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attendance and no clear evidence of improvements in self-reported classroom attention or 
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I Introduction
The impacts of phones on young people are hotly debated. An important part of this debate
concerns phone use in schools. Scholars have argued that phone access during the school
day disrupts attention and learning, weakens in-person relationships, and contributes to
rising anxiety and depression among students (Haidt, 2023). Policymakers have responded
by sharply restricting phone use in schools: as of 2026, roughly two-thirds of U.S. states
and more than half of countries worldwide have enacted legislation limiting student phone
access (D’Addio, 2025; Prothero, Langreo and Klein, 2026). At the same time, others have
questioned the e!ectiveness of these policies, emphasizing the potential educational benefits
of phones, classroom disruptions created by enforcing limits, and limited causal evidence on
the benefits of phone restrictions (Hess, 2026; Livingstone, 2026; Oster, 2026).

In this paper, we provide a nationwide, quasi-experimental analysis of the e!ects of phone
restrictions in U.S. schools, focusing on one well-defined and rapidly expanding intervention:
lockable phone pouches designed to limit students’ access to phones during the school day.
Under this approach, students place their phones in magnetically sealed pouches upon arrival
at school and are generally not allowed to access them until dismissal. The intervention has
been widely adopted, with nearly 5000 schools using pouches by 2026. It is an example of
the kind of stringent, physically binding restriction that proponents of limits on phones have
advocated for (Haidt, 2023). We use administrative data from Yondr, the leading provider
of lockable phone pouches.

We implement a staggered di!erence-in-di!erences design that compares changes in schools
that adopt pouches to those in observationally similar schools that do not adopt. We show
that adopting schools di!er along some observable baseline characteristics such as size, ur-
banicity, and student demographics. However, a key strength of our setting is the availability
of a large pool of never-treated schools, which allows us to construct a well-matched com-
parison group using observables. We examine pre-adoption trends and show that treated
and comparison schools exhibit similar outcome trajectories prior to adoption. We use
the di!erence-in-di!erences framework developed by Callaway and Sant’Anna (2021), which
is well suited to settings with staggered treatment adoption and heterogeneous treatment
e!ects. Our primary specification uses the regression adjustment implementation of this
estimator. The details of our analysis were publicly pre-registered, including empirical spec-
ifications and outcome definitions; the pre-analysis plan is available here.

Our outcome measures draw on both administrative records and surveys. To measure
changes in phone use, we use GPS-based data that track device activity during school hours.
We add school-level administrative outcomes for middle and high schools—including stan-
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dardized test scores, attendance, and disciplinary incidents—and student survey data from
Panorama Education, an education technology company that fields surveys measuring stu-
dents’ subjective well-being, classroom attention, and perceived online bullying. Finally,
we supplement these data with a new national survey we fielded between April 2025 and
February 2026 that provides additional information on policy implementation and the views
of teachers. Because our data are at the school level, we standardize outcomes using the
standard deviation of school-level means. To facilitate comparison with other interventions,
we report corresponding student-level e!ect sizes using standard assumptions about the re-
lationship between school- and student-level variation (What Works Clearinghouse, 2020).

We begin by using our teacher survey to characterize the phone policies of Yondr-adopting
and comparison schools. Understanding this policy landscape is important because our
estimator captures the e!ect of Yondr adoption relative to adopting schools’ prior policies
and the mix of policies in the control group. There is substantial variation in school phone
policies. Some schools restrict phone use only during class periods, while others restrict it
throughout the school day. Implementation may be left to individual teachers, based on
school-wide requirements that students keep their phones in their backpacks or lockers, or
based on physical restrictions such as lockable pouches or centralized collection. However,
two regularities emerge that are important for our analysis. First, most schools that adopt
Yondr pouches previously operated under relatively lenient rules such as teacher discretion
or “no-show” policies (under which students may carry phones but are prohibited from
displaying or using them). Second, only a small share of control schools adopted stringent
physical restrictions during the period we study. We show that our main results are robust to
restricting the control group to schools reporting no recent phone policy changes, although
our estimates become less precise in this case.

Our first set of main results examines the e!ect of Yondr adoption on in-school phone
use. This e!ect is of independent interest, since critics have cited student circumvention
of Yondr pouches as a key limitation and suggested that their overall impact on usage
may be limited (Kircher and Holtermann, 2026). Because no available dataset directly
and comprehensively measures student phone use during the school day, we draw on two
complementary sources of evidence. First, using GPS-based measures of device activity, we
observe a large and persistent decline in phone activity on school campuses during school
hours following adoption. The magnitude of this decline—roughly 30 percent in total GPS
pings by the third year after adoption—cannot be read as a direct measure of the change in
student phone use, since it also includes use by adults and because pings are often recorded
when phones are on but not in use. But it confirms that the impact on student phone
use is substantial and it can be read as a conservative lower bound on the magnitude.
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Second, teacher reports from our survey indicate large declines in student phone use following
adoption. The share of students reported to be using their phones in class for personal reasons
falls from 61 percent to 13 percent following Yondr adoption (a drop of roughly 80 percent),
a substantially larger decline than in non-adopting schools.

Together, these results indicate that Yondr adoption meaningfully reduces in-school
phone use, even if enforcement may be imperfect and the exact magnitude of the reduc-
tion cannot be read directly from any single measure. The treatment e!ects we estimate
on downstream outcomes capture the e!ect of Yondr pouches as implemented in practice.
This “reduced form” parameter speaks directly to policy, as Yondr is one of the most widely
adopted forms of stringent phone restriction. We discuss below the extent to which our
estimates can be extrapolated to other parameters of interest, such as the impact of a hypo-
thetical perfectly enforced ban.

We next turn to the e!ects of Yondr adoption on student behavior and well-being. Disci-
plinary incidents increase in the year of adoption by approximately 0.03 student-level stan-
dard deviations—corresponding to roughly a 15 percent increase in suspension rates (in-
school or out-of-school)—but this e!ect fades in subsequent years. We also find suggestive
evidence of a dynamic response in student-reported subjective well-being: it declines in the
year of adoption and then rebounds, becoming positive by the second post-adoption year.
The decline is roughly 0.2 student-level standard deviations, followed by an increase of 0.16
standard deviations. For comparison, Allcott, Braghieri, Eichmeyer and Gentzkow (2020)
find that deactivating Facebook for four weeks increased subjective well-being by 0.09 stan-
dard deviations. These estimates are suggestive of short-term disruption as Yondr pouches
are adopted, followed by adaptation and subsequent improvements in well-being. However,
as we discuss below, we interpret this pattern cautiously, as the relatively short panel limits
our ability to fully distinguish dynamic treatment e!ects from cross-cohort heterogeneity.

Turning to academic achievement, we find average e!ects on test scores that are close
to zero over the first three years following adoption: we can rule out improvements larger
than approximately 0.007 student-level standard deviations. These averages reflect small and
precisely estimated e!ects across subjects, but mask interesting heterogeneity across grade
levels. In general, high schools see modest positive e!ects while middle schools see small
negative e!ects, although this di!erence is not statistically significant. These di!erences
are larger and statistically significant for math, where adoption in high schools increases
student achievement by roughly 0.024 student-level standard deviations. For context, this
corresponds to roughly a 0.9 percentile point increase in the test score distribution (von
Hippel, 2025), or about one-fifth the achievement gains associated with a higher value-added
teacher (Chetty, Friedman and Rocko!, 2014). In contrast, e!ects in middle schools are
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generally negative and even smaller in magnitude—roughly half as large.
We also find little evidence that restricting phone access improves other aspects of the

school environment. E!ects on the attendance rate are precisely estimated and close to
zero: we can rule out improvements larger than 0.189 percentage points. Relative to a mean
attendance rate of 93 percent, this corresponds to a change of roughly 0.2 percent. We find
similarly precise and small e!ects for chronic absenteeism and no measurable improvements
for perceived online bullying or self-reported classroom attention. For classroom attention
and online bullying, however, some evidence of di!erential pre-trends limits the conclusions
we can draw for these outcomes.

Several mechanisms could plausibly explain these results. The increase in disciplinary
incidents may reflect the enforcement of new phone restrictions (Figlio and Ozek, 2025).
Alternatively, students may substitute from phones to other disruptive behaviors, including
peer interactions that could lead to more disciplinary incidents (Jacob and Lefgren, 2003).
The contrasting test score e!ects across middle and high schools may reflect a combination of
behavioral responses and institutional constraints. Younger students may have more limited
impulse control, making them more likely to substitute toward other disruptive behaviors
when phones are removed. Di!erences in the magnitude of phone use reductions may also
contribute: in our data, phone activity declines more in high schools than in middle schools,
so middle schools may bear the costs of introducing and enforcing the restriction while
generating smaller benefits.1 Of course, these interpretations are necessarily speculative and
not exhaustive.

Our analysis has several important limitations. First, our outcome measures capture only
certain dimensions of student performance and school climate. While test scores, attendance,
discipline, and student survey measures are widely used in the education literature, they
may not capture all potential e!ects of phone restrictions. Second, because restrictions have
expanded only recently, we observe outcomes for at most three years beyond adoption; longer-
run e!ects remain an open question. Third, while we focus on a well-defined form of phone
restriction, schools also use other strict approaches, including locker storage requirements or
complete campus-wide bans, which may di!er in both implementation and e!ects.

Our paper’s primary contribution is to provide large-scale, nationwide quasi-experimental
evidence on the e!ects of school phone restrictions in the U.S. We build on a small and mixed
literature on school phone bans, most of which comes from outside the U.S. Beland and Mur-
phy (2016) find that school-level bans in England increased test scores, particularly among
lower-achieving students, whereas Kessel, Hardardottir and Tyrefors (2020) find no academic

1Consistent with this interpretation, 72 percent of U.S. high school teachers report phone distraction as
a major problem, compared with 33 percent of middle school teachers (Hatfield, 2024).
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e!ects of similar bans in Sweden. Lichand, Moreno-Louzada, da Costa and Gentzkow (2026)
find that a district-wide ban in Rio de Janeiro led to improvements in test scores. Beneito
and Vicente-Chirivella (2022) find that bans in Spain led to improvements in PISA scores
and reductions in bullying. Abrahamsson (2026) finds that bans in Norwegian middle schools
improved girls’ GPA, reduced mental health consultations, and lowered bullying.

A recent study of Florida’s statewide phone ban is perhaps most relevant for our context.
Using administrative student records and phone GPS data, Figlio and Ozek (2025) evaluate
a district-wide “no-show” restriction requiring phones to be silenced and kept out of sight
throughout the school day in a large urban district in Florida. For identification, they
compare schools within the district with higher versus lower pre-ban phone activity. They
document short-run increases in disciplinary incidents followed by improvements in test
scores and attendance in the second year after the ban. The estimated achievement gains
are on the order of 0.6 percentile points overall and roughly 0.9 in middle and high schools,
similar in magnitude to the 0.9 percentile point e!ect we estimate for high school math.

We complement this important work by studying a particularly stringent and physi-
cally binding restriction across a nationwide sample of schools. The national scope provides
substantial statistical power to examine treatment e!ect heterogeneity across school con-
texts, while strengthening the external validity of our findings. The presence of a large pool
of never-treated schools also enables the construction of well-matched comparison groups.
Beyond administrative outcomes and independently measured phone activity, we leverage
original survey data to enrich the analysis. Our teacher survey allows us to characterize the
policy environment in both treated and control schools, document enforcement practices,
and measure teacher-reported outcomes. Separately, student survey data from Panorama
allow us to examine additional outcomes that are central to the debate over phone restric-
tions. Together, this approach provides a comprehensive assessment of how restrictive phone
policies a!ect student outcomes.

Our paper is also related to research on the e!ects of digital devices and social media in
adult populations. Experimental and quasi-experimental studies show that reducing access
to social media platforms can improve subjective well-being (Allcott, Braghieri, Eichmeyer
and Gentzkow, 2020), while the staggered rollout of Facebook across U.S. colleges worsened
student mental health and academic performance (Braghieri, Levy and Makarin, 2022).
Other work documents that intensive mobile app usage negatively a!ects academic perfor-
mance and labor market outcomes, with substantial peer spillovers (Barwick, Chen, Fu and
Li, 2026). This literature mainly studies adults or college students. We examine adolescents
in K–12 schools, a group at an earlier developmental stage for whom self-regulation and peer
influence may operate di!erently.
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II Background

II.A Yondr Lockable Pouches

Yondr pouches are fabric cases equipped with magnetic locking mechanisms that schools use
to restrict students’ access to their phones during school hours. Upon arrival at school, stu-
dents place their phones inside a pouch, which is then magnetically sealed. The pouch
remains locked throughout the school day, preventing access to the device while allow-
ing students to retain physical possession of it. At the end of the school day—or during
emergencies—the pouches can be unlocked using magnetic bases stationed around the school.

Although schools can restrict student phone use in many ways—ranging from “no-show”
policies to classroom phone caddies—the use of Yondr lockable pouches represents a partic-
ularly well-defined and high-powered intervention. First, our focus on Yondr allows us to
leverage detailed administrative data from the company, yielding a treatment measure with
precise information on adoption timing and broad national coverage. This reduces measure-
ment error in the key treatment variable, enables the construction of a large nationwide
panel of schools, and therefore provides substantial statistical power. The breadth of the
data also enhances the external validity of our findings and allows us to examine treatment
e!ect heterogeneity across a wide range of school contexts. Second, the design of Yondr
pouches facilitates a uniquely sharp treatment contrast. By physically preventing access to
devices once sealed, the pouches substantially reduce students’ ability to use phones during
the school day and lower the enforcement burden on teachers and administrators. As a
result, schools adopting Yondr are likely to experience larger reductions in in-school phone
use than schools relying on less restrictive approaches. Estimates based on Yondr adoption
therefore provide a strong test of the e!ects of binding phone restrictions.

II.B Conceptual Framework and Hypotheses

School phone restrictions are often justified on the grounds that constant access to digital
devices undermines academic engagement and learning, disrupts student behavior and in-
person interactions, and contributes to rising anxiety and depression among students (Haidt,
2023). Our goal is to evaluate whether restricting phone access improves outcomes across
these domains. We study standardized test scores and attendance as measures of academic
performance and school engagement, student-reported classroom attention as a measure of
in-class focus and engagement, disciplinary incidents and students’ perceived likelihood of
online bullying as indicators of student behavior and peer interactions, and student-reported
subjective well-being as a measure of students’ emotional state.
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The expected e!ects of restricting phone access on academic performance and engage-
ment are ambiguous ex ante. On the one hand, reducing access to phones during the school
day may decrease digital distraction and increase time on task. If students reallocate atten-
tion toward instructional activities, this could improve learning, increase engagement, and
raise test scores, attendance, and reported classroom focus. On the other hand, the academic
consequences depend critically on what students substitute toward when phone access is re-
moved. For example, if attention shifts toward distracting in-class interactions with peers,
improvements in academic performance and attention may be limited. Attention could also
shift to digital distractions that are not blocked, such as accessing video or social media sites
on laptops. In addition, implementing and enforcing a new restriction may require moni-
toring and compliance e!orts that divert teacher time and fragment classroom instruction.
Stricter enforcement could also a!ect student–teacher relationships, potentially diminishing
trust or perceived autonomy, with uncertain implications for engagement and learning. In
settings where phones had been used for instructional or administrative tasks (such as polling
students or accessing learning platforms), removing access may require alternative workflows
that consume instructional time.

With regard to disciplinary incidents and school climate, limiting phone access may re-
duce o!-task behavior related to devices and decrease disruptions directly tied to phone
use. On the other hand, introducing a new rule creates scope for new disciplinary actions
when that rule is violated (Figlio and Ozek, 2025). Increased monitoring may raise the num-
ber of recorded disciplinary incidents even if underlying behavior changes little. Moreover,
if phones previously absorbed attention that might otherwise have been directed toward
peers (Allcott, Braghieri, Eichmeyer and Gentzkow, 2020), their removal may increase in-
person interaction during the school day (Kamenetz, 2025). Greater peer engagement could
strengthen social relationships (Yondr, 2026), but it may also increase opportunities for con-
flict or classroom disruption (Jacob and Lefgren, 2003), potentially contributing to higher
disciplinary incidents. For students’ perceived likelihood of online bullying, if phones facili-
tate online harassment among peers during the school day, restricting access may reduce such
opportunities; however, because online bullying can occur outside school hours or through
other devices, the overall e!ect of in-school restrictions is uncertain.

The expected e!ects on subjective well-being are similarly ambiguous. On the one hand,
reducing access to phones may reduce digital distraction and social comparison during the
school day, potentially lowering anxiety and improving students’ emotional experience (All-
cott et al., Forthcoming). On the other hand, restricting phone access represents a dis-
crete change in students’ daily routines and social environment. Such a change may gener-
ate short-run adjustment costs—through frustration, reduced perceived autonomy, altered
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peer dynamics, or increased monitoring—that could temporarily reduce well-being. Over
time, increased in-person interaction and reduced dependence on constant connectivity could
strengthen peer relationships and lessen pressures associated with online engagement, po-
tentially improving students’ well-being. At the same time, if students value digital com-
munication or experience the restriction as persistently limiting autonomy, well-being could
remain lower even in the longer run (Gajdics and Jagodics, 2022). For these reasons, the
direction and magnitude of the e!ects are ultimately empirical questions.

III Data
A key challenge for national research on school phone policies is the absence of standard-
ized records documenting policy adoption and implementation. In addition, many outcomes
central to the debate over school phone restrictions are not captured in administrative data,
while traditional outcomes such as test scores, attendance, and discipline are typically re-
ported through separate state-level systems that di!er in measurement and availability.

To address these challenges, we combine administrative adoption data from Yondr with
GPS-based phone location data, a national teacher survey, and harmonized school-level ad-
ministrative datasets. Together, these sources allow us to identify Yondr adoption, quantify
changes in student phone use, characterize the broader policy environment, and construct
consistent measures of both administrative and student-reported outcomes. All datasets are
merged using standardized National Center for Education Statistics (NCES) school identi-
fiers. Appendix C provides additional details.

III.A Data Sources

Yondr Adoption Data. Information on school adoption of lockable phone pouches comes
from administrative records provided by Yondr. We established a data use agreement with
Yondr, which supplied school- and district-level records covering 4608 U.S. public schools
that purchased pouches between 2014 and the end of our study period. These records include
school identifiers and implementation timing.

Our primary treatment variable is the first academic year in which a school is recorded as
implementing Yondr pouches. Because accurate treatment timing is central to our di!erence-
in-di!erences design, we exclude a small number of schools for which implementation dates
cannot be reliably established based on the administrative records. In a limited number of
cases, shipments were recorded at the district level and could not be reliably attributed to
individual schools; we exclude these districts from the analysis (including from the control
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group) because school-level treatment status cannot be determined. Appendix C.1 provides
additional details on the construction of the adoption panel and timing classifications.

Phone Location Data. To measure impacts on phone use, we use phone GPS data
from Advan Research. These data are based on time-stamped location “pings” generated
when mobile devices interact with partner apps or websites. Advan provides pre-processed
school-level aggregates at an hourly resolution. It tracks around 35 million cell phones in
the United States. Coverage of minors may vary across contexts because of parental consent
requirements, OS-level privacy protections, and because app and provider systems do not
consistently capture user age in a way that would support age-based filtering. At the same
time, the underlying panel is expected to include both minors and adults, as it reflects opt-in
users of partner apps, which often do not record user age.

Our dataset consists of hourly data for a sample of 40,542 schools, from January 2019
to January 2026. Device counts are provided as scaled “visits,” which are estimates of
the actual number of devices present at a given location and time, extrapolated by Advan
based on their panel size and characteristics, and demographics of the population at that
location. We construct year-level outcomes in several steps. First, we aggregate the hourly
data to monthly averages of “net visits,” defined as average weekday school-hours visits
(using alternative hour windows in robustness checks) minus the corresponding weekend
activity during the same hours within the same month. To further reduce background noise,
we subtract the weekday–weekend di!erence in nighttime activity (00:00–06:00). We then
divide by enrollment and form an academic-year panel by averaging these monthly measures
over September, October, November, February, March, April, and May.

We interpret these measures as proxies for relative phone use across schools and periods,
rather than direct measures of overall usage levels. Because pings are generated mostly when
phones are actively in use, a phone that is powered o! or locked away—for example, inside a
lockable pouch—should generally generate fewer location signals. We therefore expect ping
counts to fall when phone use declines. That said, the GPS data are inherently noisy proxies
for phone use: location events depend on app adoption, operating-system settings, permission
choices, and the set of observable device changes over time as users install/uninstall apps or
opt in/out. Moreover, we cannot distinguish pings generated by student phones from those
produced by sta!, teachers, or parents. Appendix C.2 discusses these caveats and our data
processing procedures in more detail and presents several validation exercises showing that,
despite these limitations, the data contain meaningful signal.

Nationwide Teacher Survey (NTS). Administrative data from Yondr provide reli-
able information on the timing and location of lockable pouch adoption, but they do not
capture schools’ prior phone policies, policies in non-Yondr schools, or how phone policies
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are implemented in practice. To fill this gap, we use the NTS, a national survey developed
by members of the research team to document school cell phone policies and student phone
use. The survey was fielded nationally through partnerships with state education leaders
and direct outreach to educators. Since its national release on April 8, 2025, the survey has
received nearly 108,000 responses from educators in all 50 states, representing roughly 50
percent of U.S. middle and high schools.

The NTS collects information on school phone policies, including when phones are re-
stricted, where students keep their phones, and how policies are enforced. It also collects
teacher reports on student phone use and teachers’ evaluations of their school’s phone policy.
Finally, the survey documents recent policy changes by asking whether schools changed their
phone policy during the past five years and, if so, when the change occurred, what the prior
policy was, and whether other major school-level changes occurred at roughly the same time.
Appendix C.3 reproduces the survey questions used in the analysis.

Table A.1 compares baseline characteristics of schools in NTS to the full NCES population
of middle and high schools. Relative to the NCES population, schools represented in the
NTS are larger on average and more likely to serve high school grades. NTS schools are also
somewhat more suburban, less likely to be charter schools, and serve student populations
that are from higher-income neighborhoods.

Common Core of Data. We also use the Common Core of Data (CCD), maintained
by the NCES, which provides annual school-level administrative data for all public schools
in the United States. The CCD serves three primary purposes in our analysis. First, we use
the CCD to define the analysis sample, restricting attention to middle and high schools. We
classify schools as high schools if they o!er grade 9 or above and as middle schools if they
o!er grade 6 or above but not grade 9 or above. Second, we use CCD data to construct
baseline school-level covariates for our di!erence-in-di!erences analyses. These include total
enrollment, enrollment by race and ethnicity, state identifiers, urbanicity, and charter school
status. We also use grade-level enrollment counts to construct indicators for whether a school
serves grades below 6 or above 9, allowing us to distinguish K–8 schools from schools serving
only middle school grades, as well as middle schools from combined middle–high schools.
To measure school-level poverty, we use income-to-poverty ratios from the EDGE School
Neighborhood Poverty Estimates. Finally, we use CCD data to examine whether Yondr
adoption is associated with changes in student composition.

Standardized Test Score Data. To measure student achievement in middle schools,
we combine state assessment data for grades 6 through 8 compiled by the Education Data
Center (EDC) with test score estimates from the Stanford Education Data Archive (SEDA).
All states administer standardized assessments in these grades, allowing us to obtain com-
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parable achievement data across the country and over time.2

We begin with data from the EDC. For the 22 states that report school-level average scale
scores, we obtain school-level English Language Arts (ELA) and math results for grades 6
through 8. These data are available for selected years between the 2017–18 and 2024–25
school years, excluding years in which statewide testing was disrupted by the COVID-19
pandemic (2019-20 and 2020-21). Hereafter, we refer to academic years by the spring year
(e.g., the 2019–20 school year is denoted as 2020). For each state-by-year-by-grade-by-subject
cell, we standardize school-level average scale scores to have mean zero and unit variance.
We then construct school-level achievement measures by taking weighted averages across
grades, where weights correspond to the number of students tested on each exam. That is,
all test score outcomes are measured in school-level standard deviations.

Not all states report average scale scores. For states that report only proficiency rates,
we rely on achievement estimates from SEDA, which use state proficiency data linked to
the National Assessment of Educational Progress (NAEP) to place test scores on a common
scale that is comparable across states, grades, and years. SEDA reports school-by-year-by-
grade-by-subject achievement estimates in student standard deviations, which we aggregate
to the school-year level using the same procedure applied to the EDC data. See Table A.2
for details on which source was used for each state.

Our main analysis combines these two sources to maximize coverage. As a robustness
check, we also present results using the subset of states for which average scale scores are
available from EDC, excluding SEDA-based measures. For each school-year, we construct
an average achievement measure by combining standardized math and ELA scores. When
one subject is missing (in roughly 3% of school–year observations), we construct the average
using an imputation procedure described in Appendix D.

In contrast to assessments in grades 6 through 8, high school testing practices vary widely
across states. Some states administer end-of-course exams in selected subjects, others rely
on end-of-grade exams, and many states use college entrance exams such as the ACT or
SAT to satisfy accountability requirements. Moreover, there is no centralized repository of
high school assessment scores comparable to EDC or SEDA. We therefore compiled high
school assessment data ourselves, relying on publicly available files from state departments
of education when available and requesting data directly from states otherwise. Ultimately,
we obtained high school assessment data from 26 states, representing 64 percent of high
school students nationwide.

We focus on school-level average math and ELA assessment scores. Table A.3 reports
2The EDC’s State Assessment Data Repository is sometimes informally referred to as “Zelma,” the name

of its AI interface for querying the data.
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the assessments administered in each state over our sample period. Regardless of the specific
exam, these assessments were required for all students in the relevant grade or course. We
standardize school-level average scores by state-year-exam and then construct school-level
achievement measures by taking weighted averages across exams within math and ELA using
the number of students tested on each exam as weights. We follow the same imputation
procedure as for middle school test scores when one of the two subjects is missing.

School-Level Attendance Data. We also assemble school-level attendance data from
state education agencies. We focus on two attendance measures: attendance rates and
chronic absenteeism. Attendance rates measure the percentage of enrolled student-days on
which students are present, while chronic absenteeism measures the share of students missing
at least a state-defined threshold of instructional days, most commonly 10 percent. Because
attendance rates are continuous and have been used in prior research on school phone bans
(e.g., Figlio and Ozek (2025)), we pre-specified attendance rates as our primary outcome
and chronic absenteeism as a secondary measure.

In nearly all states, out-of-school suspensions are coded as absences, so attendance rates
may reflect both instructional attendance and disciplinary exclusions. California is an ex-
ception, reporting disciplinary absences separately. We therefore construct an additional
attendance measure excluding disciplinary absences and report the corresponding estimates
as a robustness check. Attendance-rate data are available for 31 states between 2018 and
2025, while chronic absenteeism data are available for 38 states. Tables A.4 and A.5 show
data availability and definitions for each state.

School-Level Disciplinary Outcomes. We similarly assemble school-level disciplinary
data from state education agencies. The underlying state data report a variety of discipline-
related outcomes, including in-school suspensions, out-of-school suspensions, and broader
measures of disciplinary actions that may also include expulsions or any other removal from
regular classroom activities as a result of negative behavior. Accordingly, we construct a
unified measure of disciplinary intensity that uses the most comprehensive measure available
for each state–year observation. Specifically, we prioritize (i) the percentage of students
disciplined during the academic year; (ii) the percentage of students receiving any suspension
(in-school or out-of-school); (iii) the combined percentage receiving in-school or out-of-school
suspension, calculated as the sum of the in-school and out-of-school suspension rates; (iv)
the percentage receiving in-school suspension only; and (v) the percentage receiving out-of-
school suspension only. We use the first available measure in this order.

We focus on disciplinary outcomes expressed as rates, using state-reported enrollment de-
nominators. We then standardize the resulting disciplinary measure within state–year cells.
Our primary outcome is this standardized discipline index, which captures within-state–year
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variation in disciplinary intensity and ensures that di!erences in discipline definitions or
reporting practices across states do not mechanically drive the estimates. Appendix C.4
details the construction of the discipline index and Table A.6 shows data availability and
definitions for each state. The final analytic sample includes 22 states with discipline data
between 2018 and 2025.

Panorama Student Survey Data. To examine outcomes not typically available in
standard administrative data, we use student survey data provided by Panorama Education,
an education technology company that helps K-12 schools administer surveys measuring
students’ academic experiences, classroom engagement, and life skills. Panorama surveys
are administered at the discretion of districts and schools rather than through a nationally
representative sampling design, so coverage varies across states, schools, and years.

To protect client confidentiality, Panorama does not disclose school or respondent iden-
tities. Instead, Panorama provided anonymized school-by-year aggregates through a secure
matching process. For each matched school-year, we observe the mean response to each
survey item across all responding students. The Panorama data span academic years 2019
through 2025. In total, the Panorama file includes 62,289 school–year observations with non-
missing survey data during this period, representing 16,285 unique schools across 46 states.
Across all school–year observations in the NCES panel during this period, 6.9 percent have
at least one Panorama survey measure observed in a given year.

Because Panorama’s platform includes a large number of survey items and survey content
varies across schools and years, we pre-specified a small set of primary outcomes before esti-
mating treatment e!ects. This approach was designed to reduce concerns about specification
searching and selective reporting. We focus on three outcomes: subjective well-being (SWB),
classroom attention, and students’ perceived likelihood of online bullying. These outcomes
reflect central channels through which phone restrictions are hypothesized to a!ect students.
We first code all survey items so that higher values correspond to more desirable outcomes
and standardize them within survey year. For SWB and classroom attention, we combine the
multiple survey items corresponding to each construct into indices by taking the unweighted
average of the standardized items and then re-standardize the resulting indices by year. In
contrast, the online bullying outcome is based on a single standardized survey item. All
three outcomes are therefore expressed in school-level standard deviation units, facilitating
comparison across outcomes.

Table A.1 compares baseline characteristics of schools with non-missing Panorama data
for at least one of the three indices to the full NCES population, showing that, relative to
all NCES schools, Panorama participation is more common among larger schools, schools
located in urban areas, schools serving more racially diverse student populations, and schools

13



in higher-income neighborhoods. Appendix C.5 provides more specific details about the
Panorama data, including additional documentation of the outcome selection process.

III.B Outcome-Specific Analysis Samples

Because outcomes are drawn from distinct data sources with di!erent coverage across states,
years, and schools, each outcome is analyzed using the largest possible sample in which that
outcome is consistently observed, subject to a common set of sample restrictions. Across all
outcomes, we restrict the sample to regular schools serving at least one middle or high school
grade (6–8 and 9–12, respectively). We focus on academic years 2018 through 2025, excluding
the pandemic-a!ected years 2020 and 2021. We further exclude schools that adopted Yondr
before the 2023 academic year, schools in districts that may have adopted Yondr but for
which school-level adoption timing cannot be reliably determined, and schools with the
lowest-confidence implementation dates in the Yondr administrative data. Finally, we restrict
the sample to states with at least one Yondr adoption between the 2023 and 2025 academic
years so that identification relies on within-state variation in adoption timing. We then apply
outcome-specific restrictions, requiring non-missing observations for the relevant outcome in
each school-year. Table A.7 reports the number of Yondr-adopting schools retained for each
outcome, together with the corresponding share of potential adopters. Appendix C provides
additional details on the sample construction for each outcome. Figure A.1 presents the raw
mean outcomes by adoption cohort and calendar year for all primary outcomes.

III.C Interpreting School-Level E!ect Sizes

Finally, because our outcomes are measured at the school level, estimated e!ects are ex-
pressed in units of the standard deviation of school-level means. These e!ects tend to over-
state magnitudes relative to student-level e!ect sizes commonly reported in the education
literature. To facilitate interpretation, we translate school-level estimates into approximate
student-level standard deviations using standard assumptions about the relationship between
within- and between-school variation (What Works Clearinghouse, 2020).

Specifically, we use intraclass correlation coe"cients (ICCs) that vary by outcome type.
For behavioral and survey-based outcomes, we use an ICC of 0.1, implying that student-level
e!ect sizes are approximately one-third of the corresponding school-level estimates. For test
scores, we use an ICC of 0.2, implying that student-level e!ect sizes are approximately
half as large as the corresponding school-level estimates. Throughout the paper, we report
treatment e!ects in school-level standard deviations and, where useful for interpretation,
translate these into approximate student-level e!ect sizes using these conversions.
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IV Di!erence-in-Di!erences Empirical Strategy
Estimating the causal impact of restricting student phone use in our context presents several
empirical challenges. Most importantly, as we show below, the adoption of Yondr lockable
pouches is not randomized: schools that adopt Yondr di!er systematically from non-adopting
schools along observable dimensions such as size, urbanicity, and student demographics.

Our research design compares changes in outcomes over time in schools that adopt Yondr
to changes in outcomes in observationally similar schools that do not adopt. A key strength
of our setting is the availability of a large pool of never-treated schools, which allows us to
construct a well-matched comparison group using baseline covariates. We assess the validity
of this design by examining pre-adoption trends and show that treated and comparison
schools exhibit similar outcome trajectories prior to adoption.

We first describe the standard two-way fixed e!ects (TWFE) specification that motivates
our analysis. The TWFE analogue of our event-study specification can be written as:

Yit =
∑

k →=↑1
ωk · [event_timeit = k] + X ↓

iεt + ϑi + ϖt + ϱit, (1)

where Yit is an outcome for school i in year t, event_timeit indexes years relative to the first
year of Yondr adoption (k = →1 is the omitted reference period), ϑi are school fixed e!ects,
and ϖt are year fixed e!ects. The coe"cients ωk trace the dynamic e!ects of Yondr adoption
before and after implementation. The coe"cients in the pre-adoption period provide a
test of the identifying assumption that, absent Yondr adoption, outcomes in treated and
comparison schools would have followed parallel trends. Xi denotes a vector of baseline
school characteristics, including total enrollment, racial composition (shares White, Black,
and Hispanic), indicators for serving high school or elementary grades, charter status, poverty
quartiles, and group indicators defined by state ↑ urbanicity. These covariates enter the
model interacted with year fixed e!ects, allowing their associations with outcomes to vary
flexibly over time while remaining anchored to pre-treatment values.

While the TWFE event-study specification is intuitive and widely used, recent work shows
that it can yield biased estimates in settings with staggered treatment adoption and het-
erogeneous treatment e!ects (e.g., see Roth, Sant’Anna, Bilinski and Poe (2023)). For this
reason, our primary empirical approach uses the di!erence-in-di!erences framework of Call-
away and Sant’Anna (2021), which is explicitly designed for such settings. This framework
estimates group–time average treatment e!ects by comparing outcomes for treated schools
to outcomes for an appropriate comparison group. Importantly, the estimator allows for
the inclusion of covariates, so identification relies on parallel trends conditional on observed
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characteristics, which is important in our setting where adopters di!er substantially from
non-adopters.3 Our baseline specification uses the regression adjustment implementation of
this estimator. Treatment is defined as the first year of Yondr adoption and never-treated
schools serve as the comparison group.

The estimands of interest are group-time average treatment e!ects, denoted ATT(g, t),
which capture the average e!ect of Yondr adoption in period t for the group of schools
first treated in period g. In our setting, g corresponds to the first year of Yondr adoption
(2023, 2024, or 2025). Once the ATT(g, t)’s are estimated for di!erent values of g and t, we
aggregate them to summarize treatment e!ects in two main ways. First, we report an overall
ATT, which averages treatment e!ects across all post-adoption years and cohorts. Second,
we construct event-study estimates that trace the evolution of treatment e!ects relative to
the year immediately preceding adoption, allowing treatment e!ects to vary flexibly over
time. Because outcomes are measured at the school level, later event-time estimates may
reflect a combination of greater cumulative student exposure to the policy, changing student
cohorts, and changes in implementation over time.

Finally, given the number of outcomes and estimates we consider, multiple hypothesis
testing is an important concern. We address this in several ways. First, as discussed above,
the analysis was pre-registered. Second, we focus interpretation on a relatively small set of
ATTs for our primary outcomes. Third, we treat other estimates—including individual event-
study coe"cients and subgroup analyses—with greater caution. Throughout, we encourage
readers to interpret these more granular results accordingly.

IV.A Characterizing Yondr Treatment and Control

Treatment. Figure I illustrates the timing of Yondr adoption across schools. While a small
number of schools adopted Yondr prior to the COVID-19 pandemic, adoption increased
sharply beginning in the 2023 school year, with the largest number of schools adopting
in 2025 and 2026. To focus on the period in which adoption accelerates and to allow for
longer pre-treatment trend analysis, our main analyses restrict attention to schools that
adopt Yondr in 2023, 2024, or 2025. Schools that adopted Yondr between 2018 and 2022
are excluded from the analysis. Schools scheduled to adopt Yondr in 2026 are grouped
with never-treated schools and serve as part of the control group throughout the analysis.
In robustness checks, we show that our results are not sensitive to how these schools are
handled, including specifications that exclude 2026 adopters entirely.

3We include the covariates listed above. The Callaway and Sant’Anna (2021) estimator conditions on
baseline covariates to allow for di!erences in trends across groups defined by these covariates.
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[Figure I about here.]

Table I reports summary statistics for schools in the pooled (middle and high school)
test score sample, comparing Yondr adopters to never-treated schools. All covariates are
measured in the first year each school appears in the sample. Relative to never adopters,
Yondr-adopting schools are larger, more likely to be located in urban areas, and serve stu-
dent populations with larger shares of Black and Hispanic students. In addition, Yondr
adopters have substantially lower baseline (i.e., 2018) test scores in both math and ELA and
are located in neighborhoods with lower income-to-poverty ratios. These di!erences under-
score the non-random selection of schools into Yondr adoption and motivate the inclusion of
baseline covariates in our di!erence-in-di!erences specification.

[Table I about here.]

Table A.8 summarizes the phone policy environments that preceded Yondr adoption,
based on teacher reports from the NTS.4 The table shows that adoption most commonly
represents a shift away from weakly enforced or nonexistent phone policies. Roughly 62
percent of adopters previously operated under a “no-show” regime, in which students were
permitted to keep their phones in backpacks or pockets but were required to keep them out
of sight during the school day. An additional 23 percent report having had no formal phone
policy at all. Transitions from more restrictive alternatives—such as centralized collection,
lockers-only policies, or complete bans on phones on campus—are comparatively rare.

These patterns indicate that Yondr adoption typically reflects a substantial tightening of
phone restrictions rather than a marginal adjustment to an already strict regime. Moreover,
only about 23 percent of NTS Yondr adopters report that the policy change coincided with
other major school-level changes—such as changes in leadership, new curricula, or other
institutional reforms—based on responses to the NTS, which asks whether any non-phone-
related changes occurred around the time of the policy change (see Appendix C.3 for the
exact wording). This suggests that adoption is usually implemented as a standalone reform
rather than as part of a broader set of contemporaneous interventions.

Control. Figure A.2 uses NTS data to characterize phone policy changes among schools
that do not adopt Yondr. We focus on non-Yondr schools in the NTS sample and calculate
the share that report a major policy change in any given year. We classify a change as strict

4The subset of Yondr-adopting schools that appear in NTS is not fully representative of all adopters:
relative to Yondr schools overall, NTS adopters are somewhat larger, serve a higher share of White students,
are less likely to be urban, and are located in higher-income neighborhoods (see Table A.9). Accordingly,
we interpret these responses as descriptive evidence on how Yondr policies are implemented and perceived
by teachers, rather than as a representative account of all adopting schools.
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if the school switches to lockers-only policies, centralized collection, or a full phone ban
(policies that associate with relatively low reported phone use and high teacher satisfaction
in the NTS). In 2023, roughly 1 percent of control schools adopted a strict alternative policy;
in 2024, 2 percent; and in 2025, 5 percent. Thus, even as Yondr adoption expands rapidly,
only a small fraction of comparison schools implement similarly restrictive alternatives.

Our main estimates capture the e!ect of Yondr adoption relative to the mix of phone
policies observed among non-Yondr schools. In robustness checks, we refine the control
group in three ways: (i) restricting to schools that report no strict phone policy changes, (ii)
restricting to schools that report no phone policy changes of any kind in the last five years,
and (iii) restricting to schools that never implement a strict policy.

V Di!erence-in-Di!erences Estimates

V.A E!ects on In-School Phone Use

We begin by examining the e!ects of Yondr adoption on in-school phone use using two
complementary sources of evidence: GPS-based measures of device activity and teacher-
reported measures from the NTS.

Table A.10 reports estimates of the ATT of Yondr adoption averaged across post-adoption
periods and cohorts. The outcome is the natural log of net phone visits per student during
instructional hours. In Column 1, our preferred specification, we focus on visits occurring
within school building polygons between 10:00 and 11:00, a period when students in most
schools are in class rather than arriving or at lunch. Panel A shows that Yondr adoption
reduces net phone visits by approximately 0.18 log points in the pooled sample (across middle
and high schools).

These estimates are robust to alternative definitions of instructional hours, including
broader windows such as 9:00–13:00 and 8:00–15:00 (Columns 2–3). Panels B and C present
results separately for middle and high schools, showing larger e!ects in high schools.5 Ap-
pendix C.2 reports additional robustness checks using alternative samples. Across measures
and outcome-specific samples—including the middle school and high school test score sam-
ples, as well as the attendance and discipline samples—the results consistently indicate a
meaningful decline in in-school phone activity following Yondr adoption (Table A.11).

Figure II presents event-study estimates of the ATT of Yondr adoption on the natural log
5One possible explanation is that phone use is more prevalent in high schools than in middle schools.

Using the NTS, we estimate that, among schools reporting a phone policy change, teachers report that
approximately 48 percent of middle school students and 66 percent of high school students used their phones
in class for personal reasons prior to the adoption of the restriction.
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of net phone visits per student between 10:00 and 11:00. The event-study coe"cients show no
evidence of di!erential pre-trends: estimates in the years prior to adoption are all statistically
indistinguishable from zero. Following adoption, phone activity declines substantially. In
the year of implementation, net visits per student fall by approximately 0.16 log points. The
decline grows in subsequent years, reaching 0.2 log points in t+1 and 0.3 log points by t+2.

These estimates cannot be read as a direct measure of the change in student phone use
and should be interpreted with caution. As discussed in Appendix C.2, these GPS-based
measures are best seen as proxies of student phone activity for several reasons. First, we
cannot distinguish student phone activity from that of teachers, sta!, parents, or passersby.
Second, these measures are inherently noisy because they depend on location signals gener-
ated through specific apps and partner data sources, which vary with user behavior, privacy
settings, and other factors. Third, devices may record pings while they are turned on even
if not accessible (e.g., in a locker or pouch). Fourth, Advan reports scaled estimates of the
number of devices present in each location based on the underlying sample of observed pings,
so true changes may be attenuated by their scaling and smoothing procedures. As a result,
they likely provide a conservative lower bound on the true reduction in student phone use.

[Figure II about here.]

We next turn to survey evidence from the NTS. Teachers report whether their school
experienced a major change in its o"cial cell phone policy during the past five years. If so,
the survey asks parallel questions about current conditions and conditions before the policy
change, allowing us to construct retrospective before-and-after comparisons. We classify
schools based on the modal teacher report of where students are allowed to keep their phones,
defining Yondr schools as those reporting lockable pouches and all others as non-Yondr. For
schools reporting no policy change, retrospective measures are unavailable, so we set pre- and
post-policy outcomes equal to current reported values. The resulting comparison therefore
mirrors our research design.

Figure III presents these patterns. Panel A reports mean levels before and after the
reported policy change, and Panel B reports the corresponding changes relative to the pre-
policy baseline. Transitions to Yondr are associated with large shifts in teacher-reported
outcomes. Teacher satisfaction with the school’s o"cial cell phone policy increases from
approximately 26 percent to 75 percent, while reported in-class student phone use for per-
sonal reasons falls from 61 percent to 13 percent, a decline of roughly 48 percentage points.
Reported phone use between classes also declines sharply. Non-Yondr schools also exhibit
improvements in teacher satisfaction and reductions in reported phone use, consistent with
some schools adopting less restrictive alternatives such as “no-show” rules or classroom-level
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collection. Even so, the changes associated with Yondr adoption are substantially larger
across all measures. These comparisons are descriptive and rely on retrospective teacher
reports. Nevertheless, the survey evidence is consistent with the GPS-based results and
suggests that Yondr adoption meaningfully reduces in-school phone use, even if the exact
magnitude of the reduction cannot be read directly from any single measure.

[Figure III about here.]

V.B E!ects on Discipline, Attendance, and Survey Outcomes

Having established that Yondr adoption leads to reductions in student phone use, we next ex-
amine its e!ects on disciplinary outcomes, student attendance, and three student-reported
outcomes from the Panorama surveys: subjective well-being (SWB), classroom attention,
and students’ perceived likelihood of online bullying. Together, these outcomes provide a
relatively broad picture of how phone restrictions a!ect the school environment and student
well-being. As discussed in Section III, Panorama surveys are administered at the discre-
tion of schools and are observed for a relatively small share of school-year observations, so
these estimates reflect a potentially selected subset of schools and should be interpreted
accordingly.

Consistent with our discussion of multiple hypothesis testing, we focus primarily on
estimates of the ATT in the pooled sample (across middle and high schools) that average
across post-treatment periods and cohorts, and use event-study specifications to illustrate
dynamic patterns over time and assess the parallel trends assumption. Because several of
the student outcome measures are unavailable during the 2020 and 2021 academic years due
to the COVID-19 pandemic, we exclude these two years from the analysis. To maintain
a consistent event-time structure, we relabel the 2018 and 2019 school years as 2020 and
2021, so that event times t → 5, . . . , t → 1 correspond to successive pre-adoption years. This
relabeling is expositional and does not a!ect the estimated post-adoption treatment e!ects.

Discipline and Attendance. Column (1) of Table II reports the ATT of Yondr adoption
on the school-level disciplinary index. Adoption increases the disciplinary index by 0.057 (SE
= 0.023) school-level standard deviations, corresponding to approximately 0.02 student-level
standard deviations (see Section III.C for details on this conversion). To provide additional
context, we translate these e!ects into percentage points on suspension rates (in-school or
out-of-school). The estimates imply an increase of roughly 0.32 percentage points, corre-
sponding to about an 11 percent increase relative to baseline levels.6 Figure IV (Panel A)

6This calculation uses the within-state standard deviation of suspension rates to map standardized e!ects
into percentage points. We illustrate this using California, which reports the share of students placed in
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reports event-study estimates for the disciplinary index. At adoption, disciplinary incidents
rise sharply, by approximately 0.078 (SE = 0.019) school-level standard deviations, corre-
sponding to roughly 0.03 student-level standard deviations or about a 15 percent increase in
suspension rates relative to baseline levels. The point estimate moves toward zero in t + 1
and turns negative by t + 2, though these later estimates are imprecisely estimated.

[Table II about here.]

Column (2) reports e!ects on the attendance rate. The estimate of -0.003 percentage
points (SE = 0.098) allows us to rule out even modest improvements relative to the mean
attendance rate of 93 percent. Figure IV (Panel B) reports the corresponding event-study
estimates. The estimates remain close to zero throughout the event window, with no evi-
dence of meaningful changes following adoption. Finally, Table A.12 examines alternative
attendance outcomes. We find no measurable e!ects on chronic absenteeism. In California,
the only state reporting attendance by reason, we also find no e!ect on attendance net of
disciplinary suspensions. These results suggest that the increase in disciplinary actions does
not mechanically attenuate estimated e!ects on attendance.

[Figure IV about here.]

Student Survey Outcomes. Column (3) reports the ATT of Yondr adoption on SWB.
The pooled estimate is -0.305 (SE = 0.201) school-level standard deviations, which rules
out even modest positive e!ects. Figure IV (Panel C) reports the corresponding event-
study estimates. In the year of implementation, SWB declines sharply by approximately
0.603 school-level standard deviations and then recovers, becoming positive and statistically
significant by t + 2 (approximately 0.485 standard deviations). This corresponds to roughly
0.199 and 0.16 student-level standard deviations in t and t + 2, respectively. For context,
Allcott, Braghieri, Eichmeyer and Gentzkow (2020) find that deactivating Facebook for four
weeks increased subjective well-being by 0.09 standard deviations.

Column (4) reports e!ects on classroom attention. The estimate is -0.088 (SE = 0.085),
indicating no evidence of changes following adoption. Figure IV (Panel D) reports the
event-study estimates. Pre-adoption coe"cients show some evidence of di!erential trends,
suggesting that treatment e!ect estimates for this outcome should be interpreted with cau-
tion. With this caveat in mind, the point estimate in the year of implementation is modestly

any suspension. In California, the school-level standard deviation of suspension rates is approximately 5.6
percentage points. Multiplying this by the estimated e!ect of 0.057 implies an increase of roughly 0.32
percentage points, corresponding to about 11 percent of the baseline suspension rate. We obtain nearly
identical estimates using other states with substantial Yondr adoption, including New York.
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negative and not statistically significant. In t + 1, the estimate is slightly positive and also
not statistically significant, while by t + 2 it turns negative and statistically significant.

Column (5) reports the ATT on students’ perceived likelihood of online bullying. The
estimate is -0.039 (SE = 0.092), which is small and not statistically significant. Figure IV
(Panel E) reports the corresponding event-study estimates. Post-adoption coe"cients are
small and statistically insignificant, indicating no clear changes in perceived online bullying
following adoption.

A potential concern is that, because Panorama surveys are administered at the discretion
of schools and districts, Yondr adoption could a!ect the availability of survey outcomes. For
example, schools may begin administering Panorama surveys to monitor the rollout of Yondr.
Figure A.3 examines this possibility by estimating the e!ects of Yondr adoption on the
availability of each Panorama outcome. We find no evidence that Yondr adoption a!ects the
availability of subjective well-being observations, nor do we find evidence of di!erential pre-
treatment trends in their availability. In contrast, the availability of classroom attention and
online bullying outcomes exhibits some evidence of di!erential pre-trends, making it di"cult
to assess whether Yondr adoption a!ects the availability of these outcomes. These findings
reinforce our cautious interpretation of the classroom attention estimates and suggest that
the online bullying estimates should also be interpreted with caution.

Heterogeneity by School Level and Cohort. We next examine heterogeneity by school
level and adoption cohort across all outcomes. Figures A.4 and A.5, along with Table A.13,
report estimates separately for high schools and middle schools for discipline and attendance.
Results are broadly similar across school levels, though disciplinary e!ects are somewhat
larger and more precisely estimated in high schools.

Figures A.6, A.7, and A.8, together with Table A.13, report analogous results for student
survey outcomes. For classroom attention, estimates are negative and statistically significant
in high schools and close to zero in middle schools, though these di!erences should be
interpreted cautiously given evidence of pre-trends, particularly in high schools.

Finally, Figures A.9, A.10, A.11, A.12, and A.13 report event-study estimates separately
by adoption cohort for each outcome. For discipline, increases at the time of adoption
are generally present across all cohorts. For SWB, the 2024 adoption cohort is omitted
because no schools in that cohort have both pre- and post-adoption SWB observations in
the final estimation sample. The cohort-specific estimates are otherwise broadly consistent
with the dynamic pattern observed in the pooled event study: for the 2023 cohort, we observe
little change in the year of adoption followed by improvement in subsequent periods, which
becomes statistically significant by t+2, whereas for the 2025 cohort—where we only observe
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the adoption year—we find a large and statistically significant decline at t. Thus, the initial
decline in SWB is driven primarily by the 2025 cohort, while the subsequent recovery comes
from the 2023 cohort. These results highlight that the relatively short panel and staggered
adoption make it di"cult to fully disentangle dynamic treatment e!ects from cross-cohort
heterogeneity.

V.C E!ects on Test Scores

We next examine whether restricting phone access a!ects student academic achievement.
Table III reports average treatment e!ects across post-adoption periods and cohorts. In the
pooled sample of middle and high schools (Panel A), the estimated e!ect on the combined test
score index is close to zero (-0.006, SE = 0.010), with similarly small estimates for Math and
ELA. This corresponds to approximately -0.003 student-level standard deviations, and the
precision of the estimates allows us to rule out improvements larger than approximately 0.007
student-level standard deviations. E!ects of this magnitude are extremely small relative
to other educational interventions. For comparison, Chetty, Friedman and Rocko! (2014)
estimate that a one standard deviation increase in teacher value added raises student test
scores by about 0.14 standard deviations in math and 0.10 in ELA.

[Table III about here.]

These estimates reflect the e!ect of Yondr adoption as implemented in practice, which
reduces phone use by a substantial but incomplete amount. This is a policy-relevant treat-
ment e!ect, as it captures the impact of one of the most widely adopted forms of stringent
phone restriction under real-world conditions. To assess how our estimates relate to other
parameters of interest, it is useful to consider how these magnitudes would scale under larger
reductions in phone use. Our estimates on average test scores imply improvements no larger
than approximately 0.007 student-level standard deviations under the observed policy. If
one assumes that the e!ects on achievement scale linearly with the reduction in phone use,
the bounds implied by our estimates remain small even under much larger interventions. For
example, if our Yondr treatment reduces student phone use by 80 percent, as indicated by
the survey evidence, the corresponding bound on the e!ect of a hypothetical intervention
that reduced use to zero is approximately 0.009 student-level standard deviations. If the
Yondr treatment reduces student phone use by 20 percent—a highly conservative bound
based on our GPS evidence—the bound would be 0.035 student-level standard deviations.
These calculations suggest that, even under conservative assumptions about the intensity
of the treatment, the potential academic gains from restricting phone use during the school
day may be modest.
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Panel A of Figure V reports the corresponding event-study estimates. Pre-adoption
coe"cients are small and statistically indistinguishable from zero. The estimate in the year
of adoption is also close to zero. In subsequent years, the estimates become slightly negative
but remain statistically insignificant. However, these pooled estimates mask interesting
heterogeneity across school levels. Panels B and C of Table III and Figure V report e!ects
separately for high schools and middle schools. In high schools, the combined score increases
by 0.026 (SE = 0.017), with a statistically significant increase in math of 0.047 (SE = 0.018)
and a near-zero estimate for ELA. In middle schools, the combined score declines by -0.025
(SE = 0.012), with a decline in math of -0.026 (SE = 0.013) and a smaller, statistically
insignificant estimate for ELA.

[Figure V about here.]

These results suggest that the near-zero average e!ect may reflect o!setting positive
e!ects in high schools and negative e!ects in middle schools. In high schools, e!ects are
concentrated in math, with an e!ect of approximately 0.047 school-level standard deviations,
which translates to 0.024 student-level standard deviations. E!ects of this magnitude are
modest relative to many other educational interventions. For comparison, this corresponds
to an increase of roughly 0.9 percentile points in the test score distribution (von Hippel,
2025) and about one-fifth of the gain associated with a one standard deviation increase in
teacher value added (Chetty, Friedman and Rocko!, 2014). In middle schools, e!ects are
negative and also concentrated in math, but are even smaller—roughly half the magnitude
of the high school e!ects.7 This concentration of e!ects in math is consistent with a broader
literature in the economics of education finding that interventions often generate larger or
more detectable impacts in math than in ELA (e.g., Dee and Jacob, 2011; Dobbie and
Fryer Jr, 2011; Chetty, Friedman and Rocko!, 2014).

We also examine event-study estimates separately by adoption cohort for the pooled
sample in Figure A.16. The post-adoption estimates suggest somewhat more positive e!ects
in later cohorts, though these patterns should be interpreted cautiously since we observe a
limited number of post-adoption periods. For the 2023 cohort, test scores decline modestly
in the years following adoption, with e!ects around 0.05 school-level standard deviations.
For the 2024 cohort, estimates are small and statistically insignificant in both t and t + 1.
For the 2025 cohort, for which we observe only the adoption year, the estimate is small,
positive, and statistically significant (0.029 school-level standard deviations).

7Figures A.14 and A.15 present the corresponding event-study estimates for math and ELA, respectively.
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V.D Robustness Checks

Given the central role of academic achievement in the policy debate and its importance as
a measure of human capital accumulation, we focus our most extensive robustness checks
and heterogeneity analyses on test score outcomes. Tables A.14 and A.15 report estimates
from a range of alternative specifications. Across these specifications, the pooled estimates
(combining middle and high schools) generally remain close to zero and precisely estimated,
while the pattern of positive e!ects in high schools and negative e!ects in middle schools
is preserved. Table A.15 further shows that this heterogeneity is robust when focusing
specifically on math test scores, where the estimated e!ects are largest. Appendix E provides
additional details on each of these checks.

We first assess sensitivity to the estimation approach. Using the doubly robust im-
plementation of the Callaway and Sant’Anna (2021) estimator, rather than the regression
adjustment implementation, yields nearly identical estimates. We next modify the composi-
tion of the comparison group to address the possibility that changes in phone policies among
comparison schools attenuate the estimated e!ects of Yondr adoption. First, using informa-
tion from the NTS, we consider four alternative definitions: (i) restricting to schools observed
in the NTS whose reported policy is not Yondr; (ii) restricting to NTS schools that report
either no phone policy change in the past five years or only weak policy changes, exclud-
ing those adopting strict alternatives (centralized collection, locker storage, or campus-wide
bans); (iii) restricting to NTS schools that report no phone policy change in the past five
years; and (iv) excluding schools that implement strict phone policies from the comparison
group, regardless of whether a recent policy change occurred. We also exclude comparison
schools located in states that adopted statewide bell-to-bell phone restrictions during our
sample period. Because these laws prohibit student phone use throughout the school day,
they could similarly reduce the contrast between treated and comparison schools.

Additional specifications exclude future adopters (the 2026 cohort) from the comparison
group, restrict the sample to schools adopting between 2023 and 2026 to leverage only within-
adopter timing variation, restrict the treated sample (to high-confidence implementation
dates or by excluding schools with canceled accounts), modify sample construction (e.g., by
restricting to a balanced panel or excluding imputed test scores), control for the number of
students tested, include baseline test scores in the regression adjustment component of the
di!erence-in-di!erences estimator, and cluster standard errors at the district level.

We also consider two robustness checks that are specific to the pooled estimates. First,
we augment our baseline controls by allowing the state-by-urbanicity indicators to vary by
school level (middle versus high school). Second, in the test score data, a small share of
school-year observations (roughly 7.1%) appear in both the middle and high school samples.
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In our baseline specification, we prioritize the middle school test score for these observations.
As a robustness check, we instead construct a “stacked” dataset in which these observations
are duplicated and treated as separate observations, allowing both the middle and high
school test scores to enter the pooled analysis. Both checks yield nearly identical estimates.

Table A.16 provides a complementary check by examining how the estimated ATT
changes as we incrementally expand the set of covariates, culminating in the baseline specifi-
cation. While the estimates decline somewhat with the introduction of demographic controls,
they stabilize thereafter. Because our identification strategy relies on parallel trends condi-
tional on these baseline characteristics, this stability suggests that the results are not driven
by di!erential trends in observable school characteristics.

Finally, because our analysis relies on school-level outcomes, compositional changes rep-
resent a potential concern. Table A.17 examines whether Yondr adoption is associated with
changes in school enrollment or student demographics, including total enrollment, racial
composition, and the share of students eligible for free or reduced-price lunch. Across these
measures, we find little evidence of meaningful compositional change: changes in enrollment
and demographic composition are either small relative to baseline levels or statistically in-
significant, with similar patterns across high schools and middle schools. Consistent with
this evidence, Figure A.17 reports event-study estimates using predicted test scores based
on school composition. These estimates remain close to zero throughout the event window,
with no evidence of systematic changes following adoption.

V.E Subgroup Analysis

Before exploring subgroup heterogeneity, we pre-registered the dimensions along which we
would examine treatment e!ect variation. This section presents results for those pre-specified
subgroups. We consider two types of heterogeneity. Table A.18 reports school-level hetero-
geneity by poverty status, comparing schools above and below the within-state median of
the neighborhood income-to-poverty ratio. Table A.19 reports heterogeneity across within-
school student subgroups in middle schools, including gender, race and ethnicity, and eco-
nomic disadvantage. These within-school, subgroup-specific outcomes are not available for
high schools, so this analysis is limited to the middle school sample.

Across the pre-registered subgroups, we find limited evidence of systematic heterogeneity.
In high schools, e!ects are positive for both high- and low-poverty schools and somewhat
larger for higher-poverty schools, although the di!erence between the two groups is not
statistically distinguishable. In middle schools, estimates are generally negative and small
in magnitude for both high- and low-poverty schools. Within middle schools, estimates
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are negative across all student subgroups and generally small in magnitude. E!ects are
similar for male and female students. Across racial and ethnic groups, point estimates vary
but the di!erences are not statistically significant. Estimates are somewhat more negative
for students who are not economically disadvantaged than for economically disadvantaged
students, although these di!erences are not statistically distinguishable.

Finally, we report two additional heterogeneity analyses that were not pre-registered
and should therefore be interpreted with caution (see Appendix F for details). First, using
Yondr’s internal measure of implementation quality (Table A.20), we find no consistent
relationship between implementation ratings and treatment e!ects. Second, we examine
heterogeneity across schools based on baseline characteristics (Table A.21), including school
size and baseline achievement. We find no evidence of positive e!ects on pooled test scores
for any subgroup. In middle schools, negative e!ects are more pronounced among higher-
achieving schools. In high schools, e!ects are more positive in larger schools. However,
these patterns are not consistently observed across specifications and should be interpreted
as suggestive, particularly given the number of subgroup comparisons considered.

Although we find limited evidence of systematic heterogeneity, one possible explanation
for the variation we do observe is that some school subgroups experience larger reductions
in student phone use than others. Figure A.18 compares subgroup-specific treatment e!ects
on GPS-measured phone activity with the corresponding e!ects on standardized test scores.
Each point represents the estimated ATT for the same subgroup in the GPS and test score
data, allowing us to assess whether larger reductions in phone activity are associated with
larger changes in test scores. We estimate these e!ects for all school subgroups considered
in this section, as described in the figure notes.

We find little evidence of such a relationship. School subgroups experiencing larger re-
ductions in GPS-measured phone activity do not systematically exhibit larger improvements
in test scores. However, we emphasize that this comparison should be interpreted with
caution. It is intended to be descriptive rather than causal. The exercise assesses whether
heterogeneity in reductions in phone use correlates with changes in student outcomes, but it
cannot distinguish whether any such relationship arises because larger reductions in phone
use cause larger e!ects on outcomes or because treated subgroups experiencing larger reduc-
tions in phone use have other characteristics that also a!ect student outcomes.

VI Conclusion
Phone restrictions in schools have become increasingly common in the United States and
around the world, motivated by concerns that constant access to digital devices may un-
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dermine learning, attention, and student well-being. We study a particularly well-defined
and rapidly expanding form of restriction—lockable phone pouches that physically prevent
students from accessing their devices during the school day. Using nationwide data and
a staggered di!erence-in-di!erences design, we find that the adoption of lockable pouches
substantially reduces in-school phone activity as measured by independent GPS data and
teacher reports. These e!ects are large and persistent, indicating that lockable pouches
meaningfully tighten phone access relative to prevailing alternatives.

We find evidence that adopting lockable phone pouches may generate some short-run
disruption to the school environment. Disciplinary incidents increase in the year of imple-
mentation, and we find suggestive evidence that student-reported subjective well-being also
declines, consistent with adjustment costs as schools and students adapt to the new restric-
tion. Over time, disciplinary impacts fade, while subjective well-being appears to recover
and become positive in subsequent years. Average e!ects on standardized test scores and at-
tendance are close to zero and precisely estimated. While these average e!ects mask modest
positive e!ects in high schools and small negative e!ects in middle schools, the estimated
magnitudes are relatively small in both settings. We also do not find evidence of improve-
ments in classroom attention or perceived online bullying, although di!erential pre-trends
limit the conclusions that can be drawn from these measures.

Our study leaves several questions for future research. We observe outcomes for at most
three years beyond adoption, so longer-run e!ects remain an open question. We also focus
on one specific and well-defined implementation design. Other forms of phone restrictions—
particularly those that rely more heavily on classroom-level discretion or that limit access
only during instructional time—may operate di!erently. Evaluating the longer-run impacts
of phone restrictions and comparing alternative policy designs are important priorities as
schools continue to experiment with approaches to managing digital access.
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Table I: Summary Statistics by Yondr Adoption Status

(1) (2) (3)
Never adopters Yondr adopters Di!. p-value

Total enrollment 630 698 0.000
Share White 0.52 0.28 0.000
Share Black 0.15 0.30 0.000
Share Hispanic 0.25 0.34 0.000
Urban 0.27 0.58 0.000
Suburban 0.31 0.22 0.000
Rural/Town 0.42 0.20 0.000
Charter school 0.14 0.13 0.217
Schools with grades above 9 0.32 0.38 0.000
Schools with grades below 6 0.43 0.31 0.000
Income-to-poverty ratio 308 272 0.000

Avg. test score index 0.06 -0.43 0.000
Avg. Math score 0.07 -0.43 0.000
Avg. English score 0.07 -0.41 0.000

Number of schools 42,919 1778
Notes: This table reports summary statistics for schools in the pooled test score analysis sample, comparing our treated
group (Yondr-adopting schools during the 2023 through 2025 school years) to the control group (non-Yondr adopters).
Columns (1) and (2) report means in the raw sample. Column (3) reports p-values for the di!erences between (1) and
(2), using robust standard errors. All covariates are measured in the first year each school appears in the sample and
precede treatment for all adopting schools. For never-adopting schools, this year is 2018 for 86% of schools and the first
observed year thereafter for the remainder. Baseline test scores are reported for descriptive purposes but are not included
in the regression specification. Income-to-poverty ratios enter the regression specification as state-specific quartiles.
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Table II: Di!erence-in-Di!erences Estimates of E!ects of Phone Pouches on Pooled High
School and Middle School Discipline, Attendance, and Student Survey Outcomes

Discipline
index
(1)

Attendance
rate
(2)

SWB
index
(3)

Attention
index
(4)

Online
bullying

(5)

ATT 0.057→→ →0.003 →0.305 →0.088 →0.039
( 0.023) ( 0.098) ( 0.201) ( 0.085) ( 0.092)

Mean of dependent variable - 92.62 - - -
Observations 155,712 201,708 3382 9247 5648

Notes: Each column reports the average treatment e!ect on the treated (ATT) of Yondr adoption. Estimates are based on
the regression adjustment implementation of the Callaway and Sant’Anna (2021) di!erence-in-di!erences estimator. Column
(1) reports e!ects on a standardized school-level discipline index constructed from suspension and discipline measures and
standardized within state-by-year cells. Column (2) reports e!ects on the attendance rate. Column (3) reports e!ects on a
school-level subjective well-being index constructed from Panorama survey questions. Column (4) reports e!ects on a school-
level classroom attention index constructed from Panorama survey questions. Column (5) reports e!ects on a standardized
school-level online bullying measure constructed from a Panorama survey question. The estimates in Column (2) are in
percentage points, and the estimates in all other columns are in school-level standard deviations. Never-treated schools serve as
the comparison group. All specifications use an unbalanced panel. Covariates follow the main empirical specification. Standard
errors are clustered at the school level. →→→p < 0.01, →→p < 0.05, →p < 0.10.
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Table III: Di!erence-in-Di!erences Estimates of E!ects of Phone Pouches on Pooled, High
School, and Middle School Test Scores

Combined
score
(1)

Math
score
(2)

ELA
score
(3)

Panel A: Pooled

ATT →0.006 →0.002 →0.006
( 0.010) ( 0.011) ( 0.011)

Observations 214,556 210,951 211,259

Panel B: High School

ATT 0.026 0.047→→ 0.012
( 0.017) ( 0.018) ( 0.021)

Observations 65,978 64,585 65,318

Panel C: Middle School

ATT →0.025→→ →0.026→→ →0.019
( 0.012) ( 0.013) ( 0.013)

Observations 162,974 159,775 159,987
Notes: Each column reports the average treatment e!ect on the treated (ATT) of Yondr adoption on standardized test scores,
measured in school-level standard deviations. Estimates are based on the regression adjustment implementation of the Callaway
and Sant’Anna (2021) di!erence-in-di!erences estimator. Column (1) reports estimates for the combined math and ELA test
score. Columns (2) and (3) report results separately for math and ELA. Never-treated schools serve as the comparison group.
All specifications use an unbalanced panel. Covariates follow the main empirical specification. Standard errors are clustered at
the school level. →→→p < 0.01, →→p < 0.05, →p < 0.10.
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Figure I: Yondr Adoption Over Time
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Notes: The figure shows the number of schools adopting Yondr lockable pouches by adoption year, based
on administrative data from Yondr. Adoption year is defined as the spring of the academic year in which a
school is first observed implementing Yondr. Each school appears once, in its initial year of adoption.
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Figure II: Event Study of the E!ects of Phone Pouches on Pooled High School and Middle
School Phone GPS Activity
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Notes: This figure reports event-study estimates of the e!ect of Yondr adoption on pooled (across middle
and high schools) phone use, measured using GPS location data from Advan. Estimates are based on
the regression adjustment implementation of the Callaway and Sant’Anna (2021) di!erence-in-di!erences
estimator. The plotted coe"cients correspond to event-time averages of group-time average treatment e!ects,
ATT(g, t), aggregated across adoption cohorts and normalized relative to the year immediately preceding
adoption (t = →1). The outcome is the natural logarithm of net phone visits per student during school hours
(10:00–11:00) within school buildings. Net visits are defined as average weekday school-hours visits minus
the corresponding weekend activity in the same month, further subtracting the weekday–weekend di!erence
in nighttime activity (00:00–06:00). The sample is restricted to middle and high schools, and never-treated
schools serve as the comparison group. Covariates follow the main empirical specification.
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Figure III: Teacher-Reported Outcomes Before and After Reported Phone Policy Changes
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(b) Change Relative to Pre-Policy Baseline
Notes: This figure uses data from the NTS to compare teacher-reported outcomes before and after reported
phone policy changes. The sample is restricted to middle and high schools. Schools are classified using the
modal response to Q3 (“Where are students allowed to keep their phones?”), with Yondr schools defined
as those reporting lockable pouches and all others classified as control. Policy change status is defined
using the modal response to Q10 (“Have there been any major changes in your school’s o"cial cell phone
policy in the last 5 years?”). For schools reporting a policy change, teachers provide both current outcomes
and retrospective outcomes prior to the change. For schools whose modal response indicates no change,
retrospective measures are not collected; for these schools, pre- and post-policy outcomes are set equal.
Individual teacher responses are first averaged within school and then averaged across schools within Yondr
and non-Yondr groups. Outcomes include overall satisfaction with the school’s phone policy (Q8) and the
percentage of students using phones during class (Q6) and between classes (Q5), measured on 0–100 scales.
Panel A reports mean levels before and after the reported change. Panel B reports changes relative to the
pre-policy baseline. See Appendix C.3 for the exact wording of each question.38



Figure IV: Event Study Estimates of E!ects of Phone Pouches on Pooled High School and
Middle School Discipline, Attendance, and Student Survey Outcomes
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(a) Discipline Index
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(b) Attendance
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(c) Subjective Well-Being Index

-2

-1

0

1

2

AT
T 

on
 a

tte
nt

io
n 

(s
ch

oo
l s

ta
nd

ar
d 

de
vi

at
io

ns
)

-4 -3 -2 -1 0 1 2
Years after adoption

(d) Classroom Attention Index
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(e) Online Bullying

Notes: This figure reports event-study estimates of the e!ects of Yondr phone pouch adoption on pooled
(across middle and high schools) discipline, attendance, subjective well-being, classroom attention, and online
bullying. Estimates are based on the regression adjustment implementation of the Callaway and Sant’Anna
(2021) di!erence-in-di!erences estimator. The plotted coe"cients correspond to event-time averages of
group-time average treatment e!ects, ATT(g, t), aggregated across adoption cohorts and normalized relative
to the year immediately preceding adoption (t = →1). Never-treated schools serve as the comparison group.
All specifications use an unbalanced panel. Covariates follow the main empirical specification. Standard
errors are clustered at the school level. The shorter pre-treatment windows for the subjective well-being,
classroom attention, and online bullying outcomes reflect the later start of Panorama survey coverage.
Academic years 2020 and 2021 are excluded due to pandemic-related data unavailability; the 2018 and 2019
school years are relabeled as 2020 and 2021 so that pre-adoption event times are consecutive.
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Figure V: Event Study Estimates of E!ects of Phone Pouches on Pooled, High School, and
Middle School Test Scores
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(a) Pooled
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(b) High School
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(c) Middle School

Notes: This figure reports event-study estimates of the e!ect of Yondr adoption on average test scores, mea-
sured in school-level standard deviations, for the pooled sample and separately for high schools and middle
schools. Estimates are based on the regression adjustment implementation of the Callaway and Sant’Anna
(2021) di!erence-in-di!erences estimator. The plotted coe"cients correspond to event-time averages of
group-time average treatment e!ects, ATT(g, t), aggregated across adoption cohorts and normalized relative
to the year immediately preceding adoption (t = →1). Never-treated schools serve as the comparison group.
All specifications use an unbalanced panel. Covariates follow the main empirical specification. Standard
errors are clustered at the school level. Academic years 2020 and 2021 are excluded due to pandemic-related
data unavailability; the 2018 and 2019 school years are relabeled as 2020 and 2021 so that pre-adoption event
times are consecutive.
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