamics of competition and cooperation between these groups.

2.3 Peer-to-Peer Information Diffusion in Academic Settings

The diffusion of information among peers in educational settings is a complex process
that involves several interconnected mechanisms. At the foundation of this process is direct
verbal communication, where students actively share knowledge, explain concepts, and dis-
cuss study materials with one another (Webb, 1989). This explicit exchange of information is
complemented by observational learning, a more subtle yet equally powerful mechanism. As
posited by Bandura and Adams’ social learning theory (Bandura & Adams, 1977), students
often adopt study strategies, problem-solving approaches, and even attitudes towards learn-
ing by observing and emulating their more successful peers. This observational learning can
lead to the passive spread of effective learning materials and methods within groups (Alatas

et al., 2016; Noriega-Campero et al., 2018).

The interplay between direct communication and observational learning is often ampli-



fied in collaborative learning environments, such as study groups or project teams. These
structured settings facilitate a more intense exchange of ideas and knowledge through group
discussions and shared problem-solving efforts. Importantly, the effectiveness of these in-
formation diffusion mechanisms is not uniform across all peer relationships. The strength
of social ties significantly influences both the likelihood and depth of information exchange,
with stronger ties generally facilitating more frequent and substantive knowledge sharing
(Gee, Jones, & Burke, 2017; Gee, Jones, et al., 2017; Granovetter, 1973). The mixed class-
room environment of boarding and non-boarding students provides an ideal setting to study

peer effects and information diffusion.

2.4 Competition between Peers

In many educational contexts, the significant emphasis placed on student rankings by
parents and teachers has fostered intensely competitive learning environments. This com-
petitive atmosphere often engenders a zero-sum mentality among students, who come to view
academic success as a finite resource for which they must compete. Theoretical research has
long suggested that such competition could reduce students’ inclination to assist others
(Drago & Garvey, 1998) and potentially even foster acts of sabotage among rivals (Lazear,
1989). Recent empirical studies have further corroborated these theories. By analyzing
university administrative data from China, Chen and Hu (2024) have demonstrated that
competitive environments not only impede mutual assistance but also promote unfriendly

behaviors among roommates.

Supplementary training for peers can either intensify or reduce such competition. If
supplementary training for peers significantly improves their performance, it increases the
variability in human capital accumulation among study groups and increases competition
directly. In addition, individuals may experience anxiety and pressure when their peers make
progress in academic performance. Comparing oneself to those perceived as more successful

can lead to feelings of envy and inferiority, potentially causing anxiety and pressure. As



a result, ranking differences may become more pronounced and further negatively impact
student human capital accumulation (Ashcraft, 2002; Buunk & Ybema, 2003; Ramirez et al.,
2016). Furthermore, feelings of unfairness and low expectations regarding individual ranking
may arise when students perceive themselves as not receiving supplemental materials while
their peers do. According to Self-Determination Theory (SDT) by Ryan and Deci (2017),
this sense of inequity can further lead to a loss of study motivation, causing students to be

less willing to exert effort or time into their studies.

However, if supplementary training for peers fosters a more collaborative environment,
students might allocate more time to group study. In addition, a student’s academic success
due to interventions can positively influence their peers. This influence may occur through
role modeling or extrinsic motivation derived from a student’s academic achievements, as
noted by Jackson and Bruegmann (2009). Given these competing possibilities, we need to

causally identify how spillover effects operate in competitive learning environments.

2.5 Teacher Perceptions

Besides interactions between students, teachers’ evaluations and perceptions may change
when only certain students receive additional tutoring from external sources, which can
link into the “Halo effect”. Halo Effect Theory, first introduced by psychologist Edward
Thorndike in 1920 (Thorndike, 1920), describes a cognitive bias where an individual’s overall
impression of a person influences their evaluation of that person’s specific traits or character-
istics. The Halo Effect can significantly influence teacher evaluations and student outcomes
in educational settings. For example, prior knowledge of a student’s performance can create
bias in grading, potentially leading to inflated grades for students with good reputations
(Malouff et al., 2013). In addition, initial teacher perceptions can also create a halo that
negatively affects their evaluation of students. These perceptions may be influenced by fac-
tors such as gender stereotypes (Carlana, 2019; Lavy et al., 2012) or stereotyping toward

immigrants (Alesina et al., 2024).
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In our study, we examined potential halo effects in teacher evaluations, particularly con-
cerning non-boarding students who have peers participating in the intervention program.
Ma et al. (2024) demonstrated that specific interventions can enhance teachers’ objective
evaluation of boarding students. Building on this finding, we hypothesized that teachers’
observations of positive outcomes in boarding students might influence their assessment
of non-boarding peers through a “spillover” effect. This spillover could manifest in two
ways: either positively, with improved perceptions of non-boarding students associated with
successful boarding peers, or negatively, where teachers might unconsciously evaluate non-

boarding students less favorably in comparison to their peers receiving the intervention.

3 Experimental Design and Intervention

3.1 Experimental Design

We designed a field experiment to evaluate the effectiveness of targeted supplementary
education interventions and to assess potential spillover effects. The study was conducted
within rural primary schools in Shaanxi Province in Northwestern China. A total of 130
schools located in nine impoverished counties were selected to participate in the experiment.
Within each school, one class from the fourth, fifth, and sixth grades, each containing a
minimum of four boarding students, was randomly chosen, leading to a total sample of
352 school-grades (each represented by one class). As outlined in Figure 1, the experiment
consisted of four phases. First, we administered a baseline survey among students, teachers,
and principals in October 2017 (near the start of the school year). Second, we designated
each of 27 county-grades (nine counties, each with students from three grades) in our sample
of 352 school-grades as a strata or block. We then randomly allocated classes within these
strata to one of three different treatment conditions after collecting baseline data. Third, in
the first half of November 2017, the 4,024 boarding students in the final pool of participants

were randomly assigned to one of the three conditions: 1,345 to the CAL treatment group,
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1,289 to the workbook treatment group, and 1,390 to the control group. Fourth, the research
team returned to the same classes in June 2018 (the last month of the academic year) and

administered a follow-up survey. Table A1 summarizes the randomization schedule.

While not receiving supplementary training themselves, the study still surveyed 6,414
non-boarding students who shared classrooms with the participating boarding students.
These non-boarding students were distributed across different class types: 2,061 in CAL

treatment classes, 2,093 in workbook classes, and 2,260 in control classes.

3.2 Intervention

The randomized controlled trial (RCT) comprised three groups: (1) computer-assisted
learning (CAL) with online remedial math tutoring, (2) traditional learning using pencil
and paper workbooks, and (3) a control group. Only boarding students participated in the
two treatment arms, as they remained at school after classes and could access educational
resources exclusively on campus. This design generated exogenous variation in both supple-
mental CAL and traditional learning, allowing us to assess whether increased investment in
educational technology (EdTech) enhances academic performance, particularly during after-
school hours when time allocation is more flexible. The CAL intervention was conducted in
the computer lab at school. Boarding students in the CAL group were required to use the
CAL software after school for one 40-minute weekly session on Sunday afternoons. During
each session, those students played animation-based math games designed to help them re-
view and practice the basic math concepts taught in their regular math classrooms. For the
workbook group, the boarding student used paper materials in the classroom, which included
the same math question in the CAL software after class during the same period when the
CAL group was using the software in the computer lab. Non-boarding students typically
left school after class and were not subject to group interventions. Neither the teachers nor

the schools were informed of the details of the interventions design.
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Ma et al. (2024) have reported two key findings regarding the effect of the interventions
on boarding students: for the average student, neither traditional supplementary learning
(workbook) nor computer-assisted learning (CAL) affected math test scores. However, when
examining class grades assigned by math teachers, both supplemental programs improved
boarding students’ class grades, with no statistically significant differences between the two

interventions (see Table A2).

The experimental design also makes it possible to compare the spillover effects on non-
boarding students of the two interventions. Spillover effects in educational interventions
can vary significantly between technology-based and traditional treatments. The novelty of
new technology might create more initial interest and discussion among peers, amplifying
short-term spillovers. However, access barriers to technology can limit spillovers in ways that
traditional treatments may not experience. For example, spillovers might be limited by access
to devices or internet connectivity outside of the treatment group. Also, online knowledge
delivered by technology treatments cannot be shared through face-to-face interactions, which
are crucial for certain types of knowledge transfer (Alajmi & Al-Qallaf, 2022). By comparing
these two intervention types, we can gain valuable insights into the nature and extent of

spillover effects in different educational contexts.

4 Data

4.1 Math Test

In this study, math scores are the key measure of a student’s academic outcomes. Students
took a 35-minute standardized exam in math at the baseline and the follow-up. The exam
was grade-appropriate, tailored to the national and provincial-level mathematics curriculum,
and constructed by trained psychometricians using a multi-stage process. We standardized
math scores into z-scores using each grade’s mean and standard deviation for baseline and

follow-up surveys. Figure Bl shows the distribution of test scores for boarding and non-
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boarding students. While there are subtle differences in the score distributions, the overall
patterns are quite similar at baseline. Non-boarding students demonstrate a slight advantage

on average, as evidenced by their distribution being shifted marginally to the right.

4.2 Mediators

To explore the underlying mechanisms driving student performance, we examined both
student self-reported attitudes and teacher-observed behaviors at baseline and in the follow-
up survey. For student attitudes, we used four validated scales from the 2012 Programme
for International Student Assessment OECD (2014), which are widely applied in educa-
tional research (Lee, 2009; Pitsia et al., 2017; Thien et al., 2015). These scales assess math
anxiety, academic confidence, intrinsic motivation, and instrumental motivation. Students
rated each item on a four-point scale from “strongly disagree” to “strongly agree”. Using
the GLS weighting procedure described in Anderson (2008), we condensed these responses
into four single measures, where positive values indicate above-average levels for each con-
struct. We also assessed students’ willingness to collaborate with a single item: “Do you
like studying in a group?”. Detailed scale items are available in Appendix C. To comple-
ment student self-reports, we included teacher evaluations of student classroom performance.
These evaluations include average weekly frequencies of student distraction and interruption
of classmates, how often students utilize their full mathematical potential in assignments,
and the duration of teacher assistance received. This combination of self-reported attitudes
and teacher observations provides a comprehensive view of factors potentially influencing

student academic performance.

4.3 Study Partner List

To evaluate interactions between non-boarding students and their boarding peers, we uti-
lized study partner lists collected during both baseline and follow-up surveys (see Figure B2).

Each student was asked to identify up to ten classmates from the same classroom with whom

14



they most frequently studied or discussed math. From these lists, we constructed a study
group for each surveyed student, comprising all the classmates they nominated. These data
allow us to track changes in social networks between baseline and follow-up surveys and
identify pairwise links between boarding and non-boarding students. Our data shows that
non-boarding students reported an average of five study partners at baseline and six in the

follow-up survey, with approximately 25% of these being boarding students.

4.4 Distance between Students

There is ample evidence that when students are in close physical proximity to one an-
other in an academic context, it is possible that they can influence each other’s academic
performance (Marmaros & Sacerdote, 2006; Rivera et al., 2010). To identify the spatial
diffusion of the interventions and analyze whether spillovers are localized and diminish with
increasing distance, we leveraged data from the final segment of the baseline survey, a graph-
ical representation illustrating the distribution of classroom seating arrangements crafted by
enumerators. Utilizing the data derived from this distribution in Figure B3, the relative
distances between pairs of students were computed through a series of steps. Initially, a
coordinate plane was established within the seating distribution table, with the first row of
the classroom serving as the horizontal axis and the first column as the vertical axis. The
distance between adjacent desks on each axis was standardized as one desk. Subsequently,
coordinates (a;, b;) were assigned to students based on their seat order relative to the origin,
defined as the first seat in the first row. Finally, the disk distance between two students with

coordinates (a1, bj1) and (a2, bj2) was determined.

4.5 Socioeconomic Status of Student

We incorporated students’ socioeconomic and demographic information as covariates in
our model, using variables from the baseline student and teacher surveys. Student variables

included gender, parents’ education, boarding status, relative household wealth, and family
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size. Specially, to measure relative household wealth, we created a family asset index from
survey data on household items. The survey asked about ownership of various household
items, including computers, internet-connected devices, bicycles, microwaves, refrigerators,
air conditioners. We summed the items for each household, counting binary items as 1 or 0.
We then standardized these sums across the sample. Teacher characteristics comprised age,
gender, and education level. Table 1 summarizes student and household demographics and
baseline math test scores. Table 2 compares sample characteristics between treatment and
control groups for non-boarding students, using an ordinary linear regression model. The de-
pendent variable is workbook or CAL treatment, with student and household characteristics
as independent variables. We control for class size, number of boarding peers, and include
strata fixed effects, with robust standard errors clustered at the class level. Results show sig-
nificant differences between workbook and control groups regarding the presence of boarding
peers at baseline. For CAL, notable distinctions emerge in teacher gender compared to the
control group. These variables are controlled in our treatment effect identification model to

isolate exogenous spillover effects.

5 Empirical Approach

One primary goal of this study is to estimate the spillover effect of two interventions on
nontarget student academic performance. To do so, we use a linear regression model among

non-boarding students:

SCOI"eic,endline = 50 + BICALc,baseline + B2W0rkb00kc,baseline
+ 63B0ardingnumcybaseline + 64C1aSSSizec,baseline + BSXic,baseline (1)

+ ﬁﬁscoreic,baseline + Ts + €5c

where Score;cendiine 1s the standardized mathematics score of student;. at the time of the

follow-up survey; C AL, paseiine and Workbook, paserine represent the treatment status of class,;
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Boardingnume paseline 1s the number of boarding students in class, at baseline; Classsize, pasetine
is the size of class.; and X paseline 1S @ vector of controls at baseline survey of student,.,
including gender (1 = male; 0 = female), grade, number of family members, parents’ educa-
tion level (1 = father or mother has graduated from junior high school; 0 = otherwise), and
standardized asset value of student;. at the time of the baseline survey, as well as teacher
characteristics of age (in years), gender (1 = male; 0 = female), and education level (1 =
teacher has graduated from junior high school; 0 = otherwise). Score;e paseline 1S the stan-
dardized mathematics score of studentic at the time of the baseline survey. 7, is a set of
county-grade (strata) fixed effects, with 27 county-grades (9 counties and 3 grades). ;. is
a random error term. Rather than including classroom fixed effects, which could introduce
exclusion bias in peer effect estimation(Caeyers & Fafchamps, 2024), I opted to adjust stan-
dard errors at the classroom level while controlling for observable classroom characteristics.
This approach allows me to account for within-classroom error correlation without introduc-
ing the mechanical negative relationship between an individual’s outcome and their peers’

outcomes that can arise with fixed effects

We also estimated Equation (1) separately for two distinct groups: non-boarding students
with boarding peers and those without boarding peers. This segregation allowed us to isolate

the potential influence of direct connections to treated students.

6 Main Results

6.1 Spillover Effect on Academic Performance

Table 3 presents the results of estimating Equation (1). The results reveal no spillover
impact from the Educational Technology (EdTech) intervention on non-boarding students.
However, a discernible adverse spillover effect is identified in the case of the workbook inter-
vention, with non-boarding students experiencing a decrease of 0.087 standard deviations in

math test scores compared to the control group after one academic year (column 2, row 2)
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and the difference being significant at 5%. To assess the robustness of our findings, we con-
ducted additional analyses using alternative measures of academic performance. We replaced
absolute scores with two types of relative rankings: within-class rankings, which are typically
of greatest interest to teachers and parents, and within-study group rankings, which reflect
relative academic performance in a student’s immediate social network. The results of these
analyses, presented in Table A2 (for within-class rankings) and Table A3 (for within-study

group rankings), demonstrate the consistency of our results in Table 3.

The observed negative spillover effects on non-boarding students can be attributed to peer
interactions rather than direct access to the interventions, as non-boarding students could
only be exposed to the information of treatments through their boarding peers. Furthermore,
the negative impact on non-boarding students cannot be explained by relative performance
decline within classes, since neither intervention significantly improved boarding students’
academic performance. This indicates that the negative spillovers are primarily driven by
the social interactions between boarding and non-boarding students, with the workbook

intervention showing stronger negative effects (-0.087 SD) compared to the CAL program.

To examine the underlying mechanism more directly, we conduct an additional analysis
of peer effects between paired boarding and non-boarding students within the same class-
room (see Appendix Table A7). This paired-student analysis reveals that under normal
conditions, non-boarding students benefit from high-performing boarding peers, with a one
standard deviation increase in a boarding student’s score associated with a 0.076 standard
deviation increase in their paired non-boarding peer’s performance. However, the treatment
interventions fundamentally alter this relationship. While the CAL program maintains the
cooperative dynamic, the workbook treatment creates a more competitive environment. The
significant interaction term (0.052, p<0.05) combined with the negative main treatment ef-

fect (-0.095, p<0.05) indicates that workbook-treated boarding students’ gains are partially

! As an additional robustness check, we removed 535 students (5.2% of the sample) who switched from
non-boarding to boarding status during the second semester. Results remained consistent with our main
findings, as shown in Table A4.

18



offset by negative effects on their non-boarding peers, consistent with zero-sum competitive

dynamics.

One possible reason for the difference in spillovers between the two interventions is the
environment in which they were conducted. The CAL program took place in a computer
lab, where information diffusion is less effective compared to the classroom setting used for
the workbook treatment. In classrooms, students are in closer proximity, which naturally
facilitates information sharing. Additionally, the implementation process may have played
a significant role. Both interventions were carried out on Sunday afternoons with boarding
students, while non-boarding students were at home. In the classroom setting, instructors
were required to collect the workbooks after each weekly session; however, some students may
have retained their workbooks if they hadn’t finished, potentially leading to more diffusion
than in the CAL program. The paired-student analysis supports this interpretation, show-
ing that the workbook treatment specifically disrupts the typically positive peer learning

dynamics, transforming collaborative relationships into competitive ones.

6.2 Intensity of Treatment

The intervention was implemented across two academic semesters in Chinese primary
schools, starting two months into the first semester. While the planned treatment time
was 1,120 minutes (28 weeks x 40 minutes per session), the actual average engagement
time was lower: 590 minutes for the Computer-Assisted Learning (CAL) program and 636
minutes for the workbook program. This discrepancy was attributed to several external
factors: technical challenges in the CAL program (including unreliable internet, login issues,
and power outages), student absences due to illness or personal reasons, and institutional
interruptions such as local traditional holidays and weather-related closures. These combined

factors resulted in varying treatment intensities across the participant population.

Higher treatment doses may facilitate greater spillover effects to connected students (Bab-
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cock & Hartman, 2010), as intensely treated peers might share more resources, strategies,
and skills. To examine this relationship, we modified our analysis by replacing the binary
treatment indicators C'AL poseiine and Workbook. paseiine With continuous variables of treat-
ment intensity. We measured treatment intensity as the average time boarding students
in treated classes spent on CAL or workbook activities, divided into 10 quantiles. This
approach allows us to assess whether the magnitude of spillover effects correlates with the

degree of treatment exposure among boarding peers.

Our analysis reveals significant variations in spillover effects based on intervention type
and intensity. Regression results in Table 4 demonstrate that increased workbook usage by
boarding peers correlates with stronger negative spillover effects on non-boarders. Specif-
ically, a 10% increase in workbook time by boarding classmates corresponds to a 0.014
standard deviation reduction in academic performance for all non-boarders, and a 0.018
standard deviation reduction for those with boarding peers (column 1 and 2, row 2). Fig-
ure 2 further illustrates these effects across quantiles. For the CAL intervention (Panel A),
impacts vary non-uniformly across quantiles, with students having boarding peers showing
slightly more stable negative effects. However, wide confidence intervals suggest considerable
uncertainty in these estimates. The workbook intervention (Panel B) displays more consis-
tent patterns, with students having boarding peers generally showing null or more negative
effects compared to those without. Notably, the workbook effects exhibit a larger range
(approximately -0.2 to 0.2) compared to CAL effects (roughly -0.1 to 0.1). These findings
provide strong support for the dose-dependent nature of spillover effects in educational in-
terventions. The more pronounced negative spillover at higher intensity levels of treatment
suggests that social connections play a crucial role in transmitting these effects. They also
highlight the importance of considering not only the presence of an intervention but also its

intensity when evaluating spillover effect.

However, since variations in treatment intensity were determined by endogenous factors
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rather than random assignment (unlike the treatment arms), we will interpret those intensity-

based findings with appropriate caution to avoid drawing causal conclusions.

6.3 Number and Order of Boarding Peers

To explore how network characteristics influence spillover effects, we modified our analysis
to account for both network density and connection strength. Network density, represented
by the number of treated peers, can amplify spillovers as more nodes become “activated”
(Centola, 2010). Simultaneously, stronger connections between individuals, typically char-
acterized by more frequent interactions, may magnify spillover effects by providing increased
opportunities for information and behavior transmission (Granovetter, 1973). To capture
these dynamics, we introduced interactions between the two treatments (CAL and work-
book) and network-related variables into Equation (1). These variables include the number
of boarding peers and whether the first nominated peer is a boarding student. Although
students were not explicitly instructed to nominate study partners based on interaction fre-
quency, we assume that peers nominated earlier in the list interact more frequently with
the respondent. This analysis focuses on non-boarding students who nominated at least one
study partner and is conducted only for those with boarding peers. By examining these in-
teractions, we aim to understand how network structure and connection strength modulate

the spillover effects of our educational interventions. The Equation is as following:

Scoreic,endline = 60 + Bl CALc,baseline + 52W0rkb00kc,baseline
+ B3Network;je paseline + 34 (CALe pasetine X Networkijc baseline )
=+ 65 (WorkbOOkc,baseline X Networkijc,baseline> (2)
+ BBoardingnum,, p.ceiine + BrClasssizec pascline

=+ ﬁBXic,baseline + 5QSC0reic,baseline + s + €

where Networkjepaseiine denotes network-related variables for student;. and all other items
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are consistent with Equation (1). To ensure that treatment coefficients represent average
spillover effects, the number of boarding peers and distance with boarding peers have been
de-meaned by non-boarding students before creating interaction terms. Our analysis re-
veals that network characteristics significantly moderate the spillover effects of educational
interventions, as shown in Table 5. For the workbook intervention, we find that for each
additional treated peer, the negative spillover effect increases by 0.031 standard deviations
(SD) (p < 0.10), and when the first-nominated peer is a boarding student (treated), the
negative spillover effect is 0.120 SD larger (p < 0.05). In contrast, the CAL program shows
no significant variation in spillover effects across different network configurations. These
findings can be interpreted through social comparison theory: Stronger ties facilitate greater
information exchange (Levin & Cross, 2004), closer peers serve as more relevant comparators
(Zell & Alicke, 2010), and students with more treated friends may perceive a disadvantage
in their own educational opportunities (Fiske, 2010). The differential effects between work-
book and CAL interventions suggest that the visibility of the intervention may play a role in
triggering social comparison processes. These results underscore the importance of consider-
ing network structures and social dynamics when implementing and evaluating educational

interventions, as they can significantly influence spillover effects.

6.4 Spatial Fade-out

The relative distance between treated peers, represented by path length in network terms,
may influence the persistence of peer effects as they spread through the network. Since
information spread and the strength of peer influence declines with social distance (Aral &
Nicolaides, 2017; List et al., 2023), we expect to observe a spatial pattern: the spillover
effects of the workbook should diminish as we broaden the relative distance between non-
boarding students and their boarding peers. To further explore this pattern and shed light
on the relationship between spillover effects and distance, we calculated the mean value of

desk distance to boarding peers, ranging from 0 to 12, with values of 9-12 recorded as 8 to
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ensure adequate statistical power. This analysis only includes samples of individuals who

have interacted with boarding peers at baseline.

We examine heterogeneity by distance using Equation (2), where cross terms represent
interactions between treatments and relative distance. According to the results in Table 5
(column 3), we did not observe a significant difference in treatment effect with increasing
average distance. Therefore, we cannot conclude that the spillovers of the two interventions
are localized and decrease as the distance to a treated peer increases. This unexpected finding
challenges conventional theories that peer influence weakens with increased social distance,
as we find no significant attenuation of workbook intervention spillover effects as physical
distance between students increases. Several factors could explain this result: The contained
classroom environment facilitates interaction regardless of seating distance, the high visibility
of workbooks makes them salient to all students, and effects may spread through social
networks rather than physical proximity. Additionally, the motivational impacts we identified
may operate at a classroom-wide level through general awareness rather than direct peer
transmission. This suggests that in close-knit classroom environments, the visibility and
psychological impact of targeted resources may matter more than physical distance in shaping

outcomes.

7 Identifying the Social Network Mechanism

Understanding the operation of social networks in educational settings is crucial to ex-
plaining how supplementary education interventions, which directly influence boarding stu-
dents’ academic performance, may indirectly affect their non-boarding peers. In the context
of limited educational resources in rural primary schools in China, supplementary education
interventions would make the learning environment more competitive (Chen & Hu, 2024;
Ramirez et al., 2016). Furthermore, the interventions may crowd out existing educational

resources for non-boarding students, perhaps through preference changes among teachers.
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To investigate the spillover effects on competiton between students and teachers’ perceptions
of students following the introduction of CAL and workbook interventions, we refined our
analytical approach in Equation (1). Instead of using math scores as the primary outcome
variable, we substituted various mediators collected during the follow-up survey. These me-
diators include measures of peer relationships, student-teacher interactions, academic self-
perception, and other relevant social and academic indicators that described in the Data
section. We also included related baseline variables as covariates where applicable. We will
estimated Equation (2) and present results separately depending on whether non-boarding
students have established connections with boarding peers at baseline. This segregation

allowed us to isolate the potential influence of direct connections to treated students.

7.1 Competition between Peers
Assessing the Program’s Impact on Classroom Competitiveness

We first tested the competition hypothesis by examining whether supplementary educa-
tion interventions created a more competitive learning environment. We analyzed the impact
of interventions on non-boarding students’ willingness to work in groups, test score disper-
sion within classes or study groups, and the likelihood of having boarding peers at follow-up.
Following Abramo et al. (2012), Fallucchi et al. (2021), and Hoxby (2000), we used test score
dispersion in the class ? as a proxy for competitiveness in the learning environment. Our
results in Table 6 revealed no negative spillover effects from the workbook intervention on
these measures for non-boarding students with boarding peers. Contrarily, the Computer-
Assisted Learning (CAL) intervention increased these students’ likelihood of studying in
groups. For non-boarding students without links to treated students, the workbook in-
tervention also increased their willingness to study in groups but had no significant effect

on test score dispersion or number of boarding peers. These findings consistently indicate

2Test score dispersion is measured by the standard deviation of test scores within each study group or
classroom.
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that the supplementary education interventions did not negatively impact the collaborative
atmosphere or significantly increase competitiveness within the classroom, suggesting that
increased competition is unlikely to be the mechanism behind the observed negative spillover

effects on non-boarding students.

Academic Anxiety and Motivation of Non-boarding Students

Prior research discussed in Conceputal Framework suggests that improved academic per-
formance of boarding students may influence the anxiety levels and motivation of their
non-boarding peers (Jackson & Bruegmann, 2009; Ramirez et al., 2016; Ryan & Deci, 2017).
To further investigate these potential channels, we employed Equation (1), replacing the
original outcomes with mediators related to the math learning process. These mediators

include academic anxiety, confidence, and both intrinsic and instrumental motivation.

Table 7 presents the results of our analysis, revealing that the spillover effects of the
workbook intervention vary depending on the level of interaction between non-boarding
and boarding students. For non-boarding students who study alongside boarding peers,
the intervention reduces their instrumental motivation by 0.051 points (pj0.10, column 4,
row 2). Conversely, no negative spillover effects on academic motivation were observed for
non-boarding students who lack direct interaction with boarding peers. Interestingly, the
intervention decreases anxiety scores by 0.1 points (pj0.05, column 1, row 8) for non-boarding
students with less interaction with boarding counterparts. While modest, this effect suggests

unexpected benefits in stress alleviation for this group.

A closer examination of instrumental motivation, as shown in Table 8, reveals significant
negative spillover effects on two out of four items for non-boarding students who have board-
ing peers. These items are: (1) “Studying mathematics is very important to me because it
will enhance my future job skills” (-0.042 points, pj0.05); and (2) “Mathematics is a rela-
tively important subject for me because I will need to use it in my future studies” (-0.041

points, pj0.10). These effects indicate that the intervention may be inadvertently altering
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non-boarding students’ perceptions of the long-term values of mathematical learning. This
shift could be attributed to three main factors. First, non-boarding students may perceive
that their educational needs are being deprioritized. Second, they may question the value of
regular classroom instruction when compared to supplementary programs. Third, they may
reassess their academic standing and future opportunities relative to boarding peers who

receive additional support.

7.2 'Teacher Perceptions

The Halo Effect Theory, initially proposed by Thorndike (1920), suggests that teachers’
overall impressions of students can influence their evaluations of academic performance. Ma
et al. (2024) observed that both the CAL program and workbook intervention improved
teachers’ rankings of boarding students. Building on this observation, we hypothesize that
receiving supplementary training may serve as a positive signal to teachers. Consequently,
we aim to investigate whether the cognitive bias associated with the Halo Effect could lead to
positive spillover effects on teachers’ perceptions and expectations of non-boarding students
who have connections with intervention recipients. If present, these altered perceptions could
potentially impact teacher-student interactions and, ultimately, classroom management. To
test those hypothesis, we measured teacher evaluation bias. This bias is calculated by com-
paring teachers’ evaluations of student rankings to the students’ actual score rankings within
classroom during follow-up survey. We then employed this post-intervention evaluation bias
as the outcome variable in Equation (1). To account for pre-existing biases and ensure a
valid comparison, we included the corresponding bias from the baseline survey as a control

variable in our analysis.

Table 9 presents our analysis of teacher evaluation bias, revealing significant effects of the
workbook intervention on teachers’ perceptions. These effects are associated with students’
connections to boarding peers. For non-boarding students with boarding peers, teachers

tend to overestimate academic performance, ranking these students approximately 1 position
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higher (p < 0.05) than their actual test score ranking (column 2, row 2). Conversely, for
non-boarding students without boarding peers, teachers tend to underestimate performance,
ranking these students about 1.6 positions lower (p < 0.05) than their actual test score
ranking (column 3, row 2). These findings suggest that the workbook intervention induces
the Halo Effect, leading to a positive bias in teacher evaluations of non-boarding students
who interact more frequently with intervention recipients, while creating a negative bias for

non-boarding students without such connections.

Did this bias affect how teachers allocated their time and managed their students? To
answer this, we further investigate the spillover effects on teachers’ perceptions by examin-
ing their post-intervention assessments of non-boarding students in-class behavior and the
level of assistance provided to these students by using Equation (1). The outcome variables
include teachers’ evaluations of students’ distractibility, tendency to interrupt, demonstra-
tion of math ability, and estimated weekly time spent assisting each student. To ensure
accurate comparisons, we replaced baseline test scores with corresponding pre-intervention
survey variables where applicable. Our analysis, presented in Table 10, reveals no negative
spillover effects from the intervention. Notably, for non-boarding students without boarding
peers, the workbook treatment leads teachers to perceive an increased likelihood (6.8%, p <
0.1) that these students are exerting their full effort in studying mathematics (column 3, row
8). This finding suggests that while the intervention may have led teachers to overestimate
the academic performance of students connected with treated peers, it did not significantly
alter teachers’ evaluations of other in-class behaviors or reduce the time invested in their
students. These results indicate that the intervention primarily influenced academic assess-
ment perceptions without affecting the teachers’ overall approach to student interaction or

classroom management.

To test whether these spillover effects operate through direct peer-to-peer interactions

rather than general classroom dynamics or teacher behavioral changes, we examine how

27



individual peers’ academic performance directly affects non-boarding students when only
boarding peers receive treatment (see Appendix A5). The analysis reveals that non-boarding
students normally benefit from high-performing peers regardless of boarding status, with pos-
itive peer effects of similar magnitude for both boarding and non-boarding peers. However,
the workbook treatment fundamentally disrupts peer relationships throughout the classroom
social network. Notably, the workbook intervention creates negative effects not only when
boarding peers receive treatment, but also affects relationships among non-boarding peers
who did not receive any treatment themselves. This suggests that the workbook interven-
tion generates classroom-wide competitive dynamics that extend beyond direct treatment
recipients to alter the entire peer learning ecosystem. When some students receive intensive
workbook training, it appears to shift the collaborative norm within the classroom, mak-
ing all peer relationships more competitive rather than cooperative. In contrast, the CAL

treatment maintains cooperative peer learning dynamics across all student pairs.

8 Heterogeneity on Gender

In rural Chinese primary schools, educational disparities between female and male stu-
dents naturally arise from gender discrimination in the social environment and gender in-
equality in family values (Hannum, 2005; Hannum et al., 2021; Wu, 2024). Therefore, it
is worthwhile to investigate gender-specific responses to peers receiving supplementary ed-
ucation in the context of such an uneven distribution of educational resources. We analyze
non-boarding students separately by gender using Equation (1). Panel A of Table 11 reveals
that workbook interventions have a more pronounced adverse spillover effect on female stu-
dents who have boarding peers, decreasing their scores by 0.108 SD (pj0.01), while showing
no significant impact on male students (column 1 and 2, row 2). We also estimated spillover
effects by different genders for non-boarding students without boarding peers, presented in

Panel B. These findings indicate that spillover effects from both interventions are insignifi-
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cant when non-boarding students are not exposed to boarding peers, suggesting that negative

spillovers can be mitigated in such circumstances.

We further analyzed whether instrumental motivation remains the primary channel through
which negative spillover operates, using Equation (1) but replacing the outcome variable with
instrumental motivation and its first two items, which have been significantly impacted by
the workbook intervention for the entire population. Analyzing separately the subgroups
of non-boarding students with and without boarding peers, we found that for non-boarding
students with boarding peers, the workbook intervention reduced female students’ instru-
mental motivation by 0.119 points (pj0.05, column 3, row 2). Specifically, it affected two
items: “Studying mathematics is very important to me because it will enhance my future
job skills” (-0.098 points, pj0.1) and “Mathematics is a relatively important subject for me
because I will need to use it in my future studies.” (-0.07 points, pj0.1)(column 5 and 7,
row 2) In contrast, the workbook intervention had no significant effect on instrumental mo-
tivation for non-boarding students without boarding peers. According to Table A6, when
comparing the above treatment effects by gender, we find significant differences between fe-
male and male students in the workbook treatment, but only among students with boarding
peers (Panel A). Specifically, the difference is significant for instrumental motivation (0.121,
pj0.05) and math effort worthwhile (0.104, pj0.05). In contrast, among students without

boarding peers (Panel B), we observe no significant gender differences in treatment effects.

These results further corroborate the presence of spillover effects propagating through
interactions between boarding and non-boarding peers. Additionally, they highlight that
future-oriented motivation emerges as a significant channel for these effects. Most impor-
tantly, they indicate that even if the workbook interventions are distributed equally among
boarding students regardless of gender, non-boarding female students might still feel at a
greater comparative disadvantage than their male counterparts, where the latter are more

accustomed to receiving preferential treatment in education. Because of these existing dis-
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parities, female students may be more acutely aware of any changes in educational resources
within their peer group. When they see their boarding peers (both male and female) receiv-
ing additional resources through workbook interventions, it may highlight and exacerbate
their sense of disadvantage. In addition, observing peers receive additional resources might
lead female students to question their own abilities and potential, especially if they per-
ceive these resources as necessary for success, which could result in a decline in academic

motivation.

9 Conclusion

Our findings reveal distinct patterns in how supplementary educational interventions af-
fect nontarget students. Traditional workbook interventions negatively impact peers who
don’t receive the intervention, while EdTech interventions, conducted outside the classroom,
show no spillover effects. These negative spillovers appear linked to direct classroom inter-
actions with intervention recipients. The magnitude of negative effects increases with both
“treatment dose” (time spent on workbooks) and exposure to treated peers. Specifically,
the spillover intensity correlates with both the number of treated peers and the frequency of
interactions with them. These effects manifest primarily through decreased future-oriented
motivation among nontarget students. Importantly, neither intervention altered teachers’
attention to non-boarding students or classroom competition levels. In stead, we observed
shifts in teacher perceptions, with teachers showing preference for nontarget students who
frequently study with their treated peers. In resource-constrained environments, boys - who
typically receive more familial attention - demonstrate greater resilience to these negative

spillovers.

Our work has several important policy implications. First, in the realm of educational
intervention design, our results underscore the critical need for policymakers and program

designers to consider not only the direct effects on target individuals but also the potential
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spillover effects on nontarget peers. The stark contrast between the null effects of EdTech
interventions and the negative spillovers from traditional workbook interventions highlights
the importance of intervention method and implementation context. Second, for organiza-
tional management, our study emphasizes the necessity of carefully evaluating how targeted
training or resource allocation might affect team dynamics and individual motivation. The
observed changes in teacher perceptions and the decline in future-oriented motivation among
nontarget students call for strategies that maintain perceived equity in resource distribution.
Third, in terms of human capital development, our research challenges the assumption that
selective interventions in resource-constrained environments will naturally yield positive out-
comes for all. Instead, it suggests that skill development and knowledge transfer strategies
should be designed with a holistic view of the entire group or organization, not just the
direct recipients. Policymakers and leaders should consider implementing more inclusive
intervention strategies or, when selective interventions are necessary, develop complemen-
tary measures to mitigate potential negative spillovers on nontarget individuals. These
considerations are particularly crucial in resource-constrained settings where the equitable
distribution of educational resources can have far-reaching implications for long-term human

capital development and social mobility.

We acknowledge several limitations in our study. Firstly, the boarding status of 535
students (5.2% of the sample) changed from non-boarding to residing on campus during
the second semester of the academic year. Despite not receiving the intervention, their
learning environment underwent a significant transformation. Fortunately, we identified and
excluded these students, conducted a robustness check, and confirmed that their exclusion
did not impact our main findings (Table A4). Secondly, information dissemination extends
beyond the confines of the student study group and even the classroom. Students may
exchange information with classmates they do not frequently study with, or even with peers
from the same school but different classrooms or neighborhoods. Due to the absence of

a comprehensive map detailing their social networks, we are unable to measure spillovers
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through these potential channels, leaving room for future research to explore this aspect.
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Tables

Table 1 — Descriptive Statistics

Variable Mean SD Min Max N
Fourth grade 0.304 0.460 0 1 6414
Fifth grade 0.350 0.477 0 1 6414
Sixth grade 0.345 0.476 0 1 6414
Gender (1=male; O=female) 0.530 0.499 0 1 6414
Mother graduated from primary school 0.434 0.496 0 1 6414
Father graduated from primary school 0.516 0.500 0 1 6414
Family asset index 0.275 1.638 —1.874 3.561 6414
Number of family members 5.036 1.534 2 17 6414
Math test score at baseline 0.028 0.979 —4.294 1.973 6414
Has boarding peers at baseline 0.608 0.488 0 1 6414
Teacher’s gender (1=male; 0=female) 0.525 0.499 0 1 340
Teacher’s age (years) 37.115 9.074 22.168 60.167 340
Teacher graduated from two-year college 0.632 0.482 0 1 340
Class size 40.255 13.312 5 76 340
Number of non-boarding students 27.311 12.159 1 61 340

Note: The family asset index is derived from survey data on household items. It includes ownership of various
household items, including computers, internet-connected devices, bicycles, microwaves, refrigerators, and
air conditioners. We summed the items per household, with binary items counted as 1 or 0. These sums
were then standardized across the sample to create the index.

Source: Authors’ survey.
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Table 2 — Comparisons of Sample Characteristics Between Treatment and Control Groups

(1) (2)
Workbook-Control CAL Program-Control
Student’s gender (1=male; O=female) 0.013 0.004
(0.013) (0.013)
Mother graduated from junior high school 0.012 0.021
(0.017) (0.019)
Father graduated from junior high school -0.023 0.010
(0.017) (0.017)
Family asset index -0.010 -0.005
(0.006) (0.005)
Number of family members 0.006 0.009
(0.007) (0.007)
Teacher’s gender (1=male; O=female) 0.026 0.190**
(0.090) (0.095)
Teacher’s age (years) 0.004 -0.006
(0.005) (0.005)
Teacher graduated from two-year college 0.002 0.060
(0.102) (0.098)
Class size -0.005 0.000
(0.003) (0.003)
Number of boarding peers 0.000 -0.007
(0.007) (0.007)
Standardized score at baseline survey 0.010 0.014
(0.012) (0.012)
Exposure to boarding peers -0.055%* -0.005
(0.025) (0.024)
Constant 0.492** 0.581**
(0.218) (0.226)
Observations 4,353 4,320
R-squared 0.085 0.082
P-value (F-test) 0.382 0.353

Note: Cluster and class fixed effects are included; Standard errors are clustered at the grade level and robust

standard errors in parentheses.
X p < 0.01, ** p < 0.05, *p <0.1
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Table 3 — Treatment Effect on Non-boarding Student Academic Performance

(1) (2) (3)
Whole Sample Has Boarding Peers No Boarding Peers
CAL Program 0.018 0.006 0.047
(0.038) (0.041) (0.053)
Workbook Treatment -0.048 -0.087** 0.014
(0.038) (0.041) (0.053)
Control Mean 0.021 0.071 -0.063
Observations 6,414 3,898 2,516
R-squared 0.422 0.422 0.435

Note: The model controls for outcomes at baseline. Student and teacher characteristics are controlled. All
estimates include strata fixed effects. Robust standard errors are in parentheses (adjusted for clustering at

the class level).
*¥** p < 0.01, ¥ p < 0.05 *p < 0.1
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Table 4 — Effect of Treatment Intensity on Non-boarding Student Academic Performance

(1) (2) (3)
Whole Sample Has Boarding Peers No Boarding Peers

CAL Program -0.002 -0.002 0.000

(0.006) (0.006) (0.008)
Workbook Treatment -0.014** -0.018%** -0.008

(0.005) (0.006) (0.007)
Control Mean 0.021 0.071 -0.063
Observations 6,414 3,898 2,516
R-squared 0.423 0.422 0.435

Note: The model controls for outcomes at baseline. Student and teacher characteristics are controlled. All
estimates include strata fixed effects. Robust standard errors are in parentheses (adjusted for clustering at

the class level).
*¥** p < 0.01, ¥ p < 0.05 *p < 0.1
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Table 5 — Heterogeneity on Social Network Characteristics

Dependent Variable: Math Test Score

(1)
Number of
Boarding Peers

(2)
Order of Nominated
Boarding Peers

(3)
Desk Distance
with Boarding Peers

CAL Program 0.017 0.038 0.005
(0.038) (0.044) (0.041)
Workbook Treatment -0.047 -0.018 -0.082%*
(0.037) (0.040) (0.041)
Number of Boarding Peers 0.019
(0.013)
CAL*Number of Boarding Peers -0.012
(0.018)
Workbook*Number of Boarding
Peers -0.031*
(0.018)
First Nominated Peer is Boarding 0.047
(0.041)
CAL*First Nominated Peer
is Boarding -0.088
(0.057)
Workbook*First Nominated Peer
is Boarding -0.120**
(0.053)
Desk Distance with Boarding Peers 0.011
(0.011)
CAL*Desk Distance with
Boarding Peers -0.016
(0.015)
Workbook*Desk Distance with
Boarding Peers 0.005
(0.017)
Control Mean 0.021 0.029 0.071
Observations 6,414 6,343 3,894
R-squared 0.426 0.420 0.422

Note: Social network characteristics were collected from baseline, including number, order of boarding peers
and distance with boarding peers. The number of boarding peers and distance with boarding peers have

been de-meaned by non-boarding students.

The model controls for outcomes at baseline. Student and

teacher characteristics are controlled. All estimates include strata fixed effects. Robust standard errors are
in parentheses (adjusted for clustering at the class level). Missing values in column 2 occur because 71
students in our sample have no friends. We only include samples of whoever interacted with boarding peers

in the regression in column 3.
R p < 0.01, ** p < 0.05, *p < 0.1
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Table 6 — Treatment Effect on Non-boarding Student Cooperation and Competition

(1)

Like studying Test score dispersed Test score dispersed

in a group? in the group

(2)

3)

in the class

(4)

Number of
boarding peers

Panel A: Has Boarding Peers

CAL Program 0.053%* -0.025 -0.023 0.014
(0.028) (0.020) (0.018) (0.174)
Workbook Treatment 0.036 -0.006 -0.001 -0.107
(0.025) (0.019) (0.018) (0.179)
Control Mean 0.596 0.780 0.898 6.008
Observations 3,892 3,897 3,898 3,898
R-squared 0.044 0.168 0.326 0.147
Panel B: No Boarding Peers
CAL Program 0.043 -0.031 -0.002 -0.024
(0.028) (0.028) (0.023) (0.243)
Workbook Treatment 0.058%** -0.013 0.009 -0.329
(0.027) (0.028) (0.021) (0.224)
Control Mean 0.548 0.758 0.893 5.640
Observations 2,512 2,424 2,516 2,516
R-squared 0.036 0.181 0.409 0.160

Note: The model controls for outcomes at baseline. Student and teacher characteristics are controlled. All
estimates include strata fixed effects. Robust standard errors are in parentheses (adjusted for clustering at

the class level). Missing values in columns 1 and 2 are due to some students not answering the questions.

0k 1 < 0.01, ** p < 0.05, * p < 0.1
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Table 7 — Treatment Effect on Non-boarding Student Anxiety and Motivation

1) (2) (3) (4)
Anxiety Confidence Intrinsic Instrument
Motivation Motivation
Panel A: Has Boarding Peers
CAL Program -0.002 0.019 0.017 -0.007
(0.034) (0.029) (0.036) (0.030)
Workbook Treatment -0.020 0.011 0.004 -0.051°*
(0.033) (0.029) (0.034) (0.031)
Control Mean 0.024 -0.019 -0.011 0.092
Observations 3,850 3,832 3,841 3,870
R-squared 0.231 0.338 0.226 0.138
Panel B: No Boarding Peers
CAL Program 0.028 0.053 -0.007 0.013
(0.048) (0.046) (0.047) (0.048)
Workbook Treatment -0.102%* 0.049 -0.002 -0.027
(0.050) (0.046) (0.042) (0.043)
Control Mean 0.034 -0.018 -0.006 0.057
Observations 2,484 2,475 2,485 2,497
R-squared 0.232 0.298 0.241 0.132

Note: The model controls for outcomes at baseline. Student and teacher characteristics are controlled. All
estimates include strata fixed effects. Robust standard errors are in parentheses (adjusted for clustering at

the class level). Missing values are due to some students not answering the questions.

0k 1 < 0.01, ** p < 0.05, * p < 0.1
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Table 8 — Treatment Effect on Non-boarding Student Motivation Items (Students with
Boarding Peers Only)

(1) (2) 3) (4)

Math effort Math for Math for Math knowledge
worthwhile future job future studies for future job
CAL Program -0.004 -0.001 0.001 0.001
(0.022) (0.022) (0.022) (0.023)
Workbook Treatment -0.042%* -0.041* -0.017 -0.024
(0.021) (0.023) (0.020) (0.023)
Control Mean 0.495 0.417 0.427 0.469
Observations 3,873 3,878 3,884 3,890
R-squared 0.093 0.070 0.068 0.074

Note: The model controls for outcomes at baseline. Student and teacher characteristics are controlled. All
estimates include strata fixed effects. Robust standard errors are in parentheses (adjusted for clustering at
the class level). The observations include only non-boarding students who have boarding peers. Missing
values are due to some students not answering the questions. Column headers represent abbreviated versions
of the following statements: (1) Making some efforts in mathematics is worthwhile, as it will be helpful to
me in the future; (2) Studying mathematics is very important to me because it will enhance my future job
skills; (3) Mathematics is a relatively important subject for me because I will need to use it in my future
studies; (4) I will learn a lot of knowledge from mathematics, and this knowledge will be helpful for me to
find a job in the future.

R p < 0.01, ** p < 0.05, *p <0.1
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Table 9 — Treatment Effect on Evaluation of Ranking from Teachers Comparing to Actual

Ranking
(1) (2) (3)

Whole Has Boarding No Boarding

Sample Peers Peers
CAL Program -0.247 0.036 -1.028

(0.306) (0.435) (0.760)
Workbook Treatment -0.019 0.993** -1.602**

(0.298) (0.445) (0.669)
Control Mean 0.508 -0.975 0.574
Observations 5,967 3,618 2,349
R-squared 0.597 0.615 0.579

Note: The model controls for outcomes at baseline. Student and teacher characteristics are controlled. All
estimates include strata fixed effects. Robust standard errors are in parentheses (adjusted for clustering at
the class level). Missing values are due to a lack of teacher evaluations from some classes.

Rk p < 0.01, ** p < 0.05, *p < 0.1
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Table 10 — Treatment Effect on Teacher’s Evaluation of Non-Boarding
Students’ Class Performance and their Assistance

(1) (2) (3) )

Distraction Interrupting Math Ability Help from

Frequency  Classmates  Utilization = Teachers (Min)
Panel A: Has Boarding Peers
CAL Program -0.004 0.007 -0.019 -0.699
(0.038) (0.028) (0.034) (1.702)
Workbook Treatment 0.048 0.049 -0.030 0.117
(0.034) (0.031) (0.032) (1.618)
Control Mean 0.534 0.295 0.589 17.644
Observations 3,814 3,813 3,812 3,763
R-squared 0.169 0.143 0.152 0.191
Panel B: No Boarding Peers
CAL Program 0.054 -0.005 0.040 -0.473
(0.041) (0.037) (0.042) (1.722)
Workbook Treatment -0.005 0.017 0.068* 0.749
(0.039) (0.042) (0.039) (1.775)
Control Mean 0.577 0.353 0.478 17.692
Observations 2,459 2,459 2,460 2,423
R-squared 0.185 0.142 0.152 0.215

Note: The model controls for outcomes at baseline. Student and teacher characteristics are
controlled. All estimates include strata fixed effects. Robust standard errors are in parentheses
(adjusted for clustering at the class level). Missing values are due to a lack of teacher evalu-
ations from some classes. Column headers represent: (1) Distraction Frequency at Class, (2)
Frequency of Interrupting Classmates, (3) Frequency to Give Full Play to Mathematics Ability,
(4) Getting Help from Teachers (Minutes).
K p < 0.01, ¥ p < 0.05, *p < 0.1
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Table 11 — Heterogeneity in Gender

(1) (2) 3) (4)

Math test score  Instrumental motivation Math effort worthwhile Math for future job

Female Male Female Male Female Male Female Male
Panel A: Has boarding peers
CAL Program  -0.019 0.021 -0.042 0.035 -0.018 0.003 -0.022 0.058

(0.050)  (0.050) (0.051) (0.042) (0.038) (0.035) (0.041) (0.040)
Workbook -0.108**  -0.073 -0.119** -0.008 -0.098%** 0.000 -0.070* -0.045

(0.050) (0.052) (0.049) (0.043) (0.036) (0.033) (0.041) (0.043)
Control Mean 0.098 0.046 0.059 0.018 3.475 3.409 3.289 3.288
Observations 1,872 2,026 1,857 2,013 1,864 2,020 1,869 2,022
R-squared 0.408 0.442 0.147 0.137 0.117 0.091 0.071 0.079
Panel B: No boarding peers
CAL Program  0.037 0.056 -0.013 0.032 -0.021 0.002 0.021 0.041

(0.070)  (0.059) (0.072) (0.060) (0.050) (0.050) (0.056) (0.050)
Workbook -0.074 0.081 -0.008 -0.063 -0.021 -0.058 0.032 -0.005

(0.061) (0.064) (0.059) (0.061) (0.047) (0.047) (0.051) (0.051)
Control Mean  -0.049  -0.074 0.042 -0.060 3.451 3.378 3.299 3.210
Observations 1,142 1,374 1,136 1,362 1,141 1,371 1,140 1,367
R-squared 0.434 0.457 0.135 0.144 0.110 0.097 0.079 0.073

Note: The model controls for outcomes at baseline. Student and teacher characteristics are controlled. All
estimates include strata fixed effects. Robust standard errors are in parentheses (adjusted for clustering at
class level). Missing values are due to some students not answering the questions. Dependent variables:
(1) Standardized math test score, (2) Instrumental motivation, (3) “Making some efforts in mathematics is
worthwhile, as it will be helpful to me in the future”, (4) “I will learn a lot of knowledge from mathematics,
and this knowledge will be helpful for me to find a job in the future”.

¥k p < 0.01, ** p < 0.05 *p<0.1
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Figure 1 — Experimental Timeline and Design
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Figure 2 — Average Marginal Effects by Treatment Intensity

Note: These figures show the average marginal effects of CAL (top) and Workbook (bottom)
by treatment intensity. The x-axis represents learning time in 10 quantiles, and the y-axis
shows the effects on linear prediction. Green lines represent effects for students with no
boarding peers, while pink lines represent effects for students with boarding peers. The gray
shaded areas indicate confidence intervals. Source: Authors’ Survey.
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Appendix A. Appendix tables

Table A1 — Randomization Schedule of the Program

CAL Workbook Control
Boarding 40-minute/week 40-minute/week No interventions
after school after school
in the computer lab in the classroom
4,024 1,345 1,289 1,390
Non-Boarding Leaving school after class, no interventions
6,414 2,061 2,093 2,260

Note: The table shows the randomization schedule of the program with the number of participants in each
category.

46



Table A2 — CAL Program Effects on Math Test Scores and Class Grades

Test Scores Class Grades

(1) (2) (3) (4)
CAL Program 0.033 0.032 1.743* 1.758%*
(0.039) (0.039) (0.919) (0.922)
Workbook Treatment -0.026 -0.029 1.531* 1.603*
(0.046) (0.046) (0.877) (0.876)

Additional Controls No Yes No Yes
R? 0.432 0.436 0.300 0.308

Note: Table is created based on results from Ma et al. (2024). All columns control for baseline measures
(test score or class grade). Even-numbered columns include additional covariates: liking math (scale 1-
100), student age (years), gender, father graduated junior high, mother graduated junior high, teacher
characteristics (teacher gender, teacher experience in years, teacher attended college) and class characteristics
(number of boarding students in the class, class size). Cluster-robust standard errors in parentheses.

Rk p < 0.01, ** p < 0.05, *p < 0.1
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Table A3 — Treatment Effect on Non-boarding Student Ranking within Class

(1) (2) (3)
Whole Sample Has Boarding Peers No Boarding Peers

CAL Program -0.096 -0.226 0.270

(0.183) (0.284) (0.424)
Workbook Treatment -0.092 -0.882%** 1.017%*

(0.196) (0.323) (0.403)
Control Mean 19.693 19.586 19.872
Observations 6,414 3,898 2,516
R-squared 0.455 0.469 0.444

Note: The model controls for outcomes at baseline. Student and teacher characteristics are controlled. All
estimates include strata fixed effects. Robust standard errors are in parentheses (adjusted for clustering at

the class level). Missing values are due to some students not answering the questions.

¥ p < 0.01, ¥ p < 0.05 *p <0.1
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Table A4 — Treatment Effect on Non-boarding Student Ranking within Group

(1) (2) (3)
Whole Sample Has Boarding Peers No Boarding Peers
CAL Program -0.048 -0.021 -0.068
(0.051) (0.069) (0.066)
Workbook Treatment -0.114%* -0.134* -0.050
(0.051) (0.071) (0.059)
Control Mean 3.181 3.548 2.573
Observations 6,414 3,898 2,516
R-squared 0.394 0.359 0.425

Note: The model controls for outcomes at baseline. Student and teacher characteristics are controlled. All
estimates include strata fixed effects. Robust standard errors are in parentheses (adjusted for clustering at
the class level).

¥ p < 0.01, ¥ p < 0.05 *p <0.1
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Table A5 — Peer Effects Between Paired Students

(1) (2)

Peers are Peers are
Boarding Students Non-boarding Students

Score of paired student 0.083*** 0.071***
(0.020) (0.017)
CAL group (1=yes; 0=no) -0.000 0.010
(0.041) (0.042)
CAL x Score of paired student -0.015 0.022
(0.029) (0.022)

Workbook group (1=yes; 0=no) -0.096** -0.100**
(0.045) (0.043)
Workbook x Score of paired student 0.067** 0.049*
(0.031) (0.026)

Standardized score at baseline 0.551%** 0.538%**
(0.023) (0.024)
Score of paired student at baseline -0.009 -0.010
(0.015) (0.011)
Control Mean 0.100 0.0978
Observations 7,854 14,154
R-squared 0.434 0.411

Note: The dependent variable is the standardized math test score of non-boarding students at follow-up.
Column (1) shows results when non-boarding students’ peers are boarding students, and Column (2) shows
results when non-boarding students’ peers are other non-boarding students. The analysis examines how non-
boarding students’ performance is affected by their peers’ performance within the same classroom. Only
boarding students received treatment (CAL or workbook interventions). Student and teacher characteristics
for both the non-boarding student and their peers are controlled. All estimates include strata fixed effects.
Robust standard errors are in parentheses (adjusted for clustering at the class level).

X p < 0.01, ** p < 0.05, *p < 0.1

50



Table A6 — Treatment Effect on Non-boarding Students, Excluding Those Who Changed
Boarding Status

(1) (2) (3)
Whole Sample Has Boarding Peers No Boarding Peers
CAL Program 0.015 0.003 0.044
(0.040) (0.043) (0.055)
Workbook Treatment -0.044 -0.091** 0.024
(0.038) (0.043) (0.053)
Control Mean 0.029 0.081 -0.053
Observations 5,882 3,513 2,369
R-squared 0.417 0.415 0.434

Note: The model controls for outcomes at baseline. Student and teacher characteristics are controlled. All
estimates include strata fixed effects. Robust standard errors are in parentheses (adjusted for clustering at
the class level). 535 students (57.25% of the sample) changed from non-boarding to residing on campus
during the second semester of the academic year and were excluded during analysis.

¥ p < 0.01, ¥ p < 0.05, *p <0.1
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Table A7 — Compare Treatment Effect Between Male and Female

(1) (2) (3) (4)
Math test Instrumental Math effort Math for
score motivation  worthwhile future job
Panel A: Has boarding peers
CAL Program -0.026 -0.046 -0.025 -0.019
(0.050) (0.053) (0.039) (0.043)
Workbook -0.111°%* -0.119%* -0.099%** -0.068%*
(0.050) (0.048) (0.036) (0.041)
Gender (1=male; O=female) 0.008 -0.046 -0.056* -0.016
(0.038) (0.039) (0.032) (0.034)
CAL*Gender 0.062 0.082 0.032 0.076
(0.058) (0.064) (0.046) (0.057)
Workbook*Gender 0.047 0.121°%* 0.104** 0.038
(0.059) (0.057) (0.046) (0.050)
Control Mean 0.071 0.038 3.441 3.288
Observations 3,898 3,870 3,884 3,891
R-squared 0.422 0.132 0.093 0.062
Panel B: No boarding peers
CAL Program 0.047 -0.006 -0.020 0.019
(0.075) (0.075) (0.052) (0.057)
Workbook -0.055 -0.005 -0.023 0.034
(0.067) (0.060) (0.049) (0.050)
Gender (1=male; O=female) 0.032 -0.043 -0.038 -0.057
(0.060) (0.051) (0.045) (0.049)
CAL*Gender 0.001 0.027 0.019 0.021
(0.084) (0.074) (0.060) (0.068)
Workbook*Gender 0.124 -0.069 -0.038 -0.039
(0.079) (0.073) (0.060) (0.066)
Control Mean -0.063 -0.013 3.412 3.249
Observations 2,516 2,497 2,511 2,506
R-squared 0.436 0.131 0.095 0.070

Note: The model controls for outcomes at baseline. Student and teacher characteristics are con-
trolled. All estimates include strata fixed effects. Robust standard errors are in parentheses (ad-
justed for clustering at class level). Missing values are due to some students not answering the

questions.

0k 1 < 0.01, ** p < 0.05, * p < 0.1
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Appendix B. Appendix figures

Density

Test Score

Boarding Student Non-boarding Student

Figure B1 — Distribution of Standardized Math Test Score at Baseline between Boarding
and Non-Boarding Students

Note: This figure shows the distribution of standardized math test scores at baseline for boarding
and non-boarding students. The x-axis represents the standardized score, and the y-axis
represents the density.
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Figure B3 — Seat Distribution Table

Note: This figure displays the form used to record seat distribution within the classroom. The

first column starts from door, and the first row starts from podium.
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Appendix C. Items of Math Learning Attitude scales

Anxiety included 5 items: a) I often worry that it will be difficult for me in mathematics
classes; b) I get very tense when I have to do mathematics homework; ¢) I get very nervous
doing mathematics problems; d) I feel helpless when doing a mathematics problem; e) I

worry that I will get poor grades in mathematics.

Self-concept included 5 items: a) I am just not good at mathematics; b) I get good
grades in mathematics; ¢) I learn mathematics quickly; d) I have always believed that math-
ematics is one of my best subjects; e) In my mathematics class, I understand even the most

difficult work.

Intrinsic motivation included 4 items: a) I enjoy reading about mathematics; b) I
look forward to my mathematics lessons; ¢) I do mathematics because I enjoy it; d) I am

interested in the things I learn in mathematics.

Instrumental motivation included 4 items: a) Making an effort in mathematics is
worth it because it will help me in the work that I want to do later on; b) Learning math-
ematics is worthwhile for me because it will improve my career prospects and chance; c)
Mathematics is an important subject for me because I need it for what I want to study later

on; d) T will learn many things in mathematics that will help me get a job.
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