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Abstract	  
The	  education	  of	  the	  poor	  and	  disadvantaged	  population	  has	  been	  a	  long-‐standing	  
challenge	  to	  the	  education	  system	  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	  intends	  to	  explore	  the	  nature	  of	  
the	  effects	  of	  CAL	  on	  student	  academic	  and	  non-‐academic	  outcomes	  for	  underserved	  
populations	  in	  a	  developing	  country.	  To	  meet	  this	  goal,	  we	  exploit	  a	  randomized	  field	  
experiment	  of	  a	  CAL	  program	  involving	  over	  4000	  third-‐grade	  students,	  mostly	  from	  
poor	  migrant	  families,	  in	  43	  migrant	  schools	  in	  Beijing.	  The	  main	  intervention	  is	  a	  math	  
CAL	  program	  that	  is	  held	  out	  of	  regular	  school	  hours.	  The	  program	  is	  tailored	  to	  the	  
regular	  school	  math	  curriculum	  and	  is	  remedial	  in	  nature.	  Our	  results	  show	  that,	  the	  CAL	  
program	  improved	  the	  student	  standardized	  math	  scores	  by	  0.14	  standard	  deviations	  
and	  most	  of	  the	  program	  effect	  took	  place	  within	  two	  months	  after	  the	  start	  of	  the	  
program.	  Low-‐performing	  students	  and	  those	  with	  less-‐educated	  parents	  benefited	  
more	  from	  the	  program.	  Moreover,	  CAL	  also	  significantly	  increased	  the	  levels	  of	  self-‐
efficacy	  of	  the	  students	  and	  their	  interest	  in	  learning.	  We	  observed	  at	  most	  a	  moderate	  
program	  spillover	  in	  Chinese	  test	  scores.	  Our	  findings	  are	  robust	  to	  the	  Hawthorne	  
effect	  and	  CAL	  program	  spillovers	  that	  might	  potentially	  bias	  the	  estimates	  of	  the	  
program	  effects.	  	  	  
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Does Computer-Assisted Learning Improve Learning Outcomes? Evidence 
from a Randomized Experiment in Migrant Schools in Beijing 

 

 The education of the poor and disadvantaged population has been a long-standing 

challenge to education systems in both developed and developing countries (e.g. Glewwe  

and Kremer, 2006; Planty et al., 2008; World Bank, 2004). In confronting the challenge, 

efforts have been made to provide adequate 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 promoting 

learning outcomes. Researchers have examined the effect of interventions focusing on 

traditional educational inputs, either in the form of textbooks and flipcharts (Glewwe et 

al.,2002, 2004), teacher training (Jacob and Lefgren, 2004; ) and/or other monetary or in-

kind educational inputs in both developing and developed countries (e.g. Hanushek et al., 

1986, 1995). Most of them suggested that spending on educational inputs alone did not 

seem to work. 

 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 et al. 2007; Barrow, 2008; Linden, 

2008). Computer-assisted learning entails 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 and Cuban, 1998; Present’s 

Committee of Advisors on Science and Technology, 1997). By integrating regular class 

materials into interesting and interactive interfaces and games, computers are thought to 



	  

1	  

	  

hold promise of making the learning process a more engaging experience for students 

(Inal &Cagiltay, 2007; Roussou, 2004; Schaefer &Warren, 2004).  

 Computer Assisted Learning also can meet several needs of students that live in 

vulnerable populations who often have to go to schools that are poor in quality. For these 

students, 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 frequently out of reach of the purchase options for most families.   

 Despite its promise, the empirical evidence on the effectiveness of CAL in 

promoting learning is at most mixed. Early studies in Israel and other developed countries, 

such as the United States, have found little consistent evidence of the beneficial effects of 

the application of computer technology in school instruction on student academic 

achievement (e.g. Angrist & Lavy, 2002; Fuchs & Woosmann, 2004; Goolsbee & Guryan, 

2002). In particular, Angrist and Lavy (2002) even found that integrating computer 

technologies into school instruction in Israeli elementary schools had slightly lowered the 

math test scores of the eighth-grade students. An important limitation of these early 

studies is that they usually examined CAL as a form of an educational input with little 

attention to how computers were used in the schools.  
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Later studies improved on these early studies by evaluating well-defined 

individual CAL programs using randomized experiments and found mixed evidence of 

the effectiveness of CAL. For example, both Dynarski et al. (2007) and Rouse & Krueger 

(2004) found no significant gain in test scores in either math or reading from CAL 

programs for U.S. students. In comparison, Barrow et al. (2008) found a computer-

assisted learning program improved student math test score on state administered 

standardized tests by 0.17 standard deviations in Chicago schools.  

The existing literature has several limitations that have contributed to the 

ambiguity in the assessment of the effectiveness of CAL programs. First, the majority of 

CAL evaluations have been done in the context of developed countries, where 

educational resources are 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, in developing countries or for underserved 

populations, where educational resources (both school facilities and teachers with 

adequate qualifications) are highly constrained and access to technologies such as 

computers are limited, CAL can directly target the urgent needs of remedial education 

and engage students with technologies that are fresh and new to them. In fact, evaluations 

of CAL in the context of developing countries, although relatively few in number, mostly 

show positive effects of CAL on student test scores (Banerjee et al., 2007; He et al., 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 
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impact of CAL may be being offset by the negative effects of missing a lot of classes 

(Angrist & Lavy, 2002; Rouse & Krueger, 2004). These substitution effects might have 

created a downward bias in the estimation of the genuine impacts of CAL intervention. 

Linden (2008) found that when CAL was implemented as an in-school program (i.e., as a 

substitute to the regular school inputs), student test scores improved less than they would 

have improved if students were participating in after-school CAL programs. Hence, an 

after-school CAL program that is supplementary to regular school time/inputs might be a 

better intervention on which to measure the genuine effect of CAL on learning outcomes. 

 Finally, besides academic performance, CAL might also have beneficial effects 

on non-academic outcomes. These non-cognitive outcomes, to our knowledge, have 

seldom been examined in the literature. For example, CAL might improve the interest 

that students have in learning, student self-confidence or the efficacy of math studying.  

 The overall goal of this paper is to explore the nature of the effects of CAL on 

student academic and non-academic outcomes for underserved student populations in a 

developing country. In pursuit of this goal, we specifically pursue four objectives. First, 

we examine the immediate impacts of an after-school CAL math program 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 backgrounds. Third, we examine the spillovers of math-focused 

CAL program on student academic performance in other subjects (in our case, language 

class). Finally, we investigate the impacts of CAL on non-academic student outcomes. 

 To meet the goal, in this paper we present the results from a randomized field 

experiment of a CAL program involving over 4000 third-grade students, mostly aged 
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nine and ten and from poor migrant families, in 43 migrant schools in Beijing. These 

students 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 cannot afford 

commercial tutoring; many student parents are working away from home often; and, even 

if they are at home, they frequently have too little education to be able to effectively tutor 

their children. Many students do not have computers at home and have had little contact 

with modern computing technologies.  

 The rest of the paper is organized as follows. The first section 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 sampling, an explanation 

of the intervention, a description of the data and an explanation of the statistical approach. 

The following sections then present the results, discuss the findings and conclude. 

 

Context: Migrant School in Urban China 

 As China’s economy has grown over the past 30 years, the number of rural-to-

urban migrants has increased dramatically to 150 million, among which, 20 million are 

children of school age (ACWF, 2008; Sa, 2004). The number of migrant children is still 

increasing rapidly. As new immigrants to the cities, migrant families often live a tough 

life in poor communities at the edges of the cities. As urban public schools can only 

accommodate a small fraction of migrant children due to highly limited space and steep 

out-of-region tuition fees unaffordable to most migrant families, the majority of migrant 

children have to go to private, run-for-profit schools specifically serving children from 
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poor migrant families (migrant schools ). In Beijing it is estimated that 70% of migrant 

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

 The conditions of these migrant schools are a case in point of the poor quality of 

education provided for China’s rural populations whether they live in the cities as 

migrant workers or in village as farmers. Due to their private nature, migrant schools are 

often unacknowledged by the municipal 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 violations. This transience discourages long-term investment in these schools. 

As a result, migrant schools often have poor facilities, under-qualified and unmotivated 

teachers with high job turnover rate, and fragmented curricula (CCAP, 2009; Ding, 2004; 

Han, 2004; Human Rights Watch, 2006; Kwong, 2004; Liu, 2002; Ma et al., 2008). 

 The poor quality of facilities and under qualified teachers have almost certainly 

created an environment in which migrant children are underperforming educationally 

(e.g.; Lai et al., 2011; Song et al., 2010). For example, Lai et al. (2011) found that after 

controlling for individual and family backgrounds, students in public schools still 

outperformed 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 children of China’s 150 million migrant workers now and 

undoubtedly even more in the future as the migrant population continues to grow. 

Unfortunately, there has been little official effort to solve these problems. When children 

of well-off families fall behind in study, their parents can either send them to commercial 
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remedial tutoring programs, or the parents themselves almost always make efforts 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. Migrants are also so poor that on average the 

per capita living space for migrant family is as low as six square meters (in comparison to 

the average per capita living space of 28 square meters in Beijing (CNBS, 2010)). As a 

result, it is hard for migrant parents to afford commercial remedial tutoring services. 

Moreover, in a survey on migrant school teachers conducted by the authors in 2008, only 

70% of the teachers in our sample had a teacher certificate and less than 20% of them 

planned to stay in the teaching profession. So migrant school teachers are rarely 

competent and often lack the motivation and dedication that is needed to help their 

students.  

 

Sampling, Data and Methods 

Sampling and the Process of Randomization 

We conducted a clustered (at the class level) RCT of Computer-Assisted Learning (CAL) 

in Beijing migrant schools in the Fall semester of 2010.  A total of 4,103 students in 98 classes of 

43 Beijing migrant schools are involved in our study. Among them, 2,154 students in 54 classes 

of 24 schools constitute the main sample for our study. The other schools/classes serve as 

additional controls to check for intra-school spillovers and Hawthorne Effects. 

In choosing our sample we first obtained a comprehensive list of all migrant schools in 

Beijing. Unlike public schools, no official list of Beijing migrant schools is available. To collect a 

comprehensive list of migrant schools in Beijing we contacted all educational and research 
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institutes and non-profit organizations in the greater Beijing area that might have contact 

information for Beijing migrant schools. We then called each school to confirm that the school 

was still open. During each phone call we also asked the principal of each school if there were 

any other schools in their area. By proceeding in this way we believe that we were able to 

establish as complete a database of Beijing migrant schools as possible—certainly more complete 

than any other existing database. A total of 230 elementary schools were on our list.  

We selected our sample schools using the comprehensive list that we assembled. To 

focus our study on districts where migrant schools are most concentrated (which made 

implementation somewhat easier by reducing inter-school transportation time), we restricted our 

sample to the three districts in Beijing. These districts are among the areas of Beijing most 

densely populated by migrants and migrant schools. Of the 230 schools in the database, 69 

schools were in these three districts. We then proceeded to exclude schools that had only one 

class per grade at the grade 3 level (that is, there was only one grade 3 class instead of two or 

more grade 3 classes in the school). We did this as part of our strategy to test the CAL’s impact 

(see discussion below for more details). We also excluded all schools (even if they had two or 

more grade 3 classes) if they did not use text books in their math classes that were based on 

China’s “uniform national math curriculum.” This exclusion criterion was used because these 

schools would not meet the requirements of our CAL program (which provided remedial tutoring 

material that was centered on the uniform national math curriculum—an issue we elaborate more 

on below).  

In total, 43 schools met the criteria of having two or more grade 3 classes and using the 

national math curriculum. These schools, then, were eligible to be included in the study. Our 

power calculations, however, required that we only needed 24 classes in each of the two groups 
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(the treatment and control groups) the 24 schools.1 Therefore, of the 43 schools in the sample 

frame, we randomly chose 24 schools as our sample schools (Figure 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 results to possible 

Hawthorne Effects and/or other spillovers (described more below).  
Because the math CAL software we used was only available at the third grade level, we 

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

24 sample schools were included in the study (although only one class in each school received the 

CAL intervention). In total, there were 2,514 third-grade students in 54 classes, approximately 47 

students per class in the 24 core sample schools (Figure 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 2,514 

students, there was some attrition by the end of the study. For various reasons (mainly because of 

school transfers and extended absences due to illness or injuries) by the time of the evaluation 

survey we were only be able to follow up with 1,255 in the control classes and 902 students in the 

treatment classes in the 24 sample schools (Figure 1, final row). In other words, 2,157 out of the 

initial 2,514 students were included in our evaluation survey and were part of the subsequent 

statistical analysis. The 14% attrition during the four months of the study, while perhaps 

seemingly high, is normal and can be thought of as symptomatic of migrant education in China, 

where parents are often moving from place to place in search of employment. Boys, older 

	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  
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 
percent power at the five percent significance level. We assumed an intra-cluster correlation of 0.25, a pre- 
and post-intervention correlation of 0.5, 60 percent reduction in the between-class variation by blocking on 
school affiliations, the variability in effect sizes equal to 0.01 and a 15 percent loss to follow-up. 
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students and students with lower math test scores attrited at higher rates than students that did not 

(Table 1, column 1). Compared with students that did not attrite, attrition students were more 

likely to have never used a computer. For some reason, attrition students had more access to some 

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

Fortunately, the attrition seems to be independent of the assignment of the CAL 

intervention, thus unlikely to either reduce the validity of our research design or bias our results. 

As shown in the final row of Figure 1, the attrition is evenly distributed between the treatment 

and control groups. The attrition rate is 13% for the control group and 15% for 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, with the exception 

of gender and the indicator of father has a high school degree (differences only weakly 

significant; Table 1). 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. To do so, we 

first conducted a baseline survey to collect student information (described below). Following the 

baseline survey, our research team randomly selected one class in each of the 24 program schools 

to receive the CAL intervention (treatment group), leaving the rest of the classes in the same 

school as the control group. The final random assignment design was chosen with the aid of data 

from the baseline survey. In this way, the baseline student characteristics were balanced between 

students in the control classes and those in the treatment classes. In total, we used 13 variables to 

carry out the prebalancing. The raw and within-school differences between the treatment and 
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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).    

The randomization design, a random assignment clustered at the class level within each 

school, has two advantages. First, by random assignment within each school, we accounted for 

the potential school-specific difference between students who received the intervention and those 

who did not, thus improving the efficiency of our estimates. Second, intervention at the class 

level (as opposed to the individual level) minimizes both the CAL program’s interference with 

the regular school instruction and the potential spillovers to students in the control group.  

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).  

CAL Intervention Group (the Treatment Group) 

The main intervention involved computer-assisted math remedial tutoring sessions which 

were designed to complement 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 

treatment group had two 40-minute CAL sessions per week during lunch break or after school. 

The sessions were mandatory and attendance was taken by the teacher-supervisors. The content 

(instructional videos and games) of each session was exactly the same for all students in all 24 

treatment classes and emphasized basic competencies in the uniform national math curriculum.  

During each session, two students shared one computer and played math games designed 

to help students review and practice the basic math material that was being taught in their regular 

school math classes. In a typical session, the students first watched an animated video that 

reviewed the material that they were receiving instruction on during that particular week during 

their regular math class sessions. The students then played math games to practice the skills 
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introduced in the video lecture. The math games also used animated characters. 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 the mice of their computers. If a student had a 

math-related question, he/she was encouraged to discuss with his/her teammate (the one with 

whom he/she shared the computer). In other words, students were encouraged to try their best to 

work out the solutions to all math-related questions together as a team of two. The students were 

not supposed 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 sessions were so intense that the attention of 

the students were fully on the computer and, while there was a lot of interaction 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.  

Our research team took great care in preparing the necessary hardware, software, CAL 

curriculum and program implementation protocol in a way that would both facilitate smooth 

implementation of the CAL program and prevent confounding influences that might bias our 

results. As the first step of these efforts, to meet the hardware requirements of the CAL program, 

we acquired (by way of donation from a single manufacturer) 210 brand new identical laptop 

computers. Our CAL software package was installed on these laptops. We then removed all pre-

installed software that would not be used during the CAL intervention (such as Windows built-in 

games and Microsoft Excel). We also disabled the Internet and USB functions on all of the 

computers. By doing so, we were able to prevent school teachers or other students from using the 

program computers for other purposes that might affect the operation of the regular CAL program. 

It was also impossible to upload/install or download software or other material. This was done in 

part to help avoid the interruptions that might otherwise be caused by accidental deletion of the 

CAL software or the introduction of viruses. It also was done so that our evaluation of the 
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program effects would not be capturing any other confounding influences (spillovers) if students 

were able to learn from (or be distracted by) other sources of information (that might be accessed 

by the Internet). This also avoided the situation that might occur if teachers/students from the 

control classes were able to copy our CAL software onto other computers.  

 The CAL software package was composed of two individual pieces of software. The first 

piece of software was a commercial, game-based math-learning software program that was 

obtained via donation. This package was adopted because it did exactly what we designed the 

CAL program for. The software provided remedial tutoring material (both animated reviews and 

remedial questions) for math for grade 3 students. The designers of the program also set it up so it 

could be used in conjunction with the material that students were learning in their math class on a 

week by week basis.  

We developed the second piece of software by ourselves. Our software package 

(henceforth, the CAL software) was developed to provide the students with a large number of 

practice questions. The questions were all asked and answered (by the students) in game-based 

exercises. In choosing the math questions to include in the CAL software, we consulted 

experienced elementary school math teachers in both public and migrant schools, as well as 

experts who were key committee members of the Center for Examination of Beijing, an institute 

that designs city-wide uniform tests for elementary schools in Beijing. Under their direction and 

assistance, we chose questions for the CAL software from several commercially available books 

of practice questions, which we bought in an educational book store in Beijing. In order to make 

the games attractive to students, we recruited volunteers from the Tsinghua University’s 

Department of Computer Science and Graphics Design, one of the top computer science 

departments in China, to design the animation/picture-based game interface. By combining the 

commercial software and the CAL software, we had enough content and exercise games to cover 
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the math course materials for the entire Fall semester and the material was sufficient to provide 

80 minutes of remedial tutoring per week (2 sessions times 40 minutes per session).  

We also produced and included in the CAL software package an audio-enhanced 

PowerPoint tutorial to demonstrate to the students in a step-by-step fashion how to use each 

software program. The tutorial also taught students a number of basic computer operations. We 

exerted a great deal of effort to draft the tutorial in a way that third-grade students with low levels 

of literacy could understand. The words were simple. We made extensive use of graphic 

illustrations. An audio file of the same content was also inserted into each PowerPoint slide so 

that the students who had low levels of reading comprehension could still understand the material 

being taught in the tutorial. 

With both software and hardware ready, we then designed a detailed CAL curriculum and 

implementation protocol. The protocol was targeted mainly at the teacher-supervisors that were 

charged with implementing the CAL program in each school The CAL curriculum was designed 

so that the progress of the CAL program would match the progress of school instruction on a 

week by week basis. This was done so that our CAL sessions provided timely review and practice 

of the knowledge and skills that were introduced and covered as part of their regular math class. 

One of the most important jobs of the teacher-supervisor was to make sure the weekly CAL 

sessions were proceeding on a pace that matched the pace in the students’ regular math classes.  

The implementation protocol was presented in a manual. The manual, which was given to 

the teacher-supervisor as a bound, printed-out booklet, contained 60 pages of detailed instructions. 

The manual contained four main sections: a.) the detailed CAL curriculum; b.) CAL classroom 

rules for both students and teacher-supervisors; c.) the responsibilities of the teacher-supervisors 

when supervising the CAL sessions (what to do and what not do to); and d.) tutorials (in both 

words and graphic illustration) on basic computer operations, CAL software use, and 

troubleshooting. As in the case of the tutorials (described above), we took care when drafting the 
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protocol so that it was presented in a way that teachers/principals with neither high levels of 

education nor deep experience with computer use would be able to easily understand the CAL 

program and the instructions covering computer and software use.   

To ensure that the protocol would be properly implemented, we requested that each 

school assign one teacher to supervise all of the CAL sessions according to the protocol. The 

teacher-supervisor’s five main responsibilities included: a.) taking attendance; b.) making sure 

that the CAL curriculum in each session was matched to the curriculum being taught in the 

students’ math class; c.) managing the CAL classrooms so that order was maintained; d.) 

providing immediate assistance when students experienced difficulty in computer and/or math 

game software operations (but they were not supposed to instruct the students in math); and e.) 

taking care of the CAL laptops and keeping close contact with our research group/volunteers 

regarding technical support or CAL management questions. Because this work was clearly 

beyond the scope of their normal classroom duties, we compensated the teacher-supervisors with 

a monthly stipend of 400 yuan (approximately 60 USD). This amount was roughly equal to 30 

percent of a typical migrant teacher’s salary. To prepare teacher-supervisors for their duties, 

before the Fall semester started, all teacher-supervisors were required to attend a two-day 

mandatory training that was held at a central site. The project budget covered room and board and 

transportation costs for the teachers during the training period.  

 To further ensure that the teacher-supervisors (and the students under their supervision) 

strictly followed the protocol, we recruited volunteers from universities in Beijing and directed 

them to make monthly visits to the program schools. During each visit, the volunteers were 

instructed to attend the CAL sessions and observe whether the protocol was being strictly 

implemented. The volunteers did not provide notice to the schools before their visits. They also 

were instructed to avoid all unnecessary interactions with students and teachers so that they 

would not interrupt the sessions or provide additional assistance to CAL session management, 
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which might confound the program effect. When irregularities were found, the volunteers took 

notes and informed the CAL management team after the school visit. If the irregularities were so 

serious as to hinder the normal progress of the CAL intervention, the project manager either 

called or visited the teacher-supervisor.  

Finally, we also provided technical support and free computer repairs and maintenance 

for the entire semester. We offered what we called a “24/7 consultation hotline” to answer all 

CAL-related questions, ranging from computer and CAL software operations to classroom 

management. In addition to monitoring the CAL sessions, our program volunteers also conducted 

basic on-site computer maintenance during their monthly school visits. They also picked up 

defective laptops and accessories for repair and reinstalled replacement or repaired laptops and 

accessories to replace the defective ones.            

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 

also were 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 monthly school visits paid only to the 

treatment group during the CAL sessions, every time our volunteers visited 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 treatment groups.  

Additional Control Group 

Regardless of group assignment, the third-grade students and their teachers in the 24 

program schools all knew that they were part of the CAL program, and this might have affected 

their behavior in class. In the literature, the process where human subjects of an experiment 
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change their behavior simply because they are being studied is defined as the “Hawthorne Effect” 

(Landsberger, 1958). If the Hawthorne Effect is differential between the treatment and control 

groups, it might affect the relative performance of the two groups and confound the estimates of 

the CAL intervention effect. For example, the students in the control group might be discouraged 

by the fact that they were not selected to receive the CAL intervention and thus reduced their 

effort level relative to that of the students in the treatment group.2 This might generate a spurious 

program effect that is not due to the CAL intervention itself.     

The CAL intervention on the treatment classes might also cause some positive or 

negative intra-school spillovers in the control classes, which might potentially bias the estimate of 

the program effect. For example, 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 program effect.   

To measure if there was any possible bias from the Hawthorne Effect or if there were any 

spillovers, we also included 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 program and these 

schools did not have any contact with the 24 program schools in the core sample of our study. 

Consequently, the CAL intervention in the program schools was unlikely to affect these 

additional control schools via any form of spillover. Comparisons of the changes in the academic 

	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  
2 Likewise, students in the treatment group might work harder simply because they were encouraged by 
being selected to participate in the CAL program. 
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performance over the program period among the treatment 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 Hawthorne and spillover effects.  

 

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 midline 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 survey 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 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 minutes. 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 

	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  
3 Again, some experts from the Center for Examination of Beijing helped us picked questions for the tests 
from official examination books and exercise books. 
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no cheating. We use the scores of the students on the math and Chinese tests as our 

measures of student academic performance.    

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 

socioeconomic 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 students were also asked whether 

their lived with each 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 noncognitive traits, such as their attitudes toward schooling, 

the levels of self-confidence and self-reported math study efficacy (or ability to solve 

math problems). To create the indicator depicting the student’s attitude 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 “extremely enjoy 

school.” The indicators of self-confidence and math study efficacy were created from the 

responses of students in a ten-item psychological scale measuring self-confidence;4 and a 

seven-item psychological scale for math efficacy.5   

	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  
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 particular goal.  “The construct of Perceived Self-Efficacy reflects 
an optimistic self-belief” (Schwarzer, 1992). Perceived self-efficacy is an operative construct, i.e., it is 
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For the baseline survey only, information about the access of students to 

computers and other modern technologies (such as cell phones) was collected. The 

information collected in this subblock 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 technologies.  

Statistical Methods 

We used both unadjusted and adjusted ordinary least squares (OLS) regression 

analysis to estimate how the academic and non-academic outcomes changed in the 

treatment group relative to the control group. Our unadjusted analysis regressed changes 

in the outcome variables (i.e. post-program outcome value minus pre-program outcome 

value) on a dummy variable of the treatment (CAL intervention) status. We used adjusted 

analyses as well to control for some systematic differences between the treatment and 

control groups, improve precision and test for heterogeneous treatment effects (we will 

describe these approaches in detail in the models below). In all regressions, we accounted 

for the clustered nature of our sample by constructing Huber-White standard errors 

corrected for class-level clustering (relaxing the assumption that disturbance terms are 

	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  
related to subsequent behavior and, therefore, is relevant for clinical practice and behavior change. 
Jerusalem and Schwartzer developed the General Self-Efficiency Scale (GSE) in 1979, which was then 
widely employed in measuring self-efficacy. GSE has ten 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 & Schwarzer (1995).	  	  

5	  To measure the math study efficacy, a professor in psychometrics and measurement in Beijing Normal 
University helped us choose among the 12 indicators of math attitudes used in TIMSS 2003 and developed 
a seven-item scale of math study efficacy that is appropriate to use under the context of elementary schools 
in China.	  	  	  
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independent and identically distributed within classes). The models are presented in order 

of increasing comprehensiveness.  

First, the unadjusted model is: 

	  	  	   	   	   	   	   (1) 

where  is the change in the outcome variable during the program period for child i in 

school s and class c, 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), and is a random disturbance term (clustered at the class level). 

We used several variables to measure the student academic and non-academic 

outcomes ( ). The primary outcome variable of our analysis is the student academic 

outcome, measured by the student standardized math test score. 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-reported efficacy of math study. 

By construction, the coefficient of the dummy variable , , is equal to the 

unconditional difference in the change in the outcome ( ) between the treatment and control 

	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  
6 For example, the CAL program might have improved the student’s general learning ability and thus the 
student Chinese test score might also increase. 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.  
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groups over the program period. In other words,  measures how the treatment group changed in 

the outcome levels during the program period relative to the control group. Because the random 

assignment was conducted within each school instead of across schools, this estimate might 

include both the effect of being assigned to the treatment group (i.e. the effect of CAL 

intervention or the CAL treatment effect) and any systematic school-specific difference in 

between the treatment and control groups. 

To disentangle the systematic differences across schools in  and obtain an unbiased 

estimate of the genuine treatment effect of the CAL intervention, we additionally control for the 

school fixed effects in equation (1):  

     (2) 

where is the vector of school fixed effects and all the other variables and parameters are the 

same as those in equation (1). By construction,  equals the average unconditional within-school 

difference in  between the treatment and control groups over the program period. As the 

CAL intervention was randomly assigned within schools,  is an unbiased estimate of the effect 

of being assigned to the treatment group (i.e., the effect of the CAL intervention, or the CAL 

treatment effect). 

To improve the efficiency of the estimation, we built on the adjusted model in equation (2) 

by including a set of control variables: 

   (3) 

where all the variables and parameters are the same as those in equation (2), except that we added 

a set of control variables. Specifically, we controlled for , the pre-program outcome value for 

student i  in school s and class c, and  , a vector of additional control variables. The variables 

in   are student and family characteristics (female, age, number of siblings, father has a 
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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 technologies). By including  and 

 as control variables,  in equation (3) is an unbiased, efficient estimate of the CAL 

treatment effect. 

Besides the parametric multivariate regression models in equations (1) to (4), we also 

used nonparametric quartile regressions to examine the heterogeneous program effect on students 

belonging to each quartile of the post-program test score distribution. Specifically, the quartile 

regressions followed nonparametric algorithm to examine how the CAL intervention affected 

each quartile of the student post-program math test score distribution (instead of the mean level 

of in the parametric regression models).   

 

Results 

The data show students in the treatment group improved significantly more in their math 

performance than did students in the control group (Figure 2). The pre-test standardized test 

scores are quite similar between the treatment and control groups, (Panel A, bars labeled with 

“Before”).7 After the CAL intervention, the treatment group improved significantly more in math 

than did the control group (Panels A).  The difference in improvement in standardized math test 

scores between the two groups is 0.11 standard deviations (Panel B).8 Considering that the 

	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  
7 The test scores are normalized to standardized scores with mean equal to zero and standard deviation 
equal to 1.  

8 In principle, the difference in change in the standardized math test score (which, in theory, shall be equal 
to the estimated program effect using the unadjusted model in equation (1)) shall capture both the program 
effect and school-specific differences in the change in test scores over the program period between the 
treatment and control groups. However, in our study,  as will be shown in our regression results in Table 3, 
the school-specific differences in change in test scores seem to be trivial and the estimated  program effect 
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program only ran for one semester, the size of the CAL program effect is comparable to the 

findings in other CAL evaluations that observed beneficial effects of CAL on student 

performance (e.g., Barrow, 2008; Banerjee et al., 2007; Linden, 2008). The size of the effect can 

also be counted as relatively large (compared to other education interventions).   

 The multivariate regression analyses (adjusted and unadjusted) are consistent with our 

graphical descriptive analysis. The estimated CAL treatment effect on math test scores is equal to 

0.11 standard deviations whether using the unadjusted model (equation (1)) or using the simple 

adjusted model controlling for school fixed effects in equation (2)  (Table 3, row 1, columns 1 

and 2). With additional control variables (equation (3)), the estimate of program effect increased 

to 0.14 standard deviations (Table 3, row 1, column 3). All estimated impacts are significant at 

the 0.01 level.  

Interestingly, most of the positive effect of the CAL intervention on standardized math 

test scores took place within the first two months of the program implementation (Figure 3). 

Since the CAL program was launched in early September, its effect quickly reached 0.1 standard 

deviations by midterm (early November). This effect was sustained with only a slight increase by 

the end of the semester (late December). One possible interpretation of this finding is that the 

improvement in math performance was mainly boosted by the excitement of the students to have 

hands-on experience with the computers and their interest in the software’s animation interface. 

After the halfway point of the semester, the excitement of the students perhaps was not as strong 

as it was at the beginning of the semester, so the students gained no further improvement in their 

math test scores between the middle and the end of the semester.    

Another possible reason for this transitory effect of CAL program is household 

substitution. Das et al. (2011) found that unanticipated school grants led to significant 

	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  
from the unadjusted model in equation (1) was almost equal to that from the adjusted model that controlled 
for the school fixed effects (equation (2)).	  	  	  



	  

24	  

	  

improvements in student test scores but anticipated grants had no impact on test scores. They 

suggested that over time households would adjust their educational inputs for their children in 

response to changes in school inputs, thus offsetting part of the impacts of the (anticipated) 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 or time spent with their 

children). By the middle point of the intervention, however, parents may have had time to 

understand what was going on and realize that the CAL program 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 had enough tutoring via the CAL 

program at school and thus reduced the time and efforts 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 education (and were in a better position to be providing in-home tutoring help for 

their children in the absence of the CAL program).9 Second, the first pattern would be expected to  

emerge only after the midterm exam because parents were only able to effectively respond (or 

even realize what was going on) to the unexpected CAL program some time after its 

implementation (for example, about the time of the midline evaluation). 

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 
	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  
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. 
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education did not gain less from the treatment than those who did not (Appendix 1, rows 2 and 3, 

columns 4 to 7). However, after the midline evaluation survey, students whose father had higher 

levels of education gained less from the treatment than those who did not (0.18 standard 

deviations less for students whose father had at least a high school degree and 0.6 standard 

deviations less for those whose father had a college degree; rows 2 and 3, columns 4-7, Appendix 

2). This result implies that there is a possible household substitution occurring after the onset of 

the CAL program. By comparing the change in student math test scores before and after the 

midterm among students in the treatment and control groups (rows 1-3, Appendix 3), we found in 

general students in the treatment group gained less in their test scores from the CAL intervention 

after the midterm than they did before the midterm (with the gap in gains from the intervention 

before and after the midterm varying from 0.1 to 0.16 standard deviations; row 1). More 

importantly, this pattern is more evident for students whose father had a college degree than for 

those whose father had never achieved a college degree (row 3, columns 5 and 7). In other words, 

after the midterm, the CAL intervention effect decreased significantly more (at least 0.83 

standard deviations more) for students whose father had a college degree than those whose father 

did not. This result implies that the household substitution occurred after parents were well aware 

of the CAL program and was stronger among parents who were well educated and more able to 

tutor their children in the absence of the CAL program.   

Heterogeneous Effects of the CAL Intervention on Student Academic Performance   

The estimation results using Equation (3), but including interaction terms between the 

treatment variable and certain student 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 
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deviations more in their math scores than those whose fathers did, respectively (row 2, columns 7 

and 8). Although this is understandable, it is important since it is one of the goals of the CAL 

program to improve the learning outcomes of those students that do not have any one at home 

that is able to help them. At the same time, we find no significant evidence of CAL intervention 

heterogeneous program effects for other student demographic and family characteristics (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 started (ever used a computer and access to other 

modern technologies; row 2). 

In additional to the heterogeneous CAL program effect on students with different levels 

of father’s education, results from the nonparametric quartile regressions show that CAL 

intervention benefitted students in the lower part of the distribution of the math test scores more 

than it benefitted those in the higher part of the distribution (Table 5, row 1). Specifically, CAL 

intervention brought up the scores of the students in the first quartile (the 25th percentile) by 0.18 

standard deviations (row 1, column 1). In comparison, it brought up the scores of students in the 

second and the third quartiles by only 0.16 and 0.14 standard deviations, respectively (row 1, 

columns 2 and 3). Hence, in this way the CAL program is also achieving one of its intended goals 

to help students that are underperforming. 

Spillovers in Chinese Language Test Score 

Over the program period, we observe at most modest and mostly insignificant 

improvements in the standardized Chinese test scores for the treatment group in comparison to 

the control group (Figure 4). The simple difference in the change of Chinese test scores over the 

program period between the treatment and control groups (i.e. difference in difference) is 

insignificant and equal to 0.04 standard deviations (Panel B). The results of our multivariate 

regression analysis (equations (1) to (3)) also show that the estimated effects of the CAL 



	  

27	  

	  

intervention on Chinese test scores vary from 0.01 standard deviations to 0.04 standard deviations, 

and none of these estimated effects are significant (Table 6, columns 1 to 3). When we ran the 

quartile regressions, the CAL intervention appears to have improved the median value of the 

student Chinese test score by 0.06 standard deviations, and this improvement is significant at the 

10% level (column 5 ). However, there is no significant effect of CAL intervention on the bottom 

or top quartile of the student’s Chinese test score distribution (columns 4 and 6). All these results 

suggest that the CAL intervention in math created, at the very most, only small positive spillovers 

in the Chinese test scores of the students. What is perhaps more important is that (at the very least) 

there is no evidence that the CAL program improved math performance at the expense of the 

student performance in Chinese.  

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 7). Compared to students in the control group, the students in the 

treatment group “liked school” significantly more (column 1). On a scale of 0-10, the difference 

in improvement in the score on the indicator like school between the treatment and control groups 

was equal to 0.16 points and was significant at the five percent level. Moreover, students in the 

treatment group also improved 0.07 points more on a self-confidence assessment with a scale of 1 

to 4 than those in the control group (column 2). These results are robust to the inclusion of 

additional control variables (columns 4 and 5). 

On the contrary, we do not find any significant effects of the CAL intervention on self-

reported math study efficacy (Table 7, columns 3 and 6). One possible reason for CAL’s lack of 

effect on the student’s self-reported math study efficacy is the remedial nature 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. Consequently, although the CAL program made 



	  

28	  

	  

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 believe that they are more capable in math problem solving in general.    

Robustness Check 

To examine whether our estimates of the CAL intervention were contaminated by the 

Hawthorne Effect or potential spillovers of the CAL 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 control 

classes in the 24 program schools) and the 19 additional control schools over the program period 

using equations (2) and (3), 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 significant difference in the 

change in test scores between these two groups would imply a significant Hawthorne Effect 

and/or spillovers of the CAL intervention. We then estimated the treatment effects using the 19 

additional control schools instead of the original control group. If there was no significant 

Hawthorne effect or program spillover, the estimated program effects shall be consistent with 

those using the original control group. We used equation (3) (the complete model with all control 

variables) in both analyses because, in spite of the initial randomization, we observed some 

accidental significant differences in the baseline characteristics between the additional control 

groups and the other two groups (Table 8, columns 7 and 8).  

The results show that the Hawthorne Effect and/or 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 9, row 1). The estimated CAL 
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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 Hawthorne effects or spillovers of the CAL intervention 

(Table 10, row 1, columns 1 and 2).10 Interestingly, when we used the additional control group to 

estimate the CAL spillover effect to Chinese, the estimated spillover effect was 0.17 standard 

deviations and significant at the 10% level (Table 10, row 1, column 3). However, the estimated 

spillover effect was insignificant when we included the control variables (Table 10, row 1, 

column 4). 

 

Conclusion 

In this paper we present the results from a randomized field experiment of a Computer 

Assisted Learning (CAL) program involving over 4000 third-grade students, mostly aged nine 

and ten and from poor migrant families, in 43 migrant schools in the suburban communities of 

Beijing. The main intervention was a math CAL program that was held outside of regular school 

hours. Third-grade students were offered 40 minutes of shared computer time after school, twice 

a week. During the sessions students played computer-based games that required them to practice 

using their knowledge of math and relatively simple problem solving skills. The CAL program 

was tailored to the regular school math curriculum and was remedial in nature, providing the 

students with a lot of drills and exercises that was related to the material that they were learning 

in class. There was also an animation-based tutoring session that reviewed the lesson of the week.  

To evaluate the effectiveness of the program we randomly chose 24 schools from the 

entire sample frame of 43 schools as program schools and randomly chose one class within each 

program school to receive the CAL intervention. The rest of the classes in the 24 program schools 

	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  
10	  The	  point	  estimates	  of	  the	  CAL	  program	  effects	  are	  larger	  than	  those	  using	  the	  control	  group	  in	  the	  core	  

sample,	  yet	  the	  standard	  error	  were	  also	  larger.	  
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served as the main control group. The remaining 19 non-program schools were never told about 

the CAL program and constituted an additional control group in our evaluation design. With this 

additional control group, we are able to show that the Hawthorne effect and spillovers of the CAL 

intervention did not affect the results. 

 Our results indicate that CAL has significant beneficial effects on both student 

academic and non-academic outcomes, at least in the short term. Two 40-minute CAL 

math sessions per week increased the student standardized math scores by 0.14 standard 

deviations. Interestingly, most of the increase in scores took place in just two months. In 

the second part of the program, the increase (in the point estimate) was modest. Low-

performing students and those with less-educated parents benefited more from the 

program. CAL also significantly increased the confidence level of the students and their 

interest in learning. We observed at most modest program spillovers onto Chinese 

language test scores.  

This paper contributes to the understanding of the effect of CAL on learning 

outcomes for underserved populations in developing countries in two respects. First, we 

took care in preparing software and hardware for the program and designing our CAL 

program implementation and evaluation protocol in order to prevent some potentially 

confounding influences. 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 evaluation results. Our protocol took various measures to 

prevent such interferences. By implementing the CAL program as a full supplementary 

program, we also eliminated any substitution effects that might have diminished the 
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program effects. Our evaluation design using two control groups, one of which had never 

heard about the program, further allowed for rigorous measurement (and thus elimination) 

of possible Hawthorne effects and program spillovers.  

 This paper also contributes to the understanding of the effects of CAL by its 

relatively broad research dimension. Besides providing evidence that the CAL 

intervention significantly improved student outcomes in underserved populations in 

developing countries, this paper examined how this impact changed over time and across 

different student groups. More importantly, this paper explores how CAL affected non-

academic outcomes that maybe important to the student intellectual and career 

development.  

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) should consider upscaling CAL programs, especially in public 

schools serving disadvantaged students (e.g., rural public schools in China). Of course, 

private migrant schools in Beijing might not be representative of public schools in China 

or in other developing countries. Thus, CAL programs might or might not work the same 

way in public schools as they did in migrant schools. 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 resources, lack of remedial tutoring and the resulting persistent underperformance 

of the students. More importantly, China’s government, and increasingly more 

governments in developing countries, have committed to making large investments in the 

computing facilities in rural public schools. However, in many rural schools, after the 
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investment in computing facilities, 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. Our CAL program (or programs like it), as a complementary input to 

existing computing resources, has potential to promote learning outcomes for 

underserved students by productively using these computer technologies. Therefore, we 

believe that the government might want to consider extending CAL programs on a larger 

scale in China (and in other developing countries) and then rigorously evaluate these new 

initiatives to inform policies that intend to provide better educational service to the poor.	  
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Figure 1:  Experiment Profile 

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: 192 students  

	  

1255 students 
analyzed 
 

Allocation 
(Sept 2010) 

Follow-up 
(December 2010) 

 

Analysis 

 

Baseline (Sept. 2010) 

24 classes allocated to the 
treatment group (1067 students) 
         

902 students analyzed 
 

Attrition: 165 students 
 

43 migrant schools in Beijing 

19 migrant schools randomly 
excluded (additional control) 



	  

34	  

	  

 

Panel A. Standardized math test scores before and after CAL: the treatment and control groups 

 

 

 

 

 

 

 

 

 

Panel B. Difference in difference in the standardized math test scores before and after the CAL Program 
between the treatment and control groups 

Figure 2. Change in the standardized math test scores before and after the CAL program 
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Note: The baseline (right before the implementation of the CAL program on September 1st) program 
effect, measured by difference in difference between the treatment and control groups is zero by 
construction 

Figure 3. Measuring the CAL program effect (difference in difference measure) on the standardized 
math test scores over time 
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Panel A: Standardized Chinese test scores before and after the CAL Program: the treatment and control 
groups 

 

Panel B. Difference in difference in the standardized Chinese test scores before and after the CAL 
Program between the treatment and control groups 

Figure 4. Change in the standardized Chinese test scores before and after the CAL program 
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estimatiors	  is	  misspelled	  in	  the	  title	  of	  the	  above	  table.	  Game	  box	  is	  still	  a	  problem…	  
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