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Abstract 

We collaborate with a vocational school in China to examine the effect of using smartphones in 

the classroom on the academic performance of students. We randomly allocate students taking 

lectures in Chinese verbal into four experimental conditions: (i) smartphones banned; (ii) 

smartphones allowed and used at will by students; (iii) smartphones allowed, used at will by 

students, and teachers asked students to use the devices to assist instruction; (iv) smartphones 

banned, and teachers asked students to use a paper-based aid 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 lectures. We find that allowing students to use smartphones 

during the lecture at will reduced performance gain compared to when smartphones were 

banned. However, allowing smartphones into the classroom and having teachers ask students to 

use them to assist instruction increased the performance gain. The performance gain of students 

using the paper-based aid was similar to that of the students who could not use smartphones. To 

unravel the underlying mechanisms that drive these effects, we use video feeds collected during 

our experimental lectures,  allowing us to code the time students spent learning and distracted, 

with and without their smartphone. We show that the increase in performance gain when 

smartphones are used to assist instruction comes from students spending a larger percentage of 

the time learning during the lecture using the device and from the fact that the positive marginal 

effect associated with smartphone learning outweighs the negative marginal effect associated 

with smartphone distraction. Our findings contribute to the literature on technology-assisted 

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

cautiously allow smartphones in the classroom to improve student success. 
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1. Introduction 

 

The penetration of smartphones increased worldwide during the last decade. In the U.S., and 

according to Statista, smartphone ownership increased from 33% in 2011 to 82% in 2022. 

(Ghose, 2017) discusses how this stimulated significant research on the role of smartphones in 

business settings. Yet, much less is known about how allowing these devices into classrooms 

may affect the performance of students. Furthermore, the research on the impact of ICTs on 

productivity yields mixed results (Acemoglu et al., 2014, Lee et al. 2018), perhaps because most 

papers study very aggregate economic levels (i.e., countries, industries, firms). Fewer studies 

examine the impact of ICTs on the performance of workers, and even fewer studies explore the 

relationship between ICTs and attention (Alavi and Leidner, 2001). 

 

Extant research on the impact of ICTs on the academic performance of students also reports 

mixed effects, perhaps because many studies focus on the effect of investments in ICTs, 

subsidies to ICTs, and availability of ICTs in schools, instead of looking directly at how students 

use ICTs for learning purposes. Thus, the existing literature provides little help to anticipate how 

smartphones in classrooms may affect student performance. Analyzing the effect of smartphones 

in the academic environment should thus focus on student level studies that provide causal 

measures of how smartphones affect attention, i.e., how they induce learning and distraction, and 

how the tradeoff between these behaviors affects performance. 

 

We contribute to close this research gap by running 2 Randomized Controlled Trials (RCTs) to 

test the effect of smartphones in the classroom on the performance of students. We collect 

individual-level data on how students use smartphones during lectures to identify why the 

observed effects arises. We ask three research questions? 1) How does allowing smartphones in 

the classroom affect the time students spend learning versus distracted? 2) How does 

smartphone learning and distraction in the classroom affect the performance of students? 3) 

How do demographic factors moderate the observed effects? 

 

During our field experiments, students in a vocational school in China were randomly assigned 

to several experimental conditions during 11 lectures of Chinese verbal, namely: 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 with teachers 

asking them to use the devices to assist instruction; iv) smartphones banned from the classroom 

with teachers asking students to use a paper-based aid to assist instruction. Assisted instruction in 

condition iii) was implemented by having the teachers asking students to use a smartphone 

dictionary app (that we developed for this experiment) during the lecture to check the 

pronunciation, definition, and etymology of the words taught. In condition iv) assisted 

instruction was implemented by giving students a paper-based dictionary, with the same content 

as the smartphone dictionary app, and having teachers ask students to use it for the same 

purposes as in condition iii). All students took identical tests at the beginning and the end of 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, allowing 

smartphones into the classroom without teachers asking students to use the devices to aid 

instruction decreased the performance gain, on average, by 27% of a standard deviation 

compared to banning smartphones from the classroom. Second, allowing smartphones into the 

classroom with teachers asking students to use the device to aid instruction increased the 

performance gain, on average, by 26% of a standard deviation. These findings immediately 

suggest that simply banning smartphones from classrooms may not be the best policy because 

the positive learning effects that may arise may outweigh the negative ones. In fact, we show 

that, at the average, a 1 percentage point (p.p.) increase in the percentage of learning time 

allocated to the smartphone (as opposed to learning time allocated to other activities) increases 

the performance of students by 2.5 points, whereas a 1 p.p. increase in the percentage of 

distraction time allocated to the smartphone (as opposed to distraction time allocated to other 

activities) reduces the performance of students by 0.13 points. We also find that students use the 

smartphones for learning purposes more when the teachers ask them to do so compared to when 

they do not. This increase in smartphone usage for learning purposes, albeit small in absolute 

terms for many students, combined with the productivity of smartphone learning, outweighs the 

negative impact of smartphone distraction. 

 



Measuring the time allocated by students to learning and distraction, on and off the smartphone, 

was accomplished by teams of video coders who replayed the video feeds from all lectures in our 

experiments and annotated when students were learning (e.g., using the dictionary app) and 

distracted (e.g., dozing off, looking astray, taking to each other, playing games or on social 

media on the smartphone). In our second experiment, we also recorded the teachers during the 

lectures. Analyzing their facial emotions and facial posture shows that the same teacher taught 

similar lessons across all our experimental conditions, avoiding confounders such as teacher-side 

learning. In addition, condition iv) in our second experiment allows us to separate the effect of 

the content – the additional content provided to the students included in the dictionary app and in 

the paper-based dictionary – from the effect of the channel – smartphone vs. paper. Our results 

show that the performance gain with the paper-based dictionary is similar to that observed under 

the condition where smartphones were banned from the classroom, i.e., the paper-based 

dictionary did not increase the performance gain of students as the smartphone did. 

 

Finally, our paper reports a rich set of heterogeneous effects from moderators such as the 

familiarity of the students with the content of the lectures, the familiarity of the students with 

ICT, their gender, whether they were born in a rural or urban area, and how well they perform in 

school in general terms.  

 

Our work embodies several contributions to the literature. First, we are among the first to run 

RCTs in a real-life classroom setting to explore the effect of smartphones on the performance of 

students, which avoids the limitations of using observational studies, and allows us to claim 

causal effects. Second, we decompose the overall effect of smartphones on student performance 

into the positive effect associated with assisted learning and the negative effect associated with 

smartphone distraction. Third, we actively measure the time students spend learning and 

distracted, on and off the smartphones, during the lectures, in a novel way that avoids the 

problems in the prior literature with self-reported measures. Finally, our study offers empirical 

evidence that teachers and administrators can use to develop guidelines and laws to manage the 

introduction of smartphones into the classroom. 

 

 



2. Research Background and Literature Review 

 

2.1 Impact of ICTs on student performance 

 

Information and Communication Technologies (ITCs) are now pervasive in schools. The 

UNESCO Institute for Statistics reports that in 2020 more than 87% of secondary schools 

worldwide had access to computers for pedagogical purposes (UNESCO, 2023). The U.S. 

Institute of Education Sciences reports that 98% of all schools in the U.S. have computers, with 

45% of them indicating owning one computer per student. However, the prior literature shows 

mixed evidence of the impact of ICTs on educational outcomes. (Leuven et al., 2007) found that 

offering subsidies for ICTs in the Netherlands to schools with disadvantaged pupils hurt learning 

outcomes. (Fried 2008, Carter et al., 2017) also found that the introduction of computers in 

schools can hurt learning outcomes in the U.S. (Vigdor et al., 2014) and (Belo et al., 2014) found 

that broadband availability and usage in middle schools reduced student grades, in the U.S. and 

Portugal, respectively. 

 

Several studies found no effect of ICTs on student performance. (Angrist and Lavy, 2002) found 

that increasing computer usage in primary school in Israel did not change test scores. (Goolsbee 

and Guryan, 2006) found that using technology in public schools in California did not change the 

performance of students. (Barrera-Osorio and Linden, 2009) showed that computer-assisted 

programs for language learning in Colombia had no effect on student learning. (Faber et al., 

2015) found no effect of improved broadband speed on educational outcomes across students in 

primary and secondary schools in England. 

 

Other studies found benefits from using ICTs for educational purposes. For example, (Barrow et 

al. 2009) showed that computer-aided instruction was more effective than traditional learning 

methods in several urban U.S. school districts. (Kumar and Mehra ,2018) and (Muralidharan et 

al., 2019) found positive effects of computer-based personalized learning during after-school 

programs for students in middle schools in India. (Machin et al., 2007) found that subsidies for 

ICTs given in several school districts in England increased the performance of students in 

English and Science (though not in Mathematics), and (Fairlie and London, 2012) found that 



investment in ICTs in a large community college in California also increased the performance of 

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

hard to compare them. In any case, the variance in the results reported in the literature highlights 

the complexity associated with appropriately using ICTs to improve education. 

 

2.2 Smartphone pervasiveness and bans in schools 

 

Smartphone and computer ownership exhibit very different statistics. According to Statista, in 

the U.S. and by the end of 2022, 34% of adults 30 years old or more owned a desktop, 35% 

owned a laptop, and 48% owned a tablet, but 88% owned a smartphone. The gap to smartphone 

ownership is also considerable for individuals aged between 18 and 29, for whom these statistics 

were 28%, 37%, 36% and 87%, respectively. According to Statista, in the U.S. and in 2021, 31% 

of 8-year-old kids had a smartphone, and this statistic increased to 93% for 18-year-old kids. 

 

These statistics combined with the mixed evidence on the impact of ICTs on the performance of 

students led to fierce discussions about whether schools should allow students to take 

smartphones into classrooms (Allen, 2017). Parents and teachers often oppose allowing 

smartphones in classrooms because of the potential adverse effects that may arise, such as cyber-

bullying (Osborne, 2012), distraction (Kuznekoff et al., 2015, Beland and Murphy, 2016), access 

to unreliable information (Wineburg et al., 2016), cheating (Haller, 2017), and physical or mental 

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

smartphones into classrooms. They highlight that these devices can be effectively used during 

lectures to assist learning. The increasing number of educational apps for mobile phones that 

support learning and lecture management, by facilitating real-time interaction and collaboration 

among students and teachers, fuel these claims (Taylor and Francis, 2015). In addition, allowing 

students to use their smartphones to assist learning during lectures may relieve schools from 

expensive investments in ICTs, which are increasingly required today to improve student 

experience. 

 

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

from classrooms and sometimes from schools altogether. For instance, France 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). Likewise, China 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 U.K., India, and the U.S. 

According to the National Center for Education Statistics, 2020, 76% of schools in the U.S have 

already banned cellphones. According to (UNESCO, 2023), by the end of 2022, 13% of 

countries have introduced laws to ban mobile phones from schools and 14% of countries have 

policies and guidelines to do so. This split (27% Vs. 73%) calls for a better understanding of 

whether smartphones can be productively used to assist with instruction. 

 

2.3 Smartphones and the performance of students 

 

People required to multi-task take longer to finish tasks compared to the time it would take them 

to finish them in tandem. According to (Rubinstein et al., 2001) the slowdown arises due to the 

loss of time with switching and gets worse as tasks become more complex. (Foerde et al., 2006) 

show that people who multi-task can learn factual information but then have a harder time 

applyiing it to new situations. (Chen and Yan, 2016, Uncapher and Wagner, 2018, Wilmer et al., 

2017) discuss how smartphones may also hinder the reward process, which is a key function for 

learning. Importantly, multi-tasking requires attentional capacity, reducing cognitive control 

(Chinchanachokchai et al., 2015, van dur Schuur et al., 2015), which may lead to distraction and 

errors (Courage et. al, 2015). 

 

Negative effects of laptop multi-tasking on student performance have already been reported in 

prior literature (Hembrooke and Gay, 2003, Fried, 2008, Kraushaar and Novak, 2010, Wood et 

al., 2012, Zhang et al., 2015). Just like laptops, smartphones also incentivize multi-tasking, 

which increases the cognitive load on students (Mayer and Moreno, 2003) and hinders the 

cognitive processes required to learn (Judd, 2014, Lee et al., 2015). (Rosen et al., 2013) show 

that U.S. students who used Facebook and texted while studying registered lower GPA. (Junco, 

and Cotten, 2012) found that using Facebook and texting while doing schoolwork decreased the 

performance of U.S. college students. (Wood et al., 2012) found that students who used 

Facebook while attending lectures had lower scores compared to students who did not. 



(Ramjan et. al, 2021) analyzed 27 studies in multiples countries all surveying nursing students. 

The authors found that 20 studies reported a negative effect of increased smartphone usage on 

learning in both the classroom setting and during clinical practicum. The nursing students 

reported that their smartphone use distracted them from engaging in the appropriate learning 

processes. In another example, (Amez and Baert, 2020) reviewed 23 studies and found that 18 of 

them found a negative association between smartphones and academic success. The other 5 

studies found no statistically significant associations. However, only 4 of these studies tracked 

smartphone usage actively and only 6 used data on grades from teachers or the administration. 

All the other studies relied on usage data and grades from surveys where students self-reported 

these measures. However, this leads to inaccuracy and bias due to the students’ tendency to 

under-report less-desirable experiences (Krumpal, 2013).  

 

For this reason, (Kates et. al, 2018) offers a meta-analysis of 39 studies selected because they 

include some construct of mobile phone usage, such as number of text messages or calls 

sent/received or even of measurements of the time spent using the devices, and some objective 

measure of academic performance, such as test scores or GPA. In total, these studies covered 

about 150 thousand students across more than 6 countries and still found adverse effects of 

mobile phone usage in schools on student performance. 

 

All the studies analyzed in the reviews described above are correlational and thus do not offer 

empirical evidence of causal effects. An empirical approach to improve upon simple 

correlational studies is to use longitudinal data. (Bjerre-Nielsen et. al, 2020) ran such a study 

monitoring 470 students at the Technical University of Denmark over 2 years using a mobile app 

to unobtrusively log their activity. Their results show a negative association between in-class 

smartphone usage and grades, even after controlling for several observed student characteristics. 

Namely, a 1 standard deviation increase in classroom smartphone usage decreased GPA by 18% 

of a standard deviation. The authors also show that the magnitude of this effect decreased to 

6.1% with fixed effects, hinting at the fact that cross-sectional studies may have overestimated 

the negative effects of smartphones. Note, however, that this study did not separate the 

classroom usage of smartphones into learning and distraction.  

 



(Amez et. al, 2023) collected longitudinal data on students’ smartphone use and educational 

performance of students attending 11 different programs at Ghent University and the University 

of Antwerp, over 3 consecutive years. They surveyed students and merged their data with exam 

scores. Using a random effects model, they found that a 1 standard deviation increase in 

smartphone usage led to a reduction of 0.349 points (out of 20) in exam scores and to a decrease 

of 2.6 p.p. in the fraction of exams passed. Finally, (McDonald, 2013) measured the effects of in-

class texting policies, namely mild texting policy (do not use so you can respect others), strict 

cell phone policy (lose points in final grade if caught texting), and no presented policy regarding 

texting. The author found a negative relationship between texting and final grades in all 

conditions even after controlling for student GPA and attendance. 

 

On the other hand, smartphones may also improve the performance of students. In particular, 

mobility allows them to use the same information-intensive services (e.g., e-learning websites) 

that laptops offer but everywhere and anytime (Lepp et al., 2014). In short, smartphones provide 

access to information for study purposes at a rate that textbooks do not (Zhang et al., 2014). 

Smartphones can also benefit students by supporting individualized learning with predefined 

teaching materials, such as in museums and laboratories (e.g., Hall and Bannon, 2006). Social 

networking and messaging apps may also help to quickly share relevant study information 

among peers and students and teachers potentially leading to more efficient study and fruitful 

collaboration (Chen and Ji, 2015, Lepp et al., 2015). 

 

The trained attention hypothesis argues that one can train attention like one does with other 

functions of the brain (Sohlberg and Mateer, 1987). Frequent multi-tasking can help in this 

regard because it promotes mental flexibility (Courage et al., 2015) and fileting of irrelevant 

information (Alzahabi and Becker, 2013, Ophir et al., 2009). As such, smartphones may also 

improve the performance of students. However, there is only scant empirical evidence to support 

these claims. Two large scale studies stand out. (Lin et al., 2021) surveyed more than 10 

thousand college university students in China and found that using mobile learning and news 

apps increased academic performance, whereas playing video games and engaging in social 

media decreased academic performance. (Rabiu et. al, 2016) ran a survey on more than 6 

thousand secondary school students in Nigeria and found a positive association between mobile 



phone usage and scores in both the mathematic achievement test and the English language 

achievement test. 

 

3. Empirical Context and Setup 

 

We conducted 2 RCTs in a school in China to study how allowing smartphones in the classroom 

affect the performance of students. This vocational school did not implement any mobile-related 

regulations prior to our experiments. The sub-sections below describe the design of our 

experiments. 

 

3.1 First Experiment 

 

At the time of our first experiment, there were 482 students in the class of 2019, all in their 

second year of studies. They were between 14 and 23 years old and enrolled in 8 different 

majors. They took core classes in a large classroom holding up to 125 students and elective 

courses in other small classrooms. The experiment was conducted in 11/2018 during 3 lectures in 

Chinese verbal. 

 

Figure 1 depicts our experimental protocol. We randomly selected 125 students from the class of 

2019 for each of 3 experimental conditions. In condition B, smartphones were Banned from the 

classroom. In the condition Ta, students were Allowed to use smartphones during the lecture as 

they wished. In condition Ti, students were allowed to use smartphones during the lecture as they 

wished, and the teacher asked them to use the devices to aid instruction. During this experiment 

the same teacher provided 3 identical lectures to all 375 students. 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 3 groups of 

students in our experiment. The lectures took place on 3 consecutive weekdays, all at the same 

time of the day and always in the same classroom. 



 
Figure 1. Experimental design 125 students were randomly selected into several conditions. All 
lectures started and ended with the same knowledge test to assess performance gain per 
condition. 
 

We could not have all 3 lectures delivered simultaneously since there was only 1 teacher 

available for our experiment. However, teacher characteristics, such as style and experience, are 

likely to affect the performance of students. Therefore, conditions B, Ta and Ti were 

implemented in this order to minimize potential interference. Suppose students in different 

conditions chat about the lecture. Still, students in condition Ta are unlikely to anticipate that 

they could use smartphones during the lecture, given that the students who took the lecture 

before were not allowed to do so. Similarly, students in condition Ti could potentially anticipate 

that they could use smartphones during this lecture but were unlikely to anticipate being 

provided specific instructions for how to use the smartphone for learning purposes. 

 

All 3 lectures were 90 minutes long and started with a pre-test (5 min), during which 

smartphones were turned off, to assess the student’s knowledge of the words that would be 

taught. These tests included a series of multiple-choice questions similar to other quizzes taken 

in Chinese verbal, and the test scores were used to compute final grades. Next, the teacher 

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

requested to place their 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 lecture at will and access a web-based 

dictionary app. The teacher demonstrated how to do so after the pre-test. 

 

The figure in Appendix C 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 condition Ta and Ti was that in the latter the teacher asked students to use the 

dictionary app every time a new word was introduced. At the end of the lecture, all students in all 

conditions took the same test as when the lecture started (although they did not know a-priori 

that there would be a test, much less one similar to the pre-test). We designed this experiment to 

ensure that all students across all conditions had little knowledge about the new words taught (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. 

 

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 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 provided them at the end of the experiment 

(detail about this procedure are provided in Appendix D). Several video coders looked at the 

video feeds provided by this unique setting to measure student attention by identifying the time 

students spent using their smartphones and not, learning and distracted. 

 

3.2 Second Experiment 

 

We ran a second experiment in November 2022 during an additional eight lectures in Chinese 

verbal. At that time there were 524 students in the class of 2024, all in their second year of 

studies. They were also between 14 and 23 years old and enrolled in 8 majors. The design of this 

experiment is similar to that of our first experiment, as shown in Figure 1. We randomly selected 

125 students from the class of 2024 for each of 4 experimental conditions. The first 3 conditions 

mimic the 3 conditions in our first experiment.  In the fourth condition (Tp), smartphones were 

banned from the classroom and the teacher asked them to use a paper-based dictionary for 

learning purposes. 



 

During this experiment a new (male) teacher provided 4 identical lectures in Chinese verbal to 

all 524 students and, another new (female) teacher, provided another 4 identical lectures in other 

topics of Chinese verbal. The structure of all these lectures was similar to the structure of the 

lectures offered during our first experiment. As before, teachers were asked to provide the same 

lecture at the same pace to the 4 groups of students assigned to each of them in our experiment. 

The 4 lectures provided by the first teacher took place on 4 consecutive weekdays, all at the same 

time of the day and always within the same classroom. The second teacher followed the same 

protocol in the following week. Our experimental conditions B, Ta and Ti were implemented in 

the same order as in our first experiment. Condition Tp was added on the fourth day to mitigate 

concerns of interference. As such, even if students talked about using smartphones in the 

classroom, the students in the Tp condition were unlikely to anticipate that they would be asked 

to use a paper-based dictionary to aid instruction. 

 

The figure in Appendix C shows a picture of the paper-based dictionary given to students in 

condition Tp as part of the announcement regarding smartphone policy. The handouts mimic the 

presentation of words offered to students through the smartphone app. Furthermore, the content 

printed in the handouts was the same as that uploaded to the dictionary app. Therefore, we can 

compare the performance gain of students between conditions Ti and Tp to isolate the effect of 

channel (smartphone vs. paper), which we are interested in this paper, from the effect of content. 

Finally, this experiment took place in the same large classroom where our first experiment also 

happened (thus exactly the same physical setting). 

 

4. Data and Empirical strategy 

 

4.1 Data Collected 

 

We used 3 anonymized datasets in our paper: i) data provided by the school on student 

demographics; ii) scores in the pre-tests and post-tests; iii) video feeds of the lectures. Table 1 

describes the key variables. We take the difference between the pre-test and post-test scores for 

each student to compute the performance gain during each lecture. Note again that the pre-test 



and post-test are the same and thus their scores are comparable. A group of experienced teachers 

in Chinese verbal designed this test with the following guidelines: i) the questions should inquire 

only about what was taught during the lecture; ii) the questions should be multiple-choice (to 

facilitate objective grading); (iii) a 100-point scale should be used, and the distribution of scores 

should approximate a normal distribution (that is, the test should not be exaggeratedly easy nor 

exaggerated hard). The teacher offering the lecture graded all tests from all students attending 

that lecture anonymously, thus ensuring grading consistency and anonymity. 

 

 
Table 1. Key variables used in our empirical analyses. 
 

We use video feeds from the 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); Distraction without using the smartphone (DO). 

Students in the videos were matched to those in our experiments using the seat number reported 

at the top of their answer key (reporting this in tests was a common practice at the school, and 

students were used to it). 

 

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

video coders including faculty and staff at the school. We used 20 and 30 coders for the videos in 

the first and second experiments, respectively. Coders were trained to play the video clips, label 

events as LS, LO, DS, DO for each student, 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 check the screen of the students’ smartphones and thus evaluate 

whether they were learning (e.g., using the dictionary app or other educational apps/websites) or 

distracted (e.g., playing games, on social media).  



 

We assembled 180 and 480 30-minute video clips during our first and second experiments, 

respectively. Coders were split into groups of 3 or 4 and each coder in a group coded 

independently the videos randomly given to her. Agreement across coders for the same video 

was very high (the average inter-coder reliability statistics (Cohen's k) were 0.96 (p < 0.001) and 

0.92 (p-value<0.01) for the first and second experiments, respectively), which provides evidence 

of robustness and consistency in how the behavior of students during our experiments was 

coded. 

 

In addition, we had a camera pointing at the teacher in the lectures of our second experiment. 

The video feeds from this camera were sampled every 5 seconds to get a frame with the teacher’s 

face. From her face, we got estimates for 7 facial emotions using software provided by the Open 

Computer Vision library (OpenCV) available at http://opencv.org. Roughly 10% of the frames in 

each lecture failed to report an emotion because the teacher may have, for example, moved 

around and been off camera. These data were complemented with data on the teacher’s facial 

posture measured using state of the art computer vision algorithms, namely the HSEmotion 

package (High-Speed face Emotion recognition) from Andrey Savhenko: 

https://github.com/HSE-asavchenko/hsemotion, the GazeTracking package from Antoine Lame: 

https://github.com/antoinelame/GazeTracking, and https://developers.google.com/mediapipe. 

Table 2 describes the covariates used in our analyses.  

 

 
Table 2. Covariates obtained from analyzing the teachers’ video feeds. 
 

 

 

 



3.2 Empirical Strategy 

 

We followed an empirical strategy with 3 steps to analyze our data. First, we look at the effect of 

smartphone policy on post-test scores and student performance gain using 

 

𝑌! 	= 	𝛽" 	+ 	𝛽#𝑇𝑎! 	+ 	𝛽$𝑇𝑖! 	+ 	𝑋′!𝛽% 	+ 	e!  (Eq. 1) 

 

where the unit of analysis is a student, 𝑋! 	is a vector of student characteristics, 𝑇𝑎! and 𝑇𝑖! are 

dummy variables indicating whether the student is in condition Ta or Ti (both 0 if the student is 

assigned to condition B, which is the baseline condition in all our regressions). 𝑌! represents the 

student’s post-test test score or performance gain and e! is the idiosyncratic error term. This 

specification allows us to measure how the dependent variable changes from condition B to 

conditions Ta and Ti in causal terms, given that students were randomly allocated to 

experimental conditions. We also used this setup with the pre-test score as our dependent 

variable to show balance across conditions. We do not cluster the standard errors, given our 

randomized setup and all the student level controls included in our regressions. We report 

statistical significance using Bonferroni correct for multiple testing. 

 

Second, we examine the effect of smartphone policy on how students use the device during the 

lectures using regressions similar to Eq. 1, but where  𝑌! represents the student’s percentage of 

learning and distraction time allocated to the smartphone, %LS=LS/(LS+LO) 

and %DS=DS/(DS+DO), respectively. Also, in this case, this specification allows us to measure 

the causal effect of smartphone policy on these percentages relative to condition B. Third, we 

study at how %LS and %DS affect the performance gain of students using 

 

%𝐷𝑆! =	𝛼"&' 	+ 	𝛼#&'𝑇𝑎! 	+ 	𝛼$&'𝑇𝑖! 	+ 	𝑋′!𝛼%&' 	+ 	𝜖!&'  (Eq. 2) 

%𝐿𝑆! =	𝛼"(' 	+ 	𝛼#('𝑇𝑎! 	+ 	𝛼$('𝑇𝑖! 	+ 	𝑋′!𝛼%(' 	+ 	𝜖!('  Eq. 3) 

𝑌! 	= 	𝛼" 	+ 	𝛼#	%𝐷𝑆)1 		+	𝛼$%𝐿𝑆)1 +	𝑋′!𝛼% 	+ 𝜖!   (Eq. 4) 

 



The first two regressions above are the first stages for our IV analysis and represent the two 

regressions in the previous step of our empirical strategy. The third regression above is our 

second stage, allowing us to measure the Local Average Treatment Effect (LATE) of %LS 

and %DS on student performance gain (Angrist and Imbens 1995). Using LATE is customary 

when analyzing the effects of endogenous mechanisms using RCTs. This empirical strategy 

allows us to discuss why our results arise. For example, if the effects of Ta and Ti on %LS 

and %DS are relatively small in magnitude then students were unlikely motivated to use 

smartphones during the lectures to begin with. In particular, if %LS does not increase from Ta to 

Ti then teachers were unable to induce students to use the smartphone to aid instruction. If, 

however, the effects of %LS and %DS are relatively large in magnitude then students were likely 

motivated to use smartphones during the lectures. In this case, the effects obtained in the second 

stage identify how productively students use the devices for learning and distraction. The 

potential tradeoff between these two effects determines what happens to performance gain. 

Finally, if %LS and %DS do not change from B to Ta or Ti then our first stage regressions do 

not work as intended and we cannot draw conclusions about how %LS and %DS affect 

performance gain. 

 

5. Analysis of the First Experiment 

 

5.1 Summary Statistics 

 

Table 3 provides descriptive statistics for the key data collected during our first experiment. The 

average pre-test and post-test scores across all conditions were 29 and 81 points, which indicate a 

significant performance gain. Students spent 88% of lecture time learning (4090/60=68 min) 

across all three conditions, most of it not on the smartphone. In the Ti condition, about 50% of 

the students used the smartphone for learning of which about 10% spent more than 16.6 doing 

so. However, and also in this condition, about 80% of the students spent time distracted on the 

smartphone. On average, 57% of their distraction time was spent on the smartphone.  Students 

spent a similar amount of time learning across all our conditions. This finding is in line with the 

idea that students devoted as much attention to learning as they possibly could during the 

lectures, and, at least in our case, whether smartphones were banned or allowed into the 



classroom did not change this statistic. This may be due to their limited attention span preventing 

them from allocating more (maybe 100%) of the lecture time to learning (Kahneman 1973, pp. 

10, Lachman et al. 1979, pp 186). 

 

Students spent a similar amount of time on the smartphone (9 min) in conditions Ta and Ti. 

Therefore, we find that students also devoted a limited amount of time to the smartphones. 

Attention is a scarce resource allocated to different behaviors and devices depending on their 

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

The nature of the human-machine interaction also seems to regulate the allocation of attention by 

humans to machines (Piccoli et al. 2001) rather than the nature of the content itself (learning vs. 

distraction in our case). In our setting, substituting no smartphone time for smartphone time is 

determined by the students’ use of smartphones for learning plus distraction and is not affected 

by how they are prompted to do so by the teacher. 

 

 
Table 3: Descriptive statistics for the key covariates used throughout our analyses. 



5.2 Effects of Smartphone Policy 

 

Table 4 shows our results. We observe that the pre-test scores are similar across all our 

experimental conditions providing evidence of balance. On average, allowing smartphones into 

the classroom without the teacher asking students to use them to aid instruction (Ta) reduces 

performance gain by 16.4% (-5.696/34.671) (27% of a 1 standard deviation), compared to when 

smartphones are not allowed into the classroom. On average, allowing smartphones into the 

classroom with teachers asking students to use them to aid instruction (Ti) increases performance 

gain by 16.0% (5.532/34.671) (26% of 1 standard deviation) compared to when smartphones 

were not allowed into the classroom. 

 

 
Table 4: Effect of smartphone policy on test scores and performance gain. 
 

Table 5 shows the first stage results. Students did not use smartphones for learning purposes too 

much when the devices are allowed into the classroom and teachers did not ask them to use the 

devices to aid instruction. This changed when teachers did so. The percentage of learning time 

allocated to the smartphone increased by 3.8 p.p. from Ta to Ti. Students used smartphones for 

distraction significantly across both the Ta and Ti conditions. The percentage of distraction time 

allocated to the smartphone is 64% and 47% in the Ta and Ti conditions, respectively, and these 

statistics are statistically different. 

 



 
Table 5: Effect of smartphone policy on the % of learning and distraction time on the 
smartphone. 
 

Table 6 shows the results obtained from our second stage regressions. First, our instruments are 

not weak (Stock and Yogo, 2005) as shown by the Cragg-Donald statistic. Second, the 

percentage of learning time allocated to the smartphone (%LS) increases performance gain. At 

the average of %LS, a 1 p.p. increase in LS increased performance gain by 2.5 points. 

Conversely, the percentage of distraction time allocated to the smartphone (%DS) decreases 

performance gain. At the average of %DS, a 1 p.p. increase in DS reduced performance gain by 

0.13 points. Therefore, the percentage of learning time allocated to the smartphone had a 

significantly larger impact on performance gain than associated to distraction.  

 

 
Table 6: Effect of percentage of learning and distraction times using the smartphone on 
performance gain. 
 

As a result, allowing smartphones into the classroom and having teachers ask students to use 

them for instruction can increase performance gain because even a small usage of the 

smartphone for learning purposes can overcome (2.5/0.13=20x) more usage for distraction 

purposes. We find that how students perform is 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. The percentage of time learning during the 

lectures does not predict performance gain in our setting because it does not change significantly 

across our conditions, as shown by the summary statistics. 

 
6. Analysis of the Second Experiment 

 

6.1 Summary Statistics 

 

Table 7: Descriptive statistics for key covariates used in our analyses. 
 

Table 7 provides descriptive statistics for the key variables used in our second experiment. The 

average pre-test and post-test score across all conditions were 25 and 83 points, and the average 

post-treatment test score was 83 points, indicating again a significant performance gain. Students 

spent again 88% of the lecture time learning (4170/60=70 minutes) across all conditions, most of 

the time not on the smartphone. In the Ti condition, about 45% of the students used the 

smartphone to learn, of which about 10% spent more than 13.8 minutes learning on the 

smartphone. However, and also in this condition, all the students spent time distracted on their 



smartphones. On average, interestingly, 61% of their distraction time was on the smartphone. 

Students spent a similar amount of time learning across all conditions. The time spent by 

students on the smartphone (10 min) is also similar in conditions Ta and Ti. 

 

6.2 Effect of Smartphone Policy 

 

Table 8 shows our main results. On average allowing smartphones into the classroom without the 

teacher asking students to use them to aid instruction (Ta) reduced performance gain by 12.9% (-

4.952/38.463, or 21% of a standard deviation) compared to when smartphones were not allowed 

into the classroom. On average, allowing smartphones into the classroom with teachers asking 

students to use them to aid instruction (Ti) increased performance gain by 23.2% (8.914/38.463, 

or 41% of 1 standard deviation) compared to when smartphones were not allowed into the 

classroom. 

 

 
Table 8: Effect of smartphone policy on test scores and performance gain. 
 

Table 9 shows the results obtained from our first stage regressions. Students did not use 

smartphones for learning purposes too much when the devices were allowed into the classroom 

and teachers did not ask students to use them to aid instruction. This changed when teachers did 

so. The percentage of learning time allocated to the smartphone increased by 3.9 p.p. from Ta to 

Ti. Students use smartphones for distraction across both the Ta and Ti conditions. The 

percentage of distraction time allocated to the smartphone is 71% and 51% in the Ta and Ti 

conditions, respectively, and they are statistically different. 

 



 
Table 9: Effect of smartphone on percentage of learning and distraction time on the smartphone 
 

Table 10 shows the results obtained from our second stage regressions. Our instruments are not 

weak (Stock and Yogo, 2002) as shown by the Cragg-Donald statistic. The percentage of 

learning time allocated to the smartphone (%LS) increases performance gain. At the average 

of %LS, a 1 p.p. increase in LS increases the performance gain by 3.2 points. The percentage of 

distraction time allocated to the smartphone (%DS) decreases performance gain. At the average 

of %DS, a 1 p.p. increase in DS reduces performance gain by 0.11 points. As in our first 

experiment, allowing smartphones into the classroom and having teachers ask students to use 

them for instruction can increase performance gain because even a small usage of the device for 

learning can overcome (3.2/0.11=29x) more usage for distraction, even when the total learning 

and distraction times remain unchanged. Again, the percentage of time learning during the 

lectures does not predict performance gain because it did not change significantly across our 

conditions, as shown by the summary statistics. In sum, we observe similar results in the first and 

second experiments, which provides  evidence of empirical replication, increasing our 

confidence in our results. 

 

 
Table 10: Effect of percentage of time learning and distraction on smartphone on performance 
gain. 



6.3 Additional Results 

 

6.3.1 The Effect of Channel Vs. Content 

 

The second experiment included a fourth condition in which smartphones were not allowed into 

the classroom and teachers asked students to use a paper-based dictionary to aid instruction. This 

allows us to disentangle the effect of channel – smartphone vs. paper -- from the effect of the 

content given to students to aid instruction. The handouts given to students under condition Tp 

included the same content as that uploaded to the smartphone app used in condition Ti. 

Furthermore, in condition Tp,  teachers were required to use the same prompts to ask students to 

use the paper-based dictionary as they did in condition Ti to ask them to use the smartphones to 

aid instruction. 

 

The results obtained are shown in table 11. We find that student performance gain is similar in 

conditions B (smartphones are banned from the classroom ) and Tp, and, therefore, the increase 

in student performance gain previously observed under condition Ti erodes with the paper-based 

dictionary. Note that the coefficients of Tp in the regressions of performance gain are slightly 

positive, and thus perhaps the paper-based dictionary was not completely useless, but highly 

statistically insignificant (these coefficients are roughly 3 times lower than those observed for 

Ti). This finding clarifies that the positive effects observed in condition Ti are associated to 

providing the content to students on the smartphone. 

 

 
Table 11: Effect of smartphone policy on test scores and performance gain. 
 



Table 12 shows that the results above arise because students did not use the paper-based 

dictionary for too long when asked by teachers to do so, as opposed to what happens with the 

smartphone. Likely, the paper-based dictionary is not attractive enough and teachers had a hard 

time to get students to use it. 

 

 
Table 12: Effect of smartphone policy on percentage of learning and distraction time on 
smartphone. 
 

We note that the regressions above include all 4 conditions (compared to the condition when 

smartphones are banned from the classroom). Therefore, the time spent on the paper-based 

dictionary in condition Tp is used in lieu of the time spent on the smartphone under Ti. We call 

this new covariate “time on the tool”, the tool being the smartphone under Ti and the paper-

based dictionary under Tp. We assume that the time students spent distracted with the paper-

based dictionary was zero. This seems a reasonable assumption given that it does not offer the 

opportunities for distraction that smartphones do. 

 

6.3.2 Teacher Learning Across Experimental Conditions 

 

Condition Ti in our experiments took place after condition Ta, and the teachers used in our 

experiments could have behaved differently in Ta and Ti, potentially due to learning occurring 

during Ta. The potential positive effects of such teacher-side learning could confound our 

results. We asked teachers to teach exactly the same lecture at the same pace to all groups of 

students in our experiment, but this does not guarantee that they were able to do so. We address 

this concern by comparing the facial emotions and facial posture of the two teachers used in our 

second experiment while they were delivering the lectures. The boxplots in Appendix B show 



that all these covariates are statistically similar on average across the corresponding lectures. 

Yet, two different teachers could register similar average facial emotions or facial posture and 

still deliver very different lectures. For example, one teacher could be very happy at the 

beginning of the lecture and not so happy towards the end, whereas the other teacher could feel 

very happy towards the end of the lecture but less so at the beginning. 

 

We address this concern by comparing lecture segments. We choose two moments in time during 

the lecture, at random, and compare the average of the facial emotions and of the facial posture 

covariates for each teacher between conditions Ta and Ti only between the two moments. We 

obtained a p-value for each covariate indicating whether it is different, on average, between Ta 

and Ti during the lecture segment considered. We then bootstrapped this exercise and repeat the 

analysis 10000 times. We collect 10000 p-values for each facial emotion and facial posture 

covariate. We then check how many times this p-value is above 0.05. A high percentage of p-

values above 0.05 indicates that the covariate is similar for this teacher across lecture segments. 

 

Table 13 shows the results obtained for both teachers used in our second experiment. All 

percentages are high indicating that these teachers taught similar lectures under condition Ta and 

condition Ti. Therefore, both teachers taught similar lessons in these two experimental 

conditions, easing our concerns that there might have been teacher learning helping them deliver 

a better lecture in condition Ti, an effect that would then carry over to our results. 

 

 
Table 13: Percentage of p-values>0.05 when comparing a teacher across conditions Ta and Ti. 
 

7. Analyses of Heterogeneous Effects 

 

Table 14 shows the moderators analyzed. Application Exam Score (AES) is the score that 

students obtained in the exam they took to apply for schools. This exam covers a significant 

breath of topics, including math, Chinese verbal and writing, English, and science. We use AES 

to proxy how good students are in general, which is a strategy commonly used in the education 

literature (e.g., Belo, Ferreira, and Telang, 2013). Born in rural indicates students that were born 



in a Rural Hukou. Hukou is a system of household registration used in mainland China. The 

classification of Hukous into rural and urban is explain at https://www.gov.cn/guoqing/2005-

09/13/content_5043917.htm. IT Major indicates students enrolled in a major IT, which include 

computerized accounting, e-commerce, computer animation and computer graphic design, 

accounting and information systems, accounting and graphic design, digital design, and 

computer science. Table 14 shows that these moderators are highly independent of each other 

and thus pick up different sub-populations of students for each analysis performed below. 

 

  
Table 14: Correlation table for moderators used for heterogeneous effects. 
 

We start by showing table 15 below that replicates the results for all students across both 

experiments. This table shows: 1) how conditions Ta and Ti affect performance gain, in rows 1-

3, columns 1 and 2 for the first and second experiments, respectively; 2) how %LS and %DS 

affect performance gain, in rows 4 and 5, columns 1 and 2 for the first and second experiments, 

respectively; 3) how conditions Ta and Ti affect the percentage of smartphone time allocated to 

learning and distraction , in columns 3 and 4 for the first experiment, and in columns 5 and 6 for 

the second experiment. The color code is dark and light shades for statistically significant 

negative and positive effects, respectively (effects that are statistically not significant have no 

shade). This color code allows for immediately noting the replication of results from experiment 

1 to 2. All full regression results are included in Appendix A. 

 



 
Table 15: Summary of all results obtained during our first experiment. 
 

7.1 Heterogeneous effects on the familiarity with the content lecture 

 

The questions in the pre-test and post-test are the same. Therefore, the score in the pre-test 

measures the students’ prior knowledge of the topic that will be taught during the lecture, and 

thus captures how familiar students already are with it. Table 16 shows the results obtained for 

students less and more familiar with the content of the lecture, respectively (i.e., students in the 

1st and 4th quartiles of the distribution of pre-test scores (<16 and >34 points)). It is immediate 

from this table that the results for the students less familiar with the content of the lecture align 

with the results for all students in both experiments. Also, we can observe that both types of 

students reallocate the percentage of their learning and distraction time when the smartphone is 

allowed into the classroom similarly. 

 

 

 
Table 16: Results for students less and more familiar with the content of the lecture. 
 

We also note the following: 1) in both experiments, the performance gain of the students who are 

less familiar with the content of the lecture increases in Ti and reduces in Ta and, and the 

performance gain of the students more familiar with the content of the lecture increases in Ti and 

does not change in Ta; the percentage of learning time allocated to the smartphone increases and 

percentage of distraction time allocated to the smartphone decreases, from Ta to Ti, for both 



types of students (although the latter is not statistically significant in the first experiment but 

similar in magnitude to what happens in the second experiment, where we have more 

observations and thus more statistical power); in both experiments, the performance gain of both 

types of students increases with the percentage of learning time allocated to the smartphone in 

both experiments, but the percentage of distraction time allocated to the smartphone reduces the 

performance gain of the students less familiar with the content of the lecture and does not change 

the performance of the students more familiar with the lecture content. 

 

Allowing smartphones into the classroom may put the students that are less familiar with the 

content of the lecture at a disadvantage, unless teachers ask students to use the device to aid 

instruction, in which case the increase in performance gain in  Ti is similar in magnitude for both 

types of students. This result does not arise because students fail to use smartphones Ti for 

learning purposes. Instead, the students who are less familiar with the content of the lecture are at 

a disadvantage because smartphone distraction hurts their performance gain more compared to 

the students that are more familiar with the lecture content. 

 

7.2 Heterogeneous effects on prior student performance 

 

According to (Cohen and Levinthal, 1990), absorptive capacity is highly correlated to knowledge 

accumulated. If using the smartphone to aid instruction increases performance gain, then this 

effect may be more pronounced for better students. To test this hypothesis, we collected data on 

the AES for the students in our first experiment and split them into “under-performing” and 

“high-performing” according to whether they belong in the 1st or 4th quartiles of the distribution 

of AES. Table 17 shows results for each group of students, separately. Both types of students 

reallocate the percentage of their learning and distraction time when the smartphone was allowed 

into the classroom similarly. However, these groups of students register different performance 

gains in Ti, namely: 1) the students with low AES increase performance gain in Ti, while the 

students with high AES do not, and the performance gain of both types of students does not 

change in Ta; 2) both types of students increase the percentage of learning time on the 

smartphone and reduce the percentage of distraction time on the smartphone from Ta to Ti; 3) 

the percentage of learning time on the smartphone increases the performance gain of the students 



with low AES but not that of those with high AES, and the percentage of distraction time on the 

smartphone does not change the performance gain of both types of students. 

 

 

 
Table 17: Results for students with low and high Application Exam Score. 
 
Hence, we find that allowing smartphones into the classroom may help “under-performing” 

students when the teacher asked them to use the device to aid instruction, which may help close 

the performance gap. This result does not arise because students fail to use smartphones to learn 

under condition Ti. Instead, this result arises because the percentage of learning time allocated to 

the smartphone is significantly more productive for the students with low AES (the average post-

quiz score for the students with high AES is 78.81 points and, thus, there is still plenty of room 

for improvement). 

 

7.3 Heterogeneous effects on IT vs. non-IT majors (familiarity with the technology) 

 

The ability of students to take advantage of ICTs may also introduce heterogeneity in our setting. 

Table 18 shows our results for students enrolled in IT and non-IT majors, used here to proxy 

familiarity with the smartphone. In the first experiment, we observe that: 1) the performance gain 

increases in Ti and reduces in Ta for students in IT majors and it does not change in both Ti and 

Ta for students in non-IT majors; 2) both types of students increase and decrease the percentage 

of learning and distraction time allocated to the smartphone from Ta to Ti, respectively (although 

the change in DS is relatively small and thus not statistically significant for IT majors); 3) the 

percentage of learning and distraction time allocated to the smartphone increases and decreases 

the performance gain of the students in IT majors, respectively, and do not change the 

performance gain of students in non-IT majors. 



 

 

 
Table 18: Results for students enrolled in IT and non-IT majors. 
 

Therefore, students in IT-majors are at an advantage when teachers ask students to use 

smartphones to aid instruction. Conversely, these students are at a disadvantage when 

smartphones are allowed into the classroom, but teachers do not ask students to use the device to 

aid instruction. These results do not arise because students fail to use smartphones to learn in Ti. 

These results arise because students in IT-majors use smartphones more productively. These 

students are likely more familiar with how to use IT, and smartphones in particular. This may 

allow them to use these devices more productively for both learning and distraction. Conversely, 

the students in non-IT majors may have a harder time using these devices for both learning and 

distraction, resulting in changes in their performance gain in Ta and Ti. 

 

In the second experiment, we observe that: 1) the performance gain increases in Ti for both types 

of students, it reduces in Ta for students in IT majors, and it does not change for students in non-

IT majors in either condition; 2) both types of students increase and decrease the percentage of 

learning and distraction time allocated to the smartphone from Ta to Ti, respectively (although 

the change in DS is still not statistically significant for students in IT majors although larger than 

in the first experiment); 3) the percentage of learning time allocated to the smartphone increases 

the performance gain of both types of students; the percentage of distraction time allocated to the 

smartphone decreases the performance gain of students in IT majors and does not change the 

performance gain of students in non-IT majors. 

 



Thus, note that the performance gain of students in non-IT majors increases from 0.48 points to 

4.614 points in condition Ti from the first to the second experiment. Yet, it is still the case that 

the performance gain of students in IT majors increases much more (3.7x =17.20/4.61). Again, 

this result does not arise because students fail to use smartphones to learn in Ti. This result arises 

because the students in non-IT majors doubled their productivity of smartphone learning time 

from the first to the second experiment. 

 

Our partner school went to remote online education between our first and second experiments 

due to COVID-19. During COVID-19, all students were required to use IT, in particular laptops, 

tablets and smartphones, to participate in lectures. This may have propelled students in non-IT 

majors to become more familiar with how to use IT for learning purposes productively, which 

would explain why these students started benefiting from using smartphones to aid instruction in 

2022. This is a hypothesis that we propose for future research, as we do not have the appropriate 

data to test it in our context. Also, note that remote online education hit all students in our 

experiments at the same time, thus it would be hard to identify a causal effect in this setting. In 

any case, the literature shows that COVID-19 led many students to use e-learning platforms 

(Wang et al., 2020), which increased their digital acumen (Zhu and Liu, 2020, Al Mazrooei et 

al., 2022. Still, we reiterate that there is still a significant gap in 2022 in the increase of the 

performance gain (in condition Ti) between students in IT and non-IT majors. 

 

7.4 Heterogeneous effects on rurality 

 

The research on digital divide shows that students from rural and urban areas have different 

levels of access to IT and benefit differently from it (Forman et al., 2005, Lythreatis et. al, 2022). 

Therefore, rurality may also play a role in our findings. To test this hypothesis, we split students 

according to whether they were born in a rural or urban area. Table 19 shows that in the first 

experiment, we observe that: 1) the performance gain of the students born in rural areas 

decreases in Ta and does not change in Ti, and the performance gain of the students born in 

urban areas does not change in Ta and increases in Ti; 2) both types of students increase and 

decrease the percentage of their learning and distraction time allocated to the smartphone 

(although DS is not statistically significant in the first experiment but similar in magnitude to 



what happens in the second experiment, where we have more observations and thus more 

statistical power); 3) the percentage of learning and distraction time allocated to the smartphone 

increases and does not change the performance gain of the students born in urban areas, 

respectively, and the percentage of learning and distraction time allocated to the smartphone does 

not change and decreases the performance gain of the students born in rural areas, respectively.  

 

Therefore, in our first experiment, allowing smartphones into the classroom benefited the 

students born in urban areas at the expense of students born in rural areas both when teachers ask 

and do not ask students to use the smartphone to aid instruction. As in our previous examples, 

this result does not arise because students fail to use smartphones to learn in Ti. Instead, this 

result arises because students born in urban areas use smartphones for learning more 

productively (and less so for distraction). 

 

 

 
Table 19: Results for students born in rural and urban areas. 
 

In the second experiment, we observe that: 1) the performance gain of both types of students 

increases similarly in Ti, and the performance gain reduces and does not change in Ta for the 

students born in rural and urban areas, respectively; 2) both types of students increase and 

decrease the percentage of learning and distraction time allocated to the smartphone from Ta to 

Ti, respectively; 3) the percentage of learning time allocated to the smartphone increases the 

performance gain of both types of students; the percentage of distraction time allocated to the 

smartphone decreases the performance gain of students born in rural areas and does not change 

the performance gain of the students born in urban areas. 

 



Combing all results, we find that allowing smartphones into the classroom may put the students 

born in rural areas at a disadvantage, unless teachers ask students to use the smartphones to aid 

instruction, in which case both types of students increase their performance gain similarly. As 

before, this result does not arise because students fail to use smartphones to learn in Ti. Instead, 

this result arises because the students born in urban areas increased their productivity associated 

to using the smartphone for learning purposes from the first to the second experiment. Our 

results for the heterogeneity in terms or rurality are similar to the ones observed before for 

students in IT vs. non-IT majors but significantly stronger in magnitude, which leads us to raise a 

hypothesis for future research similar to the one stated above. In this case, we hypothesize that  

COVID-19 may have forced people in more rural areas to become better acquainted with IT to 

communicate and combat isolation and, in what matters to us, to engage in learning activities. 

Heterogeneous effects on gender: Research also shows that females and males use IT 

differently and, thus, gender may also moderate our results (Venkatesh et al., 2000, Venkatesh et 

al., 2003, Acilar and Sæbø, 2023).  

 

Table 20 presents the results obtained with respect to this potential source of heterogeneity. We 

can immediately see that the results for males are aligned with the results for our general 

population of students, but the results for females do not. Namely: 1) in both experiments, the 

performance gain of male students increases in Ti and reduces in Ta, whereas the performance 

gain of female students does not change in either condition; 2) in both experiments, both male 

and female students increase and decrease the percentage of their learning and distraction time 

allocated to the smartphone (although the latter is not statistically significant in the first 

experiment but similar in magnitude to what happens in the second experiment, where we have 

more students and thus more statistical power);  in both experiments, the percentage of learning 

and distraction time allocated to the smartphone increases and reduces the performance gain of 

male students and it does not change the performance gain of female students. 

 



 
Table 20: Results for female and male students. 
 

In sum, we find that allowing smartphones into the classroom may put female students at a 

disadvantage when teachers ask students to use the smartphones to aid instruction. Conversely, 

allowing smartphones into the classroom puts male students at a disadvantage when teachers do 

not ask the students to use the smartphones to aid instruction. However, in this case, the 

advantage of female students is only that their performance gain does not reduce. As in previous 

examples, these results do not arise because students fail to use smartphones to learn in Ti. These 

results arise because male students use smartphones more productively for both learning and 

distraction. 

 

Furthermore, these results remain unchanged after the COVID-19. We must add that, like all 

other results that we report in this paper, our findings arise in the specific context that we study. 

We partner with a vocational school in China and all our experimental lectures covered content 

in Chinese verbal. In any case, we believe that these results on the heterogeneous effects of 

gender call for additional research to find ways to extend the benefits of allowing smartphones 

into classrooms to female students. 

 

8. Discussion and Conclusions 

 

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

take them into the classroom. However, both researchers and practitioners (students, parents, 

teachers, school managers, and policymakers) are doubtful about the effect of smartphones on 



educational outcomes. This doubt results in a significant lack of consensus about how to manage 

smartphones in educational settings. 

 

We ran 2 RCT where smartphones were banned from the classroom in our baseline condition. In 

the second condition, smartphones were allowed into the classroom and used at will by students. 

In the third condition, they were allowed into the classroom, used at will by students, and the 

teacher asked them to use a smartphone to aid instruction. In fourth condition of our second 

experiment, smartphones were banned from the classroom and teachers asked students to use a 

paper-based aid was used. We find that smartphones in the classroom change the behavior of 

students and, consequently, their performance. On average, banning smartphones from the 

classroom increases their performance compared to allowing them to be used at the students’ 

will. However, the students’ performance increases even further if teachers ask students to use 

the devices to aid instruction. Using the paper-based aid did not change the performance of 

students. In our case, performance was measured by the difference in the scores obtained in a 

pre-test and in a post-test taken by students at the beginning and end of lectures in Chinese 

verbal. Assisted instruction was achieved by having the teacher prompt students to use a 

smartphone dictionary app (developed for this experiment) in one condition and a paper-based 

dictionary in another condition during the lecture to check the pronunciation, definition, and 

etymology of several Chinese words. 

 

The prior research in educational settings has been unable to track organic distraction and 

learning at the student level productively. Instead, the video feeds of the lectures in our 

experiments allowed us to measure the time students spent learning and distracted, on and off the 

smartphone. Using these measurements, we find that the time that students spent distracted and 

learning was roughly the same across all experimental conditions. Hence, in our setting, the total 

amount of time students spent distracted vs. learning during lectures does not help predict 

performance. Our work shows that whether distraction Vs. learning take place with or without 

the smartphone is what matters for performance. When the teacher asked students to use the 

smartphone during the lecture to aid instruction, the percentage of time that students spent 

learning on the smartphone, increased significantly, raising performance. The percentage of the 



time that students spent distracted with the smartphone also increased but the productivity of 

smartphone learning outweighs the negative effect of smartphone distraction. 

 

Notably, we find multiple heterogeneous effects. Namely, allowing smartphones into the 

classroom may: 1) put the students that are less familiar with the content of the lecture at a 

disadvantage because their smartphone distraction hurts their performance gain more, unless 

teachers ask students to use the devices to aid instruction; 2) benefit more “under-performing” 

students when the teacher asks them to use the device to aid instruction, because smartphone 

learning is much more productive for them, which helps close the performance gap across 

students; 3) put students in IT-majors at an advantage when teachers ask students to use the 

smartphones to aid instruction because these students use smartphones more productively for 

learning purposes, despite the slight catch up by students in non-IT majors after COVID-19 

times; 4) have benefited the students not born in rural areas and not those born in rural areas 

before COVID-19 times because the former students use the smartphone for learning purposes 

more productively; however, the latter students caught up after COVID-19 when their 

productivity from using smartphones for learning purposes increased; 5) put female students at a 

disadvantage when teachers ask the students to use the smartphones to aid instruction because 

male students use the smartphone more productively for both learning purposes; furthermore, 

these results remain unchanged after COVID-19. 

 

Our work offers insights for policy making. All our results support allowing smartphones into 

classrooms as long as: 1) teachers ask students to use the device for learning purposes, even if 

they spend more time distracted than learning with the device; 2) school principals add programs 

to help students in non-IT majors and females to take advantage of the smartphone for learning 

purposes. Hence, our results may encourage stakeholders in education to focus on developing 

smartphone apps with teachers to improve technology-assisted learning by making sure that the 

teachers can appropriately manage the learning versus distraction tradeoff introduced by those 

apps in the classroom. Our paper shows, by example, that one may allow technology, in our case 

smartphones, into the classroom and, at the same time, increase students' performance. Also, the 

richness of the heterogeneous effects that we find may support the idea of letting different 

schools enact different guidelines according to the mix of students that they serve.  



 

Finally, our work suffers from some limitations. First, whether smartphones can help instruction 

depends on the subject studied and context. Our results are for Chinese verbal and for a 

particular dictionary app. Results may change based on the subject and the specific smartphone 

app used. Also, all lectures in our experiments were 90 minutes long, so we cannot evaluate how 

the results change for shorter (or longer) lectures. However, contextualization and generalization 

are not mutually exclusive (Cheng et al. 2016). For example, 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. Also, 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.  

 

Also, we are unable to offer evidence on the long-term effects of smartphones in classrooms on 

students' performance. Measuring long-term effects would be challenging in our setting. 

Interference across experimental conditions could easily develop 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 appropriate experimental designs and measurement tools to validate our 

findings more broadly and, hopefully, offer long-term findings on how to enhance student 

learning using technology. 
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Appendices 

 

Appendix A: Full Regression Results 

 

Heterogeneous effects on the familiarity with the content of the lecture 

1st experiment: students more familiar with lecture content 

 
1st experiment: students less familiar with lecture content 

 



1st experiment: effect of smartphone learning and distraction on performance gain 

 
1st experiment: effect of smartphone policy on smartphone learning and distraction times 

 



2nd experiment: students more familiar with lecture content 

 
2nd experiment: students less familiar with lecture content 

 
 



2nd experiment: effect of smartphone learning and distraction on performance 

 
2nd experiment: effect of smartphone policy on smartphone learning and distraction times 

 



Heterogeneous effects on prior performance (AES) 

 

1st experiment: “under-performing” students  

 
1st experiment: “high-performing” students  

 
 

  



1st experiment: effect of smartphone learning and distraction on performance 

 
1st experiment: effect of smartphone policy on distraction and learning times 

 



 

Heterogeneity on IT Vs. non-IT majors (proxy for familiarity with smartphones) 

 

1st experiment: students in non-IT majors 

 
1st experiment: students in IT majors 

 
 

  



1st experiment: effect of smartphone learning and distraction on student performance  

 
1st experiment: effect of smartphone policy on smartphone learning and distraction 

 



2nd experiment: students in non-IT majors 

  
(we acknowledge the lack of power in row 2, column 5, although it the direction of the effect is 

clear, this effect increased from 0.25 and 0.48 in the first experiment to 4.01 and 4.61 in the 

second experiment, and, furthermore, it is statistically significant in column 6 with controls) 

 

2nd experiment: students in IT majors 

 
 



2nd experiment: effect of smartphone learning and distraction on student performance  

 
2nd experiment: effect of smartphone policy on smartphone learning and distraction

  



Heterogenous Effects on Rurality 

 

1st experiment: students born in urban areas 

 
1st experiment: students born in rural areas 

 
 

  



1st experiment: effect of smartphone learning and distraction on student performance  

 
1st experiment: effect of smartphone policy on smartphone learning and distraction 

 
 



2nd experiment: results for students born in rural areas 

 
2nd experiment: results for students born in urban areas 

 
 



2nd experiment: effect of smartphone learning and distraction on student performance  

 
2nd experiment: effect of smartphone policy on smartphone learning and distraction 

 
  



Heterogeneous Effects on Gender 

 

1st experiment: male students

 
1st experiment: female students 

 
 

  



1st experiment: effect of smartphone learning and distraction on student performance

  
1st experiment: effect of smartphone policy on smartphone learning and distraction

 



2nd experiment: male students

 
2nd experiment: female students 

 
 

  



2nd experiment: effect of smartphone learning and distraction on student performance

2nd experiment: effect of smartphone policy on smartphone learning and distraction

 



Appendix B: Teachers’ Facial Emotions and Facial Posture Covariates 

 

In these boxplots, “ns” stands for a difference that is not statistically significant (according to t-

tests of means, stars would appear in lieu of “ns” if the differences were statistically significant). 

 

Facial emotions for the teacher used in the first week of our second experiment. 

 

 



 

 
 

  



Facial posture covariates for the teacher used in the first week of our second experiment.  

 

  



 
 

Facial emotions for the teacher used in the second week of our second experiment.

 



 



  
 

Facial posture covariates for the teacher used in the second week of our second experiment. 

  



 

 
 

  



Comparison of Facial Emotions and Facial Posture Covariates in the Second Experiment 

 

Comparing teacher 1 and teacher 2, in the horizontal axis: 

 

  

  



 



 

 
 

Statistics when comparing 10000 synced lecture segments across the 2 teachers: 

 
(disgust is the same across teachers because there is none presented in the lectures) 

 

 



 

Appendix C. Snapshots of the educational aids offered as part of our experiments 

 

  
Figure 2. Screenshot of the dictionary app and a picture of the paper-based dictionary. 

 

Appendix D. 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:  

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 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)]. 

 


