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Abstract

Although use of generative Al tools has quickly become widespread in education settings, emerg-
ing evidence suggests that effects on learning will depend on how that use is supported and
guided. This paper reports findings from an original national survey of K—12 school principals
designed to measure institutional integration of Al in schools through policies, teacher training,
guidance for student use, leadership engagement, and the availability of Al-enabled tools. We
find that AT use has spread rapidly across schools, largely as a productivity aid. Students mainly
use Al for homework help and writing, while educators primarily use it for lesson planning and
administrative tasks. The development of teacher training, guidance, and school policies has
lagged adoption. We next document two diffusion gaps across schools: First, lower Al inte-
gration is associated with a higher share of disadvantaged students (a one standard deviation
increase in disadvantage is associated with a 0.07-0.11c lower score on an index of Al integra-
tion); Second, private and charter schools score 0.23-0.440 lower on the Al integration index
than traditional public schools. Although several surveyed school-level factors strongly predict
AT integration, they do little to explain these gaps. Differences in district size account for
roughly one-third of the disadvantage gap between public schools. These findings suggest that
the factors associated with greater Al integration differ from those needed to narrow disparities
in how schools support and guide AT use.
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1 Introduction

While generative Al tools have spread rapidly through K-12 schools, their educational conse-
quences remain uncertain and contested. Like other general-purpose technologies, Al’s value and
impacts are likely to depend on complementary investments in skills, routines, governance, and
organizational practices (Bresnahan and Trajtenberg, 1995, Bresnahan et al., 2002). In schools,
such complements include guidance for student use, teacher training, written policies, Al-enabled
tutoring and instructional tools, and changes to how instruction is organized and delivered. This
distinction between use and integration matters because emerging evidence suggests that unguided
AT use can undermine learning (Lehmann et al. 2024, Bastani et al. 2025, Lira et al. 2025). As a re-
sult, AI’s effects on teaching and learning—whether beneficial or harmful—will depend on whether
and how schools integrate the technology and how widely integration diffuses across schools.

This paper studies Al integration in K-12 schools using original survey data from school prin-
cipals nationwide. Principals provide a unique perspective on how Al is used across the full K-12
landscape, including traditional public, charter, and private schools. To measure integration, our
survey captures whether and how Al is used and supported, including written policies, attitudes
toward student use, Al-enabled tools, professional development, and principals’ beliefs about effects
on learning and achievement gaps. Guided by a simple framework in which AI integration reflects
complementary investments, we organize the empirical analysis around four themes: the extent to
which integration lags adoption; how students and educators use Al; how integration varies across
schools; and which factors predict integration levels versus explain integration gaps.

We first document that Al adoption in K-12 schools has risen rapidly to near-universal levels.
90% of principals report that teachers in their school were using Al as of June 2025, compared
to about 20% just two years earlier, consistent with prior surveys documenting adoption in the
K-12 setting (Diliberti et al., 2024, Kaufman et al., 2025). We further show that this diffusion
has occurred in a decentralized, bottom-up manner, rather than as the result of coordinated policy
initiatives. Schools have largely set their own approaches, overwhelmingly allowing Al use with
guidelines rather than banning it. Last, we find that use by teachers has outpaced professional
development and training on Al tools, an initial piece of evidence demonstrating that institutional
integration is not equivalent to passive adoption.

We next examine how Al is used by students and educators. Students primarily use AI for home-
work help and writing, with little evidence that it substitutes for classroom instruction. Although
concerns about inappropriate use are real, their incidence is limited; only half of principals report
one or more instances of student misuse. Views on effectiveness are mixed: 30% of principals report
that AI has not improved student learning, while 25% believe it already has. Teachers and princi-
pals use Al primarily as a productivity tool—such as for lesson planning, instructional support, and
administrative tasks—consistent with evidence that Al can raise productivity in writing-intensive
and knowledge-work tasks (Dell’Acqua et al., 2023, Noy and Zhang, 2023). Overall, Al use is
widespread but remains largely supplemental to, rather than embedded in, instructional practices.

We then compare Al integration across schools. To do so, we construct a composite index,



motivated by the idea of complementary investments, that incorporates multiple dimensions of in-
tegration, including policies, educator use, encouragement of student use, future investment plans,
professional development, and Al-enabled tutoring. Using this index, we document two robust
diffusion gaps in integration across schools: first, schools serving more economically disadvantaged
students have systematically lower levels of Al integration. A one standard deviation increase in
disadvantage is associated with a 0.07-0.11¢ reduction in integration. This pattern holds across
alternative measures of disadvantage, including test scores, and is robust to a host of controls. Sec-
ond, we find that charter and private schools lag traditional public schools by substantial margins,
with adjusted gaps of roughly 0.33¢ for charter schools and 0.39¢ for private schools. We lever-
age randomized monetary incentives to test for bias from selection into responding and find that
these gaps are stable across incentive groups, suggesting that our results generalize to the broader
population of schools.

We then distinguish predictors of integration levels from mediators of integration gaps. Prin-
cipals’ positive beliefs about Al, teachers who champion the technology, budget availability, and
targeted Elementary and Secondary School Emergency Relief (ESSER) use strongly predict in-
tegration levels, but these factors do not account for the socioeconomic or sectoral gaps.! This
distinction is central to the framework. A factor can raise integration within schools without
explaining why disadvantaged, charter, or private schools lag if that factor is not distributed dif-
ferently across groups in the relevant direction. Instead, we find that district scale—rather than
per-pupil or administrative spending—explains roughly 36% of the disadvantage gap, pointing to
system-level implementation capacity as an important factor.

Our findings have three implications. First, although AI use has taken off rapidly in schools,
passive adoption has advanced faster than the investment needed for the technology to be effec-
tively supported. School adoption is widespread for supplemental uses, such as homework help and
administrative tasks, but policies, training, guidance, and Al-conscious instructional routines re-
main less developed. Second, the relevant inequality is not access to Al tools, but schools’ capacity
to structure, supervise, and govern their use. Schools serving more disadvantaged students, as well
as charter and private schools, have lower levels of integration. Third, because predictors of inte-
gration levels do not mediate integration gaps, policies that raise Al integration may have limited
impact on reducing across school disparities. While evidence on AI’s educational effects continues
to emerge, differences in integration will contribute to heterogeneity in those effects, making them
an important consideration for research and policy moving forward.

Our paper contributes to the literature measuring generative Al diffusion. We apply the logic
of general-purpose technologies, whose impacts depend on downstream complementary investment
(Bresnahan and Trajtenberg, 1995, Bresnahan et al., 2002, Brynjolfsson et al., 2021), to study Al
in K-12 schools. This framework draws a distinction between adoption—which prior work has

shown has grown quickly among educators and students (e.g Diliberti et al. 2024, Kaufman et al.

1We find some suggestive evidence that the presence of strict cell-phone restrictions is predictive of lower teacher-
based integration, but not too predictive of other components of Al integration. As other factors, it is unable to
explain the set of diffusion gaps we document.



2025, Gallup and Walton Family Foundation 2025)—and Al integration, which our original survey
measures through questions about policies, training, guidance, tools, and routines. The persistent
diffusion gaps we document connect with other work showing unequal adoption of Al across workers
(Humlum and Vestergaard, 2025, Bick et al., 2026, Bloom and Makridis, 2026).

Our paper also connects to recent work on how generative Al affects student learning. Existing
evidence shows mixed effects of Al-assisted learning, with impacts that are sensitive to how the
technology is supported and incorporated into instruction (Lehmann et al., 2024, Bastani et al.,
2025, Contractor and Reyes, 2025, Lira et al., 2025). Our framework implies that such heterogeneity
is to be expected. This perspective motivates measuring Al integration across schools because
widespread but uneven and weakly supported AI use may widen educational disparities. Our
findings suggest that narrowing those gaps will likely require policies that expand system-level

implementation support.

2 Conceptual Framework

In this section, we present a simple framework that motivates our survey and helps organize the
empirical analysis. The framework interprets generative Al as a general purpose technology whose
educational consequences depend on complementary investment by schools and districts (Bresnahan
and Trajtenberg, 1995). Schools are downstream units through which AI diffuses and the key
complementary investment in the framework is integration. Al integration stands in for policies,
teacher training, guidance for student use, leadership engagement, Al-enabled tools, and changes

to instructional practice.

2.1 Adoption versus Integration

Let z denote the exogenous quality of Al. School j in district or region ¢ first decides whether to
adopt AI, A; € {0,1}, and, conditional on adoption, how intensively to integrate it into school
practice, I; = I(x; ; Sq), which in turn depends on school inputs, z; = (x15,- - ,2k;), that include
but are not limited to teacher training, school policy, guidance for student use, and district scale,
Sg. This distinction matters because schools may obtain standalone value from low-friction Al use,
denoted A;(z), such as lesson planning or administrative tasks.

The benefits of deeper integration are B;(I;(x;) ; z), where x; captures school choices and inputs
that we can measure in a survey. Integration is costly, C(x; ;wj, ¢;, Sg(j)), where wj is the shadow
cost of teacher time, g; can represent school managerial capacity among other factors that affect
relative costs of integration, and district scale can effectively lower school-level integration costs
through scale externalities S, if, for example, policy is more streamlined.

The school’s payoff depends on whether it adopts Al and, conditional on adoption, whether it

invests in the complementary inputs that generate integration,

V(Aj,25) = Aj [A5(2) + By(Li(y); 2) — 505,055 Sy)]



where Aj(z) captures the standalone value of Al use absent school-level integration. Let J;? denote
the no-integration input bundle, normalized so that Ij(x(j)») =0, Cj (x?; wj, qj, Sg(j)) = 0, and
By(I(2;);2) = 0.

This formulation separates adoption from integration. A school may adopt Al without mean-
ingfully integrating it if the standalone value of adoption is positive, A;j(z) > 0, but the marginal

return to investing in each integration input is below its marginal cost at the no-integration bundle:

tz; =29 for all k.
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In this case, Al use diffuses into the school, but the organizational complements needed to turn use
into sustained practice do not. Otherwise, the school chooses integration level I7 = I (:L‘;") such that

= for all xy; 1
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or in other words, where the marginal integration benefit of each input is equal to the marginal cost.
Thus, it is clear that differences in marginal benefits and marginal costs will drive heterogeneity in
integration among schools that adopt.

The central complementarity in the framework is between the quality of the AI and school-level
integration. Following Bresnahan and Trajtenberg (1995), the value of improvements in the general-
purpose technology is larger when downstream units have made complementary investments. In

our setting, this means

OB;(L;:2) _ @)
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This suggests that the marginal value of Al quality is increasing in integration, or equivalently,
the return to integration is higher when the underlying Al technology is more capable. Thus, Al’s
consequences depend not only on access, but on complementary school practices.?

The framework also clarifies why adoption and integration are distinct margins. Adoption can
become widespread when Al provides standalone value through low-friction uses that require little
organizational change. Integration, in contrast, requires complementary investments in schools.
Because the costs and returns to these investments vary across schools and system support, S, also
varies, widespread adoption need not imply uniform integration. The complementarity between Al
quality and integration then explains why this distinction matters: improvements in the technology

are more valuable in schools that have made the complementary investments needed to use Al

2.2 Diffusion Gaps

The framework also clarifies how to interpret integration differences. Let D; indicate membership

in a group of interest, such as high-disadvantage, charter, or private schools. The integration gap

2A longer-run implication is that rising adoption and integration may change input demand within schools, in-
cluding demand for teachers and administrators with skills that are complementary to Al-enabled instruction and
management (Bresnahan et al., 2002).



is
Apl* = E[I; | D; =1] - E[I; | D; = (].
Because I is determined by Equation 1, differences in I7 can arise from differences in either

marginal benefits or costs. A first order approximation gives
ADI* ~ H[ADMB - ADMC] s

where k > 0 depends on the curvature of net marginal benefits, Ap M B denotes group differences
in perceived marginal benefits, and ApMC denotes group differences in marginal implementation
costs. Thus, a factor may predict integration by either shifting marginal benefits or costs, but it

need not explain integration gaps if it does not vary between groups significantly.

2.3 Connections to Policy Evaluation

The complementary nature of integration is a theoretically important driver of policy treatment
effect heterogeneity on student outcomes, potentially contributing to mixed findings of Al policies
in education. Let P denote an Al-related policy or intervention. School-level outcomes depend on
integration as input choices contribute to the education production function (Todd and Wolpin,

2003), so then policy effects can be written:
(P, 1;) = Y;(P, Ij) = Y;(0, I),

where Y;(P, I;) denotes the outcome produced when policy P is implemented in a school with
integration level I;. If O7;(P,1;)/01; # 0, then the same Al policy can represent different effective
treatments across schools. Therefore, differences in estimated policy effects across studies may
reflect differences in integration rather than differences in the effectiveness of the policies.

Bastani et al. (2025) illustrates this point. Students were randomized to different forms of
access to generative Al-assisted learning, with one arm providing access to a GPT-based tutor,
while another added guardrails designed to discourage substitution away from learning. In our
framework, this is a contrast between access with I; = 0 and access bundled with an instructional
complement, I; > 0. The guardrails change the treatment effect by shaping how students use the
technology.

This distinction matters because Al interventions are often treated as portable objects, even
though their effects may depend on local complements such as guidance, training, governance, and
instructional routines. Evidence from high-integration settings may not translate to low-integration

settings, and effects from simple access may not predict effects under more structured use.

2.4 Empirical Roadmap

Our framework organizes the empirical analysis into four exercises. First, we document the diffusion

process, whether Al use has become widespread and whether institutional complements such as



professional development have kept pace. Second, we characterize how students and educators
use Al, distinguishing low-friction productivity and supplemental uses from deeper instructional
integration. Third, we construct an Al integration index as an empirical proxy for I and assess
factors that predict integration and document disadvantage and sector gaps. Last, we assess if

school-level factors (z;) or system-level factors (S,

g(j)) are more important determinants of unequal

integration.

3 Survey Design and Data

We survey school principals to obtain a comprehensive picture of generative Al integration in K-12
schools in the US. Survey modules aim to measure both elements that contribute to integration /57—
principal use, policy and governance, professional development, Al-enabled tutoring—and other
factors in zj;—student, teacher, perceived drivers and barriers of AI use, and principal beliefs
about AlD’s effects. Table A.1 summarizes the survey’s full contents. The survey required around
15 minutes to complete and was administered to school principals between December 2025 and
February 2026.

Respondents were drawn from a sample of over 70,000 K-12 schools—public and private—
constructed from the NCES Common Core of Data (CCD) and Private School Survey (PSS) uni-
verses. Principals were contacted by email and offered compensation for their time through a
combination of guaranteed payments and a raffle for several $600 gift cards. Our final sample con-
tains 1,254 principals representing 1,085 public schools (including 87 charter schools), 143 private
schools, and 26 schools of other or unclassifiable type.

The survey incorporates two design features. First, invitations were uniquely linked to prin-
cipals, allowing us to merge responses with school-level demographic and neighborhood data and
to construct nationally representative estimates. Second, we randomized guaranteed monetary in-
centives for survey completion. This randomization generates exogenous variation in responding,

which we use to assess the extent to which our estimates may be affected by non-response bias.

3.1 Sample Construction and Representativeness

We merge the survey with data from the National Longitudinal School Database (NLSD) (Car-
roll et al., 2023), test score information from the Stanford Education Data Archive (SEDA), and
Census block group characteristics.> Because information about subsidized lunch eligibility and
performance are not available for private schools, we rely on block group household income to cap-

ture disadvantage. Importantly, linked district size and fiscal data proxy for system-level support

S

9()
Appendix Table A.2 summarizes the characteristics of schools served by respondents and com-

, including scale and spending capacity.

pares them with those of non-respondents. Respondents and non-respondents differ modestly on

3For schools not linked to NLSD, including many charter and private schools, we filled missing covariates using
CCD enrollment and lunch program files (2023—-24), PSS enrollment data (2021-22), or, where necessary, by imputing
means among observed schools in the same LEA, same county, or full invitation frame.



observables. To produce nationally representative estimates, we use weights throughout our anal-
yses that adjust for these differences. Appendix Table A.2 confirms that the weighted respondent
means closely approximate the full sample means across all variables.

The randomized response incentives will provide evidence that non-response is unlikely to bias
these estimates. As Appendix Table A.3 reports, the incentives increase response rates by 35-47%
relative to the no-incentive control group. The key idea is that the incentives draw in marginal
respondents—principals who would not otherwise have participated—allowing for testing how our
key conclusions change as the respondent pool broadens to include more reluctant participants. We

return to this idea in Section 6.3 when assessing robustness of findings.

4 Rapid and Decentralized Diffusion

We begin by examining survey responses to characterize the speed and nature of Al adoption in
schools. We asked principals whether teachers were using generative Al tools as of June in each of
the past four years (2022-2025). Figure 1 plots the share reporting teacher use over time: just 6%
report use in June 2022, rising to 90%, indicative of virtually universal adoption, by June 2025.
This is consistent evidence that AI diffusion has been rapid by historical standards (Kalyani et al.,
2025). We also ask principals whether staff had received any professional development training on
generative Al at the same time points. Figure 1 likewise shows a dramatic increase in such training
(to about 64% of schools, as of June 2025). Figure 1 therefore documents adoption outpacing one
key institutional complement. We return to broader integration in Section 6.

That use by teachers leads formal training suggests a decentralized, bottom-up process of dif-
fusion. This is consistent with other survey findings: First, Al adoption does not appear to be
driven by institutional mechanisms: most principals (58%) report that a written policy governing
generative Al is not currently in place (Appendix Figure B.4); most schools (76%) do not have a
license or contract for Al-powered tutoring (Appendix Figure B.7); and most schools (67%) did
not use pandemic-era ESSER funds for Al purchases (Appendix Figure B.3). Second, principals’
reported stance toward student Al use is largely permissive: nearly half report actively encouraging
use within rules (48%), while others discourage but stop short of banning (46%) (Appendix Figure
B.8).

4These weights are formed from a logit model, estimated on the full sample with percent economically disad-
vantaged, block group poverty rate, median household income, block group shares White, Black, and Asian, and a
private school indicator. The weights are computed as the reciprocal of the in-sample school’s predicted propensity,
trimmed at the 1st and 99th percentiles and normalized to sum to the number of respondents.



Figure 1: Al Adoption and Professional Development over Time
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Notes: This figure reports teacher Al adoption and teacher Al professional development trends for 2022—2025. Panel
(a) reports the share of principals who replied “yes” to whether “Teachers at my school were using Generative Al
tools for teaching-related tasks on or before” June 2022, June 2023, June 2024, and June 2025. Panel (b) reports
the share responding “yes” to whether “Staff at my school had received any professional development training on
generative AI” by those same June dates. Both panels stratify the series by economic disadvantage, which is based
on the free/reduced-price lunch share of students split at the median. All means are IPW-weighted adoption shares
by year. The stars reported above each pair of points correspond to the significance level of a difference in means
test between high- and low-disadvantage school rates in a given year: * p < 0.10, ™ p < 0.05, *** p < 0.01.

Figure 1 plots the time series separately for schools above and below the median in economic
disadvantage, showing that teacher adoption and professional development are consistently higher
in low disadvantage schools.? This suggests a persistent diffusion gap across schools, a question we

investigate in Section 6 by constructing an index of school-level Al integration.

5 Student and Educator Use

We next examine how students and educators are using Al. This margin matters because emerging
evidence suggests that generative Al can support learning when it provides structured assistance,
but can undermine learning when students rely on it without guardrails (e.g. Bastani et al. 2025).
The key descriptive question is therefore whether Al use in schools looks like guided instructional
integration, informal supplemental use, or replacement of traditional instruction. We find that
student use is concentrated in homework and writing, while educators use Al primarily as a pro-
ductivity aid. Overall, the patterns point to broad but shallow integration that is only weakly

embedded in instructional practices.

5 Appendix Figure B.2 instead stratifies the series by type of school, documenting gaps across sectors.



Figure 2: Student and Educator Use of Al
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Notes: This figure reports principal responses about generative AI use by students and educators. Panel (a) reports
principal responses to the question: “When AT tools are used in class, how frequently do they replace direct whole-
class instruction?” Panel (b) reports principal responses to the question: “What percent of students at your school
do you think use Generative Al for the following tasks?” Tasks include homework help and worked examples; essay
drafting and writing feedback; brainstorming and project ideation; personalized tutoring; and study guides, quizzes,
and flashcards. Panel (c) reports principal responses to the question: “What percent of teachers at your school do
you think use Generative Al for the following tasks?” Tasks include any use, lesson planning, grading, detecting
academic-integrity violations, assessment and feedback, and administrative tasks. Panel (d) reports the share of
principals answering Yes” to the question: “Do you use Generative Al for any of the following tasks?” Tasks include
offloading administrative busywork; streamlining data analysis and reporting; designing professional development;
and prepping meetings and presentations. Estimates are computed among principals with non-missing responses to
the relevant item and are IPW-weighted to be nationally representative.

5.1 Student Use

The vast majority (88%) of principals report that AI “never” or “very rarely” replaces traditional
classroom instruction (Figure 2, Panel (a)) and describe student use of Al tools as primarily sup-
porting out-of-class work. Figure 2, Panel (b), shows the five most frequently cited student tasks

are homework help (37%), essay drafting (35%), brainstorming (31%), making study guides or



practice quizzes (30%), and personalized tutoring or explanation (25%).

Principals’ perceptions of Al’s effects on student learning are mixed. While most principals
agreed that AI has no effect on within-school achievement gaps (55%), there was disagreement
about its effects on widening of achievement gaps (Appendix Figure B.9). Another 25% of principals
believe that generative Al tools have already produced improvements in student learning at their
school. But 31% believe it probably or definitely has not (Appendix Figure B.10).

Last, we asked principals about student misuse. Although AI policies, where they exist, nearly
universally cover issues of academic honesty and plagiarism (see Appendix Figure B.5), disciplinary
actions appear limited: nearly half of all principals report that no disciplinary actions have taken

place (Appendix Figure B.6).

5.2 Educator Use

For teachers, the most common tasks reported by principals are administrative tasks (40%), lesson
planning (37%), and grading and assessment (28%), with student integrity monitoring and grading
rounding out the list (Figure 2, Panel (c)). Some use cases that have received substantial public
attention—automated grading and Al-driven differentiation—are not the most common.

Principals report using Al tools in ways that enhance their productivity. 84% of respondents
report using Al for at least one of: offloading administrative busywork, streamlining data analysis
and reporting, designing professional development, and prepping meetings and presentations. The
most common use tasks are administrative busywork (72%), meeting preparation (71%), with data
analysis and designing professional development closely following. Appendix Figure E.4 shows that
male principals were more likely to be early adopters of Al tools, but that this gap has since closed.
In contrast, there was initially no racial gap, while current reported use is significantly higher
among white principals.

Among AT tools and platforms, ChatGPT is by far the dominant, used by about 90% of teachers
and principals. Around half of each group also uses Google Gemini. There is a long tail of other
single-digit alternatives that includes Microsoft Copilot, Claude, and education-specific tools such
as MagicSchool and SchoolAI (Appendix Figures B.11 and B.12).

Taken together, educator use resembles the knowledge-work tasks where generative Al has been
shown to reduce time costs and improve output quality, including writing, planning, analysis, and
communication (Noy and Zhang, 2023, Dell’Acqua et al., 2023). Our survey does not directly
estimate productivity effects, but the task mix suggests that Al is currently being used far more
to augment educator workflow than to automate instruction or deliver personalized learning. In
terms of the framework, these patterns are consistent with schools realizing the standalone value

A;(2) from low-friction Al use, while deeper integration I; remains limited.
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6 Al Diffusion Gaps

Although AT use is widespread, we next examine differences in Al integration: the policies, guidance,
educator routines, training, and tools that translate Al use into sustained practice. We document
AT diffusion gaps across K-12 schools along two distinct dimensions, economic disadvantage and
school type. The economic disadvantage gap reveals that schools with higher shares of economically
disadvantaged students are integrating Al at lower levels. The sectoral gaps reveal that both charter
and private schools are integrating Al at lower rates than traditional public schools. We show that
these gaps are robust to accounting for a variety of factors and that the headline results are not

biased by non-response.

6.1 The AI Integration Index

We construct an Al integration index as our empirical proxy for IF. The index combines seven
standardized pillars: written Al policy and policy depth, encouragement of student use, teacher
adoption, principal-use breadth, expected future integration, Al-tutoring availability, and Al pro-
fessional development. Following Kling et al. (2007), we standardize each pillar using inverse-
probability weights, average the standardized pillars, and re-standardize the aggregate to mean
zero and standard deviation one. Appendix A.1 provides the full coding rules.

An important question is whether this index captures conditions that principals perceive as
making AI more educationally valuable. To assess perceived complementarities (Equation 2), we
examine how principals’ beliefs about Al’s impact on student learning vary with the index. Ap-
pendix Figure A.2 shows that principals in more integrated schools are substantially more likely
to report positive expected effects of Al on learning: a one standard deviation increase in the Al
integration index is associated with an 11.7 percentage point increase in the probability of reporting
positive impacts. This relationship is not driven by any single component of the index; positive
beliefs are especially strongly associated with student use guidance, principal use breadth, expected
future integration, and availability of Al-enabled tutoring. These patterns are consistent with prin-
cipals perceiving Al as more effective in schools where complementary policies, practices, and tools

are more developed.

6.2 Findings

We begin by relating the AI integration index to the free and reduced-price lunch (FRPL) share
across public (and charter) schools. Panel (a) of Figure 3 overlays a regression fit over a binned scat-
terplot of the underlying data, showing a clear socioeconomic gradient: public and charter schools
serving more disadvantaged students exhibit lower levels of Al integration. Panels (b) and (c)
investigate the sensitivity of this relationship to how disadvantage is measured: panel (b) replaces
FRPL share with average test scores while panel (c) instead uses log median household income
(which is also available for private schools). Greater disadvantage continues to be associated with

lower Al integration. Panel (d) reports slope coefficients after standardizing; across all measures, a
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one standard deviation increase in economic disadvantage is associated with 0.07-0.110 lower index
value.® In Appendix Table C.1, we examine how these results change when controls are intro-
duced. Notably, the disadvantage diffusion gap is not attenuated—and is actually stronger—after
accounting for school racial demographics and state effects.

We next turn to examining how Al integration varies across sectors—public, charter, and pri-
vate. Figure 4 reports public-charter and public-private differences in the Al integration. We
find that integration in both charter schools and private schools lags integration in public schools.
Charter schools score 0.23—-0.330 lower than traditional public schools on the Al integration index;
private schools score 0.39-0.440 lower than (non-charter) public schools on the Al integration index.
As in the case of the disadvantage gap, these sector gaps remain after accounting for state effects,
neighborhood income, and racial demographics. Appendix Table C.2 reports the corresponding
regression output. These sector gaps are notable given that charter and private schools’ autonomy
could in principle accelerate integration; their lower integration suggests autonomy may not sub-
stitute for district infrastructure and vendor reach, though it may also reflect different institutional
priorities. The public-private gap also echoes earlier evidence that private schools lagged in the

diffusion of older school technologies such as advanced telecommunications (Parsad et al., 2001).

6.3 Robustness

Although the statistics we report are weighted for representation, there may be imbalance be-
tween sample respondents and non-respondents on unobservable attributes and these differences
may affect our conclusions about the diffusion gaps across K-12 schools. We use the randomized
response incentives to assess whether the headline gaps are driven by selection into the survey.
Appendix Table A.3 shows that the incentives substantially increased response rates, allowing us
to compare estimates across increasingly marginal respondents. Appendix Figure C.2 reports the
disadvantage, charter, and private-school gaps by incentive group; the estimates are stable, and
we cannot reject equality of the coefficients across groups. Appendix Figure C.3 shows the same
pattern using alternative disadvantage measures. Appendix Figure E.1 reports qualitatively similar
selection-corrected results. Appendix Figures C.4—C.6 show that the gaps are robust to alterna-
tive integration measures, including a PCA-weighted index, leave-one-component-out indices, and

current-use and institutional-support subindices.

5In Appendix Figure C.1, we examine which index components especially drive the gradient.
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Figure 3: Al Diffusion Gap by Disadvantage
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Notes: This figure reports evidence of the Al diffusion gap using alternative measures of school disadvantage. The
outcome is a standardized Al integration index that aggregates seven dimensions of school-level Al integration:
written Al policy; stance toward student AI use; teacher AT adoption; principal AT use; expected future integration;
AT tutoring availability; and Al professional development. Panels (a)-(c) plot binned scatterplots relating the index
to free/reduced-price lunch (FRPL) shares, SEDA achievement, and log neighborhood median income, respectively.
Panels (a) and (b) are restricted to public schools because FRPL and SEDA variables are unavailable for private
schools; Panel (c) includes both public and private schools. Panel (d) reports standardized regression slope coefficients
and 95 percent confidence intervals, where each disadvantage measure is normalized to mean zero and standard
deviation one. All regressions are IPW-weighted and use heteroskedasticity-robust standard errors.
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Figure 4: Al Diffusion Gap by Sector
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Notes: This figure reports charter and private school gaps in the standardized AI integration index relative to
traditional public schools. The Al integration index is the seven-dimension measure. Each bar reports the coefficient
on a charter school or private school indicator from a separate regression of the standardized Al integration index on
the sector indicator. Unadjusted bars (maroon) report unconditional differences. Adjusted bars (grey) additionally
control for log neighborhood median income, neighborhood Black, Hispanic, and Asian shares, missingness indicators
for each control, and state fixed effects. Charter school regressions are estimated on the public school sample
(traditional public versus charter schools), while private school regressions are estimated on the non-charter sample
(traditional public versus private schools). All regressions are IPW-weighted. Whiskers denote 95 percent confidence
intervals based on heteroskedasticity-robust standard errors.

7 Predictors of AI Integration and Mediators of Diffusion Gaps

We now use our survey and auxiliary data to distinguish between factors that predict integration
levels and factors associated with diffusion gaps. In Section 2, observed school-level factors x; may
raise integration by increasing the marginal return to complementary investment or lowering its
cost, but these factors need not mediate any differences in integration across groups. Therefore,
Panel (a) of Figure 5 asks which observed factors predict the integration index, while Panel (b)
asks whether conditioning on those factors attenuates the disadvantage and sector gaps.

We organize the observed factors into four commonly emphasized channels: beliefs, leadership,
budgets, and barriers. Beliefs capture principals’ perceived value of Al and concerns about equity

effects. Leadership captures principal discretion and teacher champions. Budgets capture available
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and flexible resources, including targeted ESSER use. Barriers capture reported frictions such as
cost, teacher skill gaps, student misuse, infrastructure limits, parent concerns, and policy restric-
tions. We also examine district scale and fiscal capacity as proxies for system-level support Sy

and assess the role of cell-phone restriction policies.

7.1 What Factors Predict AI Integration?

We begin the mechanisms analysis by examining associations between Al integration and surveyed
factors. For each of ten surveyed factors, spread across the four channels discussed above, we
regress the Al integration index on the predictors while controlling for disadvantage, demographic
missingness, and state fixed effects. Because the district/system capacity measures are available
only for traditional public schools, Panel (a) of Figure 5 focuses on the common traditional-public-
school sample. Across all factors, principals’ positive perceptions about AI’s impact is by far the
strongest predictor of Al integration. Principals that agree that Al is likely to have a positive impact
score 0.50 higher on the Al integration index. Schools with teacher champions, a factor related to
leadership, also score roughly 0.2¢ higher on the index. Principal discretion over Al purchasing and
adoption and budget availability (determined as having at least $5,000 available for AI purchases)
also strongly predict Al integration. District scale is positively associated with Al integration,
though imprecisely estimated, while log current spending per pupil and log administrative spending
per pupil do not strongly predict integration.

We also find that targeted funding appears more informative than general spending. Roughly
13% of schools report using ESSER funds for Al-related purchases and these schools score about
0.25¢0 higher on the integration index. This pattern is consistent with targeted resources helping
schools convert general capacity into Al-specific complements, even though overall district spending
and administrative spending are not strongly predictive. Last, we find that a standardized cell-
phone restriction index, included as a proxy for schools’ broader technology environment, is not
strongly associated with the full integration index, though its negative association is concentrated
in the teacher-adoption pillar (see Appendix Figure D.2 and Appendix A.2 for additional details).

Perhaps the most striking feature of Panel (a) of Figure 5 is the asymmetry between facilitators
and perceived barriers. Although principals cite several kinds of barriers to integrating, including
costs, student misuse, teacher skill gaps, and policy, none appears to predict Al integration very well.
Overall, principals can readily name the obstacles they encounter, but those self-reported obstacles
do not appear to translate into observable differences in integration. This suggests that moving

integration may require more than removing reported obstacles or increasing general spending.
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Figure 5: Factors that Predict Al Integration and Explain Diffusion Gaps
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Notes: This figure reports regression estimates assessing predictors of Al integration and the extent to which those
predictors explain the diffusion gaps. The outcome is the standardized AI integration index. Panel (a) reports
coefficients on school-level predictors from a single regression estimated on the traditional public school sample that
controls for standardized FRPL share, demographic missingness indicators, and state fixed effects. The predictors are
grouped into six categories: principal beliefs, leadership and discretion, budget flexibility and ESSER use, perceived
barriers to adoption, cell-phone restrictions, and district/system capacity. The displayed coefficients in Panel (a)
include whether the principal believes AI has improved student learning (Beliefs); whether the principal credits
teacher champions for enabling AI adoption and has authority to purchase instructional software (Leadership); and
whether the school has sufficient budget and flexibility to direct funds toward AI purchases (Budget). Panel (b)
reports coeflicients on each diffusion gap across sequential specifications that cumulatively add the predictor groups
included in Panel (a). Disadvantage coefficients are estimated on the traditional public school sample; charter school
coefficients are estimated on the public school sample (traditional public versus charter schools); private school
coefficients are estimated on the non-charter sample (traditional public versus private schools). District/system
capacity specifications are estimated only for the FRPL-gap analysis because district scale and fiscal capacity measures
are not defined comparably for charter and private schools. All regressions are IPW-weighted. Whiskers denote 95
percent confidence intervals based on heteroskedasticity-robust standard errors.

7.2 What Explains Diffusion Gaps?

What can we learn about the mechanisms driving diffusion gaps? Appendix Figure D.1 shows why
the observed school-level channels are unlikely to mediate the gaps. Beliefs differ more by sector
than by disadvantage; leadership and budget flexibility often run against the observed gaps; and
commonly reported barriers, including teacher skill gaps and student misuse, are relatively flat
across disadvantage groups.

Panel (b) of Figure 5 confirms this implication. Conditioning on beliefs, leadership, budget,
ESSER use, and barriers leaves the disadvantage and sector gaps essentially unchanged. For ex-
ample, the coefficient on log neighborhood income moves from —0.13¢ in the baseline specification
to —0.140 in the fully saturated model. Likewise, the charter gap only moves from —0.28¢ to
—0.370 and the private school gap moves from —0.400 to —0.490 when accounting for the surveyed

factors. We also add a the standardized cell-phone restriction index; the lower-income and charter
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gaps are effectively unchanged, and the private-school gap becomes slightly more negative, moving
from —0.490 after the surveyed mechanisms to —0.510 after adding the cell-phone index. Thus,
although stronger cell-phone restrictions predict slower teacher adoption, they do not explain the
private-school gap or the other diffusion gaps. None of these movements are statistically meaningful.
Appendix Figure E.3 reports selection corrected estimates and are qualitatively similar.

The one margin that does attenuate the disadvantage gap is system scale, the closest observed
proxy for Sy;) in the framework. Adding district scale reduces the gap from about —0.110 to about
—0.070, roughly 36% of the gap. Adding the fiscal measures on top of district scale produces little
additional attenuation, suggesting that the relevant capacity margin is organizational scale rather
than per-pupil spending.

Taken together, Figure 5 shows that the factors associated with higher integration levels are
not necessarily the factors that explain the gaps. Our results suggest that unequal diffusion arises
from differences in the conditions and choices that enable integration. This suggests that policies
that raise Al integration levels—e.g., by targeting principals’ beliefs or budgets—may not reduce
disparities across schools. Instead, the evidence points to the relative importance of factors that
shape how access to Al tools and implementation support are distributed across schools: the relative
importance of Sy
system-level features.

over ;. These include differences in district capacity, vendor reach, and other

8 Conclusion

Generative Al has entered K-12 schools with remarkable speed. In less than three years, use within
schools rose from near zero to near universal, and schools have largely chosen to manage student
use rather than prohibit it. But adoption is not integration. Student use remains concentrated in
homework and writing, educators use Al mainly for planning and administrative support, and
institutional complements such as professional development, written guidance, and Al-enabled
instructional infrastructure remain less developed.

If Al is a general-purpose technology whose value depends on complementary investments, then
adoption alone is an incomplete measure of diffusion. The relevant question is not only whether
schools use AI, but whether they have built the policies, routines, training, tools, and guidance
to shape its use. Measuring those complements reveals a new form of digital inequality in K-12
schools: not unequal access to Al tools, but unequal development of the policies, routines, training,
and infrastructure that govern school-level use. Schools serving more disadvantaged students, as
well as charter and private schools, have lower levels of Al integration across policy, training, use,
tutoring infrastructure, and future plans.

Our evidence on factors facilitating integration and mediating gaps reinforce our interpretation.
Principal beliefs, teacher champions, budget availability, and targeted ESSER use predict which
schools are more integrated, but they do not explain the socioeconomic or sectoral gaps. The

factors that raise integration levels are therefore not necessarily the factors that close integration
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gaps. District scale, by contrast, explains part of the disadvantage gap, suggesting that system-level
supports may matter more than school-level willingness or general spending alone.

These findings reveal a narrower and harder policy problem than simply encouraging Al adop-
tion. If AD’s effects depend on local complements, then policies that increase use may leave dis-
parities intact. Closing Al integration gaps may therefore require strengthening the school and
district capacity that converts widespread access into directed practice, while recognizing that dif-
ferences in integration may also reflect schools’ underlying models and priorities rather than purely
constraints. Whether these diffusion gaps translate into achievement gaps remains an important
and open question, but the evidence here shows that the conditions for unequal effects are already

present.
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A Data Appendix

Table A.1: Survey Modules

Module

Title

Content

0

7

School & Principal Profile

Decision Authority & Budget

Policy, Governance & Ethics

Teacher Professional Development

Tutoring & Al-Assisted Teaching

Student Adoption & Guidance

Barriers, Enablers & Outlook

Demographics

School type (public, charter, private), grades served, years
as principal

Purchasing authority for instructional software, discre-
tionary technology budget, use of federal pandemic-relief
(ESSER) funds for Al ease of redirecting funds toward Al
Existence and scope of written generative AI policy
(district- vs. school-level), topics covered (privacy, academic
honesty, accessibility), disciplinary actions for AI misuse
Timeline of teacher AI adoption (2022-2025), estimated
share of teachers using Al for specific tasks (lesson plan-
ning, grading, feedback), AI professional development de-
livery and coverage

Al-tutoring platform licensing, student usage rates, fre-
quency of Al replacing direct instruction, principal beliefs
about measurable learning improvements from Al
Estimated student AI usage by task (homework, essay
drafting, study tools), school stance toward student AT use
(encouraged, discouraged, prohibited), beliefs about Al and
achievement gaps

Top two barriers to AI adoption (cost, policy, teacher
skill gaps, infrastructure, parent concerns, student misuse),
most important enabling factor (teacher champions, vendor
support, district mandate), expected Al integration three
years ahead, principal’s own Al use

Race/ethnicity, gender, education level, years as educator

Notes: This table summarizes the eight modules of the survey. Each row lists the module number, title, and a brief
description of the topics covered.



Table A.2: Comparison of Respondents to Non-Respondents

Respondents Non-respondents Difference

Mean SD IPW mean Mean SD Raw IPW
FRPL Share 0.59 0.27 0.54 0.55 0.26 0.04***  -0.01
SEDA Achievement -0.09 0.42 -0.03 -0.03 0.40 -0.06*%**  -0.00
School Enrollment 590.80 416.76 593.40 593.38  447.69 -2.57 0.02
Neighborhood Median Income  73.18  36.42 75.26 74.75 34.81 -1.57 0.51
Neighborhood White Share 64.47  26.70 69.05 68.60 22.85 -4.13*%*  0.46
Neighborhood Black Share 15.82  23.18 15.12 15.12 19.51 0.70 0.00
Neighborhood Hispanic Share  22.78  25.64 19.79 20.15 22.67 2.62%%  -0.36
Neighborhood Asian Share 6.23 11.22 4.93 5.06 8.30 1.17* -0.12
Charter School 0.08 0.27 0.07 0.09 0.28 -0.01 -0.02
Private School 0.12 0.33 0.15 0.15 0.35 -0.02 0.00
N principals 1,254 71,985 73,239

Notes: This table compares observable school and neighborhood characteristics for survey respondents with non-
respondents in the sample. The sample contains 73,239 K—12 school contacts assembled from the NCES Common Core
of Data and Private School Survey. Columns report unweighted respondent means and standard deviations, IPW-
weighted respondent means, and unweighted non-respondent means and standard deviations. The difference columns
report coefficients from regressions of each characteristic on a respondent indicator, estimated without and with IPW
weights, respectively, using state-clustered standard errors. IPW weights are inverse response propensities, trimmed
at the first and ninety-ninth percentiles and normalized to sum to the respondent count. The logit propensity model
includes seven predictors: FRPL share, neighborhood poverty rate, log neighborhood median income, neighborhood
White share, neighborhood Black share, neighborhood Asian share, and private school indicator. Private schools
are excluded from the FRPL share and SEDA achievement rows because those measures are unavailable for private

schools. * p < 0.10, ** p < 0.05, *** p < 0.01.



Table A.3: Randomization Balance and Incentive Effects

Control mean $5 $10+
Responded (%) 1.31 0.46%F*F  0.61%**
(0.12)  (0.11)
FRPL Share 55.14 -0.08 -0.05
(0.28)  (0.26)
SEDA Achievement -0.03 0.01 0.00
(0.00)  (0.00)
Log School Enrollment 6.14 -0.01 0.00
(0.01)  (0.01)
Log Neighborhood Median Income 4.22 0.00 -0.00
(0.00)  (0.00)
Neighborhood White Share 68.60 0.44* 0.40*
(0.23)  (0.21)
Neighborhood Black Share 15.19 -0.39%*  -0.21
(0.20)  (0.18)
Neighborhood Hispanic Share 19.83 0.13 0.17
(0.23)  (0.21)
Neighborhood Asian Share 5.11 0.03 -0.11
(0.08)  (0.08)
Joint test p-value 0.164 0.366
Joint Wald test (both arms) p-value 0.239

Notes: The table uses the invitation data of 73,239 schools. Each row reports coefficients from a regression of
the listed outcome on indicators for assignment to the $5 guaranteed-incentive arm and to either the $10 or $20
guaranteed-incentive arm, with the no-incentive arm omitted and randomization-block fixed effects included. The
response-rate and FRPL-share outcomes are reported in percentage points; all other outcomes are pre-survey school
or neighborhood characteristics from the cleaned analysis sample. The FRPL share and SEDA achievement rows
are restricted to public schools because those measures are unavailable for private schools. We report p-values of
tests that jointly test balance across all covariates for each arm separately and a version that combines both arms.
Heteroskedasticity-robust standard errors are reported in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01.



Figure A.1: Respondents by State
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Notes: This figure plots a choropleth map of the geographic distribution of retained survey respondents across the
contiguous United States. States are shaded by the number of retained survey respondents in each state, binned
into quintiles using the empirical distribution of respondent counts across all states with at least one response. State
assignments are taken from the school’s NCES state FIPS code where available and otherwise from the principal’s
email domain or manual school identification. Color shading transitions from sand (lowest quintile) to maroon (highest
quintile); states with no respondents are shown in light grey. The map describes raw respondent counts and is not
weighted by IPW.

A.1 Al Integration Index

We use the survey responses to build an Al integration index that aggregates information on formal
policies, encouragement of student use, leadership engagement, teacher adoption and breadth of
classroom use, expected future integration, and the availability of Al-based instructional tools and
professional development. This index is our empirical proxy for I outlined in the conceptual
framework. The integration index is constructed as the average of seven standardized pillars:

1. AT policy: School has a written generative Al policy at the district or school level and depth
of policy. Coded as zero if there is no policy, one if there is a policy, and two if there is a
policy and at least three of the five listed items are covered by the policy.

2. Student use encouraged (binary): School actively encourages student AI use with clear
rules, rather than discouraging or prohibiting it.

3. Teacher adoption: Mean of four binary indicators for whether teachers had adopted Al
tools by June 2022, 2023, 2024, and 2025. This component ranges from 0 to 1.

4. Principal-use breadth: Share of four administrative tasks—offloading administrative busy-
work, streamlining data analysis and reporting, designing professional development, and prep-
ping meetings and presentations—for which the principal personally uses generative Al. This
component ranges from 0 to 1.



5. Future integration (binary): Principal expects extensive or embedded Al integration within
three years.

6. AI tutoring license (binary): School currently has a license or contract for an Al-powered
tutoring platform.

7. Al professional development: Staff received generative A1 PD by June 2025 and percep-
tions about PD effectiveness. Coded as zero if no PD, one if received by June 2025, and two
if received PD and perceived as effective.

We follow Kling et al. (2007) and aggregate the pillars by first standardizing each one (to the
inverse-probability-weighted survey distribution), then averaging the standardized values across
pillars, and finally re-standardizing the resulting aggregate to mean zero and standard deviation
one.

Figure A.2: AI Integration and Beliefs about AI’s Impact on Student Learning

Full 7-pillar Al integration index =_ Overall index
Policy/topic depth o -
Student-use guidance ==
Teacher adoption
Principal-use breadth == Index pillar

Expected future integration

Al-tutoring license

Al PD/effectiveness |

0% 5% 10% 15%
Coefficient on standardized index/pillar (pp positive-belief share)

-®- Unadjusted (no controls/FE) -@ Adjusted + state FE

Notes: This figure reports coefficients from linear probability models regressing principals’ positive student-learning-
impact belief on the standardized Al integration index and each standardized index pillar. The outcome is an
indicator equal to one when the principal answered “probably yes” or “definitely yes” to “Do you believe Genera-
tive Al tools have produced measurable improvements in student learning at your school?” The full index is the
seven-pillar Al integration index defined in Appendix A.1; component rows use the corresponding standardized pil-
lars. Unadjusted estimates include no controls or fixed effects. Adjusted estimates control for standardized FRPL
disadvantage, school racial composition, missingness indicators, and state fixed effects. All regressions are estimated
on the common traditional-public-school sample, use IPW weights, and report 95 percent confidence intervals based
on heteroskedasticity-robust standard errors.



A.2 Cell-Phone Policy Data

We supplement the principal survey with school-level measures of student cell-phone restrictions.
The policy data were collected from publicly available sources, including student handbooks, codes
of conduct, board policy manuals, district or school web pages, and related parent-student policy
documents. We searched for current policies governing student possession, storage, and use of
cell phones or personal electronic devices during the school day. After the initial collection, we
conducted an audit and recoding process in which coders reviewed the original source information
and, when necessary, conducted an independent search to verify whether the policy applied to the
relevant school and school year.

We code each school’s policy along a restrictiveness scale from 0 to 5. A value of 0 indicates
that no cell-phone restriction was found. A value of 1 indicates a weak or limited restriction, such
as rules that silence phones or restrict disruptive use but do not clearly prohibit use during class. A
value of 2 indicates a classroom-only restriction, where phones are prohibited during instructional
time but may be allowed during passing periods, lunch, or other non-instructional parts of the day.
A value of 3 indicates a full-day use restriction, where students may possess phones but may not
use them during the school day. A value of 4 indicates a full-day storage restriction, where phones
must be kept away, such as in backpacks, lockers, or designated storage. A value of 5 indicates
the strongest restrictions, such as policies that prohibit possession during the school day or require
phones to be locked in pouches, lockers, or another controlled storage system. Appendix Table A.4
reports summary statistics of the various measures we collect separately for each sector.



Table A.4: Cell-Phone Policy Measures by Sector

Public Charter Private

Any policy found (%) 95.9 93.8 57.0
No policy found (%) 3.9 6.1 42.2
Weak /silenced-only policy (%) 1.0 0.0 0.6

Classroom-only restriction (%) 20.3 14.2 5.5

School-day restriction or stronger (%) 74.5 79.6 50.7
Full-day use only (%) 22.8 24.7 8.7

Storage restriction or stronger (%) 51.6 54.9 41.9
Full-day storage only (%) 46.4 34.3 20.9
Possession /locked-storage restriction (%) 5.3 20.6 21.0
0-5 restriction index (mean) 3.22 3.43 2.26
0-5 restriction index (SD) 1.12 1.30 2.12
Standardized restriction index (mean) 0.09 0.24 -0.60

Notes: This table reports student cell-phone and personal-device policy measures by school sector, coded from
publicly available non-survey sources such as student handbooks, codes of conduct, board policy manuals, district or
school web pages, and parent-student policy documents. Public denotes traditional public schools. Traditional public
schools are assigned the district-level policy; charter and private schools are assigned school-, network-, or governing-
organization-level policies when available. Percentages, means, and standard deviations are IPW-weighted. Any
policy found indicates that we identified an applicable student cell-phone or personal-device policy; no policy found
indicates that no applicable policy was identified. Weak /silenced-only policies require phones to be silenced or prohibit
disruptive use but do not clearly restrict classroom or school-day use. Classroom-only restrictions prohibit use during
instructional time but allow or do not clearly prohibit use during non-instructional time. School-day restriction or
stronger is a cumulative indicator for policies that prohibit use throughout the school day, require storage throughout
the day, ban possession, or require locked storage. Full-day use only is the mutually exclusive category for policies
that prohibit use throughout the school day while allowing possession. Storage restriction or stronger is a cumulative
indicator for policies requiring phones to be stored away, banning possession, or requiring locked storage. Full-day
storage only is the mutually exclusive category for policies requiring storage throughout the day without banning
possession or requiring locked storage. Possession/locked-storage restrictions ban possession during the school day
or require phones to be locked in pouches, lockers, or another controlled storage system. The 0-5 restriction index
ranges from 0 for no restriction found to 5 for possession bans or locked-storage requirements, with higher values
indicating more restrictive student cell-phone policies. The standardized restriction index standardizes this 0-5 index
using IPW weights.



B Rapid and Decentralized Diffusion — Supporting Evidence

Figure B.1: Teacher AI Adoption and Professional Development Timelines
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Notes: This figure documents the rapid diffusion of generative Al in U.S. K—12 schools between 2022 and 2025. Panel
(a) plots the IPW-weighted share of schools for which principals reported that teachers were using Generative Al
tools for teaching-related tasks on or before June of each year, 2022-2025. Panel (b) plots the IPW-weighted share
of schools for which principals reported that staff had received any professional development training on generative
Al by the same June dates. Both panels show annual point estimates connected by lines on the full sample of 1,254
responding principals; no additional controls or fixed effects are included. The outcomes are binary indicators for
any reported teacher AI adoption and any reported AI professional development, respectively. All estimates are
IPW-weighted to be nationally representative of U.S. K—12 schools.



Figure B.2: Adoption and Professional Development by Sector
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Notes: This figure reports teacher Al adoption and Al professional development trends by school sector for 2022—
2025. Panel (a) reports the IPW-weighted share of schools for which principals reported that teachers were using
Generative Al tools for teaching-related tasks on or before June of each year, separately for traditional public, charter,
and private schools. Panel (b) reports the analogous share of schools for which principals reported that staff had
received any professional development training on generative AI by the same June dates. The stars reported above
charter and private points correspond to the significance level of unadjusted differences relative to traditional public
schools in a given year: * p < 0.10, ** p < 0.05, ™ p < 0.01. All estimates are IPW-weighted.

Figure B.3: ESSER Funds and AI Adoption
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Notes: Panel (a) reports the IPW-weighted share of schools whose principals reported that their school had used
federal pandemic-relief funds (e.g., ESSER) for Al-related purchases, separately for traditional public, charter, and
private schools. Principals could answer yes, no, or not sure; the plotted indicator codes yes as reported ESSER
use and no or not sure as not reported ESSER use. Panel (b) plots the IPW-weighted share of schools for which
principals reported that teachers were using Generative Al tools for teaching-related tasks on or before June of each
year, 20222025, separately by this reported ESSER-use indicator. The vertical axes show percentages.



Figure B.4: Generative Al Policy Status
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Notes: This figure reports the IPW-weighted distribution of schools’ formal generative Al policy status as of June
2025. Principals were asked whether their school has a written policy specifically addressing generative Al use. The
bars show the share of schools in each of four mutually exclusive response categories: a written policy in place at the
district level, a written policy in place at the school level, a policy currently in draft, or no written policy. The figure
includes all 1,254 responding principals and uses IPW weights to be nationally representative.
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Figure B.5: Topics Covered by Al Policy
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Notes: This figure reports the IPW-weighted share of schools reporting that a district-level generative AI policy,
school-level generative AI policy, or draft generative AI policy explicitly covers each topic area. Principals who
reported a district-level policy, school-level policy, or draft in progress were asked, “Which topics are explicitly
covered in that policy? (Select all.)” Response options are “student data privacy,” “academic honesty/plagiarism,”
“special-education accommodations,” “accessibility,” “content filtering/safety,” and “other.” The sample is restricted
to principals with a non-missing response to this policy-topics item. All estimates are IPW-weighted to be nationally
representative of schools answering the item.
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Figure B.6: Disciplinary Actions for AT Misuse
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Notes: This figure reports the IPW-weighted distribution of the number of disciplinary actions for AI misuse in the
most recent academic year, separately for students, teachers, and other staff, among schools reporting a district-level
generative Al policy, school-level generative AI policy, or draft in progress. Principals who reported a district-level
policy, school-level policy, or draft in progress were asked, “Based on existing policy at your school, what number of
disciplinary actions for AI misuse occurred at your school in the most recent academic year for the following parties:”
students, teachers, and other staff. Response bins are 0, 1-2, 3-5, and 6+. The sample is restricted to principals with
a non-missing response to the relevant group item. All estimates are IPW-weighted to be nationally representative
of schools answering the item.

Figure B.7: Al-Powered Tutoring License or Subscription
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Notes: This figure displays whether schools hold an active license or contract for an Al-powered tutoring platform.
Principals were asked whether their school currently has a license or contract for any Al-powered tutoring platform.
Response options are yes and no. All estimates are IPW-weighted to be nationally representative.
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Figure B.8: Stance Toward Student Use of Generative Al Tools
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Notes: This figure reports schools’ official stance toward student use of generative Al tools. Principals were asked
the current stance communicated to students regarding Generative Al use. The bars show the IPW-weighted share
of schools in each of three response categories: actively encouraged for learning, including studying and homework
assistance, with clear rules; discouraged but not banned; or prohibited. The figure includes all 1,254 responding
principals and uses IPW weights to be nationally representative.

Figure B.9: Generative Al Widening Achievement Gaps
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Notes: This figure reports the IPW-weighted distribution of principal agreement with the statement, “Generative
Al is widening achievement gaps among students in my school” Responses are on a five-point agreement scale:
“strongly disagree,” “somewhat disagree,” “neither agree nor disagree,” “somewhat agree,” and “strongly agree.” The
figure includes principals with non-missing responses to this item. All estimates are IPW-weighted to be nationally
representative.
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Figure B.10: Generative Al Produced Improvements in Learning
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Notes: This figure reports the IPW-weighted distribution of principal responses to whether Generative AI tools
have produced measurable improvements in student learning at their school. Principals were asked, “Do you believe
Generative Al tools have produced measurable improvements in student learning at your school?” Response options
are “definitely not,” “probably not,” “might or might not,” “probably yes,” and “definitely yes.” The figure includes
principals with non-missing responses to this item. All estimates are IPW-weighted to be nationally representative.



Figure B.11: Generative Al Services Used by Principals
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Notes: This figure reports the IPW-weighted share of principals frequently using each generative Al service. Principals
were asked, “Which of the following services do you frequently use? Check all that apply,” with response options
for OpenAI-ChatGPT, Google-Gemini, Anthropic-Claude, X-Grok, DeepSeek—R1, and Other. Free-text responses
originally reported as Other were reclassified into named service categories where identifiable; residual unclassified
responses are reported in the Other bar. The sample is restricted to principals who selected at least one listed or
reclassified service. All estimates are IPW-weighted to be nationally representative.
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Figure B.12: Generative Al Services Used by Teachers
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Notes: This figure reports the IPW-weighted share of schools where principals report teachers use each generative Al
service. Principals were asked, “Which of the following services do you know teachers at your school use? Check all
that apply,” with response options for OpenAI-ChatGPT, Google-Gemini, Anthropic—Claude, X—Grok, DeepSeek—
R1, and Other. Free-text responses originally reported as Other were reclassified into named service categories where
identifiable; residual unclassified responses are reported in the Other bar. The sample is restricted to schools where
principals selected at least one listed or reclassified teacher service. All estimates are IPW-weighted to be nationally
representative.
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C Al Diffusion Gaps — Supporting Evidence

Table C.1: Al Diffusion Gap by Disadvantage

(1) (2) (3)

(4)

() (6)

FRPL SEDA Income
Baseline Controls Baseline Controls Baseline Controls
FRPL Share -0.359***  -0.368**
(0.110) (0.156)
SEDA Achievement 0.269***  0.302***
(0.072) (0.108)
Log Neighborhood Median Income 0.170***  0.126*
(0.054) (0.067)
Neighborhood Black Share 0.146 0.222 0.036
(0.192) (0.207) (0.153)
Neighborhood Hispanic Share 0.085 0.108 -0.006
(0.190) (0.185) (0.150)
Neighborhood Asian Share -0.192 -0.282 0.143
(0.300) (0.306) (0.293)
Observations 932 932 932 932 1228 1228
State FE No Yes No Yes No Yes
Sample Public 4+ charter schools All schools

Notes: This table reports the association between Al integration and economic disadvantage using three alternative

disadvantage measures.

The dependent variable is the Al integration index; Appendix Section A.1 describes its

construction. Columns are grouped by the focal disadvantage measure. The FRPL Share and SEDA Achievement
columns use the public school sample, including charter schools, because these measures are unavailable for private
schools. The Income columns use Log Neighborhood Median Income and include all sectors. Baseline specifications
include the focal disadvantage measure and its missingness indicator. Controls specifications additionally include
neighborhood Black, Hispanic, and Asian shares, missingness indicators for those controls, and state fixed effects.
All regressions use IPW weights and report heteroskedasticity-robust standard errors in parentheses. * p < 0.10,

** p < 0.05, ** p < 0.01.
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Figure C.1: Component-Level FRPL Gaps
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Notes: Each point is the coefficient on FRPL share from a separate regression of the indicated Al index component
on FRPL, with state fixed effects, IPW weights, and missingness controls. Components are: Policy, written district-
or school-level generative Al policy/topic depth, coded 0 for no written policy or draft only, 1 for a written policy, and
2 for a written policy covering at least three of five listed topics (student data privacy, academic honesty/plagiarism,
special-education accommodations, accessibility, and content filtering/safety); Student policy, whether the current
stance communicated to students is “Actively encouraged for learning, including studying and homework assistance,
with clear rules”; Teacher adopt, the mean of four indicators for teacher use of generative Al tools for teaching-related
tasks on or before June 2022, June 2023, June 2024, and June 2025; Principal use, the mean of four indicators for
principal use to offload administrative busywork, streamline data analysis/reporting, design professional development,
and prepare meetings/presentations; Future plans, expected “Extensive-most instruction” or “Embedded-routine in
all classes” integration three years ahead; Tutoring, a current license or contract for any Al-powered tutoring platform;
and PD, staff generative AI professional development by June 2025, with an additional point when at least 25% of
instructional staff completed at least two hours of such professional development. Error bars are 95% Cls.
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Table C.2: AI Diffusion Gap by Sector

(1) (2)

3) (4)

Charter Private
Baseline Controls Baseline Controls
Charter School -0.236**  -0.327***
(0.112) (0.124)
Private School -0.438***  -0.392***
(0.086) (0.100)
Log Neighborhood Median Income 0.072 0.100
(0.072) (0.070)
Neighborhood Black Share -0.087 -0.095
(0.169) (0.164)
Neighborhood Hispanic Share -0.213 -0.123
(0.170) (0.160)
Neighborhood Asian Share -0.212 -0.080
(0.284) (0.307)
Observations 1085 1085 1129 1129
State FE No Yes No Yes
Sample Public + charter Public + private

Notes: This table reports the association between Al integration and charter school and private school status. The
dependent variable is the Al integration index; Appendix Section A.1 describes its construction. The charter columns
use the traditional public and charter school sample; the private columns use the traditional public and private school
sample. Controls specifications include neighborhood Black, Hispanic, and Asian shares, missingness indicators for
those controls, and state fixed effects. All regressions use IPW weights and report heteroskedasticity-robust standard

errors in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01.
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Figure C.2: Robustness of Diffusion Gaps to Selection into Survey
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Notes: This figure reports diffusion gaps estimated on the full sample and by randomized response-incentive tier (no
incentive, $5, and $10/$20). The outcome is the standardized Al integration index, which aggregates seven standard-
ized survey pillars: written generative Al policy and topics explicitly covered; student use actively encouraged for
learning, including studying and homework assistance, with clear rules; teacher use of generative Al tools for teaching-
related tasks by June 2022, 2023, 2024, and 2025; principal use for offloading administrative busywork, streamlining
data analysis/reporting, designing professional development, and prepping meetings/presentations; expected exten-
sive or embedded integration three years ahead; a license or contract for any Al-powered tutoring platform; and staff
generative Al professional development by June 2025 plus at least 25% of instructional staff completing at least two
hours of such professional development. Each reported estimate corresponds to the coefficient on economic disadvan-
tage/FRPL share (Panel a), charter indicator (Panel b), or private indicator (Panel c), estimated in a regression of
the standardized Al index on the focal measure, state indicators, racial demographics, missing indicators for schools
with missing demographics, and log neighborhood income for the sector panels. All regressions are IPW-weighted,
and heteroskedasticity-robust standard errors are used to construct the reported 95 percent confidence intervals. The
reported p-value tests the joint null that the focal coefficient is equal across incentive tiers.
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Figure C.3: Robustness to Selection into Survey Responses - Alternative Measures of Disadvantage
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Notes: This figure replicates Figure C.2 using two alternative measures of school disadvantage. The outcome is
the same standardized Al integration index, aggregating written generative AI policy and topics explicitly covered;
student use actively encouraged for learning, including studying and homework assistance, with clear rules; teacher
use of generative Al tools for teaching-related tasks by June 2022, 2023, 2024, and 2025; principal use for offloading
administrative busywork, streamlining data analysis/reporting, designing professional development, and prepping
meetings/presentations; expected extensive or embedded integration three years ahead; a license or contract for any
Al-powered tutoring platform; and staff generative AI professional development by June 2025 plus at least 25% of
instructional staff completing at least two hours of such professional development. Panel (a) reports the coefficient
on standardized SEDA average test scores (1 SD) across the full sample and randomized response-incentive tiers,
estimated on the public-school sample with controls for racial demographics, missingness indicators, and state fixed
effects. Panel (b) reports the coefficient on log median neighborhood household income across the same displayed rows,
estimated on the full sample of public and private schools with the same controls. Each estimate is IPW-weighted
with heteroskedasticity-robust standard errors used to construct the reported 95 percent confidence intervals. The
reported p-value tests the joint null that the coefficient is equal across incentive tiers; failure to reject this null suggests
that the diffusion gaps are robust to selection into survey response generated by the randomized incentive arms.
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Figure C.4: Diffusion Gaps Using a PCA-Based Index
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Notes: The PCA index is the first principal component of the seven standardized baseline components, oriented to
be positively correlated with the equal-weight baseline index. The components are written generative Al policy/topic
depth; student use actively encouraged for learning with clear rules; teacher use of generative Al tools for teaching-
related tasks by June 2022-2025; principal use for administrative busywork, data analysis/reporting, professional-
development design, and meetings/presentations; expected extensive or embedded integration three years ahead; an
Al-powered tutoring platform license or contract; and staff generative AI professional development by June 2025
plus at least 25% of instructional staff completing at least two hours of such professional development. PC1 explains
32% of component variance and correlates 1.00 with the baseline index. Specifications, samples, and inference match
Figure C.5.
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Figure C.5: Robustness of Diffusion Gaps to Leave-One-Component-Out Indexes
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Notes: Each row corresponds to a re-estimation of the three headline diffusion gaps using an alternative Al integration
index that drops one of the seven baseline components: written generative Al policy/topic depth; student use
actively encouraged for learning with clear rules; teacher use of generative Al tools for teaching-related tasks by June
2022-2025; principal use for administrative busywork, data analysis/reporting, professional-development design, and
meetings/presentations; expected extensive or embedded integration three years ahead; an Al-powered tutoring
platform license or contract; and staff generative AI professional development by June 2025 plus at least 25% of
instructional staff completing at least two hours of such professional development. The disadvantage gap is the
coeflicient on standardized FRPL share (1 SD) on the common public-school sample with missingness controls; charter
and private gaps are estimated using the adjusted specifications from Figure 4 (state fixed effects, log neighborhood
income, racial demographics, and missingness controls). All regressions are IPW-weighted with heteroskedasticity-
robust 95% confidence intervals.
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Figure C.6: Diffusion Gaps for Current-Use vs. Institutional-Support Sub-Indexes
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Notes: The current-use index combines the student-encouragement, teacher-adoption, and principal-use components:
student use actively encouraged for learning, including studying and homework assistance, with clear rules; teacher
use of generative Al tools for teaching-related tasks by June 2022-2025; and principal use for offloading administrative
busywork, streamlining data analysis/reporting, designing professional development, and prepping meetings/presenta-
tions. The institutional-support index combines the written-policy, Al-tutoring-license, and professional-development
components: a written policy specifically addressing generative Al use plus topics explicitly covered in that policy; a
license or contract for any Al-powered tutoring platform; and staff generative Al professional development by June
2025 plus at least 25% of instructional staff completing at least two hours of such professional development. The
expected-future-integration component is included only in the baseline all-seven index. Each index is standardized
using IPW weights. Specifications, samples, and inference match Figure C.5.
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D What Mechanisms Drive the Diffusion Gaps? — Supporting
Evidence

Figure D.1: Factors that May Explain the Diffusion Gap
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Notes: This figure reports seven principal-reported mechanism variables by school disadvantage and sector. The left
column splits public schools at the median FRPL share, with above-median schools classified as high disadvantage; the
right column compares traditional public, charter, and private schools. Variables cover belief, leadership, budget, and
professional-development channels. Belief measures indicate whether principals report measurable student-learning
improvements from generative Al and whether they agree that generative Al is widening achievement gaps. Leadership
measures indicate principal authority to purchase instructional software and teacher champions as the top enabler
of current AI efforts. Budget measures indicate a discretionary technology budget of at least $5,000 and whether
redirecting funds toward Al is easy or very easy. The professional-development measure indicates agreement that
Al-related PD improved lesson-planning efficiency, conditional on the school having received AI PD. All shares are
IPW-weighted.
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D.1 Cell-Phone Restrictions and AI Integration

Figure D.2: Cell-Phone Restrictions and Teacher Al Adoption
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Notes: This figure reports coefficients from separate regressions of the standardized teacher-adoption pillar on each
recoded cell-phone restriction measure. Cell-phone measures are coded from public district- or school-level policy
sources, not the principal survey; the 0-5 index codes 0 for no restriction found, 1 for weak or silenced-only policies,
2 for classroom-only restrictions, 3 for full-day use restrictions, 4 for full-day storage restrictions, and 5 for possession
bans or locked-storage requirements. The teacher-adoption pillar is the mean of four yes/no principal reports of
whether teachers at their school were using Generative Al tools for teaching-related tasks on or before June 2022, June
2023, June 2024, and June 2025, standardized using IPW weights. The 0-5 restriction index is standardized using IPW
weights, so its coefficient reports the association with a one standard deviation increase in policy restrictiveness. The
remaining measures are binary indicators for school-day restrictions, storage-or-stronger restrictions, and possession
or locked-storage restrictions. All regressions control for school sector, log neighborhood median household income,
school racial composition, school level, log enrollment, missingness indicators, and state fixed effects. Regressions
are IPW-weighted and use heteroskedasticity-robust standard errors to construct the reported 95 percent confidence
intervals.
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E Additional Supporting Evidence

E.1 Selection

Figure E.1: Headline Diffusion Gaps with Heckman Selection Correction
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Notes: This figure reports the three headline gap estimates with and without the Heckman selection correction.
The FRPL disadvantage row is the coefficient on standardized FRPL share in the common public-school sample,
controlling for FRPL missingness. The charter row is the coefficient on a charter-school indicator among public
schools, and the private row is the coefficient on a private-school indicator among non-charter schools; both sector
specifications control for log neighborhood income, income missingness, racial-composition controls and missingness
indicators, and state fixed effects. The first-stage probit is fit on the sample used in Tables A.2 and A.3, regressing
a respondent indicator on cleaned sample covariates: FRPL, neighborhood income, neighborhood White, Black, and
Asian shares, a private-school indicator, and randomized incentive indicators for $5, $10, and $20 offers, with no
incentive as the omitted group. The inverse Mills ratio is computed for each respondent and added as an additional
control in the Heckman-corrected specifications. All regressions are IPW-weighted with heteroskedasticity-robust
95% confidence intervals.
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Figure E.2: Mechanism Coefficients with Heckman Selection Correction
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Notes: This figure reports mechanism coefficients with and without the Heckman selection correction. The outcome
is the standardized AI integration index. Surveyed mechanism rows include positive student-learning-impact beliefs;
teacher champions as the factor that most enabled current Al efforts; principal authority to purchase new instruc-
tional software; discretionary technology budget of at least $5,000; redirecting previously allocated funds toward Al
initiatives and Al-related tools as easy or very easy; ESSER use for Al-related purchases; and cost, student misuse,
teacher skill gap, and policy restriction barriers selected from the up-to-two-barriers item. Baseline specifications
control for log neighborhood income, income missingness, and state fixed effects. Heckman-corrected specifications
additionally include the inverse Mills ratio from the first-stage probit described in Figure E.1. All regressions are
IPW-weighted with heteroskedasticity-robust 95% confidence intervals.
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Figure E.3: Gap Stability Across Mechanism Specifications — Heckman Correction
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Notes: This figure reports gap stability across sequential mechanism specifications, comparing baseline and Heckman-
corrected coefficients. The disadvantage estimate is the coefficient on standardized FRPL share among public schools;
the charter estimate is the coefficient on a charter school indicator among public schools; and the private estimate
is the coefficient on a private school indicator among non-charter schools. Sequential specifications cumulatively add
positive-impact beliefs, leadership controls, budget controls, ESSER use, and barrier controls. The disadvantage
specifications control for FRPL missingness; the sector specifications control for log neighborhood income and income
missingness. Heckman-corrected specifications additionally include the inverse Mills ratio from the first-stage probit
described in Figure E.1. All regressions are IPW-weighted with state fixed effects and heteroskedasticity-robust 95%
confidence intervals.
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E.2 Principal Characteristics

Figure E.4: Adoption by Principal Characteristics
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Notes: This figure reports IPW-weighted shares of schools where principals answered yes that teachers at their
school were using Generative Al tools for teaching-related tasks on or before June of each year, by principal gender,
race/ethnicity, and years served as principal at this school. Panel (a) uses the gender item; Panel (b) uses the
race/ethnicity item and reports White, Black, and Hispanic or Latino groups; Panel (c) groups reported years served
as principal at this school into 1-3, 4-7, and 8+ years. Stars denote significant pairwise differences relative to the
reference group (* p < 0.10, ** p < 0.05, *** p < 0.01). Reference groups: male, White, and 1-3 years.
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