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a b s t r a c t

The education of the disadvantaged population has been a long-standing challenge to ed-

ucation systems in both developed and developing countries. Although computer-assisted

learning (CAL) has been considered one alternative to improve learning outcomes in a cost-

effective way, the empirical evidence of its impacts on improving learning outcomes is mixed.

This paper uses a randomized field experiment to explore the effects of CAL on student aca-

demic and non-academic outcomes for students in migrant schools in Beijing. Our results

show that a remedial CAL program held out of regular school hours improved the student

standardized math scores by 0.15 standard deviations and most of the program effect took

place within 2 months after the start of the program. Students with less-educated parents

benefited more from the program. Moreover, CAL also significantly increased the students’

interest in learning.

© 2015 Elsevier Ltd. All rights reserved.
1. Introduction

The education of poor and disadvantaged population has

been a long-standing challenge to education systems in both

developed and developing countries (e.g. Glewwe & Kremer,

2006; Planty et al., 2008; World Bank, 2004). In confronting

the challenge, efforts have been made to provide adequate
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educational inputs such as textbooks and school facilities

for disadvantageous populations in both developed and

developing countries. Unfortunately these initiatives seem

to have been unsuccessful in advancing learning outcomes

(e.g., Glewwe & Moulin, 2002; Glewwe & Zitzewitz, 2004;

Hanushek, 1986, 1995). As a consequence, researchers are

actively exploring other ways of delivering educational

inputs in order to better improve learning outcomes.

Computer-assisted learning (CAL) is one such alternative

(e.g., Banerjee, Cole, Duflo, & Linden, 2007; Barrow, Markman,

& Rouse, 2008; Linden, 2008). Computer-assisted learning
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involves the use of computers and modern computing

technologies, embodied in both software and hardware

devices, to enhance learning via computerized instruction,

drills and exercises (Kirkpatrick & Cuban, 1998; Present’s

Committee of Advisors on Science and Technology, 1997). For

students that live in vulnerable populations who often have

to go to schools that are poor in quality, CAL can be a good

substitute for teachers when the teachers are not available

or have too little training and/or motivation to provide

adequate instruction to the students either during or after

school hours. CAL can also provide remedial tutoring services

when commercialized services are either not available or not

affordable. Finally, CAL can provide help that parents who

are illiterate or too busy cannot provide. In these senses, CAL

can be particularly effective in developing countries, where

schools are plagued with poor facilities and unqualified

teachers and computer technologies are relatively new and

may be beyond the purchase options for most families.

Despite its promise, the empirical evidence on the effec-

tiveness of CAL in promoting learning is mixed (e.g. Angrist

& Lavy, 2002; Fuchs & Woosmann, 2004; Goolsbee & Guryan,

2006). An important limitation of these early studies is that

they usually examined CAL as a form of an educational in-

put with little attention to how computers were used in the

schools. Later studies improved on these early studies by eval-

uating well-defined individual CAL programs using random-

ized experiments also found mixed evidence of the effective-

ness of CAL (e.g., Barrow et al., 2008; Dynarski, 2007; Rouse

& Krueger, 2004).

The existing literature has several limitations that have

contributed to the ambiguous assessment of the effective-

ness of CAL programs. First, the majority of CAL evaluations

have been done in the context of developed countries, where

educational resources may be abundant and computers are

not novel to the students. Thus, it may not to be surprising

that many studies have found no significant beneficial effects

of CAL on learning outcomes. However, there are few evalu-

ations of CAL in the context of developing countries—where

educational resources are highly constrained and access to

technologies is limited. In the rare cases in which CAL pro-

grams in developing countries have been evaluated, most

show positive effects on student test scores (Banerjee et al.,

2007; He, Linden, & MacLeod, 2008; Linden, 2008). Second,

instead of being supplementary to regular school time, many

of the CAL programs in the existing literature often interfere

with the regular school curriculum (as students are pulled

out of class for CAL sessions). As a consequence, part of the

full impact of CAL may be offset by the negative effects of

missing classes, creating a downward bias in the estimation

of the genuine impacts of the CAL intervention (Angrist &

Lavy, 2002; Linden, 2008; Rouse & Krueger, 2004). Finally,

besides academic performance, CAL might also have benefi-

cial effects on non-academic outcomes. These non-cognitive

outcomes, to our knowledge, have seldom been examined in

the literature.

The overall goal of this paper is to explore the nature of

the effects of CAL on not only student academic outcomes

but also non-academic outcomes among underserved stu-

dent populations in a developing country. In pursuit of this

goal, we identify four particular objectives. First, we examine

the immediate impacts of a CAL math program implemented
out of regular school hours on student academic performance

in math (as measured by standardized test scores). Second,

we examine how the program effects change over time and

across students with different academic and family back-

grounds. Third, we examine the spillovers of a math-focused

CAL program on student academic performance in other sub-

jects (in our case, language class). Finally, we investigate the

impacts of CAL on non-academic student outcomes, an ef-

fect that has almost never been reported in the literature.

Specifically, we examine the effect of the CAL intervention

on the interest that students have in learning; student self-

confidence; and self-efficacy in studying.

To meet this goal, in this paper we present the results of

a randomized field experiment of a CAL program involving

over 4000 third-grade students, mostly aged 9 and 10, from

poor migrant families, in 43 migrant schools in Beijing. Mi-

grant schools are private-run for-profit schools specifically

serving migrant children. These schools are unregulated by

the state and are typically thought to provide low quality edu-

cation. Urban residents never send their children to migrant

schools. Students in migrant schools are vulnerable in the

sense that their teachers are busy and underpaid and almost

never offer out of class tutoring; parents of the students are

often poor and inadequately educated and, thus, can neither

afford commercial tutoring nor are they able to effectively

tutor their own children.

While our research design for computer-assisted learning

is similar in many ways to Banerjee et al. (2007) and Linden

(2008), there remain several differences. The most important

feature of our research design is that we include an addi-

tional set of control schools to detect any program spillovers

onto the control group. Second, we used within school (be-

tween class) randomization to both eliminate school-level

confounding influences and improve the efficiency of the es-

timation. Third, our CAL program was implemented out of the

regular school hours and thus was able to avoid any down-

ward bias of the estimation of the treatment effect due to

substitution effects.

Our results show that a remedial CAL program held out

of regular school hours improved the student standardized

math scores by 0.15 standard deviations and most of the pro-

gram effect took place within 2 months after the start of

the program. Students with less-educated parents benefited

more from the program. The CAL program also significantly

increased the interest of students in learning. We observe no

significant spillovers of CAL program in math onto Chinese

language test scores. Our results are also shown to be robust

to the potential threats of the program spillovers.

The rest of the paper is organized as follows. The first sec-

tion briefly lays out the context of the study—migrant schools

and migrant education in Beijing. The next section reviews

the study’s approach, including the research design and sam-

pling, an explanation of the intervention, a description of the

data and an explanation of the statistical approach. The fol-

lowing sections present the results, discuss the findings and

conclude.

2. Migrant schools and migrant education in Beijing

As China’s economy has grown over the past 30 years,

the number of rural-to-urban migrants has increased to
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1 In the multi-site cluster randomized trial, within each site (school) we

randomly assigned one class to treatment group and the other classes to

control group. We calculated that we require 45 individuals per class and

24 classes per group to detect a standardized effect size for the outcome

variable of 0.25 with 85% power at the 5% significance level. We assumed

an intra-cluster correlation of 0.25, a pre- and post-intervention correlation

of 0.5, 60% reduction in the between-class variation by blocking on school

affiliations, the variability in effect sizes equal to 0.01 and a 15% loss to

follow-up.
150 million, among which, 20 million are children of school

age (All-China Women’s Federation, 2008; Sa, 2004). As ur-

ban public schools can only accommodate a small fraction

of migrant children, limited space and steep out-of-district

school-access fees unaffordable to many migrant families,

compel most migrant children to attend for-profit schools

that specifically serve children from poor migrant families

(migrant schools). The students in these migrant schools are

exclusively migrant children—no urban children enroll in

these schools. In Beijing it is estimated that 70% of migrant

children attend migrant schools (Tao & Yang, 2007).

Migrant schools often have poor facilities, under-qualified

and unmotivated teachers with high job turnover and frag-

mented curricula (CCAP, 2009; Ding, 2004; Han, 2004;

Human Rights Watch, 2006; Kwong, 2004; Liu, 2002; Ma,

Bai, Liu, Pang, & Rozelle, 2008). Due to their private nature,

migrant schools are often unacknowledged by the munici-

pal government and rarely receive any support (Han, 2004;

Kwong, 2004). Worse still, these schools are often transient,

with sudden closings due to anything from having their leases

pulled because of rebuilding projects to local regulation vio-

lations. This transience discourages long-term investment in

these schools. The poor quality of facilities and under quali-

fied teachers have almost certainly created an environment

in which migrant children are underperforming education-

ally (e.g.; Lai et al., 2011; Song, Loyalak, & Wei, 2010). For

example, Lai et al. (2014) found that after controlling for in-

dividual and family backgrounds, students in public schools

still outperformed on academic tests those in migrant schools

by around 12 points on a 0–100 scale. Moreover, the longer

migrant children stayed in migrant schools, the worse their

performance was.

Improving educational quality and student performance

in migrant schools has important implications for the chil-

dren of China’s 150 million migrant workers now and in the

future as the migrant population continues to grow. When

children of well-off families fall behind in study, their par-

ents can either send them to commercial remedial tutoring

programs, or the parents themselves almost always make ef-

forts to assist their children in their coursework. Their schools

and teachers also can help them catch up via various school-

sponsored, remedial tutoring programs. However, migrant

students do not have the above privileges. According to our

survey data, only 13% of the migrant parents have a high

school diploma, and they are too poor to afford commercial

remedial tutoring services. Moreover, migrant school teach-

ers are rarely competent and often lack the motivation and

dedication that is needed to help their students.

3. Sampling, data and methods

3.1. Sampling and the process of randomization

We conducted a clustered (at the class level) RCT of CAL

in Beijing migrant schools in the fall semester of 2010. A total

of 4103 students in 98 classes of 43 Beijing migrant schools

are involved in our study. Among them, 2514 students in

55 classes of 24 schools constitute the main sample. The other

schools/classes serve as additional controls to check for intra-

school spillovers and program spillovers.
To focus our study on districts where migrant schools are

most concentrated, we restricted our sample to the three

districts in Beijing. These three districts are the areas of

Beijing most densely populated by migrants and migrant

schools. Of the 230 migrant schools in Beijing, 69 schools

were in these three districts. Therefore, our sample can be

considered to be representative of the children of migrant

families—most of whom are relatively poor, compared to

the average urban household—who attend migrant schools.

Other migrant families have put their children into urban

public schools. Our sample is not representative of the class of

families/students that are in urban public schools. However, it

should be noted that the majority of migrant children in China

attend migrant schools (Lai et al., 2011). We believe our sam-

ple is reasonably representative of migrant schools across

China, which suffer from poor facilities and teachers, and

whose students often do not receive remedial care at home.

What is more, given that similar shortcomings appear to be

common in poor schools outside of China, such as those in ru-

ral India (Muralidharan & Kremer, 2006) and rural Indonesia

(Newhouse & Beegle, 2006) our sample may also serve as a

useful frame of reference for struggling schools in other LDCs

or underserved neighborhoods in developed countries. In

summary, we believe our study is useful in gauging the effec-

tiveness of computer-assisted learning in schools where poor

students lack high quality teachers and facilities, and have lit-

tle assistance with schoolwork from their parents at home.

Having identified our sample frame, we then proceeded to

exclude schools that had only one class per grade at the grade

3 level. In total, 43 schools met the criteria of having two or

more grade 3 classes. Our power calculations, however, re-

quired that we only needed 24 classes in each of the two

groups (the treatment and control groups) in the 24 schools.1

Therefore, of the 43 schools in the sample frame, we randomly

chose 24 schools as our sample schools (Fig. 1). The rest of the

schools—19 of them—while excluded from being part of the

CAL intervention, were kept as an additional control group

which we use to check the robustness of our empirical re-

sults regarding possible program spillovers (described more

below).

Because the math CAL software we used was only avail-

able at the third grade level, we only examined third-grade

students in our sample schools. All of the third-grade stu-

dents in the 24 sample schools were included in the study

(although only one class in each school received the CAL in-

tervention). In total, there were 2514 third-grade students in

54 classes, approximately 47 students per class in the 24 core

sample schools (Fig. 1). There were more than 48 classes in

the 24 core sample schools because five schools had three

classes and one school had four.

Although the core sample at the baseline survey included

a total of 24 schools and 2514 students, there was some
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Within each school, one class was randomly selected to receive the CAL intervention, 
leaving the other class (classes) as control group(s). 

30 classes allocated to the
Control group (1447 students)

24 schools were randomly selected; all third grade students in 
these schools are included in the sample (2514 students)

Attrition: 86 students 

1361 students
analyzed

Allocation
(Sept 2010)

Follow-up (midterm 
and final evaluation;
November 
&December 2010)

Analysis

Baseline (Sept. 2010)

24 classes allocated to the 
treatment group (1067 students)

1008 students analyzed

Attrition: 59 students

43 migrant schools in Beijing

19 migrant schools 
randomly excluded

Fig. 1. Experiment profile.
attrition by the end of the study. For various reasons (mainly

school transfers and extended absences due to illness or in-

juries), by the time of the evaluation survey we were only be

able to follow up with 1361 in the control classes and 1008

students in the treatment classes in the 24 sample schools

(Fig. 1, final row). In other words, 2369 out of the initial 2514

students were included in our evaluation survey and were

part of the subsequent statistical analysis, implying a moder-

ate attrition rate of 6%. Boys, older students and students with

lower Chinese baseline test scores attrited at higher rates than

other students (Table 1, column 1). Compared with students

that did not attrite, attrition students had more access to some

other types of electronic technology, such as a mobile phone.

Fortunately, not only is the attrition rate low, but it also

appears to be independent of the assignment of the CAL in-

tervention, and thus unlikely to either reduce the validity of

our research design or bias our results. As shown in the fi-

nal row of Fig. 1, the attrition is evenly distributed between

the treatment and control groups. The attrition rate is around

6% for both the control group and the treatment group. The

difference in the attrition rate between these two groups is

not statistically significant. In other words, students did not

leave the sample because they were or were not assigned to

the treatment/control groups. Furthermore, when comparing

the attrition students in the treatment group to those in the
control group, we found they had similar characteristics. This

suggests that, in general, the factors leading to attrition were

largely the same for both groups.

After choosing the 24 schools for the core sample, the

first step of our study was to randomly select one class in

each sample school to receive the CAL intervention. Hence,

our research team randomly selected one third grade class

in each of the 24 program schools to receive the CAL inter-

vention (the treatment group), leaving the rest of the third

grade classes in each school to serve as the control group. In

this way, the baseline student characteristics were balanced

between students in the control classes and those in the treat-

ment classes. The raw and within-school differences between

the treatment and control groups were not only statistically

insignificant for all student characteristics but also small in

magnitude in most cases (Table 2, columns 7 and 8).

3.2. Experiment arms/interventions

Excluding the 19 control schools, whose principals were

never informed of the CAL intervention in the other 24 CAL

sample schools, our experiment focused fully on one group

of treatment classes and one group of control classes in the

same school.
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Table 1

Comparisons of the student characteristics between the attrited students and those remaining in the sample and the characteristics of

attrited students between the treatment and control groups in the 24 program schools.

Sample: sample + attrition observationsc Sample: attrition observationse

Within-school difference Within-school difference

(nonattrition–attrition)d (2) (treatment–control)f (1)

(1) Baseline math score (units of standard

deviation)a

0.25 0.01

(2) Baseline Chinese score (units of standard

deviation)a

0.28∗∗∗ 0.09

(3) Age (number of years) −0.28∗∗∗ −0.26

(4) Female (1 = yes; 0 = no) 0.15∗∗∗ 0.08

(5) Ever used a computer (1 = yes; 0 = no) 0.06 −0.11

(6) Access to other modern technologiesb −0.05∗∗ −0.03

(7) Living with father (1 = yes; 0 = no) 0.04 −0.02

(8) Living with mother (1 = yes; 0 = no) 0.03 −0.06

(9) # of siblings −0.21 0.24

(10) Father has high school or college degree

(1 = yes; 0 = no)

0.00 0.03

(11) Mother has high school or college degree

(1 = yes; 0 = no)

−0.02 −0.05

(12) School dummies Y Y

(13) Observations 2369 145

Source: Authors’ survey.

Robust standard errors clustered at the class level.
a The baseline math/Chinese score is the score on the standardized math/Chinese test that was given to all students in the sample

before the CAL program.
b Access to other modern technologies is the mean value of a set of 0/1 dummy variables including whether the student has used

cell phone, Internet, game console, CAL software, and videos for learning assistance.
c The sample include both the sample observations (non-attrition) and the attrition observations.
d The within-school differences between the attrition and non-attrition observations are calculated by regressions of the row

variables on the dummy variable of non-attrition, controlling for school dummy variables.
e The sample is limited to the attrited observations.
f The within-school difference between the treatment and control group is calculated by regressions of the row variables on the

treatment dummy variable, controlling for school dummy variables.
∗∗ Significant at 5%.
∗∗∗ Significant at 1%.
3.2.1. CAL intervention group (the treatment group)

The main intervention involved computer-assisted math

remedial tutoring sessions which were designed to comple-

ment the regular in-class math curriculum for the Fall 2010

semester. Under the supervision of one teacher–supervisor

trained by our research group, the students in the treat-

ment group had two 40-min CAL sessions per week during

lunch break or after school, thus serving as a supplement to

the regular in-school instruction hours. The sessions were

mandatory and attendance was taken by the teacher–

supervisors. To avoid influence from teachers that might con-

found our estimation of the effect of CAL intervention, none

of the teacher–supervisors were math teachers or the home-

room teachers of the third-grade students. The content—

instructional videos and games—of each session was exactly

the same for all students in all 24 treatment classes and em-

phasized basic competencies in the uniform national math

curriculum. In short, the material was remedial in nature;

was based on the material that was in student textbooks;

and was material taught the same week. The teacher had no

discretion on what was taught in the CAL lessons.

During each session, two students shared one computer

and played animation-based math games designed to help

students review and practice the basic math material that

was being taught in their regular school math classes. When

playing the games, the students first worked out the solutions

with pencils/pens on scratch paper and then submitted the
answers using the keyboards and mice of their computers. If

a student had a math-related question, he/she was encour-

aged to discuss with his/her teammate (the one with whom

he/she shared the computer). The students were not sup-

posed to consult the other teams or the teacher–supervisor.

According to our protocol, the teachers were only allowed

to help students with scheduling, computer hardware issues

and software operations. In fact, in our observations, the ses-

sions were so intense that the attention of the students were

fully on the computer and, while there was a lot of inter-

action between the members of the two-person teams, there

was little communications among the groups or between any

of the groups and the teacher–supervisor.

3.2.2. CAL control group (the control group in the core sample)

Students in the classes that were assigned to the control

group (all classes in the 24 program schools, except for the

classes which received the CAL intervention) did not receive

any CAL intervention. Following the protocol, they were not

allowed to access the computers. They were also not allowed

to use the software. To our knowledge, no one except for

the students in the CAL treatment group and their teacher–

supervisors used the computers for any purpose.

To eliminate confounding influences from school visits

paid only to the treatment group during the CAL sessions, as

Muralidharan and Sundararaman (2011) did in their RCT on

teacher performance pay, every time our volunteers visited
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Table 2

Comparison of student and family characteristics and student access to computer and other modern technologies between the treatment and control groups in

the 24 program schools.

Treatment (1008 obs) Control (1361 obs) The raw difference Within-school differencec

(treatment–control) (treatment–control)

Mean SD Mean SD Mean SD Mean SD

(1) (2) (3) (4) (5) (6) (7) (8)

(1) Age (number of years) 8.53 0.87 8.49 0.88 0.04 0.04 0.03 0.03

(2) Female (1 = yes; 0 = no) 0.46 0.50 0.45 0.50 0.01 0.02 0.01 0.02

(3) Baseline math score (units of standard

deviation)a

0.03 0.97 0.00 1.00 0.03 0.06 0.04 0.04

(4) Baseline Chinese score (units of

standard deviation)a

−0.03 1.00 0.00 1.00 −0.03 0.09 0.00 0.05

(5) Access to other modern technologiesb 0.50 0.27 0.48 0.26 0.01 0.02 0.01 0.02

(6) Living with father (1 = yes; 0 = no) 0.88 0.33 0.88 0.33 0.00 0.02 −0.00 0.01

(7) Living with mother (1 = yes; 0 = no) 0.93 0.26 0.92 0.27 0.01 0.01 0.01 0.01

(8) # of siblings 1.65 1.72 1.77 2.08 −0.12 0.10 −0.09 0.08

(9) Ever used a computer (1 = yes; 0 = no) 0.49 0.50 0.54 0.50 −0.04 0.04 −0.04 0.03

(10) Father has a college degree (1 = yes;

0 = no)

0.02 0.14 0.02 0.13 0.00 0.01 0.00 0.00

(11) Father has a high school degree (1 =
yes; 0 = no)

0.12 0.33 0.12 0.33 0.00 0.01 0.00 0.01

(12) Mother has a college degree (1 = yes;

0 = no)

0.01 0.11 0.01 0.10 0.00 0.00 0.00 0.00

(13) Mother has a high school degree (1 =
yes; 0 = no)

0.08 0.27 0.08 0.27 −0.01 0.01 −0.00 0.01

Source: Authors’ survey.
∗∗ Significant at 5%. ∗∗∗ Significant at 1%.

a The baseline math/Chinese score is the score on the standardized math/Chinese test that was given to all students in the sample before the CAL program.
b Access to other modern technologies is the mean value of a set of 0/1 dummy variables including whether the student has used cell phone, Internet, game

console, CAL software, and videos for learning assistance.
c The within-school difference between the treatment and control groups is calculated by regressions of each of the row variables on the treatment dummy

variable, controlling for school dummy variables, with robust standard errors clustered at the class level.

2 One might be concerned about possible “contamination” of the pure

control schools. For several reasons, we do not believe that this happened.

First, the schools are geographically dispersed. Second, all migrant schools

are independent—there is no association connecting them together. Third,

since migrant schools are private, for-profit entities, they are also competi-

tors. Thus, program schools had no incentive to tell non-program schools

about the CAL program. Finally, we directed principals and teachers of the

program schools to not talk about the program outside the school, or else

be at risk of elimination from the program. We believe under such circum-

stances, the possibility of spillover of information about the program across

schools is minimal.
the program school and audited the CAL session, they also

audited classes in the control group. Therefore, the control

groups were visited the same number of times as the treat-

ment groups.

3.2.3. Additional control group

There is one more additional control group in our study

design. It is possible that we cannot rely on the control group

(control classes in the same school as the treatment classes)

alone because the randomization is within each program

school and students (in the control classes) might be neg-

atively affected by the treatment. To be more specific with an

example of what might happen, the students in the control

classes might observe students of the treatment classes in the

same grade having CAL sessions twice a week while they just

had regular school sessions as usual. This observation alone

might affect their efforts/motivation and thus their academic

outcomes. In fact, there could have been positive spillovers,

too. By interacting with students in the treatment classes,

the students in the control classes might also indirectly learn

from the CAL sessions. With this positive spillover, the test

scores of students in the control group might also increase,

generating a downward bias of the estimate of the CAL pro-

gram effect. To disentangle these spillovers from the true

effect of the CAL program, we included a set of pure control

schools that did not know of the CAL program, and thus were

unaffected by the program spillovers into our analytic sample.
To measure if there was any possible bias from the pro-

gram spillovers or if there were any spillovers, we also in-

cluded all third-grade students in the 19 schools that were

randomly excluded from the core sample as an additional

control group. To minimize their awareness of being part of

our study, for the students in this group, we only conducted

the standardized math and Chinese tests and collected data

on student and family characteristics during the baseline and

final evaluation surveys. We did not pay any other visits to

these students or to their schools. None of the teachers or

students in these 19 schools were informed of the CAL pro-

gram and these schools did not have any contact with the

24 program schools in the core sample of our study. Conse-

quently, the CAL intervention in the program schools was un-

likely to affect these additional control schools via any form

of spillover.2 Comparisons of the changes in the academic

performance over the program period among the treatment
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4 Self-confidence (also called self-efficacy in the psychological literature)

is a person’s perception of their ability to plan and take action to reach a par-

ticular goal. “The construct of perceived self-efficacy reflects an optimistic
group, control group (the control classes in the 24 program

schools), and the additional control group can inform us of

the significance and size of the program spillovers.

3.3. Data collection

The research group conducted a total of three rounds of

a survey of each third-grade student in the 24 schools in

our main sample, and two rounds of a survey for all third-

graders in the 19 additional control schools. The first-round

survey was a baseline survey conducted with all third graders

in the 43 schools in early September 2010 at the beginning

of the Fall semester and before any implementation of CAL

program had begun. The second-round survey was a mid-

line evaluation survey conducted only with third graders in

the 24 program schools in the middle of the semester in early

November. The third-round survey was a final evaluation sur-

vey conducted at the end of the program in late December, a

time that coincided with the end of the Fall semester.

In each round of survey, the enumeration team visited

each school and conducted a two-block survey. In the first

block students were given a standardized math test and a

standardized Chinese test.3

In the second block enumerators collected data on the

characteristics of students and their families. From this part

of the survey we are able to create demographic and socioe-

conomic variables. The dataset includes measures of each

student’s age (measured in years), gender (described by an

indicator female, which is equal to one for girls, and zero for

boys), how many siblings they had (or number of siblings),

father’s education level (father has a college degree and father

has a high school degree), and mother’s education level (mother

has a college degree and mother has a high school degree). To

create indicators of parental care, during the survey the stu-

dents were also asked whether they lived with either of their

parents for most of the time during the semester (living with

father and living with mother).

Importantly, in the second block students were also asked

to answer questions that could help us measure their non-

cognitive traits, such as their attitudes toward schooling, the

levels of self-confidence and self-efficacy of math studying

(i.e. one’s belief in their ability to excel in math and problem

solving). To create the indicator depicting the student’s atti-

tude toward schooling (like school), the students were asked

to rate their attitude toward school on a 0–10 scale, where

“0” indicates “extremely hate school” and “10” indicates “ex-

tremely enjoy school.” The indicators of self-confidence and

self-efficacy of math studying were created from the re-

sponses of students in a ten-item psychological scale measur-
3 Some experts from the Center for Examination of Beijing helped us

picked questions for the tests from official examination books and exercise

books. The math test included 29–32 questions (tests in different rounds

included slightly different numbers of questions). The Chinese test included

30–35 questions. Students were required to finish test in each subject in

25 min. All students took the math test first and then they took the Chinese

test. Our enumeration team monitored the test and strictly enforced the time

limits and tried to make sure there was no cheating. We use the scores of the

students on the math and Chinese tests as our measures of student academic

performance.
ing self-confidence 4; and a seven-item psychological scale

for self-efficacy of math studying.5

For the baseline survey only, information about the ac-

cess of students to computers and other modern technolo-

gies (such as mobile phones) was collected. The information

collected in this sub-block of the survey allowed us to create

variables that include whether the students had ever used a

computer and whether they had access to other modern tech-

nologies.

3.4. Statistical methods

To estimate how the academic and non-academic out-

comes changed in the treatment group relative to the control

group, we run an Ordinary Least Squares (OLS) model, re-

gressing the outcome variables (i.e. post-program outcome

value) on the baseline value of the outcome variable and a

dummy variable of the treatment (CAL intervention) status,

controlling for the school fixed effects and a set of control

variables. As randomization was conducted within schools

across classes, we controlled for the school fixed effects to dis-

entangle the systematic within-school differences between

the treatment and control classes in yisc and obtain an un-

biased estimate of the genuine treatment effect of the CAL

intervention. We included other control variables to improve

the efficiency of the estimation. In all regressions, we ac-

counted for the clustered nature of our sample by construct-

ing Huber–White standard errors corrected for class-level

clustering (relaxing the assumption that disturbance terms

are independent and identically distributed within classes).

To be more specifically, our model is:

yisc = α + β · treatmentc + ss + θ · y0isc + Xiscγ + εisc (1)

where yisc is the endline (or midterm in some cases) out-

come variable for child i in school s and class c, treatmentc is a

dummy variable for a student attending a class assigned to the

treatment group (equal to one for students in the treatment

group and zero otherwise), ss is the vector of school fixed

effects, y0isc is the pre-program (baseline) outcome value for

student i in school s and class c, Xisc is a vector of additional

control variables, and ɛisc is a random disturbance term (clus-

tered at the class level).

We used several variables to measure the student aca-

demic and non-academic outcomes (yisc). The primary out-

come variable of our analysis is the student academic out-

come, measured by the student standardized math test score.
self-belief” (Schwarzer, 1992). Perceived self-efficacy is an operative con-

struct, i.e., it is related to subsequent behavior and, therefore, is relevant

for clinical practice and behavior change. Jerusalem and Schwartzer devel-

oped the General Self-Efficiency Scale (GSE) in 1979, which was then widely

employed in measuring self-efficacy. GSE has 10 items. Each item refers to

successful coping and implies an internal-stable attribution of success. In our

study, we adopted the Chinese adaption of the GSE developed in Zhang and

Schwarzer (1995).
5 To measure the self-efficacy of math studying, a professor in psycho-

metrics and measurement in Beijing Normal University helped us choose

among the 12 indicators of math attitudes used in TIMSS 2003 and devel-

oped a seven-item scale of self-efficacy of math studying that is appropriate

to use under the context of elementary schools in China.
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We also included the student standardized Chinese test score

as an additional academic outcome measure. By doing so,

we could examine if there were any positive or negative

spillovers of the CAL intervention to the student academic

performance in Chinese, the other major subject in China’s

elementary schools besides math.6 Importantly, besides

variables measuring academic outcomes, we also included

three non-academic outcome variables, namely, the student’s

level of self-confidence, like school and self-efficacy of math

studying.

The variables in Xisc are student and family characteris-

tics (female, age, number of siblings, father has a college/high

school degree, mother has a college/high school degree, living

with father and living with mother) and the student access

to computer and other technical device before the program

started (ever used a computer and access to other modern tech-

nologies).

By construction, β equals the average within-school dif-

ference inyisc between the treatment and control groups con-

ditional on y0isc (or β measures the within-school difference

in changes in the outcome variable between the treatment

and control groups over the program period). As the CAL in-

tervention was randomly assigned within schools, β is an

unbiased estimate of the effect of being assigned to the treat-

ment group (i.e., the effect of the CAL intervention, or the CAL

treatment effect). By including Xisc as additional control vari-

ables,β is an unbiased, efficient estimate of the CAL treatment

effect.

4. Results

4.1. Main effect of the CAL intervention on student performance

The multivariate regression analyses show that the esti-

mated CAL treatment effect on math test scores is equal to

0.15 standard deviations (Table 3, row 1, column 1) and is sig-

nificant at the 0.01 level. Considering that the program only

ran for one semester, the size of the CAL program effect is

comparable to the findings in other CAL evaluations that ob-

served beneficial effects of CAL on student performance (e.g.,

Banerjee et al., 2007; Barrow et al., 2008; Linden, 2008).7,8
6 For example, the CAL program might have improved the student’s gen-

eral learning ability and thus the student Chinese test score might also in-

crease. The CAL program might have also taken up so much of the student’s

time and energy in learning math that the student had less time and energy

to spend on Chinese. In this case, the CAL program in math might negatively

affect the student academic performance in Chinese.
7 It is possible that teacher effort responded to the CAL program. For

example, teachers may have taken advantage of the program and shirked

their duties. If this were the case, the lower effort of the teacher would have

lowered the observed impact of the CAL program. Unfortunately, in our data

set there is no reliable data of the level of teacher effort. Because of the

absence of data, we cannot rule out this possibility. However, even if this

were the case, our estimate of the CAL impact would be a “lower-bound”

estimate. Hence, we still would have to a highly significant finding even

after accounting for any confounding influence from the effect of teacher

free riding. In the end we would still be able to say that CAL could provide an

effective remedy to the underperformance of students in migrant schools.
8 One issue of potential interest is whether our results are being driven by

strategic switching (that is, are better students jumping into the treatment

classes, perhaps at the expense of poor performing student?). We do not be-

lieve so for several reasons. First, we do not observe any switching of classes

after the intervention. In other words, no students switched from the control
Most of the positive effect of the CAL intervention on

standardized math test scores took place within the first

2 months of the program implementation. Since the CAL

program was launched in early September, its effect quickly

reached 0.15 standard deviations by midterm (early Novem-

ber; Appendix A, row 1, column 2). This pattern of results

is similar to those found in Banerjee et al. (2007) who find

that the large impacts came early in the program’s imple-

mentation period. Although the impact did not continue

to rise during the second period of the study, this effect

persisted over the whole semester (by comparing Table 3,

row 1, column 1 and Appendix A, row 1, column 2). In this

way, our findings are different from the findings in Banerjee

et al. (2007), which found even larger impact of CAL inter-

vention during the second phase of CAL program.

One possible explanation of the absence of further gains

during the second period is that there was a fall in the level

of excitement about the program. To examine this ques-

tion, we can look at changes in non-cognitive outcomes

over the course of the project (during first and second pe-

riod). The three non-cognitive variables are: like school;

self-confidence; and self-efficacy. Using our data, we ran re-

gressions that examined the change of these outcomes over

time. The results are in Appendix B. There is no evidence

of decreasing “excitement” when measured using any of the

three measureable non-cognitive outcomes. The measures

of self-confidence and self-efficacy do not fall; when we

measure “like school,” the rate actually significantly rises af-

ter the midterm. We did not observe significant increase in

“like school” between baseline and midterm (Appendix B,

column 1), but observed significant and large increase in

“like school” between baseline and endline (Appendix B,

column 2).

Another possible reason for the absence of further gains

from CAL program during the second period is household

substitution. Das et al. (2011) found that unanticipated school

grants led to significant improvements in student test scores

but anticipated grants had no impact on test scores. They

suggested that over time households would adjust their ed-

ucational inputs for their children in response to changes in

school inputs, thus offsetting part of the impacts of the (antic-

ipated) school inputs. It is possible that this might also apply

to our CAL program. For the first half of the semester, the CAL

program was unanticipated by the parents and thus parents

did not respond immediately (that is, they did not adjust their

educational input for their children). By the middle point of

the intervention, however, parents may have had time to

understand what was going on and realized that the CAL pro-

gram would continue until the end of the semester. If they

believed that the CAL program was doing some of things that

they were doing in the evenings with their children, they may

have adjusted their time input accordingly. In other words,

they might have believed that their children had enough
class to treatment class or vice versa. Second, we do not include students who

switched into the program schools after the start of the semester into our

analytic sample as we do not have baseline data for these students. Finally,

in most cases, migrant students switched schools for reasons irrelevant to

CAL (e.g. their parents changed jobs so they had to move to another commu-

nity). Thus, there was no evidence of strategic switching of classes/schools

in response to the CAL intervention.
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Table 3

Ordinary Least Squares estimators of the impacts of CAL program on student outcomes in the 24 program schools.

Standardized math Standardized Chinese Like-school Self-confidence Self-efficacy in

test score test score (0–10) (1–4) math studying

(1) (2) (3) (4) (5)

(1) Treatment (1 = the treatment

group; 0 = the control group)

0.15∗∗∗ 0.01 0.31∗∗ 0.07 −0.00

(0.04) (0.05) (0.15) (0.05) (0.03)

(2) Baseline value of the outcome

variable

Y Y Y Y Y

(3) School dummy variables and other

control variables

Y Y Y Y Y

(4) Observations 2369 2369 2369 2369 2369

(5) R-squared 0.39 0.39 0.10 0.20 0.14

Source: Authors’ survey.

Robust standard errors in brackets, clustered at the class level.

Each column reports the results of one regression of the student outcome variable (corresponding to the column title) on the treatment dummy variable,

controlling for the baseline value of the outcome variable, the school dummy variables and other control variables.

Other control variables include the student age, female (1 = yes; 0 = no), baseline math/Chinese score, ever used a computer (1 = yes; 0 = no), access to other

modern technologies, living with father (1 = yes; 0 = no), living with mother (1 = yes; 0 = no), # of siblings, father has college degree (1 = yes; 0 = no), father

has high school degree (1 = yes; 0 = no), mother has college degree (1 = yes; 0 = no), mother has high school degree (1 = yes; 0 = no).
∗∗ Significant at 5%.
∗∗∗ Significant at 1%.

10 We asked two questions during the evaluation surveys: (a) How many

times per week do you have after-school tutoring sessions (remedial or
tutoring via the CAL program at school and thus reduced the

time and effort they spent on tutoring their children at home.

If the household substitution is part of the reason for the

leveling off of the impact, we might expect to observe two

patterns in the change of student test scores over time. First,

we should expect to observe stronger household substitution

effects for students whose parents had higher levels of edu-

cation and were in a better position to be providing in-home

tutoring help for their children in the absence of the CAL pro-

gram.9 Second, the first pattern would be expected to emerge

only after the midterm exam because parents were only able

to effectively respond to the unexpected CAL program some-

time after its implementation (for example, about the time of

the midline evaluation when they observed improvement in

the student midterm test scores).

The results of our regression analysis are consistent with

the assumption of household substitution. Before the midline

evaluation survey, students whose fathers had higher levels

of education did not gain less from the treatment than those

who did not (Appendix A, rows 2 and 3, columns 3 and 4).

However, after the midline evaluation survey (by comparing

student test scores between endline and baseline), students

whose father had higher levels of education gained less from

the treatment than those who did not (0.20 standard devia-

tions less for students whose father had at least a high school

degree and 0.35 standard deviations less for those whose fa-

ther had a college degree; row 2, columns 8 and 9, Table 4).

This result implies that there is a possible household sub-

stitution occurring after the onset of the CAL program, when

parents were well aware of the CAL program and was stronger

among parents who were well educated and more able to tu-

tor their children in the absence of the CAL program.

Unfortunately, we do not have any direct empirical evi-

dence that substitution of hired tutoring services or parental
9 If the parents were poorly educated, they might not be able to input

their time to tutor their children, even if they wanted to. Because of this, the

substitution of inputs effect in response to the change in school input—in our

case, the CAL program, might even be irrelevant for these types of parents.
effort at home is occurring. From responses to survey ques-

tions about after-school tutoring activities,10 we do not ob-

serve any significant differences in the amount of after-school

tutoring/help with study at home between treatment and

control groups (results not shown for brevity). We also do

not observe any difference in the amount of tutoring received

outside of school (or amount of help received at home) dur-

ing the evaluation part of the survey between treatment and

control classes for students with fathers that have different

levels of education. In regressions that examine whether par-

ents with higher levels of education reduced efforts in helping

students at home in treatment classes, we see that none of

the coefficients on the relevant variables—that is, those made

up of an interaction between treatment and fathers’ educa-

tion (high school/college)—are significant (results not shown

for brevity). Nonetheless, part of the reason for lack of direct

evidence of household substitution using student survey re-

sponses of parental tutoring might be that the true level of

parental tutoring/attention might not be properly measured

by survey questions to students.

The benefits of CAL program come at costs in several

dimensions. One major cost is the laptops; although the

program laptops were donated, each computer would cost

$100–$150 if we were to buy them on the market. On aver-

age, one computer serves six students. Assuming that the

laptops depreciate over 3 years, the per-student cost of

computers is $1.9–$2.8 during the program period. Another

major source of the program cost is compensation for the

teacher-supervisors. On average, one teacher-supervisor was

in charge of 47 students. We paid each teacher 400 yuan ($59)
advanced—typically in a commercial venue or in a teacher’s home, where

the teacher is paid)? (b) How many times per week do you receive help with

your study after school inside your home (e.g., from your parents, siblings,

relatives or private tutors)? Overall, only 18% of the students in our sample

reported to have after-school tutoring sessions at least once per week; 34%

of the students in our sample reported to have received help with study after

school from parents (or other people inside the household) once per week.
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Table 4

The Ordinary Least Squares estimators of the heterogeneous program effect on students with different characteristics in the 24 program schools.

Dependent variable: standardized post CAL math test score

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) (13)

(1) Treatment

(1 = the

treatment

group; 0 =
the control

group)

0.15∗∗∗ 0.15∗∗∗ 0.11 0.12∗∗ 0.22∗ 0.16 0.11∗∗ 0.15∗∗∗ 0.17∗∗∗ 0.15∗∗∗ 0.14∗∗∗ 0.20∗∗∗ 0.21∗∗∗

(0.04) (0.04) (0.41) (0.05) (0.13) (0.13) (0.05) (0.04) (0.05) (0.04) (0.05) (0.06) (0.07)

(2) Interactions:

treatment∗
Baseline math

score (units

of standard

deviation)a

Baseline

Chinese

score (units

of standard

deviation)a

Age (number

of years)

Female (1 =
yes; 0 = no)

Living with

father (1 =
yes; 0 = no)

Living with

mother (1 =
yes; 0 = no)

# of siblings Father has a

college

degree (1 =
yes; 0 = no)

Father has a

high school

degree (1 =
yes; 0 = no)

Mother has a

college

degree (1 =
yes; 0 = no)

Mother has a

high school

degree (1 =
yes; 0 = no)

Ever used a

computer

(1 = yes;

0 = no)

Access to other

modern

technolo-

giesb

−0.03 −0.05 0.00 0.05 −0.09 −0.01 0.02 −0.35∗ −0.20∗ −0.41 0.06 −0.10 −0.12

(0.05) (0.04) (0.05) (0.07) (0.12) (0.12) (0.02) (0.20) (0.11) (0.26) (0.12) (0.07) (0.14)

(3) Control

variables

Y Y Y Y Y Y Y Y Y Y Y Y Y

(4) School

dummies

Y Y Y Y Y Y Y Y Y Y Y Y Y

(5) Observations 2369 2369 2369 2369 2369 2369 2369 2369 2369 2369 2369 2369 2369

(6) R-squared 0.39 0.39 0.39 0.39 0.39 0.39 0.39 0.39 0.39 0.39 0.39 0.39 0.39

Source: Authors’ survey.

Robust standard errors in brackets, clustered at the class level.

Each column reports the coefficients of the treatment dummy variable (in row (1)) and the interaction of the treatment dummy variable and the corresponding student characteristics in row (2) from one regression.

Each regression regresses the student post-CAL standardized math score on the treatment dummy variable and the interaction of the treatment dummy variable and the corresponding student characteristics in row (2)

in that column, controlling for all the student characteristics in row (2) and school fixed effects (school dummies).
a The baseline math/Chinese score is the score on the standardized math/Chinese test that was given to all students in the sample before the CAL program.
b Access to other modern technologies is the mean value of a set of 0/1 dummy variables including whether the student has used cell phone, Internet, game console, CAL software, and videos for learning assistance.
∗ Significant at 10%.
∗∗ Significant at 5%.
∗∗∗ Significant at 1%.
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12 Given that the point estimate of the treatment effect is 0.01 standard

deviations, and given that the standard error of the point estimate is 0.05

standard deviations (with a normal approximation), the upper bound of

the treatment effect would be 0.01 plus 2 times 0.05 (the standard error).
per month. Therefore, the cost in teacher compensation was

$5 per student. In addition to the cost related to computers

and teacher–supervisor compensation, the maintenance cost,

can be assumed to amount to $1 per student. The software

cost is negligible when averaged by the number of students.

Therefore, the total per-student cost of our CAL program is

$7.9–$8.8. Given that the average program effect is 0.14 stan-

dard deviations, the CAL program costs $5.6–$6.3 per tenth of

a standard deviation improvement in the student test score.

Although the CAL program might be costly when com-

pared with other programs (e.g. Banerjee et al., 2007), the

cost effectiveness of CAL could be substantially improved if it

were implemented on a large-scale, real-world basis. China’s

government already has committed to make vast investments

in the computing facilities in rural and urban public schools.

If these investments are not considered to be part of the CAL

costs, the cost effectiveness of CAL would increase. By pro-

ductively using the existing computers, the cost of CAL could

be reduced to as low as $4.3 per tenth of a standard deviation.

Moreover, one computer can easily serve eight students, and

one teacher can readily manage 64 students when working

in a rotation shifts, which might further reduce the cost of

the CAL program.

4.2. Heterogeneous effects of the CAL intervention on student

academic performance

The estimation results using Eq. (1), but including inter-

action terms between the treatment variable and certain stu-

dent characteristics show that the CAL intervention had some

heterogeneous program effects on the math test scores of

students with different family backgrounds (Table 4, row 2).

Compared to the students in the control group, students in

the treatment group whose fathers had never received a high

school diploma and those whose father had never received a

college diploma improved 0.20 standard deviations and 0.35

standard deviations more in their math scores than those

whose fathers did, respectively (row 2, columns 8 and 9). Al-

though this is understandable, it is important since it is one

of the goals of the CAL program to improve the learning out-

comes of those students that do not have anyone at home

able to help them.11 At the same time, we find no signif-

icant evidence of CAL intervention heterogeneous program

effects for other student demographic and family character-

istics (gender, age, number of siblings, mother has a college/high

school degree, living with father and living with mother), or for

the student baseline test scores, or for the students’ access

to computers and other technical devices before the program

began (row 2, columns 1–7 and 10–13).

4.3. Spillovers in Chinese language test score

In principle, the CAL program in math might generate

either positive or negative spillovers on student academic

performance in Chinese, the other major subject in China’s
11 As mentioned in Section 4.1, this pattern might also be due to the

highly possible household substitution effect. Yet whatever the reason for

this pattern is, overall, students with less educated parents benefit more

from the CAL program.
elementary schools. Positive spillover might result from in-

creased interest in learning promoted by the CAL program;

negative spillover might result from the crowding out effects

of the CAL program in math.

Over the program period, we observe no significant im-

provements in the standardized Chinese test scores for the

treatment group in comparison to the control group. The re-

sults of our multivariate regression analysis using Eq. (1) also

show that the estimated effect of the CAL intervention on

Chinese test scores is 0.01 standard deviations and insignifi-

cant (Table 3, column 2).12 All these results suggest that the

CAL intervention in math did not create significantly positive

spillovers in the Chinese test scores of the students. What is

perhaps more important is that there is no evidence that the

CAL program improved math performance at the expense of

performance in Chinese.

4.4. Impact on non-academic outcomes

CAL intervention not only improved the student academic

performance in math, the analysis demonstrates that there

are increases in nonacademic outcomes for students in the

treatment group (Table 3). Compared to students in the con-

trol group, the students in the treatment group “liked school”

significantly more (column 3). On a scale of 0–10, the differ-

ence in improvement in the score on the indicator like school

between the treatment and control groups was equal to 0.31

points and was significant at the 5% level. Moreover, students

in the treatment group also improved 0.07 points more on

a self-confidence assessment with a scale of 1–4 than those

in the control group (column 4; and this difference is weakly

significant at the 10% level).

On the contrary, we do not find any significant effects

of the CAL intervention on self-reported math study efficacy

(Table 3, column 5). One possible reason for CAL’s lack of ef-

fect on the student’s self-reported math study efficacy is the

remedial nature13 of our CAL program. Due to its remedial

nature, our CAL program focused more on repeated exercise

rather than creative math learning and problem solving. Con-

sequently, although the CAL program made the students like

school better and develop stronger self-confidence in general

(possibly via the interesting game-based CAL exercises which

led to improved test scores), it may not make the students be-

lieve that they are more capable in math problem solving in

general.

4.5. Robustness check

To examine whether our estimates of the CAL interven-

tion were contaminated by the potential spillovers of the CAL
This means that the upper bound of the estimate is equal to 0.11 standard

deviations. In other words, according to our estimates, we can rule out im-

provements larger than 0.11 standard deviations from the CAL intervention

for the Chinese language subject.
13 By “remedial”, we mean material that was in the students’ textbook and

material that was being taught the same week (not material that was taught

in the distant past).
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Table 5

Ordinary Least Squares analysis of the difference in change in academic performance over the program period between the control group (the control

classes in the 24 program schools) or treatment group in the core sample and the additional control group (the 19 schools excluded from our core

sample).

Dependent variables: standardized post CAL score Math Chinese Math Chinese

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

(1) “Treatment” dummy 0.08 0.08 0.21∗∗∗ 0.11

(1 = "treatment": core sample control group for columns 1

and 2/core sample treatment group for columns 3 and 4;

0 = additional control group)

(0.06) (0.07) (0.07) (0.07)

Control variables

(2) Baseline math score (units of standard deviation)a 0.41∗∗∗ 0.17∗∗∗ 0.42∗∗∗ 0.16∗∗∗

(0.02) (0.03) (0.03) (0.03)

(3) Baseline Chinese score (units of standard deviation)a 0.25∗∗∗ 0.42∗∗∗ 0.23∗∗∗ 0.46∗∗∗

(0.02) (0.03) (0.03) (0.03)

(4) Age (number of years) −0.07∗∗∗ −0.10∗∗∗ −0.07∗∗∗ −0.11∗∗∗

(0.02) (0.02) (0.02) (0.02)

(5) Female (1 = yes; 0 = no) −0.06 0.28∗∗∗ −0.05 0.25∗∗∗

(0.03) (0.03) (0.04) (0.04)

(6) Ever used a computer (1 = yes; 0 = no) 0.13∗∗∗ 0.15∗∗∗ 0.09∗∗ 0.14∗∗∗

(0.03) (0.04) (0.04) (0.04)

(7) Access to other modern technologies (1 = yes; 0 = no)b −0.03 −0.19∗∗∗ −0.07 −0.18∗∗∗

(0.06) (0.05) (0.07) (0.06)

(8) Father has a college degree (1 = yes; 0 = no) 0.21∗∗ 0.06 0.06 -0.06

(0.09) (0.11) (0.11) (0.11)

(9) Father has a high school degree (1 = yes; 0 = no) 0.08 0.02 −0.02 −0.00

(0.05) (0.05) (0.06) (0.05)

(10) Mother has a college degree (1 = yes; 0 = no) 0.09 −0.14 0.08 −0.17

(0.13) (0.14) (0.15) (0.16)

(11) Mother has a high school degree (1 = yes; 0 = no) −0.07 0.00 0.01 0.07

(0.05) (0.06) (0.07) (0.07)

(12) Observations 2778 2778 2425 2425

(13) R-squared 0.39 0.39 0.36 0.40

Source: Authors’ survey.

Robust standard errors in brackets, clustered at the class level.

Each column reports the results of one regression of the dependent variable (the standardized post-CAL test score on the respective subject) on the

corresponding variables in rows (1)–(11).
a The baseline math/Chinese score is the score on the standardized math/Chinese test that was given to all students in the sample before the CAL

program.
b Access to other modern technologies is the mean value of a set of 0/1 dummy variables including whether the student has used cell phone,

Internet, game console, CAL software, and videos for learning assistance.
∗∗ Significant at 5%.
∗∗∗ Significant at 1%.

14 The point estimates of the CAL program effects are larger than those

using the control group in the core sample, yet the standard errors were also

larger.
intervention, we included the 19 additional control schools

in our sample and conducted two steps of analyses. We first

examined whether there was any significant difference in

change in test scores between the control group (30 con-

trol classes in the 24 program schools) and the 19 additional

control schools over the program period using Eq. (1), ex-

cluding the school fixed effects and replacing the treatment

dummy with an indicator of whether the student belonged to

the control group or additional control group. In principle, the

change in test scores over the program period should be the

same for the control and additional control groups, as neither

of these two groups received the CAL intervention. A signifi-

cant difference in the change in test scores between these two

groups would imply a significant spillover of the CAL inter-

vention. We then estimated the treatment effects using the

19 additional control schools instead of the original control

group. If there was no significant program spillover, the esti-

mated program effects would be consistent with those using

the original control group.

The results show that the program spillovers are unlikely

to have confounded the estimates of the program effects.

Over the program period the difference in change in test
scores between the additional control group and the control

group in our core sample was not significantly different from

zero (Table 5, row 1, columns 1 and 2). The estimated CAL

intervention effects on student math performance also did

not significantly differ whether we used the control group in

our core sample or the additional control group, implying no

significant confounding influences from either the program

spillovers of the CAL intervention (row 1, columns 3 and 4).14

5. Conclusion

In this paper we present the results from a randomized

field experiment of a CAL program involving over 4000 third-

grade students. The main intervention was a math CAL reme-

dial tutoring program that was held outside of regular school

hours. Our results indicate that CAL has significant benefi-
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cial effects on both student academic and non-academic out-

comes. Two 40-min CAL math sessions per week increased

the student standardized math scores by 0.15 standard devi-

ations. Students with less-educated parents benefited more

from the program. CAL also significantly increased the inter-

est in learning of the students.

This paper contributes to the understanding of the effect

of CAL on learning outcomes for underserved populations in

developing countries in several respects. First, we took care

in preparing software and hardware for the program and de-

signing our CAL program implementation and evaluation pro-

tocol in order to prevent potentially confounding influences

from affecting the measured impacts. Many previous studies

reported various shortcomings in program implementation

(e.g., schools in the treatment group used program computers

for other purposes, such as in the case reported in Banerjee

et al., 2007) that might potentially have biased the evalua-

tion results. Our protocol took various measures to prevent

such interferences. By implementing the CAL program as a

full supplementary program, we also eliminated any substi-

tution effects that might have diminished the program ef-

fects. Further, unlike many studies in the literature that use

only one control group, our evaluation design included an

additional control group—one that had never heard about

the program. This further allowed for rigorous measurement

(and thus elimination) of possible program spillovers on to

the control group and disentangle such spillovers from the

genuine program effects.

This paper also contributes to the understanding of the ef-

fects of CAL by its focus on outcomes beyond test scores. Be-

sides the impacts of CAL intervention on student test scores,

this paper also examined the impacts on non-academic out-

comes such as self-confidence and interest in schooling.

Given the significant impact of CAL on student academic

and nonacademic outcomes found in this paper, educational

policy makers in China (and in other developing countries,

as well as underserved communities in developed countries)

should consider upscaling CAL programs, especially in pub-

lic schools serving disadvantaged students (e.g., rural public

schools in China). Of course, private migrant schools in Bei-
jing might not be representative of public schools in China or

in other developing countries. Nonetheless, migrant schools

in Beijing and public schools (especially public schools in

poor rural areas) that serve disadvantaged students do share

some common problems: low teacher quality, poor school re-

sources, lack of remedial tutoring and the resulting persistent

underperformance of the students.

The importance of CAL and CAL-like programs will likely

grow as China’s government, and other governments in

developing countries, have committed to making large in-

vestments in the computing facilities in rural public schools.

However, in many rural schools, after the investment in com-

puting facilities has been completed, the computer rooms are

locked and the computers are frequently unused because the

schools do not know how to properly use them to facilitate

student learning. This paper demonstrates that a CAL

program can be used as a complementary input to existing

computing resources and has the potential to promote learn-

ing outcomes for underserved students by productively using

these computer technologies. Therefore, we believe that

the government—in China and elsewhere—might consider

extending CAL programs on a larger scale in China and then

rigorously evaluate these new initiatives to inform policies

that intend to provide better educational service to the poor.
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nd heterogeneous impact of CAL program on student academic

rogram schools.

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

0.14∗∗∗ 0.15∗∗∗ 0.16∗∗∗ 0.15∗∗∗

(0.04) (0.04) (0.04) (0.04)

−0.05

(0.12)

0.24

(0.20)

0.54∗∗∗ 0.41∗∗∗ 0.41∗∗∗ 0.41∗∗∗

(0.02) (0.03) (0.03) (0.03)

0.22∗∗∗ 0.22∗∗∗ 0.22∗∗∗

(0.03) (0.03) (0.03)

−0.03 −0.03 −0.03

(0.03) (0.03) (0.03)

−0.00 −0.00 −0.00

(0.04) (0.04) (0.04)

0.12∗∗∗ 0.12∗∗∗ 0.12∗∗∗

(0.04) (0.04) (0.04)

−0.07 −0.07 −0.07

(0.07) (0.07) (0.07)

−0.03 −0.03 −0.03

(0.06) (0.06) (0.06)

0.06 0.06 0.06

(0.07) (0.07) (0.07)

−0.02∗∗∗ −0.02∗∗∗ −0.02∗∗∗

(0.01) (0.01) (0.01)

−0.02 −0.12

(0.13) (0.16)

−0.03 −0.00 −0.03

(0.06) (0.12) (0.06)

0.07 0.07 0.05

(0.14) (0.14) (0.14)

−0.00 −0.00 −0.00

(0.07) (0.07) (0.07)

Y Y Y Y

2369 2369 2369 2369

0.34 0.38 0.38 0.38

t variable on the corresponding variables in rows (1)–(17), controlling for the

math/Chinese test that was given to all students in the sample before the CAL

of 0/1 dummy variables including whether the student has used cell phone,

ce.

tive outcome at midterm and endline periods

l Like school Self-efficacy Self-efficacy Self-confidence Self-confidence

endline midterm endline midterm endline

(2) (3) (4) (5) (6)

0.31∗∗ 0.04 −0.00 0.06 0.07

(0.15) (0.03) (0.03) (0.03) (0.04)

Y Y Y Y Y

Y Y Y Y Y

2369 2369 2369 2369 2369

utcome variable (corresponding to the column title) on the treatment dummy

e school dummy variables and other control variables.

= no), baseline math/Chinese score, ever used a computer (1 = yes; 0 = no),

o), living with mother (1 = yes; 0 = no), # of siblings, father has college degree

other has college degree (1 = yes; 0 = no), mother has high school degree
Appendix A. Ordinary Least Squares analysis of the main a

outcomes before the midterm for the students in the 24 p

Dependent variable: standardized midterm math score

(1) Treatment (1= the treatment group; 0 = the control group)

(2) Treatment∗father has at least a high school degree

(3) Treatment∗father has a college degree

Control variables

(4) Baseline math score (units of standard deviation)a

(5) Baseline Chinese score (units of standard deviation)a

(6) Age (number of years)

(7) Female (1 = yes; 0 = no)

(8) Ever used a computer (1 = yes; 0 = no)

(9) Access to other modern technologiesb

(10) Living with father (1 = yes; 0 = no)

(11) Living with mother (1 = yes; 0 = no)

(12) # of siblings

(13) Father has a college degree (1 = yes; 0 = no)

(14) Father has at least a high school degree (1 = yes; 0 = no)

(15) Mother has a college degree (1 = yes; 0 = no)

(16) Mother has a high school degree (1 = yes; 0 = no)

(17) School dummy variables

(18) Observations

(19) R-squared

Source: Authors’ survey.

Robust standard errors in brackets, clustered at the class level.

Each column reports the results of one regression of the dependen

school dummy variables.
a The baseline math/Chinese score is the score on the standardized

program.
b Access to other modern technologies is the mean value of a set

Internet, game console, CAL software, and videos for learning assistan
∗∗ Significant at 5%.
∗∗∗ Significant at 1%.

Appendix B. The impact of the CAL program on non-cogni

Like schoo

midterm

(1)

(1) Treatment (1 = the treatment group; 0 = the control

group)

0.01

(0.11)

(2) Baseline value of the outcome variable Y

(3) School dummy variables and other control variables Y

(4) Observations 2369

Source: Authors’ survey.

Robust standard errors in brackets, clustered at the class level.

Each column reports the results of one regression of the student o

variable, controlling for the baseline value of the outcome variable, th

Other control variables include the student age, female (1 = yes; 0

access to other modern technologies, living with father (1 = yes; 0 = n

(1 = yes; 0 = no), father has high school degree (1 = yes; 0 = no), m

(1 = yes; 0 = no).
∗∗ Significant at 5%. ∗∗∗ Significant at 1%.
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