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0.1 INTRODUCTION

Artificial intelligence (AI) is increasingly transforming K-12 education by powering ”in-
telligent” learning systems that adapt to students’ needs. Al-assisted learning platforms -
including intelligent tutoring systems (ITS) and adaptive learning software - promise per-
sonalized instruction at scale. These systems can monitor student progress, diagnose
learning gaps, provide instant feedback, and even generate instructional content. Inter-
est and research in Al in education have surged in recent years: the number of publications
on Al in education jumped from just 414 in 2020 to over 3,800 in 2024. Policymakers and
educators are optimistic that such tools could enhance learning outcomes and democra-
tize access to quality education. At the same time, integrating Al into classrooms raises
complex questions about pedagogy, equity, and implementation. This report reviews the
state of published research on Al-assisted learning systems in K-12, focusing on:

(1) the conceptual models and assumptions underpinning these systems;

(2) empirical findings on their effectiveness, equity implications, and implementation
challenges;

(3) gaps or limitations in current research; and

(4) potential directions for new theoretical or policy contributions.

0.2 CONCEPTUALMODELSANDASSUMPTIONS INK-12AL-ASSISTED

LEARNING

Al-driven learning systems in K-12 draw on several key conceptual models and peda-
gogical assumptions:

0.2.1 Mastery-Based Progression. Many Al tutoring systems implement mastery learn-
ing models, assuming students learn best by mastering each prerequisite skill or concept
before advancing. The Al presents content in a sequencedway and ensures competency at
each step. This approach provides a foundation for students to build on prior knowledge
only once proficiency is achieved, which can help reduce learning gaps between learners.
In practice, an Al tutor will not move a student to a more complex topic until they have
demonstrated mastery of prerequisite topics. This assumption mirrors Bloom’s mastery
learning philosophy and is designed to equalize progress by giving each student the time
and practice needed to master fundamentals.

0.2.2 Adaptive Feedback and Personalization. A core feature of Al-assisted learning
is the ability to deliver immediate, data-driven feedback and dynamically adapt to the
learner. Unlike traditional classroom feedback that may come days or weeks later, an Al
tutor can respond in real time, correcting errors or misconceptions on the spot. Research
underscores that such just-in-time hints and adaptive guidance can reinforce learning and
help students stay on track. The system continuously analyzes the student’s responses
and behavior through a learner model, allowing it to adjust the difficulty, pace, or type of
content. Complex problems can be broken into manageable steps tailored to the individ-
ual, with scaffolding (hints, clues, simpler sub-tasks) provided as needed. This individual-
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ized pacing and feedback loop is rooted in cognitive tutoring models, which assume that
timely, personalized feedback accelerates comprehension and retention.

0.2.3 Learner Modeling and Knowledge Tracing. Underlying many Al tutors is an as-
sumption that a student’s knowledge state can be modeled and updated algorithmically.
These systems often use techniques like Bayesian knowledge tracing or machine learning
models to estimate what a student knows at any given time. Based on this model, the Al
makes decisions about the next problem to give or whether to review material. The con-
ceptual model here is that an accurate representation of the learner’s understanding al-
lows for optimal sequencing of instruction (e.g. targeting just the right ”zone” of proximal
development). Although specific algorithms vary, the general assumption is that data-
driven learner models can effectively guide adaptive instruction, leading to more efficient
learning than one-size-fits-all teaching.

0.2.4 Blended Learning with Teacher in the Loop. Current Al-learning paradigms as-
sume that these systems augment rather than replace human teachers. Researchers em-
phasize that ITS and adaptive platforms work best when combined with teacher guidance
and oversight. In practice, this means Al provides personalized practice and feedback,
while teachers interpret Al-generated insights and offer human judgment, motivation,
and socio-emotional support. Many designs facilitate blended learning models - for ex-
ample, an Al tutor might handle routine skill practice or assessment, freeing the teacher
to engage in one-on-one or small-group instruction. The assumption is that teachers and
Al together can achieve better outcomes than either alone, with teachers addressing nu-
ances that Al might miss. The literature stresses that Al tutors are ”complementary tools
rather than replacements for educators”, aligning with the view that human educators
remain central to meaningful learning.

0.2.5 Self-Regulated Learning Support. Some Al learning systems incorporate features
to foster students’ metacognitive skills and autonomy. For example, an intelligent tutor
might include an open learner model or a ”skill diary” where students can view and re-
flect on their progress. The conceptual premise is that encouraging learners to monitor
their own understanding and set goals will improve self-regulation and ultimately learn-
ing outcomes. Empirical results show that ITS platforms which prompt students to self-
assess or reflect (e.g. via skill meters or periodic quizzes) can indeed improve students’
self-regulation and metacognitive skills, leading to better learning performance. This re-
flects an assumption that metacognition and learning-to-learn are integral parts of aca-
demic success, and Al can be designed to cultivate those skills (e.g. by nudging students
to take more ownership of their learning).

0.2.6 Engagement andMotivation through Personalization. Another common design
principle is that engaging students through personalization will yield better educational
outcomes. Al-assisted learning systems often employ gamification elements, interactive
problem scenarios, or real-world contexts to boost motivation. Because the Al can tailor
content to student interests or adjust challenge levels tomaintain optimal difficulty, it aims
to keep students in a state of flow - challenged but not overwhelmed. The assumption is
that such deep personalization and interactive elements will increase student interest and
persistence. Research supports that motivation and engagement can indeed rise when
content is relevant and adapted to the learner, which in turn supports better retention
and effort. In short, Al systems assume that by making learning more individualized and
responsive, students will be more invested in the process.
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It is worth noting that the overarching inspiration for many K-12 Al learning systems
is the one-on-one tutoring model. Decades of educational research (e.g. Bloom’s 2 Sigma
finding) suggested that an expert human tutor can dramatically outperform typical class-
room instruction. A landmark meta-analysis by VanLehn (2011) challenged the assump-
tion that only human tutors can achieve such gains - showing that well-designed ITS can
reach comparable effectiveness to human tutoring, with effect sizes around 0.75-0.8 on
student learning. This finding, sometimes called the ”interaction plateau hypothesis,” un-
derpins the field’s confidence that Al tutors, by emulating key aspects of one-on-one tu-
toring (adaptive pacing, feedback, etc.), can approach the effectiveness of human tutors.
Thus, a key conceptual assumption is that personalized Al tutors can provide instruction
at a granularity and responsiveness approaching that of human one-on-one teaching, but
in a scalable manner.

0.3 EMPIRICALEVIDENCE: EFFECTIVENESSANDEQUITYOUTCOMES

0.3.1 Effectiveness of Al-Assisted Learning Systems. Overall, empirical studies report
generally positive effects of Al-assisted learning platforms on K-12 student outcomes,
though the magnitude of benefits varies. A 2025 systematic review of intelligent tutor-
ing systems in K-12 found that the effects of ITS on learning and performance are largely
positive, with students using Al tutors often outperforming those who do not. In many
cases, students learn more efficiently or achieve higher assessment scores with Al-based
tutoring or practice than with traditional methods. For example, several studies in the re-
view showed improved test performance and faster mastery of content for students using
adaptive learning software compared to control groups.

However, the strength of these effects tends to bemodest, and results are not uniform
across all contexts. The same systematic review noted that while benefits exist, they are
”mitigated” and hard to generalize due to variations in study design and comparison con-
ditions. In other words, many experiments did find an advantage for Al-assisted learning,
but the advantage was often small or dependent on specific circumstances. For instance,
if the comparison group also had some form of tutoring or interactive learning, the added
value of Al could shrink. This aligns with prior findings that Al tutors usually improve learn-
ing, but not to a miraculous degree - often on par with other well-implemented interven-
tions. It underscores that context matters: the impact of an Al system can depend on
factors like the subject matter, the quality of the software, teacher support, and the dura-
tion of use.

Notably, Al-based tutors seem particularly beneficial for certain student populations
and conditions. Research consistently finds that lower-performing or struggling students
tend to benefit more from Al tutoring systems than their higher-achieving peers. Adap-
tive scaffolding can help close gaps by giving extra support and practice to students who
need it most. Similarly, some studies indicate that middle school students showmore pro-
nounced gains from Al tutors than high school students, perhaps because younger stu-
dents havemore to gain from personalized foundational support. These patterns suggest
that Al-assisted learning, when well-designed, can serve as an equalizer by helping those
who might otherwise fall behind. Indeed, by tailoring instruction to individual needs,
these systems can prevent knowledge gaps fromwidening - a hopeful sign for addressing
achievement disparities.

At the same time, there have been mixed or cautionary findings in the empirical litera-
ture. Not all Al tools automatically yield better learning - pedagogical design is critical. For
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example, the emergence of generative Al (like large language model tutors or chatbots)
has sparked studies of their impact. Initial results are intriguing: a recent controlled trial
at the higher education level found a well-designed Al tutor (built on a GPT model and fol-
lowing best-practice pedagogy) enabled students to learn significantly more in less time
compared to an active-learning classroom, while also increasing student engagement.
This shows the potential of modern Al when harnessed properly. However, unguided use
of advanced Al tools can backfire - if students use Al simply to get answers, they might
bypass critical thinking and deep learning. Indeed, prior studies reported ”mixed results
on effectiveness” even with powerful Al models when they were not explicitly designed to
promote learning engagement. For instance, if a student can ask a chatbot to do their
work, the learning gains may be illusory. These nuances highlight that effectiveness de-
pends on how Al is applied: Al systems need to be grounded in sound pedagogy (active
learning, feedback, cognitive load management) to truly improve outcomes. When de-
signed and deployed thoughtfully, Al tutors can match or exceed traditional instruction,
but when used as a shortcut or without integration into a learning process, the benefits
may evaporate.

Finally, it’s important to note limitations in the existing empirical base. Many stud-
ies on K-12 Al learning tools have been short-term interventions (a few class sessions or
weeks) with relatively small sample sizes. Positive results in these controlled or pilot set-
tings need to be confirmed over longer periods and across more diverse populations. Re-
searchers have called for longer-duration studies and larger trials to better estimate true
impact. There is also a potential publication bias - studies showing positive effects may be
published more readily than those with null or negative results, skewing perceptions of
effectiveness. In summary, the empirical evidence to date paints a cautiously optimistic
picture: Al-assisted learning can improve K-12 student outcomes, often modestly, espe-
cially for those who need extra help, but it is not a magic bullet and must be implemented
under the right conditions to be effective.

0.3.2 Equity Implications of Al-Assisted Learning. Al-based learning systems carry sig-
nificant equity implications, and research is beginning to examine whether these tools
ameliorate or exacerbate educational inequalities. On one hand, Al tutors hold promise
for equity: by personalizing instruction, they can potentially level the playing field for
students who have diverse learning needs or come from under-resourced backgrounds.
For example, as noted above, lower-performing students often make outsized gains with
adaptive systems. This suggests that a well-designed Al platform could help close achieve-
ment gaps, giving struggling students additional practice and feedback that a busy teacher
might not always have time to provide. In theory, an Al tutor is an infinitely patient instruc-
tor available to every child with an Internet connection, which could democratize access to
tutoring and academic support. Some policy experts have pointed out that Al could bring
high-quality, individualized learning to communities that lack ample human tutors or edu-
cational enrichment, provided the technology is accessible and implemented thoughtfully.

On the other hand, researchers caution that Al systems can inadvertently perpetu-
ate biases or create new inequities if not carefully managed. Al algorithms are ”only as
good as the data [they are] trained on,” and that data often reflects societal biases. For
instance, image-generating Als have reproduced racial and gender stereotypes (like pic-
turing a doctor as a white male by default), and educational Al tools may harbor subtler
biases. A striking example in one study: a generative Al graded two similar student essays
differently favoring one mentioning classical music over another mentioning rap - reveal-
ing a cultural bias in the model’s training. In a learning context, such biases could mean
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certain student groups (e.g. racial minorities, or students with non-traditional interests)
might receive less encouragement or lower evaluations from Al-driven assessments due
to skewed training data. Experts warn that we risk ”doubling down” on discrimination if
educators blindly trust Al recommendations without awareness of these issues.

A related equity concern is the representativeness of Al’s knowledge base. Many Al sys-
tems - especially large language models and other generative Al - draw on internet data
that is disproportionately in English and sourced from Western countries. As one report
noted, most datasets have abundant information on native English speakers and neu-
rotypical learners, but far less on English language learners or students with disabilities.
If an Al tutor has not ”seen” enough data on certain groups, it may be less effective at serv-
ing them, leading to a form of algorithmic inequity. For example, speech recognition in a
reading app might struggle with diverse accents, or a literacy tutor might not understand
cultural references familiar to minority students. Ensuring inclusivity requires conscious
effort in design-e.g. incorporating multilingual support, culturally relevant content, and
diverse student data - but research indicates this has been an underdeveloped area so far.

Additionally, the digital divide poses a fundamental equity challenge: students or schools
with limited technology access could be left behind. If affluent schools adopt Al-assisted
learning en masse (with devices and broadband for every student) while high-poverty
schools lack the infrastructure or funding to do so, Al in education might widen gaps
rather than close them. Some findings highlight that only a minority of K-12 institutions
have formal guidelines or resources in place for Al use, meaning access to these innova-
tions is uneven. Furthermore, differences in teacher training and support across schools
can affect whether Al tools are used to their full potential or at all. In short, equitable
implementation is crucial - the promise of Al to help disadvantaged learners will only be
realized if those learners actually have access to high-quality Al tools and if those tools are
designed free of bias.

It’s also telling that many research studies themselves overlooked equity and ethics
considerations. A review of ITS literature noted that ethical dimensions - such as data
privacy, algorithmic bias, transparency, and student agency - were largely ”overlooked” in
the current body of research, highlighting the need to address these issues going forward.
This gap suggests that the field has been focused on efficacy in narrow terms (test scores,
etc.) more than on differential impacts across student populations. Going forward, re-
searchers are increasingly calling for a focus on inclusive design and bias testing in Al for
education. For example, how do Al recommendations differ for high vs. low socioeco-
nomic status students? Do adaptive learning algorithms work equally well for students of
different races and language backgrounds? Such questions are only beginning to be stud-
ied. The consensus in recent expert commentaries is that human oversight is essential:
educators should remain ”in the loop” on Al-driven decisions about students, to catch and
correct any inequitable outcomes. In summary, Al-assisted learning systems carry both
opportunities and risks for equity - they could personalize learning andmitigate gaps, but
without deliberate safeguards, they might amplify existing biases or leave certain groups
behind.

0.4 IMPLEMENTATION CHALLENGES IN K-12 SETTINGS

ImplementingAl-assisted learning at scale in real classroomshas revealed several prac-
tical challenges and barriers, as documented by research and surveys of educators:
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0.4.1 Teacher Readiness and Acceptance. A critical implementation factor is whether
teachers understand and embrace Al tools. Qualitative studies show that while many K-12
teachers are intrigued by Al’s potential to enhance instruction, they also harbor concerns
about over-reliance and the impact on students’ skills. For example, in interviews, teach-
ers acknowledged Al could automate grading or provide practice for students, but they
worried students might become dependent on Al hints and lose opportunities to develop
critical thinking. Teachers also expressed uncertainty about their role - if an Al tutor han-
dles content delivery, the teacher must redefine their value-add (focusing on mentorship,
higher-order skills, etc.). This shift in pedagogical roles can cause anxiety and requires
clear implementation strategies. Research fromdeveloping country contexts underscores
that without adequate orientation, teachersmay resist Al integration; they feel ”inundated
by the complexity” of Al and fear they lack the expertise to use it effectively. In essence,
successful Al adoption demands significant professional development and change man-
agement. Teachers need training not just in the technical use of Al tools, but in how to
interpret Al outputs, how to intervene when the Al falls short, and how to integrate Al ac-
tivities into their lesson plans. Studies have found that when teachers are well-supported
and see themselves as partners in Al integration, they are far more likely to use the tools
productively. Conversely, top-downmandates to adopt Al without teacher buy-in can lead
to minimal or superficial use.

0.4.2 Student Engagement and Trust. From the student side, a challenge is ensuring
that learners actually engage sincerely with Al tutors rather than game the system or
disengage. Some students may not take an automated system as seriously as a human
teacher, or they might exploit system weaknesses (e.g. clicking through hints without
thinking, or using the Al to cheat). Research on implementation notes that clear guide-
lines and mentorship are needed to help students use Al tools appropriately. If students
perceive the Al as punitive or confusing, they might ignore its feedback. A related issue is
trust in Al’s accuracy - both students and teachers need confidence that the Al’s guidance
is correct. Yet Al systems (especially those using generative models) can make mistakes,
such as marking a correct student answer as wrong or giving an inconsistent explanation.
Such errors can undermine trust quickly. Ensuring high-quality, validated content and ex-
planations in Al tutors is therefore an implementation imperative (and an active area of
tech development). The best results appear when Al tools are introduced gradually, with
teachers discussing their purpose and limitations, so that students view them as helpful
aides rather than inscrutable ”black boxes.”

0.4.3 Infrastructure and Access. Practical constraints like hardware, software, and con-
nectivity can impede Al deployment in schools. Many Al-assisted learning applications re-
quire reliable internet access, sufficient devices (laptops/tablets), and technical support.
Under-resourced schools may struggle with these requirements, leading to inconsistent
implementation. Even in well-equipped schools, scaling up to many classrooms or an en-
tire district can strain IT support and bandwidth. Ensuring data privacy and security is
another infrastructural challenge - school districts must vet Al platforms for compliance
with student data protection laws (e.g. FERPA, GDPR) and ensure that any collection of
student performance data is secure. Some administrators are wary of Al tools due to pri-
vacy concerns, since these systems often log detailed student information and may even
record data like keystrokes or facial expressions. Researchers have noted worries that an
Al system could inadvertently breach student privacy or be misused, for example if sen-
sitive data are stored without proper safeguards. Clear policies and technical measures
(encryption, data anonymization, etc.) are needed to address these concerns.
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0.4.4 Curriculum and Integration Issues. Another challenge is aligning Al-driven activi-
ties with curriculum standards and classroom schedules. Teachers have limited time, and
if an Al tutor’s content doesn’t map well to what’s being taught (e.g. different sequence or
emphasis), it becomes difficult to integrate. Some adaptive learning systems come with
vast libraries of exercises that may not directly match state standards or textbook units,
forcing teachers to do extra work to fit them in. There is also the matter of assessment - if
students are learning via an Al system, how do teachers assess and get visibility into that
learning? Many systems offer analytics dashboards, but teachers must learn to interpret
those and still often need to create their own assessments to ensure accountability. In
short, embedding Al tools into everyday teaching practice requires thoughtful integration
so that the Al activities complement and reinforce the standard curriculum rather than
feeling like an ”add-on.”

0.4.5 Ethical and Academic Integrity Concerns. The rise of Al, especially generative
Al like ChatGPT, has sparked concerns about cheating and authenticity of student work.
Teachers worry that students could use Al to write essays or solve assignments with mini-
mal understanding. Indeed, a noted implementation challenge is how to adapt homework
and assessments in the age of Al. Some educators respond by designing more in-class,
oral, or project-based assessments that Al cannot easily do; others use Al-detection tools
(which come with their own limitations). A 2024 study highlighted academic dishonesty
as a top concern - students can now easily copy answers or entire essays from Al, po-
tentially undermining learning if not addressed. This challenge requires both technology
solutions (tools to monitor Al usage) and pedagogy shifts (fostering a classroom culture
that emphasizes process and effort over just ”getting the answer”). Moreover, setting eth-
ical guidelines for Al use is now part of school implementation: e.g. defining when it’s
acceptable to use an Al helper and when it’s not (similar to calculator policies in the past).
Finally, teacher workload and autonomy are considerations - while Al can automate tasks
like grading, some teachers fear a loss of autonomyor professional judgment if algorithms
start making decisions. Successful implementation efforts often form committees includ-
ing teachers, parents, and admins to develop Al use policies that address these ethical
issues and clarify the teacher’s authority in the loop.

In summary, implementing Al-assisted learning in K-12 is not merely a tech installa-
tion, but a sociotechnical endeavor involving training, support, policy, and cultural change.
Common challenges include preparing teachers (and students) to engage with Al wisely,
providing the needed infrastructure and data safeguards, fitting Al tools into curricula
and standards, and guarding against misuse or overreliance. The literature suggests
that when these challenges are proactively managed - through ongoing teacher profes-
sional development, robust technical support, clear ethical policies, and iterative feedback
- schools are more likely to see the promised benefits of Al. Conversely, ignoring these
human and practical factors can lead to Al tools being underutilized or even causing back-
lash in the school community. Current research thus often concludes that ”human-in-the-
loop” implementation strategies are key: the most effective deployments keep teachers
and school leaders actively involved in guiding the AI’s use, rather than treating AI as an
autonomous solution.
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0.5 GAPS, LIMITATIONS,ANDUNDEREXPLOREDAREAS INRESEARCH

Despite the proliferation of studies on AI in education, several important gaps and
limitations remain in the research landscape:

0.5.1 Lack of Long-Term and Large-Scale Studies. As mentioned, much of the evidence
comes fromshort-term interventions or small quasi-experimental studies. There is a paucity
of long-term longitudinal research examining sustained use of AI tutors over a full school
year ormultiple years. Many questions about durability of AI’s impact remain unanswered
– for instance, do initial gains plateau over time? Is there a “novelty effect” where students
do better simply because the AI tool is new and engaging, which might fade later? Schol-
ars have called for studies with longer interventions and larger, more diverse samples to
address these questions. Scaling up research would also help capture classroom-level or
school-level effects (most current studies focus on individual student learning in a con-
trolled setting). Without larger trials, it’s hard to generalize findings or understand how
AI-assisted learning performs amid the real-world variability of K–12 education.

0.5.2 Underrepresentationof CertainPopulations andContexts. Not all student groups
and contexts have been studied equally. Reviews point out that research on AI in K–12 has
skewed toward certain ages, subjects, and countries. For example, a significant share of
studies focus on middle and high school students in STEM subjects, likely because sub-
jects like math, science, and computing have well-defined problem-solving tasks suited
to AI tutoring. Primary grades (elementary level) are comparatively under-studied, as are
non-STEM subjects (e.g. history, literature, art). Early findings suggest young children can
benefit from adaptive learning or AI-assisted literacy tools, but we lack extensive research
in those early grades. Similarly,most published studies come fromNorthAmerica, Europe,
or East Asia – developing regions and culturally diverse settings are underrepresented. A
recent review noted that while some countries (China, Singapore, etc.) are proactively in-
tegrating AI into curricula, research on the impact of AI tools in other education systems
(e.g. African countries, rural areas) is scarce. This leaves open the question of how con-
textual factors like culture, language, and local pedagogy influence AI effectiveness. Even
within wealthy countries, certain student populations – such as English language learn-
ers, students with disabilities, or those in high-poverty schools – have not been the focus
of many AI-ed studies. This gap is concerning because these populations might have the
most to gain (or lose) from AI interventions. Overall, the generalizability of current find-
ings is limited by sample bias: we needmore research in varied contexts to ensure AI tools
work for all students, not just those in the originally studied groups.

0.5.3 Theoretical andPedagogical FrameworkGaps. Some scholars have critiqued that
the rapid growth of AI in education has outpaced the development of robust theoretical
frameworks to guide its use. A 2024 review observed that many studies on K–12 AI inte-
gration lacked clear conceptual models or frameworks, operating in something of a theo-
retical vacuum. Researchers Yim and Su (2024) emphasize the importance of developing
models that articulate how AI should be integrated pedagogically and why – for example,
frameworks that marry AI capabilities with established learning theories (constructivism,
socio-cultural learning, etc.). Without theory-driven guidance, there’s a risk that AI tools
are used in ad hoc ways that don’t align with optimal teaching practices. Relatedly, many
current AI systems embody a fairly traditional instruction paradigm (individualized knowl-
edge transmission and practice), which some argue is a narrow approach. Underexplored
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are more collaborative, creative, or inquiry-based uses of AI. For instance, can AI support
project-based learning or collaborative problem solving among students? Most existing
tools tutor individual students in relative isolation, which doesn’t leverage social learning
dynamics. There is a gap in research on AI that facilitates peer interaction or collaborative
learning – an area that could align AI with “modern trends” in pedagogy. In summary, the
field would benefit from new conceptual models (and empirical work testing them) that
expand how we think about AI in classrooms beyond the one-on-one tutoring model.

0.5.4 Mixed Findings and Unexamined Assumptions. While generally positive, the em-
pirical record includes studieswith negligible ormixed outcomes, aswell asmany nuances
that are not fully understood. For example, why do some implementations fail to show
significant improvement? There may be moderating factors (like teacher involvement,
student motivation, or tool quality) that need more exploration. Many assumptions re-
main untested. One assumption is that more adaptivity is always better – but is there a
point of diminishing returns or even harm (too much adaptation causing confusion)? An-
other assumption is that AI-driven personalization inherently fosters a growth mindset;
yet if a student repeatedly struggles and the AI keeps adjusting to easier content, could
it inadvertently signal low expectations? Additionally, the interplay between AI tools and
socio-emotional factors is under-researched. Do students feel more confident or more
isolated when working with an AI tutor? Does the lack of human empathy in current AI
affect student persistence? Such questions highlight that learning is not only cognitive
but also social/emotional, and current research hasn’t deeply probed those dimensions
in AI mediated learning. Another gap is examining long-term transfer: do skills learned
with AI support translate to better independent learning abilities later on? We have lim-
ited evidence on whether using an AI tutor for a year, say in math, has lasting benefits
(or dependencies) beyond that year. Addressing these underexplored questions will likely
require interdisciplinary research blending education, psychology, and data science.

0.5.5 Ethical, Legal, and Policy Questions. As noted, issues like data privacy, algorith-
mic transparency, and the ethical use of AI in classrooms have not been front and center
in empirical studies to date. There is a gap in both policy research (how should schools
regulate AI usage? What guidelinesmaximize benefit while protecting students?) and em-
pirical study of ethics (e.g. do students alter their behavior if they know an AI ismonitoring
them? How do different privacy approaches impact trust?). Moreover, the voice of stake-
holders – students, parents, and teachers – is sometimes missing in research. Qualitative
insights from these groups could illuminate concerns or needs that pure efficacy studies
overlook. For instance, a student’s sense of agency or a teacher’s job satisfaction in an
AI-rich classroom are valid outcomes to study, but little data exist on them. In sum, the
current research landscape, while growing, has notable blind spots. It has concentrated
on immediate academic outcomes in relatively controlled settings. There is ample room
(and need) for studies that broaden the scope: longer durations, diverse settings, richer
outcome measures (like engagement, equity, socio-emotional growth), and stronger the-
oretical grounding.

0.6 OPPORTUNITIES FOR NOVEL CONTRIBUTIONS

Given the above gaps and emerging trends, there are several areas where researchers
and thought leaders could make novel contributions – whether through new conceptual
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frameworks or policy-oriented analysis – to advance the conversation on AI in K–12 edu-
cation:

0.6.1 Proposing New Theoretical Models. There is an opening to develop and articu-
late new frameworks that guide the integration of AI in education. For example, one
might propose a teacher–AI partnership model that explicitly defines how AI tutors and
human teachers collaborate in a complementary way at each stage of instruction. Such
a model could draw from learning science and organizational theory to ensure AI deploy-
ment aligns with how students naturally learn and how teachers facilitate learning. Like-
wise, a conceptual model that integrates socio-cultural learning theory with AI could be
valuable – envisioning AI tools not just as tutors, but as facilitators of discussion, collabora-
tion, or creativity among students. New models could also incorporate ethical and equity
principles as foundational, rather than treating them as afterthoughts. For instance, a
researcher might formulate a framework for “Culturally Responsive AI in Education,” out-
lining how AI systems can be designed and trained to respect and reflect diverse cultural
backgrounds of students (an area currently underdeveloped). By explicitly addressing the
theoretical void noted in current literature, a thought piece can provide a roadmap for
both designers and researchers: offering constructs and hypotheses that future empiri-
cal work can test.

0.6.2 Exploring Unexplored Use Cases and Contexts. Another fruitful direction is to
highlight and investigate contexts where AI tools have not been widely studied. For ex-
ample, AI in early childhood education is a largely unexplored domain – what might AI-
assisted learning look like for Kindergarten or primary grades, and what unique chal-
lenges or opportunities arise there (e.g. AI for learning through play, voice-interactive
storybooks, etc.)? Similarly, non-STEM subjects present novel use cases: one could ex-
plore how AI might support the teaching of writing and literature (perhaps AI providing
feedback on student essays), or social studies (AI simulating historical figures in a conver-
sation to spark inquiry), or arts (AI as a creative partner). Highlighting these less-studied
areas can inspire new lines of research. Informal learning settings are another angle –
how could AI tutors be used in after-school programs, museums, or home schooling, and
what would that entail in terms of policy? There is also room to propose AI applications for
special student populations, such as AI tutors tailored for neurodiverse learners (autistic
students, those with dyslexia, etc.) which would require adaptive strategies beyond the
typical design. By reviewing what little is known and emphasizing what isn’t, a contribu-
tion can shine light on these underexplored use cases and argue for their importance.
This could align with equity: for instance, stressing research and development of AI tools
for low-resource environments (like offline-capable AI tutors for rural schools, or AI that
works on inexpensive devices) to ensure inclusivity.

0.6.3 Addressing Ethical and Sociocultural Dimensions. A conceptual or policy paper
couldmake a significant contribution by tackling the ethical, legal, and sociocultural ques-
tions that empirical research hasn’t fully addressed yet. For example, one could outline
a framework for AI ethics in K–12 education, identifying key issues (bias, privacy, trans-
parency, student agency) and providing guidelines or principles for each. This might in-
volve synthesizing insights from computer science ethics and educational equity research.
Concrete proposals could be made for things like algorithmic accountability: e.g., recom-
mending that any AI system used in schools comes with an explainability feature so teach-
ers and students can understand the basis of its recommendations (aligning with calls for
transparency in AI models). Another angle is the policy infrastructure needed – one could
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propose model school district policies or even legislation that ensure AI tools are evalu-
ated for bias and effectiveness before deployment, much as we require textbooks to be
vetted.

Importantly, the sociocultural impact of AI on the role of teachers and the experience
of students is ripe for exploration. Scholars could contribute novel perspectives on ques-
tions like: How should teacher training programs evolve in the age of AI? One suggestion
from recent research is to center teacher professional development on critical AI literacy
– not just technical training, but fostering teachers’ ability to critically evaluate AI tools
and integrate them in pedagogically sound ways. A policy paper could advocate for in-
cluding AI competencies in teacher certification standards, for example. On the student
side, another novel contributionwould be examining howAI usage affects student agency
and critical thinking over time. Does heavy reliance on AI tools erode certain skills, and
how might we mitigate that (perhaps by explicitly teaching students how to learn with
AI as a skill in itself)? Such discussions are only beginning to emerge. We know from
teacher reports that they worry about student critical thinking in an AI-rich environment,
so a forward-looking piece could propose educational strategies to ensure AI is used to
enhance higher-order thinking (for instance, using AI for routine tasks so that class time
can focus on discussion, debate, and analysis).

0.6.4 Integrating Equity by Design. Building on the equity implications, a powerful con-
tribution would be to articulate how we can design and deploy AI such that it actively
promotes educational equity. This could involve proposing standards or checklists for AI
developers: e.g., requirements for diverse training data, bias testing protocols, and involv-
ing stakeholders from marginalized communities in the design process. A thought paper
might introduce the concept of “Equity Impact Assessments” for new educational AI tools,
analogous to privacy impact assessments – evaluating how a tool performs across dif-
ferent demographic groups before it is widely adopted. Additionally, one could highlight
unexplored research on AI’s impact on systemic equity: for instance, will AI reduce dispar-
ities in access to quality instruction, or will it concentrate advantages in certain schools?
If current evidence is mixed, the paper could outline what further evidence is needed and
propose research agendas (perhaps large-scale pilots in diverse districts, with equity out-
comes tracked). This direction aligns with the noted need for more focus on inclusion and
ethics in AIEd research. By providing a vision of AI that is inclusive by design – considering
multilingual support, socioeconomic accessibility, and accommodations for disabilities –
such a contribution can fill a gap between the technological capabilities and the moral
imperative of education to serve all learners.

0.6.5 Policy Frameworks for Al Integration. Finally, there is an opportunity to craft com-
prehensive policy frameworks at the school, district, or national level to guide AI integra-
tion in K–12. This might draw from existing frameworks for EdTech integration but up-
dated for AI’s unique aspects. A contributor could propose, for example, amulti-stakeholder
governance model within a school district: forming AI review committees that include
teachers, parents, students, technologists, and ethicists to overseewhat AI tools are adopted
and how they’re used. Such frameworks should emphasize continuous evaluation – not
just adopting AI and assuming it works, but monitoring its effects on learning and equity,
and having mechanisms to address issues (bias, errors, student data breaches) if they
arise. A policy thought paper could also suggest collaborations between public sectors
and researchers, e.g. a national repository of approved AI tools that meet certain efficacy
and equity criteria, which districts can draw from. Additionally, aligning AI use with exist-
ing regulations (like disability accommodations, data privacy laws, etc.) is a complex area
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where guidance is needed. By synthesizing research findings and ethical considerations
into concrete policy recommendations, scholars can help ensure AI in education develops
with oversight and accountability. Importantly, such policy models should position teach-
ers and schools not as passive recipients of tech, but active co-designers of how AI is used
– echoing recommendations that educators be partners in innovation rather than subjects
of it.

0.7 CONCLUSION

In conclusion, while AI-assisted learning systems for K–12havemade remarkable strides
and showmuch promise, the current research also reveals them to be no panacea and not
without pitfalls. There is a robust foundation of positive evidence, yet many questions re-
main about how best to design, deploy, and govern these technologies in service of learn-
ing for all students. The conceptual models driving today’s systems – mastery learning,
adaptivity, personalization – provide a strong starting point, but they can be expanded
and refined by new theoretical insights (e.g. integrating collaborative and humanistic ap-
proaches). Empirical findings suggest efficacy, but also remind us of the critical role of
teachers, the necessity of context, and the vigilance needed for equity. Significant gaps
in research point to opportunities: by addressing underexplored populations, untested
assumptions, and ethical dimensions, future work can ensure that AI in education moves
from hype to genuine, evidence-backed innovation. A well-crafted conceptual or policy
paper can play an important role in this evolution by synthesizing what is known, spot-
lighting what is unknown, and charting thoughtful directions forward. In doing so, the
ultimate goal remains clear – leveraging AI not for its own sake, but as a tool to enhance
learning, empower teachers, and ensure every student can thrive in the era of intelligent
technology.
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