
 

 

 

 

 

 

 

IMPACT OF INFORMATION COMMUNICATION TECHNOLOGY  

ON EDUCATION (IICTE): EVIDENCE FROM 

 TWO FIELD EXPERIMENTS 

 

 

 

 

 

 

A Dissertation  

Submitted to 

the Temple University Graduate Board 

 

 

 

 

 

 

In Partial Fulfillment 

of the Requirements for the Degree 

DOCTOR OF PHILOSOPHY 

 

 

 

 

 

 

by 

Zhe Deng 

May 2022 

 

 

 

 

Examining Committee Members: 

 

Min-Seok Pang, Advisory Chair, Department of MIS 

Jaehwuen Jung, Department of MIS 

Konstantin Bauman, Department of MIS 

Gang Wang, External Member, University of Delaware 

  



  

ii 
 

ABSTRACT 

The advance and ubiquitous use of Information and Communication Technology (ICT) 

have changed how humans learn and reform the education sector. Although related topics 

have been studied in other disciplines (e.g., behavioral science, economics, psychology, 

etc.), IS researchers have paid less attention to the impacts of information communication 

technology on education (IICTE). Recently, education in the post-pandemic world calls for 

further investigation on this topic since most of the traditional on-site teaching around the 

world have moved online. The proposed two studies aim to contribute to the IS and the 

economics research on the role of technology in education and the underlying mechanisms 

of how ICT affects learning through a series of field experiments and data mining methods.  

The first study examines in-class mobile device use effects on students’ learning 

performance via a field experiment. It explores students’ attention allocation at an 

individual level with live video feed data. We collaborated with a vocational school in 

China to examine the effect of using smartphones in the classroom on students’ academic 

performance. We randomly allocated students taking one lecture in Chinese verbal into 

three experimental conditions: (i) smartphone banned; (ii) smartphone allowed and used at 

will by students, and (iii) smartphone allowed, used at will by students and relied upon by 

teachers to assist instruction. We measure the performance gain of students by the change 

in the scores they obtained in identical tests taken at the beginning and the end of the lecture. 

We find that allowing students to use smartphones during the lecture at will reduced 

performance by 12% (6.3 points on a 100-point scale) compared to when students could 

not take the smartphones into the classroom. However, allowing smartphones into the 

classroom and asking teachers to actively use them to assist instruction increased their 
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performance by 20% (10.6 points). These results are driven mainly by already strong 

students and students in IT-related majors. To unravel the underlying mechanisms that 

drive the observed effects, we use video feeds collected during our experiment, allowing 

us to code the time students spent learning versus being distracted, with or without their 

smartphones. We observed that students spent a similar amount of time learning versus 

being distracted across all three experimental conditions. Thus, the time students allocate 

to learning in each condition does not predict performance. Instead, what matters for their 

performance is the relative time they spent learning versus being distracted when using 

their smartphones. We show that the increase in performance when smartphones are used 

to assist instruction comes from students spending a larger percentage of the time learning 

during the lecture. Our findings contribute to the literature on technology-assisted learning 

and offer practical and policy implications that teachers and schools can follow to allow 

smartphones in the classroom to improve student success cautiously. 

The second study investigates the effects of different Internet access policies on 

student performance via a field experiment and examines the underlying mechanisms of 

its impact by mining students’ online and offline behaviors. While universities invest a 

considerable amount to keep up with the increasing demand for Internet connectivity on 

campus, sufficient doubt exists on the overall efficacy of information communication 

technologies (ICTs) in enhancing learning. Therefore, it is essential to understand how the 

Internet is used on campus and whether educational institutions can design their ICT 

policies to improve education. To answer this question, we seek to investigate the effects 

of different Internet policies on educational outcomes (i.e., grades, other evaluation results, 

etc.) by conducting a randomized field experiment at a national public university in China. 
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Specifically, we randomly assigned students to five experimental conditions for a whole 

semester: low bandwidth and limited data, low bandwidth with unlimited data, high 

bandwidth with limited data, high bandwidth with unlimited data, and high-quality access 

(high bandwidth without data limit) yet limited data to entertainment. We then collect and 

compare the educational outcomes and each student’s online and offline behaviors across 

all five conditions. With our unique context and micro-level data, we investigate the overall 

effect of different policies as well as the dynamics of students’ online and offline learning 

behaviors (i.e., online learning time, online-offline behavior change, etc.) to understand the 

underlying mechanisms (i.e., online/offline learning patterns on performance). Our study 

is the first to investigate the effect of ICT policy design on educational outcomes using a 

randomized controlled trial (RCT). We also offer practical guidelines to policymakers and 

educational institutions on optimizing campus Internet access to help improve students’ 

learning with the proper use of ICT.  

Ultimately, studies in this dissertation attempt to explore how ICT could boost 

learning and thus extend the boundary of IS research to the education sector. Results 

demonstrated in the dissertation offer clear and straightforward evidence for educators, 

parents, and students to make their ICT use policies. 
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CHAPTER 1 

ESSAY 1: FROM SMART PHONES TO SMART STUDENTS: DISTRACTION 

VERSUS LEARNING WITH MOBILE DEVICES IN THE CLASSROOM 

1. Introduction 

The sharp increase in the penetration of smartphones, from 35% of the U.S. population in 

2011 to 85% in 2021 (Pew Research Center 2021), stimulated significant research on the 

role of smartphones in various business settings (e.g., Ghose 2017, Han et al. 2015, Xu et 

al. 2014). However, little is still known about the impact of smartphones in educational 

settings. The pervasiveness of smartphones perplexes teachers and parents alike, leading 

them, together with students, to discuss whether smartphones should be allowed or banned 

from classrooms. However, there has been no consensus on this issue (Allen KA, 2017). 

Parents and teachers often oppose allowing smartphones in the classroom because 

of the potential adverse effects that they may propel, such as distraction (Beland and 

Murphy 2016, Kuznekoff et al. 2015), access to unreliable information (Wineburg et al. 

2016), cheating (Haller 2017), cyber-bullying (Osborne 2012), and even physical or mental 

distress (Ward et al. 2017, Resnick 2019). On the other hand, students usually favor 

allowing smartphones into classrooms and highlight that these devices can be effectively 

used during lectures to assist learning. To a certain extent, the increasing number of 

educational apps for mobile phones that support learning and lecture management (e.g., 

Google Classroom, Kahoot, Seesaw), by facilitating real-time interaction and collaboration 

among students and teachers, fuel these claims (Taylor and Francis 2015). Furthermore, 

allowing students to use their smartphones to assist learning during lectures may relieve 
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schools from expensive investments in ICTs, which are increasingly required today to 

improve the students’ learning. 

However, the concerns of teachers and parents have led some policymakers to ban 

smartphones from classrooms and sometimes from schools altogether. For instance, France 

has passed a bill requiring all students aged 3-15 to leave their smartphones at home or 

keep them off if taken to school (Law No. 2018-698, 2018). Likewise, China has published 

a national notice guiding K-12 students to limit access to mobile phones at school (JJTH 

No. 3, 2021). Similar policies and measures have also been proposed and enacted in other 

countries, such as the United States, the United Kingdom, and India. Understanding 

whether smartphones can be productively used to assist with instruction or whether they 

are primarily a distraction that may hurt student learning is a paramount issue for education 

policy. Novel findings along these lines may yield significant value for decision-makers 

and practitioners alike. 

The research on the effect of ICTs on learning outcomes and work productivity has 

shown mixed effects (Lee et al. 2018) and thus helps little in anticipating how smartphones 

in classrooms may affect students’ performance. Some prior studies (Angrist and Lavy 

2002, Brynjolfsson and Hitt 1996, Dewan and Kraemer 2000, Goolsbee and Klenow 2006, 

Jorgenson and Stiroh 2000) investigate the relationship between ICTs and productivity at 

very aggregate economic levels (i.e., countries, industries, firms). Relatively fewer studies 

examine the impact of ICTs on performance at the individual level, particularly exploring 

the relationship between ICTs and human attention (Alavi and Leidner 2001). However, it 

is fundamental to understand whether ICTs in education (and in the workplace) introduces 
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an additional source of distraction or additional motivation to focus on the task at hand. 

However, it is hard to collect data on effort and attention to task at the individual level in 

such settings and associate such micro-measurements to relevant productivity measures.  

In this paper, we set out to study whether the introduction of smartphones in the 

classroom affects students’ performance. To this end, we run a randomized control 

experiment to test the effect of smartphones in the classroom on students’ performance by 

collecting individual-level data to identify why this effect arises. Along these lines, we ask 

two research questions:  

1) Does the introduction of smartphones in the classroom affect the time students 

spend learning versus being distracted?  

2) Does the introduction of smartphones in the classroom affect students’ academic 

performance? 

During our field experiment, students in a vocational school in China were 

randomly assigned to three experimental conditions during one lecture of their course in 

verbal Chinese: i) smartphones banned from the classroom; ii) smartphones allowed into 

the classroom and used at will by students; iii) smartphones allowed into the classroom, 

used at will by students as well as used actively by the teacher to assist with instruction. In 

our case, assisted instruction was implemented by having the teacher prompt students to 

use a web-browser-based smartphone dictionary app (that we developed for this 

experiment) during the lecture to check the pronunciation, definition, and etymology of the 

words taught. In addition, all students took identical tests both at the beginning and end of 



  

16 

the lecture, allowing us to measure performance gain as the difference between pre-lecture 

and post-lecture test scores.  

The analysis of the experimental data obtained yields notable findings. First, 

banning smartphones from the classroom increased students’ performance gain by 12% 

(6.3 points lower, on a 100-point scale) compared to allowing students to use smartphones 

at will. Second, the increase in the performance gain was even higher, namely 20% (10.6 

points), when smartphones were allowed into the classroom and used to assist with 

instruction. These findings suggest that simply banning smartphones from classrooms may 

not be the best policy because the learning effects that they propel may outweigh the costs. 

Still, these findings are heterogeneous across students and driven by the students with 

higher prior performance and those in IT-related majors. 

We also examine the underlying mechanisms that may explain these findings. We 

use live video feeds of the lectures in our experiment to partition, for each student 

individually, the total lecture time into (i) learning using the smartphone, (ii) learning 

without using the smartphone, (iii) distraction due to the smartphone, and (iv) distraction 

without the smartphone. These micro-measures of individual behavior allow us to study 

how smartphones affect students’ attention during the lecture and then how such attention 

may explain the changes in the observed differences in performance across our 

experimental conditions. We find that the time students spent learning and distracted during 

the lecture were not statistically significantly different across all three experimental 

conditions. This result is consistent with the idea that attention devoted to learning is scarce. 

In the case that we studied, students were unable to increase it irrespective of whether 



  

17 

smartphones were allowed or banned from the classroom. Specifically, when smartphones 

were allowed into the classroom, students substituted distraction-related activities that they 

would have otherwise performed without smartphones (e.g., looking away, talking to each 

other, dozing off) for distraction-related activities with smartphones (e.g., browsing the 

Internet for entertainment, going on social media, playing games). Therefore, the time 

students allocated to learning versus distraction during the lecture did not help predict their 

performance. Notably, even having the teacher actively prompt students to use the mobile 

dictionary app did not change the time allocation between distraction and learning. In fact, 

asking students to use the smartphone during the lecture to check the app did not change 

the amount of time on the smartphone from when students could use the device at will 

without assisted instruction.  

Our study shows that what matters to students’ performance is whether they are 

distracted or learning using their smartphones or without them. In other words, the nature 

of distraction and the nature of learning (using a smartphone or not) makes a difference 

beyond the amount of time spent on each of these activities. We find that when left to their 

own smartphones, students allocated a very small portion of the time (<1%) that they spent 

learning during the lecture to learning on the smartphone. However, students spent a much 

larger percentage of their time learning during the lecture using the smartphone when the 

teacher explicitly asked them to use the device for learning purposes (5.3%). This increase 

(even if small in absolute terms) statistically significantly drives up student performance, 

suggesting that smartphones can be allowed into classrooms to enhance learning as long as 

they are appropriately utilized by students as prescribed by trained teachers. 
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Our work embodies several contributions to the literature. First, we contribute to 

the literature on the effect of ICTs on learning outcomes by decomposing overall effects 

into the potential positive effect associated with assisting learning and the potential 

negative effect associated with distraction due to ICT (smartphones). Second, we extend 

the literature of Technology-Mediated Learning (TML) to a timely and extensively 

discussed topic: the effect of smartphones in the classroom on student learning outcomes. 

Third, we are among the first to run a randomized controlled trial (RCT) in a real-life 

classroom setting to explore the effect of smartphones on learning. Fourth, we propose a 

novel approach using video to measure student attention, namely the time students devote 

to learning versus being distracted, either using or not using the smartphone. Finally, our 

study offers empirical evidence that educators can use to develop policies to allow 

smartphones into classrooms and encourages all stakeholders to revisit this issue and focus 

on how smartphones can be appropriately and seamlessly integrated into the classroom. 

2. Literature Review 

The existing literature in information systems, economics, and psychology shows mixed 

evidence of the impact of ICTs on educational outcomes. First, ICTs have been found to 

have positive effects on student performance. Subsidies and investment in ICTs in schools 

have been shown to increase students’ performance (Fairlie and London 2012, Machin et 

al. 2007). Computer-aided instruction has been shown to be more effective than traditional 

learning methods in improving students’ performance (Barrow et al. 2009), even during 

after-school programs (Muralidharan et al. 2019, Kumar and Mehra 2018). Using 

computers at home has been shown to increase high school graduation rates (Fairlie et al. 

2010). However, other studies found adverse effects of ICTs on educational outcomes. 
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Examing somewhat similar instances, several studies found that ICT subsidies (Leuven et 

al. 2007), introducing PCs (Carter et al. 2017, Fried 2008, Vigdor et al. 2014), and 

computer-aided instruction (Leuven et al. 2007) can also hurt learning outcomes. In 

addition, Vigdor et al. (2014) and Belo et al. (2014) find that broadband availability and 

usage in middle schools may reduce student grades. 

Several studies found no effect of ICTs on student performance. For example, 

Angrist and Lavy (2002) found no evidence that increasing computer usage in primary 

school changed students’ test scores. Goolsbee and Guryan (2006) found no effect of using 

technology on student performance in California public schools. Barrera-Osorio and 

Linden (2009) found no impact of computer-assisted programs on language learning in 

Colombia. Faber et al. (2015) found no effect of improved broadband speed on educational 

attainment across students in primary and secondary schools in England.  

The studies described above focus on different settings and treatments, and thus it 

is not easy to compare them. In any case, the variance in the results reported in the literature 

to date highlights the complexity associated with appropriately using ICTs to improve 

educational outcomes. Our study shows that heterogeneity can even arise in the same 

setting, in our case in the same school, during the same lecture, and associated with the 

same technology (smartphones in our case). Also, prior studies have often estimated the 

overall effect of ICTs on students’ performance. However, such an overall effect can be 

further decomposed into the potential positive effect of ICTs assisting learning and the 

potential adverse effect of ICTs distracting students from learning. Our study explores the 

role of these activities in detail using empirical individual-level data collected using video 
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feeds from a randomized field experiment in a real-life school setting. To our knowledge, 

Aker et al. (2012) is the only study looking at the effect of smartphones on educational 

outcomes. The authors conducted a field experiment by randomly incorporating phone-

based training into an adult education program in Niger (project ABC). The authors show 

a positive association between training students on using simple mobile phones (e.g., how 

to place phone calls and send text messages) and their writing and math test scores. 

However, Aker et al. (2012) do not provide direct evidence on how students allocate time 

and attention when allowed to use mobile phones, for example, during a lecture, and how 

such mobile phone usage may affect learning outcomes. 

Similar to other ICTs, smartphones also introduce opportunities for misuse in 

educational settings and can change the allocation of attention between learning and being 

distracted. Smartphones can enhance learning by providing quick access to information 

and real-time feedback to students (Thomas and Munz 2016). However, they can also cause 

distraction, for example, when used for entertainment, playing games, and spending time 

on social media (Belo et al. 2014). Moreover, students have limited attention, just like most 

other people in many other circumstances (Kahneman 1973, pp. 10, Lachman et al. 1979, 

pp 186), which exacerbates our concerns about getting them into the classroom. 

Psychologists conceptualized the process of attention allocation (Chun et al. 2011). Given 

humans’ limited processing capacity, they tend to make decisions in favor of a target object 

or an anticipated event (Desimone and Duncan 1995) and then look deeper at the 

information used to do so. Economists have also studied the allocation of attention. Lanham 

(2006, pp. xi) models attention as a scarce resource and suggests that the "style" or 

"rhetoric" of informational devices (e.g., direct manipulation, multimedia presentations) 
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regulates the attention of users. In our study, we manipulated how students can use their 

smartphones in the classroom to observe how this device may change how they allocate 

attention to learning versus being distracted and their smartphone and other non-

smartphone-based activities. 

Measuring attention and distraction is challenging. In the economics literature, 

attention has been measured using the time (and sometimes effort) devoted to specific 

behaviors (Goldhaber 1997, Goolsbee and Klenow 2006, Lanham 2006, Greenstein and 

McDevitt 2009, Rosston et al. 2010, Brynjolfsson and Oh 2012). In the psychology 

literature, attention has been measured using indirect and direct measures. For example, 

overt attention has been measured using time devoted to tasks (Wu and Huberman 2007), 

eye tracking (Ahn et al. 2018, Duchowski 2017), and mouse tracking (Mancas 2008). 

Direct measures of attention have been used in the neuroscience literature (Mancas and 

Ferrera 2016), such as EEG (electroencephalography) and fMRI (magnetic resonance 

imaging). In online settings, views/exposures of certain content and click-through rates 

have been used to measure attention. For example, Agarwal et al. (2017) use viewing stock 

names related to a focal stock on financial information webpages to measure the investors’ 

searching attention. Dellarocas et al. (2016) use click-through data from readers at a news 

aggregator website and websites featuring the original articles to investigate the allocation 

of attention in information-rich environments. Similar measures, such as page 

views/exposures (Carlin et al. 2018, Clarke et al. 2021, Kim et al. 2018, Potter and 

Balthazard 2004, Zhu et al. 2020), user-generated online reviews (Shen et al. 2015), and 

response time (Hong et al. 2004) have also been adopted to measure the attention of online 

users. 
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In the education literature, attention has been mostly measured using memory recall. 

Continuous Performance Tests (CPTs) have been widely adopted to collect how many 

events students can detect and how often they respond to specific changes in stimuli that 

occur infrequently in practice (Corkum and Siegel 1993, Mahone 2005). In online 

educational settings, several studies using surveys (Taneja et al. 2015, Fewkes and McCabe 

2012, McCoy 2013, 2016) asked participants how often they use digital devices during a 

task. 

The studies above show that the measures used to track attention are context-

specific and that each measure is not without limitations. These measures can be clustered 

into three broad groups: self-reported macro-measures (e.g., surveying students for their 

social media use (Fewkes and McCabe, 2012)), objectively-observed macro-measures (e.g., 

tracking online clicks by readers (Dellarocas et al., 2016)), and objectively-observed 

micro-measures (e.g., the technologies adopted in neuroscience and psychology). Surveyed 

macro-measures can be applied to large-scale samples but suffer from self-reported bias. 

For example, students tend to under-report their use of smartphones during lectures. 

Observed micro-measures provide accurate cues for brain activity and thus for whether 

someone is paying attention to certain stimuli. Still, they can hardly be applied to large 

samples because of time and monetary costs. Observed macro-measures, such as online 

page reviews, are likely to provide noisier measures of attention allocation when compared 

to observed micro-measures. Still, they can alleviate the concerns with small sample and 

self-reported biases. In our setting, we use video feeds collected during our experiment to 

measure the time students allocated to different activities (learning, distraction, on and off 
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the smartphone) in the classroom. Our approach adds to the existing observed macro-

measures of attention allocation used in educational settings. 

3. Empirical Setup  

We conducted a randomized field experiment in a vocational school in China to understand 

how using smartphones in the classroom may affect students’ performance. This school 

did not implement any mobile device-related regulations prior to this experiment. At the 

time of our study, there were 482 students in the class of 2019, all of them in their second 

year of studies. They were between 14 and 23 years old and spread across eight majors 

(accounting, computerized accounting, finance, marketing, e-commerce, computer 

animation and game design, computer graphic design, and hospitality management). 

Students from different majors take five required courses -- math, Chinese verbal, English, 

physical education, and moral and legal training -- together in a large classroom holding 

up to 125 students and elective courses in other small classrooms. The experiment was 

conducted in November 2018 during one lecture in verbal Chinese. 

 

Figure 1. Experimental design. Students were randomly split into 3 conditions: C – 

control – smartphone banned from the classroom; Ta – smartphone allowed in the 

classroom; Ti – smartphone allowed in the classroom and actively used for instruction 

purposes. All lectures started and ended with knowledge tests to assess performance 

gain per condition. 
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Figure 1 depicts our experimental protocol. We randomly selected (without 

replacement) 125 students from the class of 2019 for each of three experimental conditions 

(each condition is capped to the 125-seat limit in the large classroom). In the control 

condition (C hereafter, "c" is short for "control"), students could not use their smartphones 

during the experimental lecture. In the first treatment condition (Ta hereafter, "a" is short 

for "allowed"), students were allowed to use their smartphone during the experimental 

lecture at will, i.e., as they wished. In the second treatment condition (Ti hereafter, "i" is 

short for "instruction"), students were allowed to use their smartphone during the 

experimental lecture at will, and the teacher also prompted them to use it for learning 

purposes (explained in detail below). 

The same teacher provided the three identical lectures (only with different 

smartphone policies as described above) to all 375 students in our field experiment. In all 

such lectures, the teacher explained the pronunciation, definition, and etymology of several 

words and their logical functions in sentences from pre-identified pieces of literature, 

including folktale, drama, and poetry, in both traditional and modern Chinese. A traditional 

Chinese prose from the usual curriculum of this course, with which students were unlikely 

to be familiar, was used for these lectures. The teacher was asked to provide the same 

lecture at the same pace to the three groups of students in our experiment. The lectures took 

place on three consecutive days (within the same week), all at the same time of the day and 

always within the same classroom. Note that we could not conduct these three lectures 

simultaneously as that would require three different teachers. However, teacher 

characteristics (such as style and experience) are very likely to affect students’ performance. 

Therefore, condition C was implemented on the first day of the experiment. 
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Condition Ta was implemented on the second day, and Ti on the third day of the 

experiment. This particular order of the experimental conditions was used to minimize 

concerns over interference. For example, suppose students in different conditions chat with 

each other about this lecture. In that case, those in Ta are unlikely to anticipate that they 

could use the smartphones during the lecture, as the students in C, taking the lecture before, 

were not allowed to do so. 

Similarly, students in Ti could potentially anticipate that they could use the 

smartphone at will during this lecture. However, they could not anticipate being provided 

specific instructions on how to use the smartphone for learning purposes. Empirically, we 

do not find any statistically significant difference in the pre-lecture test scores across our 

three experimental conditions, which largely mitigates the concerns about potential 

interference. 

All three lectures started by having students complete a pre-test to assess their 

knowledge of the words that would be taught as part of the experimental lecture, during 

which smartphones were turned off. These tests had a series of multiple-choice questions 

similar to other quizzes taken by these students in Chinese verbal, and the test scores were 

factored into the students’ attendance score to compute final grades. Next, the teacher 

announced the policy regarding smartphone use during the lecture. In condition C, students 

were requested to place their mobile devices in a wall hang-up organizer at the back of the 

room, effectively preventing them from using the smartphone during the lecture. In 

condition Ta, students were told that they could use the smartphone during the lecture at 

will. In condition Ti, students were told that they could use the smartphone during the 
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lecture at will and access a web-based dictionary app. The teacher demonstrated how to do 

so at the beginning of the lecture (after the pre-test). 

Figure 2 shows a snapshot of the screen of this app. Students could use their 

smartphone at any time during the lecture to scan a QR code in the corner of their desk to 

access the app and search for words to learn about their pronunciation, meaning, and 

etymology. After the announcement of the smartphone policy, the teacher delivered the 

lecture. The only difference between these lectures was that in condition Ti, the teacher 

prompted students to use the dictionary app every time a new word was introduced. At the 

end of the lecture, students in all conditions took the same test as when the lecture started 

to measure their performance gain (although they did not know apriori that there would be 

a test, much less a similar one). We designed this experiment to ensure that all students 

across all conditions had little knowledge about the words taught in this lecture (as we will 

see from the significantly poor scores in the pre-tests). Therefore, our exercise may be 

considered as a representative case of providing students with new knowledge. 
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Figure 2. Screenshot of the online dictionary application developed for the purpose of 

our experiment. In condition Ti, students could use this application to search for 

words to learn about their pronunciation, meaning and etymology. In this condition, 

the teacher offered a demo at the beginning of the lecture as part of the announcement 

of the smartphone usage policy. 

 

Finally, the large classroom where the experimental lectures took place was 

equipped with a video anti-cheating system, with 20 cameras mounted on the ceiling, which 

are part of a school-wide security system with an additional 36 cameras across the campus. 

This system is used regularly and often during examinations to ensure academic integrity. 

Students and parents consent to it. Students know about the cameras in the classroom where 

our experiment took place and that these cameras are routinely used. However, they were 

unaware that they were used during our experiment until the delayed debriefing that we 
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provided them at the end of the experiment (additional information about this procedure is 

provided in Appendix A). We used the video feeds provided by the unique setting at this 

school to measure student attention by identifying the time students spent using their 

smartphones vs. not, learning and distracted (as described later in this paper). 

4. Data and Summary Statistics 

We use three anonymized datasets in our analysis: i) archival data provided by the school 

on student demographics (e.g., age, gender, birthplace, major) and past academic records; 

ii) scores in both the pre-treatment and post-treatment tests; iii) video feeds from the 

experimental lectures. Table 1 describes the key variables used in our empirical analysis. 

Table 1. Covariates used in our study 

 

We take the difference between her pre-treatment and post-treatment test scores for 

each student to compute her performance gain during the experimental lecture, which we 

later use as the dependent variable of interest in our study. Note again that the pre-test and 

post-test are similar, and thus their scores are comparable. However, students did not know 

about this until given the post-test at the end of the lecture. A group of experienced teachers 
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in Chinese verbal designed this test with the following guidelines: i) the questions should 

inquire only about what was taught during the experimental lecture; ii) the questions should 

be multiple-choice (to facilitate objective grading); and (iii) a 100-point scale should be 

used for grading, and the distribution of scores should approximate a normal distribution 

(that is, the test should not be exaggeratedly easy nor exaggerated hard). In addition, the 

teacher offering the experimental lecture graded all the tests from all students that attended 

the lecture anonymously, thus ensuring grading consistency and anonymity. 

We use video feeds from the three experimental lectures to compute the time that 

each student spent during the lecture on i) learning using the smartphone (LS); ii) learning 

without using the smartphone (LO); distraction using the smartphone (DS); and distraction 

without using the smartphone (DO). The students in the videos were matched to 367 

students in the experiment using the seat number reported as part of the tests (four students 

did not attend the lecture, and another four did not match the registered students, all of 

them were excluded from the analysis). Reporting seat number in the test was a common 

practice at this school since 2015, and thus students were used to doing so before our 

experiment. 

Getting estimates for LS, LO, DS, DO from the video feeds was accomplished by 

a local team of 20 coders, including faculty and staff at the school. Coders were trained to 

play the video clips given to them, and, for each student, label events as LS, LO, DS, DO, 

and estimate their duration by taking note of the corresponding start and end timestamps. 

The cameras in the classroom provided high-definition video streams allowing coders to 
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check the screen of their smartphones and thus evaluate whether they were learning (e.g., 

using the dictionary app) or distracted (e.g., playing games or on social media). 

We assembled 64 video clips (of exactly half an hour each) during our three 

experimental lectures. Coders were split into four groups of three coders and two groups 

of four coders. Each coder in a group of three coded (independently) the same nine video 

feeds (thus covering 36 video feeds). The coders in one group of four coded 12 video feeds, 

and the four coders in the last group of four coded 16 video feeds. Agreement across coders 

within the same group was very high (average inter-coder reliability across all groups of 

coders – Cohen’s k = 0.96, p < 0.001), which provides evidence of robustness and 

consistency in how students’ behavior during our experiment was coded. 

Table 2 provides descriptive statistics of the key variables used in our study. Each 

lecture is 90 minutes long, with 5 minutes reserved for the pre-test and 5 minutes for the 

post-test. The average pre-treatment test score across all conditions was 29 points (out of 

100), and the average post-treatment test score was 81 points. This indicates a significant 

performance gain during our experimental lecture (t-stat=46.84, p-value < 0.001). Students 

spent a significant amount of lecture time learning, namely 88% (4085/60=68 minutes) 

across all three conditions, most of this time not on the smartphone. However, 39% 

(277/(277+438)) of the time they spent being distracted was on the smartphone. 
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Table 2. Descriptive statistics for the covariates  

 

Finally, note that we use the archival data to show balance in student covariates 

across our three experimental conditions (Table A1 in Appendix A). In particular, the 

average pre-treatment scores across all conditions are statistically indistinguishable, as 

expected, and thus our randomized schedule seems to have been correctly implemented. 

5. The Effect of the Smartphone Policy on Student Performance 

We use pair-wise t-tests to estimate the effect of our treatments. Table 3 depicts the results 

obtained. We observe that allowing students to use the smartphone during the lecture at will 

(condition Ta) lowered the average performance gain in test scores by 12% (6.3 points out 

of an average gain of 52.6 points, which is 39% of a standard deviation) compared to when 

smartphones were banned from the classroom (condition C). By contrast, allowing students 

to use the smartphone during the lecture at will and prompting them to use it for learning 

purposes (condition Ti) increased the average performance gain by 8.4% (4.4 points, which 

is 20% of a standard deviation) compared to the baseline condition (C). Therefore, asking 

students to use the smartphone for learning purposes during the lecture increased the average 

performance gain by 20.2% (or 49% of a standard deviation) relative to allowing 
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smartphones into the classroom without prompting students to use them for learning 

purposes. 

Table 3. Effect of smartphone policy on test scores (results using t-tests). 

 

In addition to the model-free evidence on the between-group differences shown 

above, we use OLS with student covariates to account for the individual-level variations. 

The regression employed is: 

𝑌𝑗  =  𝛽0  +  𝛽1𝑇𝑎𝑗  + 𝛽2𝑇𝑖𝑗  + 𝑋′𝑗𝛽3  +  𝑗,                                        (Eq. 1) 

where the unit of analysis is a student, 𝑋𝑖 is a vector of student characteristics, 𝑇𝑎 and 𝑇𝑖 

are dummy variables indicating whether the student is in treatment condition 𝑇𝑎 or 𝑇𝑖 

(both 0 if the student is assigned to the control condition (C), which is the baseline omitted 

in the regression analysis for comparison). 𝑗 is the idiosyncratic error term, 𝑌𝑗 represents 

the student j’s pre-test score, post-test test score, and performance gain from the lecture. 

Standard errors are clustered per experimental condition when using a vector of student 

covariates 𝑋𝑗 . Table 4 provides the results obtained, which corroborate the model-free 

evidence from the group-level comparisons. 
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Table 4. Effect of smartphone policy on test scores (controls include gender, age, 

ethnics, local graduates, born place, secondary education degree, schooling system 

type, and major). 

 

6. Substitution between Learning and Distraction on and off the Smartphone 

Smartphones in the classroom can be used for both learning and for getting distraction. 

Therefore, how student performance changes is ultimately a function of how smartphone 

policies affect the allocation of attention to these activities. Table 5 shows the time students 

spent using on and off the smartphone during the lecture, both distracted and learning, per 

experimental condition. First, we observe that the total amount of time they spent learning 

(LS+LO) vs. being distracted (DS+DO) was the same across all experimental conditions. 

This finding is in line with the idea that students are already devoting as much attention to 

learning as they possibly could during the lecture, and, at least in our case, whether 

smartphones are banned or allowed into the classroom did not change this. 

To better understand this result, consider the control condition C, in which students 

spent time learning without the smartphone, e.g., listening to the teacher, going over the 

materials, trying out exercises, and being distracted without the smartphone, e.g., looking 

away, talking to each other, dozing off. In this condition, students spent about 11 minutes 

(665.4 seconds in Column 1) distracted (DS+DO, note that in this case, DS is essentially 

zero, except for some trivial non-compliance with leaving the smartphone in the wall hang-
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up organizer at the back of the room). When smartphones were allowed into the classroom 

and used at will (Condition Ta), students spent about 4.5 minutes (274.4 seconds in Column 

2) distracted without smartphones (DO). However, they also spent about 8.5 minutes 

(504.2 seconds in Column 2) distracted on their smartphones, e.g., playing games, 

browsing for news, and social networks (DS). Students substitute some of the prior (non-

smartphone) distraction for distraction on the smartphone. However, the overall distraction 

time does not change significantly (11 minutes in C versus 13 minutes in Ta: p-value = 

0.17 in Column 4). 
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Table 5. Time that students spent during the experimental lecture on and off the 

smartphone, learning and distracted (all in seconds). 

 

A similar situation arises when the smartphone is allowed into the classroom, and 

students are prompted to use the smartphone for learning purposes (Condition Ti). In this 

case, students spent about 6 minutes (371.2 seconds in Column 3) on non-smartphone 

distraction activities (DO) and 5.5 minutes (332.6 seconds in Column 3) on smartphone 

distraction activities (DS). Therefore, the total distraction time is again statistically similar 

across these two conditions (11 minutes in C versus 11.5 minutes in Ti: p-value = 0.42 in 

Column 5). Therefore, different smartphone policies do not change the time that students 

devote to learning versus being distracted. Thus the substitution rate between learning and 

distraction does not help explain the observed change in performance gain across our 

experimental conditions. 

Second, we investigate the substitution between smartphone use vs. non-

smartphone use. In Table 5, we observe that students spent about 9 minutes (or 10% of the 

lecture time) on their smartphone (LS+DS) both when the smartphone was allowed and 

used at will (Ta, 540.0 seconds in Column 2) and when the smartphone was allowed and 
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used at will as well as used for learning purposes (Ti, 550.5 seconds in Column 3). That is, 

asking students to use the smartphone for learning purposes did not change the amount of 

time they spent using the smartphone during the lecture. 

In line with the prior result on the fact that students seem to devote limited attention 

to learning during the lecture, we find that they also devote a limited amount of time to use 

the smartphone during the lecture (and this amount of time did not change when the teacher 

was prompting students to use the device for learning purposes). Attention is a scarce 

resource and how it is allocated to different behaviors and devices depends on their "style" 

or "rhetoric" (e.g., direct manipulation, multimedia presentation, Lanham 2006, pp. xi). 

The nature of the human-machine interaction regulates the allocation of attention by 

humans to machines (Piccoli et al. 2001) rather than the nature of the content they offer 

(learning vs. distraction). In our setting, the substitution between smartphone use versus no 

smartphone use is only determined by whether smartphones are allowed into the classroom 

and not by how students are prompted to use the smartphone during the lecture.  

To sum up, we find that both the substitution of attention between learning (LS+LO) 

and distraction (DS+DO) and the substitution of attention between mobile use (LS+DS) 

and non-mobile use (LO+DO) does not explain the variation in performance gain across 

our experimental conditions. Our experiment offers two examples of interventions (Ta and 

Ti) that did not change the amount of attention that students devoted to learning versus 

being distracted during the lecture. Students always spent about 88% of the lecture (68 

minutes, or 4085 seconds, in Column 1, Table 5) learning in all our experimental conditions, 

which may be a manifestation of their limited attention span preventing them from 
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spending more, or even 100%, of the lecture time learning (Kahneman 1973, pp. 10, 

Lachman et al. 1979, pp 186). Still, their performance changes across these conditions. 

Hence, assessing how much time students spend learning vs. being distracted during a 

lecture is not enough to anticipate how they will perform. Thus, we investigate deeper the 

substitution between mobile learning and other learning to identify the mechanism that 

may be driving the observed effects. We find that how students perform is instead related 

to the nature of learning and distraction, i.e., how much of these activities are performed 

using the smartphone versus not, or, in other words, how smartphone-intensive these 

activities are. 

In our experiment, there was a significant change in the nature of both learning and 

distraction when the smartphone was allowed into the classroom. When used at will 

(condition Ta), students spent about 8.5 minutes (504.2 seconds in Column 2 of Table 5) 

distracted on the smartphone (DS), and only about 0.5 minutes (35.8 seconds in Column 2 

of Table 5) learning on the smartphone. The latter is only 0.9% of the total time learning 

during the lecture, which comes from 16 students in condition Ta that organically used the 

smartphone for learning purposes. 

Therefore, there was a significant imbalance in how the smartphone was used for 

distraction vs. learning under this experimental condition (0.5 minutes versus 8.5 minutes), 

which is likely to be responsible for the observed relative reduction in performance gain 

under Ta (compared to Ti). Prompting students to use the smartphone during the lecture 

for learning purposes (as in Ti) attenuates this imbalance. In this case, students spent about 

5.5 minutes (332.6 seconds in Column 3 Table 5) distracted on their smartphone (DS) and 
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about 3.6 minutes (217.9 seconds in Column 3 Table 5) learning on their smartphone (5.3% 

of the total time learning during the lecture, LS). The seven-fold increase in the time spent 

learning on the smartphone (from 0.5 to 3.6 minutes) is likely responsible for the 

performance gain associated with condition Ti. 

We now extend our empirical analysis to measure whether this seven-fold increase 

affects the performance gain of students in our experiment. First, however, note that the 

allocation of attention to smartphone learning versus other learning, and likewise to 

distraction on versus off the smartphone, are both endogenous in our setting, given that 

students with smartphones in the classroom made their own decisions about how to use the 

device for learning and distraction purposes. Accordingly, we use our experimental 

treatments (Ta and Ti) as instrumental variables for these two endogenous activities 

because they were exogenously and randomly assigned to students. This setup allows us to 

estimate a Local Average Treatment Effect (LATE) (Angrist and Imbens 1995), as 

customary when using randomized control trials to identify the effect associated with 

endogenous mechanisms. Specifically, we use a two-stage least square with the following 

specification: 

%𝐷𝑆𝑗 =  𝛼0
𝐷𝑆  +  𝛼1

𝐷𝑆𝑇𝑎𝑗  +  𝛼2
𝐷𝑆𝑇𝑖𝑗  + 𝑋′𝑗𝛼3

𝐷𝑆  + 𝜖𝑗
𝐷𝑆                      (Eq. 2) 

%𝐿𝑆𝑗 =  𝛼0
𝐿𝑆  +  𝛼1

𝐿𝑆𝑇𝑎𝑗  +  𝛼2
𝐿𝑆𝑇𝑖𝑗  + 𝑋′𝑗𝛼3

𝐿𝑆  + 𝜖𝑗
𝐿𝑆                         (Eq. 3) 

𝑌𝑗  =  𝛼0  + 𝛼1%𝐷𝑆𝑗  + 𝛼2%𝐿𝑆𝑗 +  𝑋′𝑗𝛼3  + 𝜖𝑗                             (Eq. 4) 
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where 𝑌𝑗 is the performance gain for student j, %𝐷𝑆𝑗 is the percentage of time distracted 

on the smartphone (
DS

DS + DO
), and %𝐿𝑆𝑗 is the percentage of time learning on the smartphone 

(
LS

LS + LO
). 

The results obtained are included in Table 6. We find that the percentage of time 

distracted on the smartphone (%DS) reduces performance gain, whereas the percentage of 

time learning on the smartphone (%LS) increases performance gain (Column 1). This 

finding corroborates the intuition that the percentage of time distracted and learning on the 

smartphone Vs. not, it is fundamental to determine the performance gain of students. More 

time distracted on the smartphone reduces performance gain even if the total time devoted 

to distraction remains constant. Similarly, more time learning on the smartphone increases 

performance gain even if the total time devoted to learning remains constant. Therefore, it 

seems that learning and distraction are both more intense on the smartphone vs. away from 

it, in terms of how they affect students’ performance. It is noteworthy that time spent 

learning on the smartphone, even if not much, may override the negative effect of 

distraction on the smartphone. These findings are further validated when student covariates 

are added and standard errors are clustered at the experimental condition level (Column 2). 

Columns 3 to 6 show the corresponding first stages and that our instruments are not weak 

(Stock and Yogo 2002). Also, we use a specification where we add the percentage of total 

time spent on learning during the lecture, %L (= 
𝐿𝑆 + 𝐿𝑂

𝐷𝑆 + 𝐷𝑂 + 𝐿𝑆 + 𝐿𝑂
). As expected, this 

percentage does not explain differences in performance gain, despite it’s variance across 

students, as shown in Table 7. 
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Table 6. The effect of the percentage of time learning using the smartphone (relative to 

total time learning) and of the time distracted using a smartphone (relative to total 

time distracted) on performance gain across our experimental conditions. 

 

Table 7. Effect of the percentage of time learning using the smartphone (relative to 

total time learning) and of the time distracted using the smartphone (relative to the 

total time distracted) on performance gain controlling for the percentage of lecture 

time learning (on+off smartphone). 

 

7. Heterogeneity across Prior Performance and Type of Major  

We further our empirical analysis to study the heterogeneity in the effects reported before. 

First, and according to Cohen and Levinthal (1990), absorptive capacity (i.e., the ability to 

learn in our setting) is highly correlated to prior knowledge. Thus, if using the smartphone 
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to assist with instruction during the lecture increases the performance gain, this effect may 

be more pronounced for better students. To test this hypothesis, we partition the students 

in our experiment according to their score in the pre-treatment test into three levels – high-

performing students, medium-performing students, and under-performing students – and 

contrast the effects obtain for high-performing and under-performaning students. First, 

students in the top tercile of the distribution of pre-test scores (i.e., more than 42 points) 

were included in the group of high-performing students. Next, students with test scores in 

the middle tercile of the distribution of pre-test scores (i.e., between 12 and 42 points) were 

included in the group of medium-performing students. Finally, students with pre-test scores 

in the bottom tercile of this distribution were included in the group of under-performing 

students. Figure 4 shows the performance gain across all experimental conditions and 

across these three subgroups of students. 

Tables B1 and B2 in Appendix B show that the results are different for under-

performing and high-performing students. First, we note that again the total time devoted 

to learning and distraction is the same for both under-performing and high-performing 

students across all experimental conditions. Also, the total time allocated to the smartphone 

is the same in conditions Ta and Ti for both under-performing and high-performing 

students. Still, under-performing students do not benefit much from using their 

smartphones during the experimental lecture. Their test scores when smartphones were 

allowed into the classroom and used to assist instruction were similar to those obtained 

when the smartphone was banned from the classroom (around 77 points). However, their 

scores were significantly worse when the smartphone was allowed into the classroom 

without instruction (60 points). This finding is related to the fact that when smartphones 
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were allowed into the classroom and used at will by students, under-performing students 

used them only for 0.4 minutes for learning purposes. 

In contrast, the performance of high-performing students was similar when 

smartphones were allowed into the classroom without instruction and when the device was 

banned from the classroom (around 89 points). This finding is related to the fact that when 

smartphones are allowed and used at will during the lecture, high-performing students, 

instead, use them for 1.3 minutes or learning purposes (thus roughly three times more than 

under-performing students). However, the scores of high-performing students increase 

significantly when the smartphone is used to assist instruction (to 94 points). 

Allowing smartphones into the classroom and using them to help with instruction 

is much less effective for under-performing students. The significant difference between 

under-performing and high-performing students in this respect is that the former spent 

much more time distracted away from the smartphone when the device was allowed into 

the classroom and used for learning purposes (10 minutes vs. 4.2 minutes). Allowing 

smartphones into the classroom without instruction reduces other distraction in favor of 

smartphone-based distraction. The latter reduces when the device is used to assist learning 

but only for high-performing students. Therefore, we find evidence that additional effort 

may be needed to help under-performing students take advantage of smartphones to learn 

during lectures. Such effort may need to focus on reducing the impact of smartphones on 

distraction when not using the smartphone. 

Second, the ability of students to recognize the value of ICTs and take advantage 

of it, i.e., understand how new ICTs work and how to apply them productively, may also 
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introduce heterogeneity in the effect of smartphones in the classroom on the performance 

of students. To analyze this potential source of heterogeneity, we split students into IT and 

non-IT majors and analyze effects in each sub-group. In the context of the school with 

worked with, the IT majors include computerized accounting, e-commerce, computer 

animation and game design, and computer graphic design. 

Tables B3 and B4 in Appendix B show that the results reported in the previous 

section are essentially driven by students in IT majors. The gain in test scores was the same 

across all conditions for students in non-IT majors, whereas students in IT majors became 

worse off when the smartphone was allowed into the classroom without instruction and 

better off when it was used to aid instruction. These tables also show that the total time 

learning and the total time distracted were the same for both types of students across all 

conditions. Likewise, for the total time allocated to the smartphone. A significant 

difference between non-IT and IT majors students is that the former spend more time 

learning on the smartphone, namely 4.4 vs. 2.4 minutes. However, this difference does not 

help their performance. Students in IT majors were more productive when using 

smartphones to learn during the experimental lecture. Therefore additional effort may be 

required to help students in non-IT majors benefit from using smartphones in the classroom. 

However, note that students in non-IT majors spend less time distracted during the lecture 

than students in IT majors, namely 10.5 minutes vs. 13.7 minutes. Furthermore, they spend 

a similar amount of time distracted on the smartphone when the device is used to assist 

instruction (5.5 minutes in both cases). Hence, the additional support given to students in 

non-IT majors should be geared towards helping them take more advantage of the 
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smartphone learning tools available to them rather than limiting their distraction during 

lectures. 

8. Discussion and Conclusion 

Smartphones are now pervasive. Students are likely to carry one with them at all times and 

thus take them into the classroom. Our paper studies what happens to their performance 

when this is the case. The prior literature found mixed evidence for the impact of ICTs on 

student performance. Thus, both researchers and practitioners (students, parents, teachers, 

school managers, and policymakers in general) are doubtful about the effect of 

smartphones on educational outcomes. This doubt results in a significant lack of consensus 

about how to manage and use smartphones productively in educational settings. 

We ran a randomized field controlled experiment with a baseline case where 

smartphones were banned from the classroom. In the first treatment condition, smartphones 

were allowed into the classroom and used at will. In the second treatment condition, they 

were allowed into the classroom, used at will, and the teacher actively prompted students 

to use them for learning purposes. We find evidence that smartphones in the classroom 

change students’ behavior and, consequently, their classroom performance. On average, 

we find that banning smartphones from the classroom increases the performance gain of 

students compared to allowing them to be used at the students’ will. However, allowing 

smartphones to be used in the classroom at will but using them to assist with instruction 

increases the performance gain of students even further. In our case, the performance gain 

was measured by the difference in the scores obtained in pre-treatment and post-treatment 

tests around one lecture in Chinese verbal. Assisted instruction was achieved by having the 
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teacher prompt students to use a smartphone dictionary app (that we developed for this 

experiment) during the lecture to check several words’ pronunciation, definition, and 

etymology. This average result is essentially driven by students in IT majors and high-

performing students. 

Using data from video feeds of the lectures allowed us to measure the time students 

spent learning versus being distracted, on and off the smartphone. These measurements, in 

turn, allowed us to find that the time that students spent distracted and learning was similar 

across all three experimental conditions. Hence, looking at the total amount of time 

students spend being distracted and learning during a lecture may not help predict their 

performance. Our work shows that whether distraction and learning take place with or 

without the smartphone is what matters for students’ performance. When the teacher asked 

students to use the smartphone during the lecture to aid with learning, the percentage of 

time that the students spent learning on the smartphone, out of all the time they spent 

learning during the lecture, increased significantly, driving up the performance gain. 

Our paper provides an example of how one can allow technology, in our case 

smartphones, into the classroom and, at the same time, increase students’ performance by 

appropriately managing the inherent learning Vs. distraction tradeoff that any technology 

is likely to introduce into education. Nevertheless, prior research in educational settings 

has been unable to track organic distraction and learning at the student level productively. 

Instead, our research tracks distraction versus learning at the student level and whether it 

occurs on or off the smartphone. This data allows us to understand better the underlying 
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mechanisms by which smartphones in the classroom affect students’ performance to inform 

the public and related policy debates. 

Still, our work comes with limitations. First, whether smartphones can help 

instruction depends on the subject and context studied. Our results are for learning Chinese 

and for a particular dictionary app. Results may change based on the subject and the 

specific smartphone app used. However, contextualization and generalization are not 

mutually exclusive (Cheng et al. 2016). Our study features an app that we developed with 

minimal effort for this experiment. Therefore, it is likely that the effect of smartphone-

assisted learning can only become stronger with better apps professionally developed by 

the education industry. Second, our work is about the effect of smartphones, but other 

devices, such as tablets, are also increasingly used by youngsters. Thus, learning about 

their effect on educational outcomes is also essential. While it is hard to generalize across 

devices, we still believe that our findings may apply without much change to the case of 

tablets because, in general, tablets and smartphones allow for similar applications and thus 

provide similar opportunities for both learning and distraction. Third, we are unable to offer 

evidence about the long-term effect of smartphones in classrooms on students’ 

performance. Empirically, our study pertains only to what happens during one lecture. 

Measuring the long-term effect of smartphone use in the classroom on students’ 

performance is challenging in our setting. There could be interference across experimental 

conditions over time, and we cannot track smartphone usage outside the classroom. In any 

case, it would be interesting to know whether using smartphones in classrooms exhibits 

any cumulative learning effects over time and whether such effects could carry over to 

adjacent learning settings (e.g., at home). We encourage future research to develop the 
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appropriate experimental designs and measurement tools to validate our findings more 

broadly and, hopefully, offer long-term findings. 

Our work offers notable implications for research, public policy, school managers, 

teachers, and students. To our knowledge, this study is the first to use a randomized field 

control trial to gather evidence about the effect of smartphones in the classroom on students’ 

performance. Our setup allows us to identify the performance gains under different 

smartphone policies and understand how such policies change how students use their 

smartphones, which in turn affects their academic performance. In line with prior research 

(Alavi and Leidner 2001, Belo et al. 2014, Kumar and Mehra 2018), we also find both 

positive and negative effects of ICTs on students’ performance. Our findings associate the 

positive effects to the way smartphones are used during the lecture, in our case, having the 

teacher actively ask students to use an app to aid with instruction. Therefore, our results 

may encourage stakeholders in education to focus on smartphone applications to improve 

technology-assisted learning as long as teachers can appropriately manage the learning 

versus distraction tradeoff in the classroom. 
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CHAPTER 2 

ESSAY 2: WOULD UNLIMITED INTERNET LEAD TO UNLIMITED 

LEARNING? A FIELD EXPERIMENT OF INTERNET POLICY ON 

EDUCATIONAL OUTCOMES 

1. Introduction 

The advance of Information and Communication Technology (ICT) has changed how 

students live and learn these days. With the rapid growth of the mobile economy in the past 

decades, students now bring more than five Wi-Fi-enabled devices to campus (McKenzie 

2018) and take free, reliable, and ubiquitous Internet access on campus for granted. 

Concomitant with these changes, educational institutions are dramatically upgrading their 

network infrastructures to improve the digital experience of faculty and students. In April 

2018, Ohio State University approved an $18.6 million campus-wide update plan to expand 

the coverage of campus Wi-Fi . The University of Michigan also completed a $24.5 million 

Wi-Fi upgrade in the same year.  A recent report shows that 66% of higher educational 

institutions struggle to maintain or expand wireless-network capacity (ACUHO 2019). 

Despite these circumstances, university administrators are still considering retaining and 

providing unlimited access to students. They believe ICT technologies would facilitate 

education quality and improve the students’ digital experience on campus.  

However, students’ actual Internet usage on campus seems to deviate from 

administrators’ original intent. Despite the university’s efforts to shape and limit its 

bandwidth by protocols, in 2019, less than one-third of the students from 315 surveyed 

colleges generated Internet traffic for learning purposes every day: students ranked online 

learning tools consumption an average of a 37.4% out of their overall online traffic, 13.3% 
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on interactive digital textbooks, and 8.2% on e-books. Surprisingly, the top five digital 

contents consumed every day were related to non-learning activities: 89.3% on TV and 

video consumption, 80.2% on web-based content, 55.4% on music and audio, 59.8% on 

video gaming, and 40.9% on cloud content (ACUHO 2019). The fact that Internet use on 

campus is more toward non-learning purposes than to support education calls for an 

investigation on how to design Internet access policy on campus properly. While 

universities are making a considerable investment in offering unlimited Internet access on 

campus, there has been a lack of understanding of how universities should design the 

Internet access policy. In this project, we attempt to examine the effects of different Internet 

access policies on student performance by utilizing a randomized field experiment and 

investigate the underlying mechanisms of its impact by analyzing students’ online and 

offline behaviors.  Specifically, we randomly assigned students to five experimental 

conditions with different levels of Internet quality and content constraints for a whole 

semester: low bandwidth and limited data, low bandwidth with unlimited data, high 

bandwidth with limited data, high bandwidth with unlimited data, high-quality access (high 

bandwidth without data limit) yet limited data to entertainment, and limited overall limited 

data with high bandwidth yet unlimited data to learning contents. We then collect and 

compare the educational outcomes (i.e., grades, other evaluation results, etc.) and each 

student’s online and offline behaviors across all six conditions. 

While ubiquitous Internet access breaks new ground in online learning, the effect 

of ICT on students’ productivity and education outcomes hasn’t been studied considerably. 

Only a few studies discuss the impact of providing Internet access on student performance 

(Goolsbee and Guryan 2006, Belo et al. 2014, 2016); Most of the other studies focus on 
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measuring the effects of ICT introduction or adoption. However, these studies found 

heterogeneous results, partly due to not disentangling the positive and negative effects of 

ICT use. Deng et al. (2019) find that ICT use in the classroom can either improve students’ 

academic performance (e.g., using smartphones as e-dictionary to learn new words) or 

damage their performance (e.g., mobile chatting). Given the prevalence of ICT use today, 

understanding how to use ICT properly is as important as understanding the effect of 

introducing these technologies. 

Overall, we find three theoretical and empirical gaps in the literature: 1) lack of 

attempts to examine different levels of ICT use, 2) lack of investigation on whether and 

under which conditions ICT may positively or negatively affect learning, and 3) lack of 

understanding on how students’ Internet usage outside class affects learning outcomes. We 

fill the theoretical gaps by conducting a randomized experiment where each student is 

randomly assigned to different on-campus Internet access policies. For treatment, we 

manipulate the quality of the Internet network and the contents each student can access. 

Our experiment design is motivated by information foraging theory (IFT), which is an 

approach to understanding how strategies and technologies for information seeking, 

gathering, and consumption are adapted to the flux of information (Pirolli and Card 1999). 

In the IFT framework, human’ strategies of information searching, collecting, sharing, and 

consuming are in many ways analogous to evolutionary-ecological explanations of food-

foraging strategies in anthropology (Smith and Winterhalder, 1992). Herein, Internet 

content can be classified into different content clusters, and each content cluster variously 

attracts one’s attention. Therefore, one must decide how to allocate her attention to each 

cluster to achieve the highest Internet use utility. The theory has been adopted in studies 
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that examine the content consumption behavior of product reviews under time constraints 

(Li et al. 2017, Moody and Galletta 2015) and Internet service latency on human 

productivity (Bai et al. 2017, Hong et al. 2013, Im et al. 2016, Lee et al. 2012). Kornell and 

Vaughn (2018) and Liu et al. (2016) also use IFT to model learning strategy heterogeneity 

from the psychological aspect. Therefore, we propose using Internet access policies with 

different contents and connection quality to model information clusters and the Internet 

traffic in our design. These constructs of Internet content and quality have also been 

adopted by the Federal Communications Commission (FCC) to model broadband service 

in its Measuring Broadband America (MBA) program.  

While it has been challenging to observe whether students use the Internet for 

learning purposes inside and outside the classroom, we overcome this empirical issue by 

collaborating and conducting an experiment at Northwest University in China, where most 

of the students live on campus, mainly use the campus network to access the Internet, and 

use student cards to access facilities. We observe where students spend time after class by 

collecting building access data. Also, by collecting data from traffic auditing protocols in 

the university, we can observe Internet content students consume and determine whether 

and how students use the Internet for learning purposes in and outside the classroom. Some 

students may mainly use the Internet, not through the campus network but through their 

mobile carrier. We will also partner with the largest mobile carrier and collect student users’ 

monthly mobile data consumption. Our unique setting, together with archival data on 

student demographics and academic history, allows us to examine the effect of different 

Internet access policies and enables us to explore and test the underlying behavioral 

mechanisms that drive the results. We use the regular semester grades as our primary 
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measurement of educational outcomes. Based on students’ agreement on using the data, 

we will also explore the potential effects on other related outcomes (i.e., physical/mental 

health, graduates’ placement, student dropout, and retention, etc.). 

In our field experiment, we randomly assign each student to one of the five 

conditions with different levels of Internet quality and content constraints. Four of the five 

plans are Internet quality conditions which include 1) QLL - low bandwidth with limited 

data, 2) QLU - low bandwidth with unlimited data, 3) QHL – high bandwidth with limited 

data, and 4) QHU - high bandwidth with unlimited data. Moreover, we design one additional 

condition with different content constraints: CLE - high-quality access (high bandwidth and 

unlimited data) yet limited data to non-learning contents (e.g., online gaming and 

entertainment video streaming, etc.). QHU serves as the baseline for quality limit conditions 

(QLL, QLU, and QHU) and the content limit conditions (CLE). We inform the specification of 

a plan in Figure 2 to each student once we assign the student to one of the plans. 

The comparison of student academic performance after the field experiment shows 

that limited monthly data plans (QLL and QHL) benefit students by increasing their 100-

scale GPA by 1.49 points (p-value < 0.01) than those who consume unlimited monthly data 

plans (QLU and QHU) on average. When taking QLU as our baseline conditions, we find, 

given the same low bandwidth (10M), a limited monthly data plan increases the average 

GPA by 0.96 points (p-value < 0.1). By contrast, given the same unlimited monthly data 

plan, students assigned in the high bandwidth lose 1.05 points GPA (p-value < 0.1) on 

average. Thus, students assigned to a more Internet information diet have lower GPAs than 

those on a limited diet. Strikingly, the performance loss can be reversed by allowing 
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students to use unlimited Internet data with only data limits on entertainment information 

content patches (CLE). Students consuming CLE plan gain 1.54 points more GPA (p-value 

< 0.01) than those consuming QLU (10M unlimited data plan) on average and 2.4 points 

more GPA (p-value < 0.01) than those consuming QHU (50M unlimited data plan). Internet 

use policy can affect students’ academic performance. We also observed insignificant 

effects when comparing QHL (50M limited data plan) with QLL (10M unlimited data plan). 

We also discussed the treatment heterogeneity and found gender, as well as grade year in 

a program, can highly moderate the treatment effects. We use student online and offline 

data to explore the underlying mechanism which drives the average treatment effects. 

In sum, this study investigates 1) how different Internet access policies affect 

education outcomes and 2) how those interventions affect students’ online and offline 

behaviors. Integrating theories on the impact of ICT on education, information foraging 

theory, and attention allocation literature, this proposal has two main aims. First, we aim 

to seek an acceptable Internet use policy with implication flexibility towards different 

student behaviors. To our knowledge, this is the first study to uncover the causal effects of 

different levels of ICT on education outcomes and explore how ICT use positively and 

negatively affects learning. Second, we propose to identify underlying mechanisms of 

students’ online and offline behavior changes under policy interventions with machine 

learning approaches. 

2. Literature and Theory 

Our cross-disciplinary research approach insights from three related fields. First, we 

summarize and discuss the findings from the impact of ICT on education literature. We 
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find mixed effects, which calls for further investigation. Subsequently, we discuss the 

related studies on information foraging theory which guides our research design. Finally, 

we survey the attention allocation literature and seek the theoretical background to 

disentangle the positive learning effects from the adverse non-learning entertainment 

effects. 

2.1. ICT and Student Performance 

The existing literature has shown mixed evidence for the impact of ICTs on educational 

outcomes. First, ICTs have been found to have positive effects on student performance. 

Machin et al. (2007) showed that ICT investment in English schools increased students' 

performance. Fairlie and London (2012) investigated the effect of giving free computers to 

low-income community college students and found a positive effect on students’ 

performance. Barrow et al. (2009) found that computer-aided instructions (pre-algebra and 

algebra instruction delivered by a computer) are more effective than traditional chalk-and-

talk methods to improve students’ math test scores. Fairlie et al. (2010) demonstrated that 

home computer use increases high school graduation rates. Using results from a field 

experiment in India, Kumar and Mehra (2018) presented that computer-personalized 

homework significantly improved students' math scores. Muralidharan et al. (2019) also 

found that personalized technology-aided after-school instruction can improve math and 

Hindi test scores across students from a middle school in India.  

However, several studies found no or negligible effect of ICTs on student 

performance. For example, Angrist and Lavy (2002) found no evidence that increasing 

computer use in primary school raises students’ test scores. Goolsbee and Guryan (2006) 

found no effect of using technology in schools on student performance in California public 
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schools. Barrera-Osorio and Linden (2009) showed that computer-assisted programs have 

no impact on language learning in Colombia. Faber et al. (2015) found that improved 

broadband connection speed does not affect students’ performance in primary and 

secondary schools in England. Other studies found negative effects of ICTs on educational 

outcomes. Vigdor et al. (2014) found an adverse effect of home computer use on public 

school students’ math and reading test scores in North Carolina. Belo et al. (2014) and 

Vigdor et al. (2014) found that broadband usage and availability in middle schools reduce 

students’ grades. Leuven et al. (2007) showed that providing extra funding for computers 

and software to disadvantaged students had a negative effect on their achievement, 

especially for female students. Fried (2008) and Carter et al. (2017) demonstrated that 

laptop use in the classroom could hurt learning outcomes.  

As previous studies focused on different effects and were conducted in various 

settings, it isn't easy to directly compare the results. However, the variance in the results 

reported in the literature highlights the complexity associated with appropriately using 

ICTs to improve educational outcomes. Our paper proposes to explore the heterogeneity in 

the effect of ICT use associated with the different Internet use policies. Our contribution is 

to link this heterogeneity to how the technology is used on campus. We thus extend the 

literature by exploring the effect of ICT policy design rather than the effects of ICT 

introduction. This allows us to demonstrate how the policies that govern the use of ICTs in 

education can significantly mediate their effects on student performance. 

Moreover, while the prior studies have often estimated the overall effect of ICTs, 

the effect can be further decomposed into the positive effect by assisting learning and the 
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negative effect by distracting learning. To our knowledge, our study is the first to explore 

in detail the role of these mechanisms using student-level behavioral data. Specifically, we 

propose to use online traffic data and offline students’ card transaction data to compare 

how students allocate time between learning online (e.g., accessing e-learning platforms, 

watching tutorial videos, etc.), learning offline (e.g., attending course lectures, reviewing 

course content in the library, etc.), entertaining online (e.g., play online games, watch 

movie streaming, etc.), and engaging offline (e.g., hang out away from classrooms and 

dormitory, etc.), across different treatment conditions and thus link differences in these 

covariates to observed educational outcomes. 

2.2. Internet Use and Information Foraging Theory (IFT) 

Information foraging theory (IFT) provides an approach to understanding how strategies 

and technologies for information seeking, gathering, and consumption are adapted to the 

flux of information (Pirolli and Card 1999). In the IFT framework, human strategy of ICT 

use – information searching, collecting, sharing, and consuming, is in many ways 

analogous to food-foraging strategies in anthropology (Smith and Winterhalder, 1992). 

Follow-up research shows that the IFT can be used to explain the relationships between 

information seeking and online content consumption (Adipat et al. 2011, Dennis and 

Taylor 2006) with the three core constructs: information patch, information scent, and 

information diet.  

Pirolli and Card (1999) conceptualize information patches as “online content 

collections that match information forager’s needs.” The study demonstrates that the 

information patches can be analogous to food patches for a food forager. Just as a forager 

needs a strategy to allocate her limited time between patches, an information forager also 
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needs a strategy to allocate her limited time to consume different information content 

collections (information patches) in an information-rich environment. We cluster learning-

related online content as one information patch and non-learning entertainment online 

content as another information patch. In this sense, a student, an information forager, needs 

a strategy to allocate her limited time to activities relevant to learning-related information 

patches and non-learning entertainment information patches. 

Pirolli (1997) defines information scent as “the perception of the value, cost, or 

access path of information sources obtained from proximal cues.” When seeking and 

processing information, a forager will follow the cues of different information patches to 

satisfy her information needs. When an online information forager, a student, connects to 

the Internet to consume online content, her perceived utility of seeking an information 

patch can vary over the content types. For instance, a recent report shows that U.S. college 

students consume more bandwidth on video streaming than on online books (ACUHO 

2019). The unbalanced online content consumption over two different information patches 

indicates a heterogeneous information scent to the students between video streaming and 

online books. 
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Table 8. Contextualization of IFT Constructs 

IFT Construct Contextualization of Internet Access and Online Content 

Consumption 

Information Patch An online content collection according to student’s information needs, 

e.g., online learning, online entertaining, etc. 

Information Scent The cues of different information patches satisfy her information 

needs, e.g., video streaming contents diffuse a more attractive scent 

than online textbooks for U.S. college students on average. 

Information Diet A diet plan allocates one’s time/bandwidth to consume different 

information patches. The plan's goal is to maximize the profitability of 

information relevant to a college student’s information-seeking needs, 

e.g., students consume more video streaming content and fewer online 

textbooks. 

 

By analogy, Pirolli and Card (1999) model information diet as the value a forager 

gains when seeking or consuming information. Information diet helps a forager to select 

information that maximizes her needs. In the example above, once a student is assigned to 

one of the Internet access policies, she would evaluate the profitability of consuming each 

information patch, video streaming, and online textbook and adopt an information diet that 

maximizes her overall information foraging utility. In this example, for U.S. college 

students, on average, the utility to consume video streaming seems higher than that to 

consume online textbooks. Once a student chooses video streaming, she will consume more 

video streaming content. Following Li et al. 2017, we represent the contextualization of 

IFT constructs (Table 8) in our settings when college students use campus Internet to access 

online content under different Internet access policies. 
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2.3. Attention Allocation of ICT Use 

While Internet access can be used to improve learning by providing quick access to 

information and real-time feedback to students (Wells 2006), at the same time, it may cause 

distraction when used for learning-unrelated activities, such as playing video games or 

watching movies (Belo et al. 2013). In fact, students have limited attention, and they can 

be more easily distracted with Internet access. The issue of limited attention has been 

studied since the early 1970s. Kahneman (1973, pp. 10) showed that human beings have 

limited ability to pay attention and demonstrated how they allocate attention to different 

activities (e.g., for learning or being distracted in the educational settings). The follow-up 

studies conceptualize the attention allocation process; given one’s limited processing 

capacity on available choices or tasks, a human makes a selection in favor of a target object 

or expected event and only processes the selected information afterward (Desimone et al. 

1995). Several studies in economics have also discussed how people allocate their attention. 

Lanham (2006, pp. xi) defines attention as a scarce economic resource and suggests that 

the “style” or “rhetoric” of the devices regulates users’ attention. In our case, the design of 

the different experimental conditions manipulates the “style” or “rhetoric” of Internet use. 

Students in our conditions need to decide how to allocate their attention between 

consuming learning and non-learning-related content. Our study empirically examines 

whether and how students allocate their attention to these two different contents on campus 

under different ICT policies. 

3. IFT-Based Research Framework 

We propose a research framework (Figure 3) to help understand how Internet use policy 

influences one’s learning in a digital environment and then guide our field experiment 
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design. Othe ur framework can be decomposed into two parts: information foraging and 

learning/leisure behavior mechanisms. An Internet use policy can reshape an Internet 

user’s information foraging strategy Internet service quality and contents interventionsents. 

Consequently, the user can change her learning/leisure behaviors (both online and offline) 

during a learning session (e.g., a semester, a training session, etc.). The behavior changes 

ultimately affect the user’s learning inputs and affect her educational outcomes. 

In the first part, our framework explains how to change an Internet user’s 

information-seeking strategy. We discuss the strategy for one to seek information with the 

Internet-based on IFT in section 2.2. We identify three constructs related to a user’s 

information foraging strategy: information patch, scent, and diet. The Internet quality and 

contents directly affect these three constructs during Internet use. Internet quality (mainly 

the bandwidth and data amount) controls the information diet one user can consume during 

a learning session. At the same time, during a learning session, the Internet content verifies 

the Information patches and scent. Therefore, we propose using Internet access policies 

with different ranges and connection quality to model different information foraging 

approaches. These constructs of Internet content and quality have also been adopted by the 

Federal Communications Commission (FCC) to model broadband service in its Measuring 

Broadband America (MBA) program.  
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Figure 3. IFT-based Research Framework 

 

The second part of our framework helps explain the behavior mechanisms on how 

the Internet use policy affects users’ final educational outcomes. In the discussion in 

section 2.1, we conclude that Internet use can bring both learning-related positive effects 

and learning-unrelated negative distraction effects. These two sub-effects stem from the 

consequences of related online/offline behaviors. On the one hand, an Internet use policy 

determines the total attention allocation to online and offline behaviors. Specifically, it can 

change the temporal substitution between total online attention and total offline behavior 

and the patterns of total online/offline behavior sequences. On the other hand, an Internet 

use policy can change the temporal learning attention with the Internet (i.e., online learning 

within total online behaviors) and traditional learning attention without the Internet (i.e., 

offline learning within total offline behaviors). We assume the efficiency of online learning 

and offline learning are not the same. Therefore, the total attention allocation changes 

between online/offline behaviors and the learning/distraction attention allocation change 

within online/offline behaviors can lead to different learning with corresponding 

educational outcomes. 
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4. Field Experiment 

Motivated by our IFT-based research framework, we run a randomized field experiment to 

examine the effects of different Internet access policies on education outcomes and 

investigate the underlying mechanisms of how different Internet access policies shape 

students’ decisions to allocation time to online and offline learning behavior. 

4.1. College Campus Wi-Fi Testing 

The partnered university offers students different Internet plans, starting from 8M 

bandwidth1 with 10G data limit per month to 50M bandwidth with unlimited data (Table 

9). Each semester, students can purchase any one of the offered plans based on their needs.2 

The purchases are usually made at the beginning of each semester via a WeChat online 

store, and once they purchase the plan, students can use the plan until the end of the 

semester.3 The university has completed a campus-wide Wi-Fi expansion during the 2018-

2019 academic year and planned to evaluate the wireless equipment loads and maintenance 

costs and measure the effects of providing Wi-Fi Internet on education outcomes and 

student success in the next following academic years. Utilizing this opportunity, we 

collaborated with the university. We designed a field experiment to test different Internet 

access policies with various content or quality limitations in the 2020 Fall semester 

(September 2020 to January 2021, Timeline see Figure 4). We launched and operated our 

field experiment as the approved IRB protocol and got permission and support from the 

local university. The recruitment starts on September 14th and ends on October 10th, when 

 
1  Bandwidth is measured in millions of bits per second (Mb/s), hereinafter referred to as “M” in plan names. 
2 In China, college students usually purchase campus Internet service separately upon their needs as comprehensive 

student fees do not include Internet services. In our setting, 99.2% of the students purchased one of the Internet plans in 

2019 Spring semester.  
3 Most students live on campus during the two semesters and leave for home during the Summer and Winter breaks 

after they complete their finals at the end of each semester. 
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all the freshman kickstarts their college learning after completing their military training 

and national day break. 

Table 9. Campus Internet Plans in 2019-2020 Academic Years 

Plan Bandwidth 

(Mb/s) 

Data 

(G/month) 

Price 

(Yuan/semester) 

No. of 

Subscription 

A 10 Unlimited 100 15,307 

B 20 Unlimited 150 4852 

C 50 50 220 650 

D 50 Unlimited 250 6,735 

 

 

Figure 4. Timeline of Field Experiment Implication 

4.2. Intervention and Experiment Design 

Recruitment. At the beginning of the 2020 Fall semester, we sent recruitment ads via 

WeChat store notifications to students and launch the subsidized testing plan 4  in the 

WeChat store of campus Internet plans. The testing plan was published at the top of the 

plan selection page over other regular plans to attract students’ attention (Figure 5). We 

disclose the testing plan details in both the recruitment ads and the plan description. The 

 
4 Per the requirement of the Internet services provider, each participated student has to make a minimum transaction (5 

CNY, ~0.77 USD) in the system to be count as a valid customer to access to a semester-long service. Compared to the 

most affordable plan price (80 CNY/~12.53 USD per semester, ), our testing plan is considered as “a free plan”. 
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testing plan details list all pre-treatment information in our consent form, including part of 

testing objectives5, plan subsidy and benefits/risks, voluntary participation, testing plan 

assignments, and withdrawal of subjects. Data collection, storage, and privacy are 

consistent with the acceptable use policy (AUP) of other regular campus Internet plans.6 

In short, the plan details inform students that the university proposes to collect students’ 

traffic usage for Internet infrastructure tests, and students who participate will get a full 

semester-long Internet plan subsidy. While enjoying the subsidy, participating students will 

be randomly assigned to use one of the five testing Internet plans with plan details offered. 

Assigned testing plans may have different limitations on Internet quality (bandwidth/data 

amount) or contents access (details can be found in Figure 6), but the bandwidth of all 

assigned plans will be better than or equal to the most popular plan (10M) in the previous 

semester (Table 9). We recruited students until reaching a testing pool size of 2000. After 

agreeing to participate, recruited students instantly get a universe unlimited data plan with 

10M bandwidth until we randomly assign them one of the five testing Internet plans on 

October 10th. 

 
5 We did not disclose the all the objectives of the testing on during the experiment to avoid potential Hawthorne affects 

(Mayo 1993). In the testing plan details, we only disclose the goal as collecting data and testing services for the future 

campus Internet plan design. After the 2020 Fall semester, we sent all the participants a delayed debriefing to inform all 

participants of the main objective on academic performance comparison, according to our IRB protocol. 
6 The AUP explicitly indicates the IT department collects students online traffic data routinely and may match it with 

other student data sets within the college for research and testing purpose. Please note similar AUPs have been widely 

adopted by public Wi-Fi providers.  
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Figure 5. Testing Plan in WeChat Store 

Treatment Design. We randomly assign each student to one of the five testing 

Internet plans with different levels of Internet quality and content interventions (Figure 6) 

according to our discussion on IFT-based research framework in section 3. Four of the 

plans are Internet quality experimental conditions which include 1) QLL - low bandwidth 

with limited data, 2) QLU - low bandwidth with unlimited data, 3) QHL - high bandwidth 

with limited data, and 4) QHU - high bandwidth with unlimited data. Moreover, we design 

one additional condition with different content constraints: 1) CLE - high-quality access 
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(high bandwidth) yet limited data only to non-learning entertainment contents (e.g., online 

gaming and entertainment video streaming, etc.). QHU serves as the baseline for quality 

limit conditions (QLL, QLU, and QHU) and the content limit conditions (CLE) to evaluate the 

treatment effects of each testing plan. We combine QLU and QHU and compare them with 

QLL and QLU to evaluate the treatment effects of limited data plans. All traffic on operating 

systems upgrades or patches is excluded from the data limitation. We inform the 

specification of a plan in Figure 6 to each student once we assign the student to one of the 

plans. 

 

Figure 6.  Experimental Design with Treatment Highlights 

We set the bandwidth or monthly data amount limits in the limited conditions 

according to distributions of historical data usage in the past academic year (Figure D1 

Appendix D). Specifically, we choose 50M (10M) bandwidth as high (low) Internet speed 

since these are the highest (lowest) speeds the provider offers. Our local partners in the 

university surveyed students and confirmed the 50M high bandwidth plans offer much 

faster Internet contents delivery than the 10M low bandwidth plans do, such as web page 
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loading and video streaming. We choose 40G data7 as our monthly traffic amount limit 

based on the average monthly data consumption in the past academic year.8 We also set a 

40G limit for entertainment content in condition CLE. After the treatment assignment, we 

use the students’ demographics and past academic performance and check the balance 

across groups to ensure the success of the randomization. 

4.3. Sample 

The intervention was administrated on all three campuses of our partnered university in 

center China. The university is a comprehensive nationwide public college in China with 

24 schools or departments, and more than 25,000 enrolled full-time students in 2021. 

Students in the field experiment sample were recruited from 23 schools or departments, 

and we excluded students from the Vocational and Technical Institute (School of 

Continuing Education) from the recruitment process due to its unique schooling and 

admission process. Recruited 2000 students were all undergraduates, 98.87% of whom 

enrolled in four-year programs and the rest enrolled in five-year programs in the medical 

school. They enrolled in 113 majors, with 47.3% STEM majors. The gender ratio was 

balanced (1:1) in the sample, and student ages ranged from 14 to 31. Most recruited 

students (96.92%) were from the major Han ethnic group. Students from other ethnic 

groups who enjoyed extra ten points in their college entrance exam tests are clustered and 

labeled as ethnic minors.  

 
7 Online data use is measured in gigabytes, hereinafter referred to as “G” in plan names. 
8 Average amount of data students used each month in the 2019 academic year was around 42.7G. 
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4.4. Randomization and Compliance 

The 2000 recruited students were individually randomized into five experimental condition 

groups: QLL (low bandwidth with limited data), QLU (low bandwidth with unlimited data), 

QHL (high bandwidth with limited data), QHU (high bandwidth with unlimited data), and 

CLE (high bandwidth and limited data only to non-learning entertainment contents). Each 

of the five groups holds 400 students. Randomization was stratified by students’ 

demographics and enrollment data. 9  Pre-treatment randomization check using a 

multinomial logit model finds that the covariates of students’ demographics and enrollment 

data cannot reject the null hypothesis that the covariates do not jointly predict the 

experimental conditions (Table E1 in Appendix E), and thus they are well balanced among 

all the conditions before the experiment.  

 Although participating students were not allowed to switch testing plans after the 

randomization, they had the right to opt-out of the experiment anytime, according to our 

IRB protocol. Of the 2000 recruited students, 21 (1.05%) opted out during the experiment 

by submitting testing plan requests to WeChat store customer services. The attrition 

happened in a pattern that five opted out of QLL, two of QLU, seven of QHL, four of QLU, 

and three of CLE. To identify the sample attrition reasons, we contacted each of the 21 

students by phone or email. We found that 13 students from QLL, QHL, and CLE complained 

about consuming limited data plans to video streaming services (e.g., TikTok, Kuaishou, 

Tencent Video, and BiliBili). Three students believed that the testing plans offered services 

were inferior to regular plans with the same specifications and did not want to disclose 

 
9 After the size of testing pool reached 2000, we matched the 2000 students’ demographics and enrollment data and 

used RANDOMIZE Stata package (Kennedy and Mann 2015) to conduct the randomization.   
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their data for this study. The rest five students either withdrew from their Fall semester or 

did not register for any academic course in their last year. We thus failed to identify their 

semester academic performance. To assure the success of the randomization after the 

sample attrition, we re-ran the randomization check and found the covariates are still 

balanced. 

Feedback from the opted-out students also indicates potential noncompliance 

issues10. Even though we informed students in the plan details that they would not be 

allowed to switch to other plans once they agreed to participate in the test and accepted the 

subsidy11 , the 13 students still self-selected to quit the experiment. To overcome the 

potential bias induced by participants' noncompliance, we investigate both the intent-to-

treatment (ITT) estimates of testing plan effects and instrument variable (IV) estimates of 

the monthly data use as a function of testing plan adoption compliance in section 6 and 

section 7, respectively.  

5. Data 

After the 2020 Fall semester, the IT department share participated students’ online traffic 

auditing data (logs of the online sessions with content type labels), offline behavior data 

(student card transactions-building access, meal/water purchase, etc.), and their academic 

performance (course-level final exam grades) during the semester. We use the online traffic 

auditing data to understand the time and purpose of Internet use, use the offline behavior 

data to check the student’s offline behavioral patterns, and use student academic 

 
10 Opted-out students did not comply with the assigned plan and may switch to other plans. This type of noncompliance 

is caused by self-selection and would break our randomization. 
11 Students will have the right to withdraw their data from the test according to the IRB protocol. 
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performance as our main dependent variables. More, we collect individual-level 

demographics and course types to check the heterogeneity in the treatment effects. Data 

collection strictly followed our approved IRB protocol, and all data is protected under the 

data non-disclosure agreement between our team and the university. Details of the collected 

variables and corresponding definitions in each dataset can be found in Table 10. 

5.1. Dependent Variable: Student Academic Performance 

Student academic performance is measured by weighted grade points average on a 100-

point scale (GPA) during the Fall 2020 semester. Table 11 represents the summary 

statistics of all participating student GPAs in Fall 2020. The recruited 2000 students were 

enrolled in 32,841 courses, including required courses and selective courses. The overall 

mean GPA on a 100-point scale is 79.38 (S.D. = 8.54). The distribution of the GPA is 

skewed to zero, indicating a possible source of mean variations among underperformed 

groups.  

5.2. Treatment Indicator 

We use dummy variables to label students under different experimental conditions. We 

equally assigned 400 students to each group. To compare all different Internet use policies, 

we take T1 as our baseline group with low bandwidth and unlimited monthly data. To 

compare the data-limited groups,  we generate a Limited Data dummy to cluster T1 and T3 

as unlimited data groups and cluster T2 and T4 as limited data groups. To evaluate the 

limited content policy in T5, we take T3 as a baseline group. 
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5.3. Covariate: Student Demographics and Enrollment Information 

We use student demographics and enrollment information (e.g., major, grade year, etc.) to 

check the success of our randomization, gauge our effects estimation with regression 

models and investigate treatment heterogeneities.  

 Participated student's sample has a perfectly balanced gender ratio. They are all 

undergraduates aged between 16 and 31 in Fall 2020. Most students (89.4%) belong to 

China's major Han ethnic group.12 Table 11 represents the summary statistics of student 

demographics. 

We recruited students from the undergraduate pool since graduate students only 

take much fewer courses after their first year, and they are not required to live on campus. 

Among the participants, 99.3% of them are major in regular four-year length programs. 

The rest students are from medical school and are usually enrolled in five-year length 

programs. In a few cases, students may extend their program periods. Our sample includes 

students from 113 majors and all 23 colleges on campus, and 66.1% of them are in STEM 

majors. All the participated students registered for 32,841 courses during Fall 2020, 

including 11,822 selective courses (36.0%) and the remaining required courses. A credit 

for each course ranges from 0.5 to 14, with a mean of 2.3(S.D. = 1.17). In general, course 

with higher credits requires more learning efforts from a student.  

 

 

 

 
12 The 2021 Han ethnic group population ratio is 91.11% in China. 

http://www.xinhuanet.com/politics/2021-05/11/c_1127431323.htm 
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Table 10. Variable Definitions 

Variables Definition 

Dependent Variables  

GPA100 Semester Grade Points Average(GPA) in 100-point scale, 

student level 

Course Grade Course grade in 100-point scale, course level 

Credit Gained Course credits gained, = 100-point grade * course credit hours, 

course level 

Independent Variables  

Experimental Condition  

    Treatment 1 (T1) 10M bandwidth with unlimited monthly data plan 

    Treatment 2 (T2) 10M bandwidth with 40G limited monthly data plan 

    Treatment 3 (T3) 50M bandwidth with unlimited monthly data plan 

    Treatment 4 (T4) 50M bandwidth with 40G limited monthly data plan 

    Treatment 5 (T5) 50M bandwidth with 40G limited monthly data to 

entertainment plan 

    Limited Data = 1, if combine T2 and T4; = 0, if combine T1 and T3  

Online Behavior  

    Traffic Data Consumption Sum of upstream and downstream amount in gigabyte(GB) 

    Content Consumption 

Types 

Dummies of 13 types of online contents 

Offline  Behavior  

    Library Visit  

        Number of Visits Average # of library visits in a week 

        Visit Time Library visit time 

        Visit Duration Average library visiting time duration  

    Meal Plan  

        Meal Purchase Time Meal purchase time 

        Meal Purchase Amount Meal purchase transaction amount  

    Drinking Water 

Consumption 

 

        Water Purchase Time Water purchase time 

        Water Purchase Amount Water purchase transaction amount  

Student information  

Female Equals to 1 if the student is female 

Age@2020 Student age in 2020 when we conducted the field experiment 

Ethnic Minorities Equals to 1 if the student is ethnic minorities 

Born Province Student’s born province 

College or Department Student’s college or department dummies (23 colleges) 

Admitted Year Student’s admitted year 

Major Student’s major dummies (113 majors) 

STEM Equals to 1 if the student is in a STEM major 

Course Information  

Course ID ID of courses taken by participated students 

Course Type Selective  Equals to 1 if the course is a selective course 

Credit Hour Course assigned credit hours 

Notes: Online/Offline data are preprocessed to monthly level. Raw data includes each session 

transactions. Dummies are combined due to the page limits.   
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Table 11. Summary Statistics: Student Level 

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

Variables N Mean STD Min Max 

      

GPA100 2,000 79.38 8.539 0 96.70 

T_1 2,000 0.200 0.400 0 1 

T_2 2,000 0.200 0.400 0 1 

T_3 2,000 0.200 0.400 0 1 

T_4 2,000 0.200 0.400 0 1 

T_5 2,000 0.200 0.400 0 1 

Limited Data 1,600 0.500 0.500 0 1 

Female 2,000 0.500 0.500 0 1 

Age@2020 2,000 19.95 1.448 16 31 

Ethnic Minor 2,000 0.106 0.308 0 1 

Admitted Year 2,000 2,018 1.226 2,014 2,020 

STEM 2,000 0.661 0.473 0 1 

      

 

Table 12. Summary Statistics: Course Level 

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

Variables N Mean STD Min Max 

      

Course Grade 17,478 82.36 11.86 0 100 

Gained Credits 17,478 184.2 96.88 0 1,330 

T_1 17,478 0.201 0.400 0 1 

T_2 17,478 0.197 0.398 0 1 

T_3 17,478 0.199 0.399 0 1 

T_4 17,478 0.207 0.405 0 1 

T_5 17,478 0.197 0.397 0 1 

Limited Data 17,478 0.503 0.500 0 1 

Female 17,478 0.526 0.499 0 1 

Age@2020 17,478 19.89 1.244 16 31 

Ethnic Minor 17,477 0.0848 0.279 0 1 

Admitted Year 17,478 2,018 1.015 2,014 2,020 

Stem 17,478 0.645 0.478 0 1 

Course Type Selective 17,478 0.360 0.480 0 1 

Credit Hour 17,478 2.272 1.170 0.500 14 

      

Notes: First-year students do not have pre-

GPA on record. 
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5.4. Online and Offline Behavior Data 

The online and offline behavior data is routinely collected by the IT department. Online 

behavior data is extracted through campus Internet traffic auditing. The traffic auditing 

services are offered by a leading traffic auditing service provider, Panabit Ltd. Co. Offline 

data is extracted through student card transactions. Student card services are also 

outsourced to a local provider. All the transactional data is stored in the IT department on 

campus per the requirement of the university administration. We use the aggregated data 

retrieved from the transactional database to decode the behavioral mechanisms of the 

Internet use effects.  

6. OLS Estimate of Average Treatment Effect 

6.1. Campus Internet Access Plan Effects (Intent-to-Treat Estimates) 

With a randomization success in the treatment assignment, we first represent the 

comparison between the grade means of each experiment condition (Figure 7). Overall, we 

find the three means of GPA in monthly data-limited groups are higher than those in two 

unlimited groups. The monthly data limitation benefits students’ academic performance in 

our semester-long experiment. Policies with information diet control on Internet use can 

improve learning. Among all the four Internet quality experimental conditions, bandwidth 

also has an effect on the students’ performance. High bandwidth in the unlimited group 

(T3) even exacerbates the negative effects on our dependent variable, and students in T3 

achieve the least among all experimental groups. Contrarily, students in the limited 

entertainment contents group accomplish the most. Reshaping students’ Internet content 

can influence their learning performance. The model-free results in Figure 7 offer us 

suggestive evidence of the average treatment effects. However, we further estimate such 
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effects in regression models to gauge their significance and magnitudes of them in the next 

section. 

 

Figure 7. Means comparison with 95% confidence intervals: 

Post-Experiment Student GPA 

To quantify the effects of different Internet use policies on students’ academic 

performance, we further utilize OLS estimation specifications. 

𝑌𝑖  =  𝛽0  +  𝛽2𝑇2𝑖  +  𝛽3𝑇3𝑖  +  𝛽4𝑇4𝑖 +  𝛽5𝑇5𝑖 +  𝑋′𝑖𝛽6  + 𝑖 

 

where the unit of analysis is a student. 𝑋𝑖 is a vector of student characteristics, 𝑇2, T3, T4, 

and 𝑇5  are dummy variables indicating whether the student is in the four corresponding 

treatment conditions (0 if the student is assigned to the T1, which is the baseline omitted in 

the regression analysis for comparison). 𝑖 is the idiosyncratic error term. 𝑌𝑖 represents the 
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student i’s GPA or the course i’s grade in our course-level analysis. Standard errors are 

clustered per student when using a vector of student covariates 𝑋𝑖 or clustered per course 

when using a vector of student and course covariates 𝑋𝑖. Table 13 provides the individual-

level regression analysis results, which corroborate the model-free evidence from the 

group-level comparisons.  

Table 13. Post-Experiment Treatment Effects with OLS Estimation: DV as Student 

GPA 

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

 VARIABLES GPA100 GPA100 GPA100 GPA100 GPA100 

       

 T1: 10M Unlimited (Baseline)   

       

Experimental 

Conditions 

T2: 10M Limited 0.736 0.704 0.955*   

 (0.601) (0.587) (0.578)   

T3: 50M Unlimited -1.581** -1.488** -1.045*  (Baseline) 

 (0.656) (0.632) (0.600)   

T4: 50M Limited 0.564 0.672 0.873   

 (0.568) (0.548) (0.545)   

T5: 50M Limited 

Entertainment 

1.329** 1.260** 1.538***  2.443*** 

 (0.600) (0.584) (0.575)  (0.659) 

Limited Data    1.485***  

    (0.419)  

Demographics 

Female  4.434*** 3.337*** 3.432*** 3.898*** 

  (0.387) (0.421) (0.486) (0.776) 

Ethnic Minor  -2.923*** -3.166*** -2.915*** -3.925** 

  (0.780) (0.757) (0.922) (1.551) 

Age@2020  0.086 -0.293 -0.353 -0.559 

  (0.171) (0.283) (0.315) (0.549) 

Enrollment Info 
Major Covariates No No Yes Yes Yes 

Major Types No No Yes Yes Yes 

 Constant 79.492*** 75.655*** 79.363*** 73.147*** 50.922** 

  (0.402) (3.361) (7.085) (18.239) (25.231) 

 Observations 1,983 1,983 1,983 1,488 1,000 

 Adjusted R-squared -0.002 0.073 0.166 0.184 0.226 

Notes: Standard errors clustered by student individual and represented in parentheses. 

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

 

 We observe that students assigned limited monthly data plans (T2 and T4) gain 

1.49 points more GPA (p-value < 0.01) than those who consume unlimited monthly data 
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plans (T1 and T3) on average in column 4 in Table 13. When taking T1 as our baseline 

conditions, we find, given the same low bandwidth (10M), a limited monthly data plan 

increases the average GPA by 0.96 points (p-value < 0.1). By contrast, given the same 

unlimited monthly data plan, students assigned in the high bandwidth lose 1.05 points GPA 

(p-value < 0.1) on average. Thus, students assigned to a more Internet information diet 

have lower GPAs than those on a limited diet. Strikingly, the performance loss can be 

reversed by allowing students to use unlimited Internet data with only data limits on 

entertainment information content patches (T5). Students consuming the T5 plan gain 1.54 

points more GPA (p-value < 0.01) than those consuming T1 (10M unlimited data plan) on 

average and 2.4 points more GPA (p-value < 0.01) than those consuming T3 (50M 

unlimited data plan). Internet use policy can affect students’ academic performance. 

 We also observed insignificant effects when comparing T4 (50M limited data plan) 

with T1 (10M unlimited data plan). Student individual-level data with aggregated GPA 

may reduce the power of our estimation. We then run the sample regression model at a 

course-grade level to check the average treatment effects directly on each exam grade. To 

count for the variations within each individual, we clustered the standard errors to each 

student. Table 14 provides results from the course-grade-level regression estimation, which 

shows consistent results as our individual-level analysis. More, the average treatment 

effects of T4 (50M limited data plan) compared with T1 is significant at the level of 0.1. 

We need to further investigate such change in section 7 to check whether the effects vary 

with our analysis sample size.  

 



  

78 

Table 14. Post-Experiment Treatment Effects with OLS Estimation: DV as Course 

Grade 

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

  

VARIABLES 

Course 

Grade 

Course 

Grade 

Course 

Grade 

Course 

Grade 

Course 

Grade 

       

Experimental 

Conditions 

T1: 10M Unlimited (Baseline)   

      

T2: 10M Limited 1.221** 1.134** 1.382***   

 (0.499) (0.471) (0.448)   

T3: 50M Unlimited -1.478** -1.434*** -0.990*   

 (0.576) (0.542) (0.508)   

T4: 50M Limited 0.923* 1.049** 1.294***  (Baseline) 

 (0.497) (0.474) (0.447)   

T5: 50M Limited 

Entertainment 

1.593*** 1.530*** 1.752***  2.751*** 

 (0.512) (0.490) (0.465)  (0.497) 

Limit Data    1.828***  

    (0.344)  

Demographics 

Female  3.792*** 2.870*** 3.018*** 3.297*** 

  (0.312) (0.327) (0.375) (0.542) 

Ethnic Minor  -2.599*** -2.945*** -2.798*** -4.441*** 

  (0.713) (0.692) (0.846) (1.016) 

Age@2020  -0.483*** -0.281 -0.332 -0.466 

  (0.128) (0.202) (0.230) (0.309) 

Enrollment Info 
Major Covariates No No Yes Yes Yes 

Major Types No No Yes Yes Yes 

 Constant 80.516*** 88.169*** 75.460*** 80.560*** 66.022*** 

  (0.378) (2.481) (7.358) (6.570) (9.972) 

       

 Observations 17,478 17,478 17,478 14,048 9,848 

 Adjusted R-squared 0.000 0.032 0.066 0.070 0.084 

Note: Standard errors clustered by courses in parentheses 

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

 

6.2. Treatment Heterogeneity 

We investigate whether college students behave differently across treatment conditions to 

inform policy options regarding the Internet better. Past literature in both education 

(Philbin et al. 1995, Sevenriens et al. 1994) and IS (Masiero and Aaltonen 2020) field has 

identified the gender differences in learning or business settings. According to Cohen and 

Levinthal (1990), absorptive capacity is highly correlated to prior knowledge. Also, the 

ability to recognize the value of new IT, assimilate how new IT works and apply new IT 
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correctly may improve performance. Therefore, in our setting, students in STEM majors 

may have a better absorptive capacity than other students. Similarly, students in higher 

grade years with more prior knowledge may also have better absorptive capacity than those 

young. Therefore, below, we test different types of treatment heterogeneities. 

 Table 15 represents the gender subsample analysis. We find the monthly data 

limitation can benefit female college students more than male ones. However, the data plan 

with limited entertainment content helps male students to achieve more. The signs of the 

average treatment effects are all consistent across genders. 

Table 15. Post-Experiment Gender Treatment Heterogeneity: DV as Student GPA 

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

VARIABLES GPA100 

+ Female 

GPA100 + 

Male 

GPA100 

+ 

Female 

GPA100 

+ Male 

GPA100 

+ 

Female 

GPA100 

+ Male 

T1: 10M Unlimited (Baseline)     

       

T2: 10M Limited 1.626** -0.062     

 (0.722) (0.964)     

T3: 50M Unlimited -0.249 -1.856*     

 (0.708) (1.075)     

T4: 50M Limited 1.037 0.356   (Baseline) 

 (0.698) (0.920)     

T5: 50M Limited 

Entertainment 

1.787*** 0.991   1.750** 2.885** 

 (0.669) (1.068)   (0.793) (1.163) 

Limited Data   1.611*** 1.170*   

   (0.537) (0.699)   

Ethnic Minor -3.340*** -2.898** -

3.020*** 

-2.762 -3.918* -2.117 

 (0.831) (1.425) (0.986) (1.728) (2.014) (2.442) 

Age_2020 -0.366 -0.097 -0.447 -0.077 -0.746 -0.641 

 (0.330) (0.451) (0.381) (0.505) (0.654) (0.659) 

Constant 12.177*** 2.329 -0.961 1.784 5.595** 8.309*** 

 -3.340*** -2.898** -

3.020*** 

-2.762 -3.918* -2.117 

       

Observations 953 852 756 692 718 647 

Adjusted R-squared 0.099 0.123 0.108 0.157 0.295 0.204 

Notes: All student demographics and enrollment covariates are added. Robust standard errors in 

parentheses. Significance Level: *** p<0.01, ** p<0.05, * p<0.1 
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Table 16 and Table 17 present the subsample analysis on grade year and major 

types correspondingly. We observe that the average treatment effects are from those low 

grade-year students. We label the major types by group majors in STEM (Science, 

Technology, Engineering, and Mathematics) fields and identify heterogenous average 

treatment effects. 
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Table 16. Post-Experiment Grade Year Treatment Heterogeneity: DV as Student GPA 

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

VARIABLES GPA100+ 

1st 

GPA100+ 

2nd 

GPA100+ 

3rd 

GPA100+ 

4th and 

above 

GPA100+ 

1st 

GPA100+ 

2nd 

GPA100+ 

3rd 

GPA100+ 

4th and 

above 

GPA100+ 

1st 

GPA100+ 

2nd 

GPA100+ 

3rd 

GPA100+ 

4th and 

above 

T1: 10M 

Unlimited 

(Baseline)         

             

T2: 10M 

Limited 

2.660*** 0.922 1.728* -2.549         

 (0.702) (1.058) (1.001) (1.612)         

T3: 50M 

Unlimited 

-0.698 -0.296 -1.087 -1.882         

 (0.742) (1.261) (1.133) (1.488)         

T4: 50M 

Limited 

1.696** 3.628*** 0.800 -2.008     (Baseline) 

 (0.736) (1.080) (1.099) (1.340)         

T5: 50M 

Limited 

Entertainment 

2.165*** 3.146*** 1.287 -1.057     3.471*** 3.060** 2.275** 0.898 

 (0.780) (1.076) (1.085) (1.445)     (0.882) (1.322) (1.104) (2.001) 

Limited Data     2.490*** 2.725*** 1.792** -1.095     

     (0.517) (0.852) (0.776) (1.135)     

Female 2.212*** 2.246*** 3.688*** 4.119*** 1.553** 2.761*** 3.901*** 4.068*** 4.214*** 3.389*** 3.928*** 5.337*** 

 (0.514) (0.863) (0.789) (1.197) (0.603) (1.033) (0.912) (1.381) (1.052) (1.050) (1.036) (1.242) 

Ethnic Minor -2.600** -4.458*** -2.816* -1.911 -2.589* -4.473*** -1.777 -2.542 -2.762 -2.280 -3.929 -2.568 

 (1.166) (1.164) (1.444) (2.531) (1.351) (1.460) (1.659) (3.268) (2.821) (2.540) (2.700) (2.981) 

Age_2020 -0.085 -1.384*** 0.792* -0.795 0.062 -1.344** 0.762 -0.538 -0.821 -0.636 -0.371 -0.722 

 (0.381) (0.502) (0.427) (0.680) (0.370) (0.623) (0.478) (0.744) (0.719) (0.691) (0.798) (0.781) 

Constant 80.728*** 112.241*** 59.201*** 97.361*** 78.064*** 112.263*** 52.353*** 85.536*** 95.863*** 85.059*** 87.868*** 80.728*** 

 (7.100) (10.238) (8.466) (18.341) (6.898) (11.744) (12.993) (16.498) (16.307) (16.243) (19.066) (7.100) 

             

Observations 455 383 484 483 368 302 391 387 449 524 548 568 

Adj. R-squared 0.325 0.334 0.157 0.190 0.353 0.325 0.142 0.306 0.311 0.342 0.314 0.187 

Notes: All student demographics and enrollment covariates are added. Robust standard errors in parentheses. Significance Level: *** p<0.01, ** p<0.05, * p<0.1 
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Table 17. Post-Experiment STEM Major Treatment Heterogeneity: DV as Student 

GPA 

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

VARIABLES GPA100+ 

STEM 

GPA100+ 

Non-

STEM 

GPA100+ 

STEM 

GPA100+ 

Non-

STEM 

GPA100+ 

STEM 

GPA100+ 

Non-

STEM 

T1: 10M Unlimited       

       

T2: 10M Limited 0.348 1.865**     

 (0.747) (0.866)     

T3: 50M Unlimited -1.415* -0.392     

 (0.787) (0.875)     

T4: 50M Limited 0.811 0.757     

 (0.724) (0.804)     

T5: 50M Limited 

Entertainment 

1.658** 0.936   2.934*** 1.127 

 (0.766) (0.874)   (0.877) (0.956) 

Limited Data   1.304** 1.616***   

   (0.553) (0.587)   

Female 3.748*** 2.355*** 3.598*** 2.957*** 4.563*** 3.224*** 

 (0.550) (0.649) (0.615) (0.752) (0.912) (1.043) 

Ethnic Minor -3.354*** -

2.575*** 

-3.054** -2.268** -3.436* -3.012 

 (1.059) (0.905) (1.323) (0.946) (1.816) (2.658) 

Age@2020 -0.753** 0.578 -0.900** 0.643* -0.540 -0.579 

 (0.366) (0.364) (0.417) (0.383) (0.615) (0.686) 

Constant 3.748*** 2.355*** 3.598*** 2.957*** 4.563*** 3.224*** 

 (0.550) (0.649) (0.615) (0.752) (0.912) (1.043) 

       

Observations 1,178 627 947 501 765 600 

Adjusted R-squared 0.134 0.121 0.148 0.133 0.219 0.298 

Notes: All student demographics and enrollment covariates are added. Robust standard errors in 

parentheses. Significance Level: *** p<0.01, ** p<0.05, * p<0.1 

 

7. IV Estimate of the Effects of Average Monthly Data Consumption (Local Average 

Treatment Effect) 

The results presented above are the intent-to-treatment (ITT) estimates of the average 

treatment effects of the testing plans, which are based on the complied 1,979 (98.95%) 

observations in the sample. This section presents the instrumental variable (IV) estimates 

of the local average treatment effects (LATE) of the actual average monthly data 

consumption on students’ grades. LATE can help address the noncompliance concerns 



  

83 

discussed above. Specifically, we can take students’ average monthly data consumption in 

gigabytes (GB), rather than the treatment condition dummies, as independent variables in 

our reduced-form regression model. In addition, we can take the experimental conditions 

as instrument variables (IV), which are the engines in our first-stage regression, driving the 

causal inference (Angrist and Imbens 1995). The two-stage least square models are 

specified as:  

      𝐺𝐵𝑖  =  𝛽0
𝐺𝐵  +  𝛽2

𝐺𝐵𝑇2𝑖  +  𝛽3
𝐺𝐵𝑇3𝑖  +  𝛽4

𝐺𝐵𝑇4𝑖 +  𝛽5
𝐺𝐵𝑇5𝑖 +  𝑋′𝛽6

𝐺𝐵  +  𝜀𝑖
𝐺𝐵   (Eq. 2)  

                                               𝑌𝑖  =  𝛽0  +  𝛽1𝐺𝐵𝑖 +  𝑋′𝑖𝛽2  +  𝑖                              (Eq. 3) 

where  𝐺𝐵𝑖 is the average monthly data consumption in gigabytes during the experiment 

for student 𝑖. 𝜀𝑖
𝐺𝐵 is the error term in the first stage model. The rest terms are defined the 

same in Equation 1. 

 Our IV estimates suggest that one more gigabyte a student used each month on 

average decreases her 100-scale GPA by 0.018 points (Column 5 in Table 18). OLS 

estimates also suggest consistent results in Column 2 in Table 18. The IV estimates offer 

suggestive evidence that limited data plans can benefit students’ academic performance by 

decreasing students’ monthly data consumption. The LATE framework discussed above 

relies on assumptions of (A1, Independence) the instrumental variables are as good as 

randomly assigned; (A2, Exclusion) each instrument operates through a single known 

causal channel; (A3, First Stage) Existence of solid correlations between instruments and 

independent variables; (A4, Monotonicity) each instrument has to weakly affect all the 

individuals in the same direction.  



  

84 

First, in our experiment, we randomly assigned students to five experimental 

conditions. Therefore, the randomized controlled trial (RCT) guarantees independence 

assumption (A1). Second, the experimental conditions are exogenously assigned to 

students. Student participants did not know their random assignment beforehand until the 

Internet plans were assigned. By design, the instrumental conditions cannot affect the 

students’ academic performance through other pathways. Therefore, the experimental 

conditions satisfy the exclusion restriction assumption (A2). Third, the Cragg-Donald 

Wald F statistic offers evidence of the existence and power of the first stage, indicating that 

the assumption A3 is also satisfied. Finally, all the instrumental conditions either induced 

some students to decrease or at least have no impact on their data consumption by getting 

limited data plans. The experiment design guarantees the weak monotonicity assumption 

(A4). Therefore, our setting satisfies the LATE Theorem, and we can consistently estimate 

the LATE in our case. 
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Table 18. The Effects of Average Monthly Data Use on Student Performance 

 GPA on 100-Scale 

 OLS  IV Estimation 

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

       

Average Monthly Data 

Use(GB) 

-0.016*** -0.014***  -0.017*** -0.017*** -0.018*** 

 (0.004) (0.003)  (0.005) (0.005) (0.005) 

Demographics Covariate No Yes  No Yes Yes 

Enrollment Covariate No Yes  No No Yes 

       

Constant 80.655*** 72.777***  80.747*** 85.973*** 81.412*** 

 (0.342) (6.732)  (0.505) (3.367) (4.525) 

       

Observations 1,582 1,582  1,582 1,582 1,582 

Kleibergen-Paap rk LM 

statistic 

    333.12*** 322.69*** 

Cragg-Donald Wald F 

statistic 

    419.90 397.05 

Adjusted R-squared 0.029 0.278  0.029 0.088 0.276 

Notes: Robust standard errors in parentheses. Significance*** p<0.01, ** p<0.05, * p<0.1 

 

8. Discussion 

8.1. Underlying Mechanism Investigation: Student Online and Offline Behaviors 

During our experimental period, the IT department of the college also collected online 

traffic auditing data and student cards transaction. We compare both the online and offline 

datasets among all the five experimental conditions to investigate the underlying 

mechanisms leading to the variation of treatment effects discussed above. 

 Online traffic auditing data allows us to cluster all the Internet connection sessions 

into 14 clusters: MOOC (Online learning), finance websites (online payment, banking, etc.), 

application updates, mobile apps, social network services, online shopping websites, online 

gaming, web page browsing, on-demand video, P2P downloading, live streaming, online 

chatting, other traffic, and unknow traffic. Traffic auditing on operating system updates 
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and security package updates are excluded per the request of the partnered college. Average 

monthly data content comparison suggests that consumption of traffic demanding online 

apps (i.e., web page browsing, application updates, finance websites, social network 

services, and P2P downloading) decreases in the limited plan groups (Figure 8). The overall 

data limitation significantly impacts student online behaviors related to traffic demanding 

use, which needs more attention. Students then can have less attention to focus on other 

behaviors, including learning. Compared with a high broad bandwidth unlimited group, the 

limited entertainment content group consumes more P2P downloading content. A possible 

explanation for the unbalanced content use is that students in the limited entertainment 

group use P2P downloading to access videos or offline video games. The limited 

entertainment data plan can restrain students' online entertainment behaviors and lead to 

more attention on non-entertainment content use, including learning.   
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Figure 8. Average Monthly Data Consumption by Experimental Conditions 
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 Offline student card transactions allow us to investigate some behavior changes 

among the experimental conditions beyond Internet use. Students in the partnered college 

use learning centers in the libraries to conduct after-class learning. We compare the 

monthly library visits across the conditions and find that students in the limited data plans 

have more visits each month on average (Figure 9). We did not find a large variation in 

meal purchases and drinking water use across different conditions.  

 

Figure 9. Average Monthly Library Visits by Experimental Conditions. 

8.2. Policy Implication 

Even though college administrators believe offering unlimited Internet access with high 

bandwidth can improve the student's college life satisfaction, they usually compromise on 

limited Internet costs after the COVID-19 pandemic. Some of them are also eager to know 

whether students can benefit from unlimited Internet with education outcomes without 

budget concerns. Our findings suggest that an unlimited plan with only limited 

entertainment content access can help improve students’ academic performance and 
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alleviate college Internet service budget concerns. With marginal investment in traffic 

auditing and control for colleges, our proposed policy can economically benefit college 

administrators suffering from budget issues. 

9. Conclusion 

This research aims to make three core contributions to understanding how ICTs affect 

learning. First, we seek to inform educational institutions on designing a policy that 

facilitates different levels of use of ICTs, not the overall effects of ICT adoption. Most past 

studies in the literature focused on measuring the effects of ICT adoption on learning 

outcomes. These studies found heterogeneous results, partly due to not disentangling the 

positive and negative effects of ICT adoption. Given that ICT may have both positive and 

negative effects on learning, we seek to disentangle these two effects and offer a clear 

understanding of how ICT policy can differentially affect learning via the lens of 

information foraging theory (IFT), which is an approach to understanding how strategies 

and technologies for information seeking, gathering, and consumption are adapted to the 

flux of information (Pirolli and Card 1999). Second, this research investigates under which 

conditions ICT may positively or negatively affect learning. We designed and ran a field 

experiment with our partner university to examine the effects of the three different policies 

on student education outcomes. Third, we intend to investigate the underlying mechanisms 

of this effect by exploring how students’ online and offline learning behavior changes 

under different Internet access policies. By collecting students’ data on for what purpose 

they use the Internet as well as their locations after class, we seek to break new ground in 

our understanding of whether and under which conditions ICT can positively or negatively 

affect learning and how we can design ICT policy to enhance learning.  
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Our findings suggest that students assigned to a more Internet information diet have 

lower GPAs than those on a limited diet. However, the performance loss can be reversed 

by allowing a student to use unlimited Internet data with only data limits on entertainment 

information content patches. Internet use policy can affect students’ academic performance, 

and college administrators or policymakers have a chance to decrease their Internet budget 

while improving students' education outcomes. We also discussed the treatment 

heterogeneity and found gender and grade year in a program can highly moderate the 

treatment effects. We use student online and offline data to explore the underlying 

mechanism which drives the average treatment effects. 

 

CONCLUSION 

Research paradigm in information systems (IS), examining the informative, 

automotive, and transformative effects of IT in business settings, has not yet been well 

applied to educational fields, given the pervasiveness of Information and Communication 

Technologies (ICT) on reshaping human learning. Current IS research mainly focuses on 

customer online behavior (e.g., MOOC, e-learning, etc.) and empowerment (e.g., e-

learning platforms, the mobile app pushes, etc.). Few of them explore the overall IT 

influence on education outcomes. The proposed two studies try to contribute to the IS and 

the economics research on the role of technology in education and the underlying 

mechanisms of how ICT affects learning through a series of field experiments. The first 

study examines in-class mobile device use effects on students’ learning performance via a 

field experiment. It explores students’ attention allocation at an individual level with live 

video feed data. The second study investigates the effects of different Internet access 
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policies on student performance via a field experiment. It explores the underlying 

mechanisms of its impact by mining students’ online and offline behaviors. Ultimately, the 

proposed studies in this dissertation attempt to explore how ICT could boost learning and 

thus extend the boundary of IS research to the education sector. 
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APPENDICES  

A. BALANCE ACROSS EXPERIMENTAL CONDITIONS 

Table A1. Mean of pre-treatment test scores and of demographic covariates per 

experimental condition and comparisons across all conditions showing pre-treatment 

statistical balance. 
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B. ALLOCATION OF TIME DURING EXPERIMENTAL LECTURE TO 

DIFFERENT ACTIVITIES  

 

Table B1. Time spent during the lecture on and off the smartphone, learning and 

distracted, for under-performing students (all in seconds), pre-treatment test score, 

post-treatment test score, and performance gain. Comparison across all experimental 

conditions. 
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Table B2. Time spent during the lecture on and off the smartphone, learning and 

distracted, for high-performing students (all in seconds), pre-treatment test score, 

post-treatment test score, and performance gain. Comparison across all experimental 

conditions. 
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Table B3. Time spent during the lecture on and off the smartphone, learning and 

distracted, for students in non-IT majors (all in seconds), pre-treatment test score, 

post-treatment test score, and performance gain. Comparison across all experimental 

conditions. 
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Table B4. Time spent during the lecture on and off the smartphone, learning and 

distracted, for students in IT majors (all in seconds), pre-treatment test score, post-

treatment test score, and performance gain. Comparison across all experimental 

conditions 
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C. IRB PROTOCOL WITH DELAYED DEBRIEFING SCRIPTS 

Our experiment was conducted after approval by the Institutional Review Board of 

a US-based University (de-identified here for review purposes) as presenting no more than 

minimal risk to participants because:   

1) Students in the school that partnered with us knew of the video cameras in the 

classroom; these cameras were routinely used in this school for anti-cheating 

purposes;  

2) After our experiment, students were told that their lectures were recorded and that 

the corresponding video feeds would be used to measure the time they spent 

distracted or learning, on and off the smartphone;  

3) Students were also told that collecting these data would be done by faculty and 

staff at the school and that researchers would only get access to de-identified 

individual-level data. Furthermore, the video feeds would not be shared with 

researchers and would only be kept at the local school;  

4) Students could opt out and withdraw their data from our research study. In this 

case, the observations of such a student would be deleted from our de-identified 

datasets. To date, no student or family required their data to be withdrawn;  

5) Parents and guardians of students under 18 were also included in the 

communications referred to above. The results of our study were shared with school 

administrators, teachers, staff, students, and their families and were well received 

in all cases;  

Below, we provide a translation of the script used for the delayed debriefing:  
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Thank you for participating in this lecture! We were trying to run an experiment to 

determine which policy can benefit you the most in terms of your learning performance. 

Your participation is greatly appreciated! You were subject to 1 of 3 smartphone use 

policies: banning smartphones from the classroom, allowing smartphones into the 

classroom, and allowing smartphones into the classroom and using them to assist with 

instruction. We needed to collect data on the time that each student allocated to mobile 

learning, mobile distraction, other mobile-unrelated learning, and other mobile-unrelated 

distraction. To achieve this, we captured your behavior using the anti-cheating video 

system in the large classroom when you took the Chinese verbal class.  

Please note that we did not disclose the experiment setting when you took the 

lecture only to obtain the necessary unconditioned response. The scores you got in the tests 

you answered during this lecture will not count towards your final grade. All your data will 

be stored in the Teaching Department of the school. Only de-identified data will be used 

for further analysis. Please note that we are only interested in investigating the effect of the 

three policies above, and our goal is to identify the best policy for further classroom 

protocol. Therefore, we will not disclose the data to any of your teachers or advisors. 

Likewise, you will not be judged by any school faculty or staff for the behaviors recorded 

in the data. The school thanks you for your participation in helping us formulate a better 

classroom policy! 

Now that you know the purpose of our study and are fully informed, you may decide 

that you do not want your data used in this research. If you would like your data removed 

from the study and permanently deleted, please contact me and leave me with your name 
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and student ID. The data administrator in the Teaching Department will delete the 

corresponding data before any further analysis starts.  

Please do not disclose any information about our research procedures and/or 

hypotheses to anyone who might participate in this study in the future, as this could affect 

the study results. If you have any questions or concerns regarding this study, its purpose or 

procedures, or if you have a research-related question, please feel free to contact [insert 

name(s), email address(es), and phone number(s)]. If you feel upset after completing the 

study or find that some questions or aspects of this study trigger distress, talking with a 

qualified clinician may help. If you feel you would like assistance, please contact our 

school clinic for psychological/mental health services at [email address(es) and phone 

number(s)]. 
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D. STUDENT CAMPUS INTERNET USAGE IN 2019 

 

Figure D1. Student Data Use Per Month on Average (2019 Academic Performance Year) 

Notes: Figure A represents the average monthly data use for all the students in the 

partnered university in the past 2019 academic year. We notice that after the Wi-Fi 

upgrading, the university could offer high-quality Internet service, and the data usage 

increased to an average 40-60G range. We then use 40G as a proposed threshold to limit 

the data usage per month. 
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E. RANDOMIZATION CHECK 

Table E1. Pre-Experiment Randomization Check: Covariates 

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

Variables 1 

Baseline 

2 3 4 5 

      

Female  -0.073 0.147 0.044 0.069 

  (0.168) (0.168) (0.168) (0.167) 

Ethnic Minor  0.059 0.044 -0.346 -0.320 

  (0.276) (0.284) (0.295) (0.294) 

Age@2020  0.058 -0.012 0.128 -0.016 

  (0.096) (0.098) (0.096) (0.098) 

Major_1  0.339 1.244 20.464 20.341 

  (23,589.433) (23,608.591) (16,686.453) (16,686.453) 

Major_2  19.413 18.529 18.554 18.578 

  (8,122.706) (8,122.706) (8,122.706) (8,122.706) 

Major_3  -0.133 -17.869 -0.001 0.188 

  (1.067) (5,373.064) (1.069) (0.962) 

Major_4  20.402 20.860 0.857 0.929 

  (17,208.001) (17,208.001) (24,329.990) (24,316.147) 

Major_5  2.485** 1.880 2.561** 1.167 

  (1.244) (1.309) (1.245) (1.353) 

Major_6  18.768 19.173 18.811 19.457 

  (7,329.810) (7,329.810) (7,329.810) (7,329.810) 

Major_7  -0.769 1.512 -0.136 -17.756 

  (1.741) (1.393) (1.677) (6,459.087) 

Major_8  19.045 19.262 18.228 18.867 

  (7,152.778) (7,152.778) (7,152.778) (7,152.778) 

Major_9  0.915 -0.055 0.355 0.226 

  (0.911) (1.063) (0.984) (0.956) 

Major_10  -0.105 0.374 0.075 -0.457 

  (0.792) (0.756) (0.778) (0.781) 

Major_11  0.278 -17.447 0.941 -17.633 

  (1.930) (11,053.306) (1.871) (10,959.906) 

Major_12  0.497 2.041* 1.683 1.420 

  (1.379) (1.235) (1.293) (1.398) 

Major_13  20.892 20.095 0.426 0.546 

  (17,308.639) (17,308.639) (24,474.256) (24,470.621) 

Major_14  -0.020 0.278 0.674 -0.522 

  (0.942) (0.897) (0.850) (1.001) 

Major_15  -0.042 -18.782 -0.329 -18.439 

  (1.385) (10,548.624) (1.384) (10,321.139) 

Major_16  0.680 -18.107 -18.096 0.618 

  (1.553) (11,068.576) (11,039.908) (1.540) 

Major_17  -19.750 2.306 -19.081 -19.246 

  (23,371.719) (1.641) (23,382.229) (23,401.892) 

Major_18  -0.419 -0.612 -0.616 0.265 

  (1.319) (1.318) (1.319) (1.096) 



  

114 

Table E1. (continued) 

Major_19  2.129* 2.548** 2.158* 2.272* 

  (1.277) (1.244) (1.279) (1.224) 

Major_20  0.565 0.182 0.480 1.139 

  (0.768) (0.804) (0.778) (0.694) 

Major_21  0.038 -0.045 1.124 1.219 

  (108,455.176) (76,689.390) (108,455.176) (108,455.176) 

Major_22  0.575 1.183 1.158 0.688 

  (0.769) (0.737) (0.738) (0.717) 

Major_23  18.098 18.918 19.906 19.344 

  (7,097.032) (7,097.032) (7,097.032) (7,097.032) 

Major_24  0.142 -0.259 0.773 0.009 

  (1.464) (1.598) (1.420) (1.575) 

Major_25  0.065 1.278 1.405 0.310 

  (1.426) (1.290) (1.329) (1.474) 

Major_26  -1.041 0.622 -0.164 0.657 

  (1.716) (1.451) (1.653) (1.539) 

Major_27  0.245 1.328 22.705 0.946 

  (76,321.854) (76,369.660) (53,967.701) (76,321.854) 

Major_28  0.587 0.555 1.690 1.168 

  (1.463) (1.450) (1.367) (1.495) 

Major_29  2.168 2.801* 3.510** 2.985* 

  (1.693) (1.616) (1.617) (1.707) 

Major_30  0.376 20.619 20.444 0.861 

  (23,619.131) (16,701.248) (16,701.248) (23,619.131) 

Major_31  -0.021 1.763* 1.368 -0.254 

  (1.371) (1.022) (1.064) (1.352) 

Major_32  1.790** 1.498* 1.386 0.539 

  (0.844) (0.861) (0.870) (0.911) 

Major_33  -0.035 1.199 0.519 0.464 

  (1.066) (0.896) (0.987) (0.914) 

Major_34  1.148 0.660 1.198 1.177 

  (1.112) (1.187) (1.115) (1.090) 

Major_35  21.907 1.585 0.914 0.941 

  (53,967.701) (76,369.660) (76,321.854) (76,321.854) 

Major_36  -20.922 -19.871 -0.039 -20.170 

  (22,936.494) (22,992.078) (1.679) (22,966.280) 

Major_37  -18.320 -17.469 0.980 1.977 

  (11,323.792) (11,340.913) (1.866) (1.770) 

Major_38  0.876 2.037* 1.468 1.385 

  (1.333) (1.194) (1.252) (1.316) 

Major_39  -18.826 -18.764 0.397 -18.911 

  (16,643.075) (16,642.519) (1.583) (16,702.490) 

Major_40  -18.717 -18.668 -18.493 0.719 

  (16,652.790) (16,725.042) (16,675.060) (1.544) 

Major_41  1.115 -18.183 -18.277 -0.100 

  (1.110) (8,709.732) (8,562.775) (1.360) 

Major_42  18.366 19.231 18.362 19.292 

  (3,952.089) (3,952.089) (3,952.089) (3,952.089) 
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Table E1. (continued) 

Major_43  0.396 -17.384 0.644 1.041 

  (0.985) (4,246.891) (0.943) (0.854) 

Major_44  22.800 0.731 0.545 21.185 

  (34,671.704) (49,044.494) (49,013.221) (34,671.704) 

Major_45  -0.030 -18.908 -0.727 -19.221 

  (1.064) (8,949.405) (1.279) (8,929.146) 

Major_46  18.938 18.359 19.638 18.966 

  (6,322.365) (6,322.365) (6,322.365) (6,322.365) 

Major_47  -18.254 -18.435 -0.254 1.620 

  (8,672.443) (8,625.410) (1.420) (1.186) 

Major_48  0.474 0.438 0.217 -0.211 

  (0.736) (0.736) (0.751) (0.737) 

Major_49  -18.240 0.332 1.381 -0.237 

  (6,617.625) (1.638) (1.466) (1.764) 

Major_50  0.259 0.280 0.765 1.001 

  (1.102) (1.103) (1.026) (0.932) 

Major_51  0.685 22.360 0.544 0.484 

  (76,689.390) (54,227.587) (76,689.390) (76,689.390) 

Major_52  0.712 0.339 1.036 1.056 

  (1.379) (1.346) (1.321) (1.418) 

Major_53  -0.387 1.624 -0.097 1.162 

  (1.561) (1.342) (1.651) (1.495) 

Major_54  -0.053 1.679 1.555 1.623 

  (1.587) (1.390) (1.435) (1.509) 

Major_55  19.289 0.668 19.303 19.144 

  (7,797.924) (11,031.434) (7,797.924) (7,797.924) 

Major_56  -18.929 0.888 -19.028 -18.880 

  (16,700.168) (1.707) (16,688.111) (16,701.791) 

Major_57  0.042 1.067 -0.029 0.219 

  (1.512) (1.396) (1.656) (1.595) 

Major_58  0.818 1.521 1.423 1.088 

  (1.388) (1.273) (1.322) (1.427) 

Major_59  -18.888 0.552 -18.209 0.203 

  (10,572.635) (1.690) (10,565.214) (1.816) 

Major_60  0.670 0.691 22.508 0.537 

  (76,321.854) (76,369.660) (53,967.701) (76,321.854) 

Major_61  0.574 2.057 1.448 1.835 

  (1.460) (1.311) (1.385) (1.457) 

Major_62  0.943 1.922 1.750 -16.449 

  (1.790) (1.692) (1.728) (6,500.551) 

Major_63  1.162 1.527 1.203 1.217 

  (1.104) (1.066) (1.106) (1.041) 

Major_64  0.299 0.492 0.334 -0.695 

  (0.756) (0.749) (0.757) (0.813) 

Major_65  -16.601 2.132* 1.830 1.298 

  (5,836.853) (1.281) (1.317) (1.356) 

Major_66  20.195 0.476 19.884 0.495 

  (16,687.153) (23,613.980) (16,687.153) (23,599.198) 
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Table E1. (continued) 

Major_67  -18.556 -18.661 -0.191 -0.097 

  (10,579.533) (10,548.433) (1.390) (1.375) 

Major_68  2.412** 1.183 1.592 2.143** 

  (0.991) (1.103) (1.065) (0.965) 

Major_69  -17.902 1.352 0.408 -17.984 

  (10,591.111) (1.390) (1.558) (10,588.628) 

Major_70  0.677 20.849 0.482 20.094 

  (24,622.538) (17,415.571) (24,595.809) (17,415.571) 

Major_71  -0.221 -19.441 -19.511 -19.811 

  (1.382) (17,363.437) (17,234.018) (17,291.292) 

Major_72  19.259 18.152 18.926 19.082 

  (5,986.087) (5,986.087) (5,986.087) (5,986.087) 

Major_73  -0.021 0.588 -0.282 -0.142 

  (1.381) (1.186) (1.381) (1.363) 

Major_74  0.437 0.645 -0.394 0.788 

  (0.852) (0.833) (1.015) (0.766) 

Major_75  0.635 0.451 1.510 -17.158 

  (1.558) (1.560) (1.326) (8,019.528) 

Major_76  0.779 0.480 1.173 0.771 

  (0.939) (0.983) (0.897) (0.884) 

Major_77  0.041 0.876 1.061 0.173 

  (0.868) (0.785) (0.779) (0.788) 

Major_78  0.474 0.295 22.667 2.226 

  (76,321.854) (76,369.660) (53,967.701) (76,321.854) 

Major_79  0.702 0.900 1.311 -0.183 

  (0.846) (0.832) (0.802) (0.912) 

Major_80  -0.112 0.316 0.174 0.116 

  (0.715) (0.695) (0.703) (0.655) 

Major_81  2.182 -15.946 2.514 1.939 

  (1.702) (6,590.694) (1.740) (1.824) 

Major_82  0.159 0.437 -0.678 -0.277 

  (0.834) (0.814) (1.000) (0.834) 

Major_83  -0.898 -0.157 -0.762 -0.370 

  (1.259) (1.041) (1.260) (1.016) 

Major_84  1.008 -16.194 1.872 1.995 

  (1.786) (6,367.746) (1.726) (1.765) 

Major_85  0.710 1.595 0.774 0.529 

  (1.175) (1.040) (1.177) (1.154) 

Major_86  1.012 1.311 1.146 0.852 

  (1.562) (1.533) (1.575) (1.670) 

Major_87  0.502 1.591 1.251 -0.866 

  (1.206) (1.050) (1.093) (1.453) 

Major_88  0.307 -0.105 -0.020 -0.486 

  (0.895) (0.942) (0.943) (1.001) 

Major_89  22.283 0.216 0.230 1.868 

  (53,967.701) (76,369.660) (76,321.854) (76,321.854) 

Major_90  18.599 19.372 18.871 17.707 

  (5,846.472) (5,846.472) (5,846.472) (5,846.472) 
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Table E1. (continued) 
 

Major_91  -0.015 1.417 1.375 -0.194 

  (1.588) (1.419) (1.464) (1.763) 

Major_92  0.278 1.291 20.815 20.492 

  (23,578.920) (23,481.017) (16,666.125) (16,666.125) 

Major_93  0.982 1.166 0.485 0.710 

  (0.800) (0.794) (0.856) (0.778) 

Major_94  0.431 0.971 0.589 -0.126 

  (0.985) (0.915) (0.987) (1.043) 

Major_95  -0.064 1.305 1.144 -0.052 

  (1.379) (1.233) (1.283) (1.438) 

Major_96  0.350 -16.838 1.734 0.926 

  (1.926) (8,115.107) (1.730) (1.951) 

Major_97  0.664 20.797 0.348 20.034 

  (24,521.822) (17,400.575) (24,526.426) (17,400.575) 

Major_98  0.767 -0.128 0.618 1.131 

  (0.888) (1.045) (0.918) (0.815) 

Major_99  0.528 0.212 -0.301 0.063 

  (0.891) (0.965) (1.047) (0.891) 

Major_100  0.557 0.210 0.369 0.564 

  (0.764) (0.800) (0.786) (0.711) 

Major_101  -1.032 1.632 2.167 0.610 

  (1.715) (1.342) (1.356) (1.537) 

Major_102  0.676 0.469 0.570 0.027 

  (0.795) (0.820) (0.808) (0.810) 

Major_103  1.456** 0.948 1.120 1.090 

  (0.708) (0.726) (0.719) (0.680) 

Major_104  0.676 0.998 0.918 0.953 

  (0.813) (0.810) (0.848) (0.781) 

Major_105  -18.776 0.693 -18.731 -18.910 

  (16,701.248) (1.553) (16,701.248) (16,701.248) 

Major_106  1.378 1.305 0.632 0.503 

  (1.378) (1.378) (1.550) (1.533) 

Major_107  0.643 0.228 1.107 0.539 

  (1.034) (1.112) (0.968) (1.010) 

Major_108  1.273 1.193 1.211 0.514 

  (0.779) (0.788) (0.785) (0.789) 

Major_109  -18.662 -0.307 -0.206 -17.831 

  (10,613.485) (1.449) (1.441) (10,157.545) 

Major_110  -0.336 0.648 1.682 1.585 

  (1.787) (1.690) (1.522) (1.592) 

Major_111  1.027 1.113 1.128 0.472 

  (0.984) (0.958) (0.960) (1.000) 

Major_112  1.307 0.612 0.625 -0.166 

  (0.882) (0.940) (0.942) (1.041) 

Adm_Year_2014  0.127 22.705 -1.254 -0.827 

  (76,689.390) (54,227.587) (76,689.390) (76,689.390) 

Adm_Year_2015  -0.324 -0.036 -0.485 -0.182 

  (0.839) (0.872) (0.817) (0.894) 
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Table E1. (continued) 
 

Adm_Year_2016  -0.253 0.493 -0.403 -1.545* 

  (0.666) (0.663) (0.658) (0.868) 

Adm_Year_2017  -0.339 0.197 -0.229 -0.219 

  (0.368) (0.375) (0.365) (0.376) 

Adm_Year_2018  -0.489* -0.221 -0.766*** -0.290 

  (0.291) (0.297) (0.294) (0.292) 

Adm_Year_2019  -0.217 0.106 -0.205 -0.224 

  (0.255) (0.257) (0.254) (0.257) 

Major_Type_2  0.374 -0.694 -0.558 -0.366 

  (1.147) (0.987) (1.048) (1.206) 

Constant  -1.550 -0.577 -2.943 -0.012 

  (1.883) (1.915) (1.879) (1.902) 

      

Observations 1,999 1,999 1,999 1,999 1,999 

Notes: Standard errors in parentheses. Significance Level: *** p<0.01, ** p<0.05, * p<0.1 

 


