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INntroduction

Schools are adopting artificial intelligence (AI) tools faster than researchers can
evaluate them. Survey evidence suggests that student use of Al for school is already
widespread. In a nationally representative 2025 RAND survey, 54% of middle and high
school students reported using Al for school, and 53% of English language arts (ELA),

math, and science teachers reported using Al in instructional tasks.! New systems
promise to provide tutoring, generate instructional materials, deliver automated
feedback, assist teachers with planning and assessment, and help schools coordinate
learning opportunities.

Despite rapid growth in Al-related education research, the causal evidence base
remains small, especially for U.S. K-12 settings. A recent review identified more than
800 relevant papers, but only 20 high-quality causal studies on impacts for students

or educators.? The review found no high-quality causal studies conducted in U.S. K-12
schools on student-facing AI tools. Most of the studies examine short-term task
performance rather than durable impacts on students' knowledge and skills.

This evidence gap creates a practical problem. Because new tools are emerging
continuously and their capabilities are changing quickly, educators cannot rely only
on product-specific studies to guide decisions. A tool evaluated rigorously today may
look different by the time findings are published. Schools, therefore, need a
framework for evaluating AI that can keep pace with technological change while
remaining grounded in what research already shows about learning.

Research consistently demonstrates that cognitive, social, and emotional

competencies influence both academic performance and long-term success.?

Drawing from five established social and emotional learning (SEL) frameworks
informed by research across education, psychology, and labor economics, we identify
the following competencies for thriving: academic knowledge and skills, higher-
order thinking skills, social skills, metacognition, self-regulation, adaptability,
autonomy, motivation, interest, curiosity, belonging, interpersonal connection, self-
efficacy, a growth-oriented mindset and self-concept, and management of content-

specific anxiety, boredom, and frustration.*

@ Llive handbook ™ AEFP

Artificial Intelligence in K-12 Schools | Cristina Barnard, Lily Fesler, and Susanna Loeb



Pg.2

The empirical evidence on which experiences develop these competencies is well
established and independent of the rapid cycles in which technological solutions
develop. Key among these experiences are personalized instruction, complex
problem-solving, meaningful collaborative projects, substantive discussion, and

sustained relationships with educators.’ This chapter argues that the most useful way
to evaluate Al in education is to ask whether Al tools expand students' access to those
experiences. This question applies across technologies and connects adoption
decisions to the educational goals schools are trying to achieve.

The chapter first reviews the evidence base and its limitations. It then examines
student-facing Al tools, for which the latest causal evidence is clearest. Subsequent
sections discuss design choices, educator-facing tools, system-level applications, and
assessment. The chapter concludes with implications for practice and priorities for
future research. The extensive list of priorities in the final section reflects the scarcity
of empirical evidence on Al applications in K-12 settings.

Key findings

Al tools are entering schools quickly, yet rigorous evidence on their educational
effects remains sparse. Early causal studies nonetheless suggest several consistent
patterns.

Key finding #1: The evidence base on Al in K-12 education—especially causal evidence
on U.S. schools—is thin but growing.

The related studies are often conducted in postsecondary or international settings,
examine short-term uses of Al, and rely on narrow outcome measures.

Key finding #2: AI tools influence learning through the experiences they create for
students.

Evidence on learning suggests that certain experiences are central to durable
learning. These include personalized instruction, complex problem-solving,
meaningful collaboration, substantive discussion, and sustained relationships with
educators. Al tools potentially shape these experiences through student-facing
interactions, educator support, and system-level organization of learning
opportunities.

Key finding #3: Al tools often improve performance during use, but these gains do not
consistently reflect independent proficiency.

Students using general-purpose Al systems frequently complete tasks more
successfully when assisted, but may show weaker performance on unassisted
assessments than students who did not have access to Al In some cases, Al support
may reduce opportunities for students to develop the skills needed to perform tasks
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independently. Tools that guide students through reasoning rather than generating
answers appear likelier to support durable learning.

Key finding #4: Emerging evidence suggests that design choices shape whether Al tools
support or undermine learning.

Systems that prompt students to explain their reasoning, engage actively with
problems, and revise their understanding tend to reinforce the cognitive work
associated with deeper learning. Systems that generate complete answers tend to
reduce cognitive work and learning.

Key finding #5: AI tools sometimes expand educator capacity, but their value likely
depends on how freed-up time and attention are redirected..

Early evidence suggests that generative Al can reduce the time educators spend on
routine preparation and grading tasks without reducing the quality of the materials
produced. Tools that provide instructional feedback to teachers and tutors also show
early promise.

Evidence

Key finding #1: The evidence base on Al in K-12 education—especially causal evidence
on U.S. schools—is thin but growing.

Research on Al in education is growing quickly, but rigorous evidence on its effects
remains limited. A recent review identified more than 800 academic papers relevant
to Al in K-12 education.® Only 20 of the studies meet the standards for strong causal
inference, using randomized controlled trials (RCTs) or quasi-experimental designs
to estimate impacts on students or educators.

According to this review, the high-quality causal evidence is especially thin for U.S.
K-12 classrooms. The student-facing studies that met the review standards were
conducted either in postsecondary settings or in K-12 settings outside the United
States. The educator-facing evidence is somewhat more directly relevant, with
several such studies conducted in U.S. K-12 settings.

The studies also examine a narrow range of uses and outcomes. Most of the student-
facing studies focus on short-term interactions with Al tools, such as support on
math problems, writing tasks, programming assignments, or brief learning activities.
Many of the studies measure performance while students have access to Al or shortly
after use, instead of tracking whether students develop durable knowledge and skills
that transfer to independent work. The causal evidence is also concentrated in a small
set of subjects, especially math and computer science, with much less evidence on
literacy, social studies, language learning, collaboration, social-emotional
development, or longer-term academic outcomes.
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The current evidence provides early signals about student performance, teacher time
use, and instructional support. It also highlights risks, including tool-dependent
performance, reduced cognitive effort, and variation across students. The evidence
does not yet show how Al tools affect learning across diverse classrooms, school
systems, student populations, and implementation conditions. The broader research
base includes descriptive and technical studies that clarify how tools are designed
and used, but these studies do not establish the causal impacts of such tools on
learning. More research is needed on longer-term outcomes, contextual variation,
and implementation in U.S. K-12 classrooms.

Key finding #2: AI tools influence learning through the experiences they create for
students.

Decades of research in the learning sciences establishes that durable learning
requires students to actively engage with ideas, explain their reasoning, and revise
their understanding in response to feedback’ Building on these principles,
experimental studies have identified specific learning experiences that generate
these conditions, including personalized instruction, complex problem-solving,
substantive discussion, and sustained relationships with educators.® This evidence
base points to a central evaluative question for AI tools: Does the tool expand
students’ access to the experiences that research identifies as important for
development?

Al tools enter schools through three distinct pathways. Some interact directly with
students by providing tutoring, feedback, or problem-solving support. Others support
teachers and tutors by generating instructional materials, analyzing student work, or
offering guidance on practice. Still others shape how schools organize learning by
supporting scheduling, communication, or coordination across programs.

Each pathway matters because it influences the learning experiences students
encounter. Student-facing tools shape how deeply students engage with academic
tasks. Educator-facing tools affect how teachers and tutors allocate their time and
attention. System-level tools determine which students gain access to which learning
opportunities. Across these pathways, Al functions less as a standalone instructional
intervention and more as a mediator of the learning experiences students encounter.
The sections that follow examine each pathway in turn, beginning with the student-
facing tools for which the latest causal evidence is strongest.

Key finding #3: Al tools often improve performance during use, but these gains do not
consistently reflect independent proficiency.

A growing body of research examines Al tools that interact directly with students
during learning activities. The clearest pattern in this literature is that students often
perform better while they have access to Al support but these gains do not always
carry over to independent work.

One well-designed example comes from a randomized study of high school students
using generative Al for mathematics practice.® Compared with students who
practiced without any AI support, students using a tutoring-style version of the
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system, which offered hints and guided reasoning rather than complete solutions,
showed gains on practice tasks and no difference in performance on a subsequent
closed-book exam. Students who had used a general purpose chatbot performed
worse than students who had practiced with no Al support on the subsequent closed-
book exam, even though they had higher performance on practice tasks.

Other studies document similar patterns across subjects and age groups.
Experiments with Al tutoring systems and automated feedback tools show short-
term improvements in homework performance, writing revision, and problem-
solving during assisted activities.’® The evidence on independent learning is more
mixed. A study that assessed student performance without Al assistance found
weaker or no evidence of learning gains.* Students using ChatGPT for a scientific
inquiry task reported lower cognitive effort and produced weaker reasoning and
argumentation than students using traditional search engines.??

Some evidence points to more promising uses of Al-supported tutoring when the
tools are implemented under appropriate enabling conditions. A quasi-experimental
investigation of hybrid human-AI tutoring systems found improvements in student
learning across three studies, suggesting the pattern holds across different
implementations.”® Another experimental study found that students with access to an
Al tutor learned more than students using textbooks alone, although students with
unrestricted Al access spent less time reading textbook materials within a fixed
learning period.** These findings suggest that AI tools may support learning when
they bolster rather than replace student effort.

These studies point to a meaningful distinction between task performance and
learning. AI systems can help students complete work successfully in the moment
without building the knowledge and skills they need to perform independently later.
The evidence also suggests a second concern: Some tools may reduce the cognitive
effort students need to develop independent proficiency. To understand why some
tools produce more durable gains than others, we must look more closely at how
these systems are designed.

Key finding #4: Emerging evidence suggests that design choices shape whether Al tools
support or undermine learning.

The mixed evidence on Al tools that interact directly with students has a consistent
explanation: The technology itself matters less than how it structures students'
engagement with learning tasks. AI systems that generate complete solutions can
short-circuit the processes students need to go through to learn. When students
receive answers immediately, they may complete assignments successfully without
performing the cognitive work that research identifies as crucial for building lasting
knowledge *®

Design choices appear central to whether AI tools expand or reduce students' access
to the kinds of cognitive engagement that support learning. Tools that prompt
explanation, reflection, and revision strengthen the learning experiences research
identifies as most important. Tools that generate answers efficiently can undermine
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those same experiences even when they appear to improve performance in the
moment.

Experimental evidence supports this mechanism for short-term learning gains.
Experiments explicitly comparing outcomes between students who engaged with Al
tools that generate step-by-step explanations and students who used tools with
direct answer generation have found that guided reasoning improves students'
problem-solving performance on assessments completed without AI support.’®
Similarly, one experimental study found that students using a tutoring-style Al
system that emphasized hints and guided reasoning performed well during practice
without the declines in subsequent closed-book exam performance observed among
students using a general-purpose chatbot.” However, on closed-book exams, general
purpose chatbot users performed worse despite their comparable practice
performance, while tutoring-AlI users performed no better than students without Al
support. More research could clarify the optimal design features and conditions for
promoting lasting learning.

Key finding #5: AI tools sometimes expand educator capacity, but their value likely
depends on how freed-up time and attention are redirected.

Al tools may influence learning indirectly by changing how educators allocate their
time and attention across instructional activities. When we consider tools that allow
educators to save time without compromising quality, the central question becomes
whether any time saved on routine tasks is redirected toward the kinds of
interactions—individualized instruction, discussion, facilitation of group activities,
and mentorship—that research identifies as most valuable for student development.

The early evidence on time savings is encouraging. In a randomized experiment,
teachers with access to ChatGPT spent less time preparing lessons while producing
instructional materials that external reviewers rated as comparable in quality to
those produced by teachers without Al access.’® Research on teacher task allocation
suggests that Al tools may reduce time spent on routine activities while creating
space for more individualized instruction.

Other tools go beyond time savings by providing direct guidance on instructional
practice. Evidence suggests that automated systems that analyze classroom dialogue
help teachers reflect on their questioning strategies and improve how they respond
to student ideas during instruction.?® Earlier work on Al-supported classroom
analytics found that systems designed to increase teachers' awareness of student
activity can improve instructional decision-making in technology-enhanced
classrooms.? Similarly, a randomized field experiment of technology-assisted home
tutoring found that diagnostic reports helped tutors identify student progress and
areas of difficulty, improving student academic performance.?? In a randomized study
of remote tutoring, an Al system that generated instructional suggestions for the
tutor improved student learning outcomes, with the largest gains for tutors with
lower prior performance ratings.?

Tools that provide instructional guidance are particularly promising because they
expand what educators can do with the time they have. Whether educator-facing Al
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ultimately improves student learning depends on whether schools create the
conditions for that redirection to happen.

Areas for future research

Student learning outcomes

Most studies of Al tools aimed at improving student learning explore short-term
outcomes,?* such as achievement scores measured right after the practice sessions
with the Al tools. The long-term effects of these tools on student achievement and on
broader competencies remain largely unexplored. Further research should examine
the effects of Al tools on end-of-year academic achievement over extended
implementation periods and on medium-term outcomes for competencies such as
motivation, metacognition, critical thinking, and self-regulation. This research
should be conducted under real-world conditions in school, and it should include
measures of implementation quality. Given evidence from other educational
interventions that short-term gains often fade over time, longer-term follow-up may
be especially important for Al tools that improve task performance during use
without strengthening students’ independent proficiency.

An essential question is whether Al tools function as effective scaffolds for durable
learning. Accordingly, studies should include achievement outcomes measured in
the absence of the tool to assess whether students can transfer their learning to
independent performance.

Equity and student experiences

AT has the potential to expand access to learning experiences that have historically
been unevenly distributed, including personalized instruction, complex problem-
solving, meaningful collaboration, and sustained relationships with educators.
Differences in access to high-quality tools and implementation capacity may also
introduce new inequalities.

The distribution of learning experiences remains uneven across students and
schools. While tools that expand access to these experiences may reduce disparities,
uneven access to effective tools or implementation supports may widen them. The
effects of Al adoption will depend on how tools are implemented across contexts.

Al is also beginning to shape students’ social and emotional experiences. Some
students report using conversational Al systems as social companions.?®> The
implications of such uses for well-being, identity development, and relationships
with peers and educators remain unclear and require further study.
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System-level applications

Many proposed applications of Al involve changes to how schools organize learning
opportunities. These applications include tools designed to support scheduling,
coordinate instructional services, improve communication with families,
recommend flexible student groupings, and allocate tutoring or mentoring resources
across students. Rigorous causal evidence on these applications remains sparse. Most
of the related studies focus on tools that interact directly with students or support
individual educators, leaving system-level applications largely unevaluated.

This evidence gap is worth taking seriously because organizational constraints often
limit schools’ ability to provide high-quality learning experiences. Schools may
struggle to deliver tutoring, mentorship, or project-based learning at scale because of
scheduling, staffing, and coordination challenges. AI systems that support
scheduling, match students with tutors or mentors, coordinate apprenticeships, or
organize small-group instruction could expand access to these opportunities.

Consider a middle school that aims to organize mornings around literacy and
mathematics instruction and afternoons around interdisciplinary projects.
Implementing this schedule requires coordination across staffing, classroom space,
student progress, and intervention needs. Systems that integrate learning data with
staffing and scheduling constraints could support these designs by dynamically
recommending student groupings, adjusting instructional time, and identifying
students who need additional support.

The framework developed in this chapter applies directly to such tools. The relevant
question is whether AI applications help schools expand access to personalized
instruction, complex problem-solving, meaningful collaboration, substantive
discussion, and sustained relationships with educators. Systems that support these
experiences could have meaningful effects on student learning. Systems that focus
only on efficiency may reinforce constraints.

Assessment

AI may also reshape how schools assess student learning. Assessment systems rely
heavily on formats that are feasible to administer and score at scale, including short
written responses and selected-response questions. These formats often emphasize
recall and procedural knowledge, even when schools aim to develop reasoning,
communication, and complex problem-solving.

Al tools can evaluate extended writing, mathematical reasoning, and problem-
solving processes. These capabilities create opportunities to assess how students
develop ideas, revise work, and contribute to collaborative tasks. These forms of
assessment align more closely with the learning experiences that support student
development.
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The early evidence on Al-generated feedback is promising but limited. Studies find
that Al-generated feedback can increase revision rates and student engagement,
although human feedback remains of higher quality overall.?® These findings suggest
that Al may expand access to formative feedback, particularly in early stages of work.

Al-based assessment also raises challenges. Automated scoring systems may vary in
reliability across tasks and student populations. Concerns about bias remain,
especially when systems rely on historical data. Students may also adapt responses to
optimize scores without demonstrating deeper understanding. Questions of validity
remain central, particularly when assessments rely on process data such as revision
histories or collaboration patterns.

Research Priorities

We highlight several priorities for future research. Studies that track durable
learning outcomes are needed to clarify whether Al tools support the development of
knowledge and skills over time. Research on implementation across diverse school
contexts can clarify how tools function under real conditions. In addition, work that
examines variation across student populations is needed to identify which students
benefit most and under what conditions.

Research that connects system-level implementation with student outcomes will be
especially valuable. Collaboration between researchers, educators, and developers
can support the design and evaluation of tools that expand access to effective
learning experiences.

Al islikely to remain a central part of K-12 education. Its educational significance will
depend on how these tools are integrated into teaching and learning and whether
they expand access to the experiences that support student development.
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