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Abstract: Artificial intelligence (Al) has made a fast entry into the world of physics education
research, but the empirical literature is still fragmented according to content domain, pedagogical
function, and evaluation criteria. Leveraging disciplinary epistemic practices, instructional
scaffolding theory, and self-regulated learning, this is a systematic literature review of 44 empirical
studies published from 2021 to 2025 to examine the implementation of Al in physics education,
where it is concentrated, the learning functions it serves, and the epistemic risks associated with its
use. Following the guidelines of PRISMA, the review combines frequency analysis and thematic
synthesis in order to search for patterns beyond isolated outcomes across studies. The results show
that there is a high concentration of Al applications in the areas of mechanics, thermodynamics, and
modern physics, which are characterized by machine-interpretable problem structures and high
demands for abstraction. Al is mainly applied in conversational tutoring, automated feedback, and
personalization systems, and the benefits have been shown to be focused on short-term learning
performance, engagement, and instructional efficiency. However, common themes among the
contexts are observed, such as epistemic unreliability, overreliance on Al outputs, lack of Al literacy,
and fragility of methodology, which directly pose a threat to disciplinary reasoning practices that are


https://dx.doi.org/10.3934/steme.2026023
mailto:roziqin@upi.edu
mailto:achmadsamsudin@upi.edu
mailto:dsaepuzaman@upi.edu
mailto:mien_iryanti@upi.edu
mailto:haslindanawang.2025@student.uny.ac.id

540

central to learning physics. Far from reflecting pedagogical transformation, the current use of Al
appears from the synthesized evidence to be instrumented instructional support, frequently divorced
from explicit theory-driven learning design. This review introduces a theory-informed, integrative,
and explanatory framework for relationships between characteristics of physics content, Al
pedagogical functions, and epistemic risks to provide a basis for future research to go beyond
tool-centered evaluations, toward sustainable, discipline-sensitive Al integration in physics
education.

Keywords: artificial intelligence, physics education, systematic literature review, learning outcomes,
Al-based instruction, pedagogical challenges

1. Introduction

Digital transformation has become a preeminent demand of modern higher education, leading to
more bespoke, flexible, and learner-centered pedagogies. The European Digital Education Action
Plan 2021-2027 sets out the necessity of using digital technologies in order to create collaborative
and creative learning environments [1,2]. Within this broader landscape, a new concept of the
influential factor behind pedagogical evolution has emerged in the form of artificial intelligence (Al)
and generative systems such as ChatGPT that are capable of generating near-human-like content and
strengthening instructional processes [3-5]. In terms of STEM education, Al-based tools such as
intelligent tutoring systems, adaptive platforms, automated assessments, and virtual laboratories have
shown great potential in increasing learner engagement, personalization, and instructional
efficacy [6,7]. Recent systematic reviews also report a marked increase in Al-in-education
publications since 2022, suggesting that the rise of generative Al has accelerated both
experimentation and scholarly attention in digital learning environments [8,9].

These advancements are particularly relevant against the background of persistent constraints
in conventional physics education. The abstract and mathematically demanding nature of physics
often results in heavy cognitive load, thus limiting motivation and leading to superficial
understanding [10-12]. Empirical research has proven that active and collaborative forms of
learning provide better learning outcomes than purely lecture-based approaches, if they are used
strategically [13—-15]. Accordingly, Al-supported tools that enable immediate feedback, adaptive
explanations, and interactive problem-solving provide exciting opportunities to address persistent
pedagogical deficits in learning physics [16].

Recent literature indicates that Al use in physics education is diversifying across classroom
discussion, problem-solving support, assessment, and laboratory activities. For example,
ChatGPT-based activities have been piloted in quantum physics classrooms [17], student and Al
responses to physics problems have been compared to examine sensemaking and mechanistic
reasoning [18], and generative Al has begun to be explored as a laboratory partner in school physics
settings [19]. While Al-supported tools may enhance critical thinking, engagement, and task
completion, concerns remain regarding incorrect or misleading outputs, particularly in conceptually
complex areas of physics [20,21]. These early studies therefore suggest both growing pedagogical
potential and the need for more systematic evidence on where Al is used, how it is implemented, and
what limitations accompany its use in physics learning.
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Despite the increasing adoption rate, the implementation of Al for the educational sector of
physics is still fragmented. Al tools are used in a variety of ways, as a problem-solving assistant,
content producer, assessment aid, and adaptive learner, but there is significant heterogeneity in the
institutional policy, infrastructural provision, and faculty preparedness [22]. To make sense of this
diversity, recent review works suggest that Al integration should be examined not only in terms of
technology adoption but also in relation to pedagogy, task transformation, and disciplinary content.
In particular, implementation-oriented reviews have used Laurillard’s Conversational Framework
and the SAMR model and have proposed a GenAl-TPACK lens to examine how Al aligns with
teaching goals, reshapes learning tasks, and fits subject-specific knowledge in higher education [23].
Nonetheless, empirical evidence identifying which physics topics benefit most from Al, through
what implementation models, and under what instructional conditions, remains limited [24-26].

Furthermore, persistent technical and non-technical impediments such as lack of Al literacy,
infrastructural deficits, ethical apprehensions, and the danger of excessive dependency continue to
pose challenges to efficacious deployment in a range of educational settings and milieus [27]. These
impediments highlight that effective Al integration depends on technological readiness, pedagogical
readiness, Al literacy, and ethical governance rather than tool availability alone.

In light of these opportunities and challenges, a systematic synthesis of recent empirical evidence
is needed. Existing reviews have examined Al in education broadly [8], Al in science education more
generally [26], and generative Al in science education at the subject-cluster level [28]. Recent
implementation-oriented reviews have also synthesized GenAl case studies in higher education and
proposed integrative lenses such as Laurillard, SAMR, and GenAl-TPACK [23]. However, these
reviews do not specifically map how Al is implemented across physics content domains, pedagogical
functions, reported outcomes, and contextual challenges in empirical studies published during the
recent generative-Al surge. Accordingly, this review addresses a more specific gap by synthesizing
empirical studies published between 2021 and 2025 and focusing on four dimensions: physics
content coverage, implementation models, reported outcomes, and pedagogical challenges. This gap
is what motivates the following research questions:

1. Which physics content domains are represented in empirical studies of Al use in physics
education?

2.  What pedagogical roles and implementation patterns of Al are reported in physics education?

3. What student, teacher, and instructional outcomes are reported in empirical studies of Al use?

4. What methodological, pedagogical, and contextual challenges are reported?

2. Literature review
2.1. The theory of artificial intelligence in education

Acrtificial intelligence (Al) has become an important strategic component in modern educational
practice, mainly because of its ability to support personalized learning through adaptive content,
teaching approaches, and feedback mechanisms that can be aligned with learners’ needs, progress,
and performance data [29-31]. Contemporary Al-based systems, such as highly sophisticated
intelligent tutoring systems and virtual assistant technologies, are designed to track learning paths
and patterns of mistakes and thereby produce automated assessments and provide immediate
context-sensitive feedback. These capabilities promote greater student engagement and greater
efficiency of learning [32-34].
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Nevertheless, a substantial body of empirical scholarship highlights major pedagogical dangers
that emerge with the use of Al without explicit instructional scaffolding. An excessive dependence on
Al may destroy students’ initiative, the originality of their work, and their capacity for autonomous
critical thinking. Moreover, unstructured usage is frequently seen as favoring superficial learning and
ignoring core disciplinary concepts, particularly if Al is viewed as an answer-generating substitute
rather than as an aid for cognitive support [35-37]. Consequently, there is a strong consensus that Al
should act as an augmentative tool to complement educators and learners and therefore be
implemented  within  explicit pedagogical and ethical frameworks [38-41]. Recent
implementation-oriented reviews further suggest that Al integration should be analyzed through
frameworks such as Laurillard’s Conversational Framework, SAMR, and GenAI-TPACK so that
technological affordances remain aligned with pedagogy, task design, and disciplinary content [23].
Conceptual studies in related educational fields have also described Al-supported learning as an
iterative process that integrates data collection, dynamic modeling, instructional feedback, and
personalized interventions [42]. Although these studies focus on physical education rather than
physics education, they remain conceptually relevant for understanding how Al can support the
design of responsive learning.

2.2. Use of artificial intelligence in the education of physics

In the area of physics education, Al is widely used to address the field’s inherent abstraction and
conceptual complexity. Through Al-driven simulations and interactive environments, learners can
dynamically explore physical systems, manipulate key variables, and observe immediate
consequences, thereby supporting conceptual understanding and expanding learning opportunities
beyond the limitations imposed by traditional laboratory settings [43,44]. This role is particularly
consistent with constructivist and inquiry-oriented physics learning, in which students refine
understanding by testing representations, receiving feedback, and revising misconceptions through
interaction with tasks and tools. In addition to offering adaptive learning pathways that can
customize explanations to the capability of the learner and enable personalized repetition, Al-enabled
AR/VR environments make traditionally intangible subjects, such as wave phenomena and principles
of optics, more tangible and accessible to learners [32,33,45].

However, existing research still tends to focus on particular content domains, most commonly
mechanics, thermodynamics, electromagnetism, and modern physics, and does not yet provide a
systematic mapping of the integration of Al throughout the curriculum of physics or a detailed
exploration of the implications for the roles, workload, and pedagogical adaptations of
educators [46-50]. Moreover, empirical data describing how Al moderates learners' cognitive
processes, reasoning strategies, and interaction patterns in physics classrooms are still sparse. The
lack of comprehensive metrics points to the need for focused research to not only examine the
effectiveness of interventions using Al-based approaches but also to examine which instructional
contexts, phases of physics instruction, and learner demographics benefit the most [51]. Accordingly,
a more targeted synthesis is needed to identify which physics content domains have actually been
addressed in empirical Al studies and how those patterns vary across implementations.

3. Method

The current study employed a systematic literature review (SLR) design and was reported in
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accordance with the PRISMA 2020 guidelines, thus ensuring transparency and traceability in the
process of reviewing literature [52]. Methodologically, this study is best characterized as a
systematic literature review with mapping elements. Unlike a scoping review, which is generally
used to examine the breadth of a broad field, or an evidence and gap map, which primarily visualizes
where evidence exists, the present review applied explicit eligibility criteria and structured coding to
synthesize empirical studies in relation to four predefined research questions [8,53]. The review
consisted of three major stages: (1) systematic literature searching, (2) article selection according to
explicit eligibility criteria, and (3) data extraction and thematic coding of included studies. All the
screening and coding procedures were performed by a single reviewer with domain knowledge in
physics education and educational technology. The review followed a predefined protocol that was
aligned with the research questions and that included consistent inclusion, exclusion, and coding
criteria at all stages of the review. This procedural framework was developed in order to ensure that
the review captured only empirical studies on the use of artificial intelligence in physics education
within the given publication period. The process of study identification, screening, and inclusion is
summarized in the PRISMA flow diagram, which describes the number of records that were kept or
excluded at each stage. Because study selection and coding were conducted by a single reviewer,
supervisory consultation was used to clarify ambiguities; however, this should still be acknowledged
as a methodological limitation because independent multi-reviewer screening is generally
recommended to reduce erroneous exclusion of eligible studies [54].

3.1. Literature search

A systematic literature search was conducted using six major academic databases relevant to
education and educational technology: Scopus, ScienceDirect, IEEE Xplore, ERIC, Springer Nature,
and Taylor & Francis. The search query focused on empirical research on the use of Al in physics
education, using the core search words "physics education™ and "Al", combined through the Boolean
operator AND. More specifically, the search strategy was anchored in the combination “physics
education” AND “AI”, with database-specific field adjustments to maximize relevance across
platforms. In line with PRISMA-S, the review reports the databases searched, record counts retrieved
from each source, and the search limits applied [52]. Search fields were carefully customized within
each database in order to maximize relevance. Consequently, the search yielded a total of 4928
records, consisting of 4385 records from Scopus, 118 records from ScienceDirect, 28 records from
IEEE Xplore, 52 records from ERIC, 269 records from Springer Nature, and 76 records from Taylor
& Francis. To ensure the collection of the latest views on Al-assisted learning in physics, the
publication window was limited to the period 2021-2025. Only journal articles and conference
papers published in English were considered for further screening.

3.2. Literature selection

The article selection process followed a three-step screening protocol, in line with the rules of
evidence in PRISMA, as shown in Figure 1. The inclusion criteria covered publication year, keyword
relevance, language, document type, empirical design, classroom or instructional implementation,
and relevance to the review questions. The exclusion criteria removed reviews, bibliometric studies,
conceptual papers, non-English publications, and Al development studies without actual educational
use.
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» At the first stage of retrieval, there were 4928 records identified. Following the removal of
duplicate references (n=196) using Zotero, 4732 unique articles advanced to the abstract screening
phase.
» During the abstract screening process, the titles and abstracts of the studies were evaluated using
the Rayyan Al platform. Articles were excluded when they were not relevant to Al or physics
education (n = 3846), when they were in other publication formats (n = 89), when they were
published in languages other than English (n = 96), and when they were outside the predetermined
publication range (n = 82). This process culminated in 619 articles that were considered eligible for
full-text review.
* In the full-text assessment stage, further exclusions were carried out based on topic mismatch (n =
501), unavailability of full texts (n = 27), non-empirical research designs (n = 6), Al development
studies without classroom implementation (n = 40), and failure to address the review questions (n =
1). Overall, 44 empirical studies met all eligibility criteria and were thus included in the final
analysis.

This staged procedure was intended to balance breadth and relevance. At the same time, the

reliance on single-reviewer screening should be interpreted cautiously, because more than one
reviewer is commonly recommended in systematic review selection procedures [54].
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'
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Figure 1. PRISMA 2020 flow diagram for study identification and selection.
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3.3. Literature coding

In this review, the chosen studies were carefully coded in light of the four predetermined research
questions (RQ1-RQ4). RQ1 focused on the content domains of physics that relate to artificial
intelligence; RQ2 addressed the most common ways of deploying Al; RQ3 addressed the
pedagogical implications of using Al by both learners and instructors; and RQ4 addressed the
barriers that are faced when implementing Al. In addition to coding studies according to these four
themes, descriptive study characteristics were also extracted, including publication year, country or
region, sample size, participant type, research design, and type of Al used. This enabled the review to
group the evidence not only by topic but also by year, geography, and Al category. The eligibility
criteria used for study selection are presented in Table 1.

Each article was analyzed in its entirety and coded deductively according to established
categories, but with the openness to emerging new themes. The physics curriculum content (RQ1)
was categorized based on curriculum-aligned topic categories. Al applications (RQ2) were listed in
functional groups of applications that include conversational agents, assessment and feedback
mechanisms, personalization applications, simulations, learning analytics, multimodal interfaces, and
Al literacy initiatives. The learning impacts that were determined (RQ3) included academic
performance, motivation, personalization, teacher roles, and potential adverse effects.
Implementation challenges (RQ4) were outlined in terms of dimensions such as accuracy, ethics,
infrastructure, Al literacy, overreliance, and methodology.

To strengthen the synthesis, methodological notes were also recorded for each study, especially
sample size, research design, duration of intervention, and whether the study used a control or
comparison group [55]. Particular attention was given to studies with weak designs, such as one-shot
implementations, descriptive reports, or interventions without controls, because such features limit
the strength of causal interpretation and the comparability of findings across studies [43,56]

Consistent application of uniform coding procedures was applied throughout the corpus by one
reviewer. Ambiguities that emerged in the coding guidelines were subsequently clarified through
consultation with the supervisor. The findings of the synthesis were analyzed using a combination of
frequency analysis and thematic coding, and then presented in tabular form to provide insight into
dominant trends and emerging patterns in the literature.

Table 1. Eligibility criteria.

Code Criterion Inclusion Exclusion
1 Year of publication 2021-2025 <2021
2 Keyword relevancy Contains terms related to Al and physics education Not related to Al or physics education
3 Language English Non-English
4 Document type Journal articles, conference papers Book chapters, books, theses
5 Screening criteria (title and  Relevant to Al use in physics education; primary study Literature reviews, SLRs, bibliometric studies,
abstract) or irrelevant topics
6 Research design Empirical studies Non-empirical studies
7 Development stage Al implemented in instructional or learning contexts Al development without classroom use

involving students or teachers
8 Relevance to  research  Addresses at least one of RQ1-RQ4 Does not address the review questions

questions
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4. Result
4.1. Descriptive
4.1.1. Characteristics of included studies

To provide an overview of the general characteristics of the selected literature, the detailed
descriptive and methodological profile of the included studies is presented in Appendix A (Table 2).

Appendix A (Table 2) shows that the corpus is dominated by journal articles, spans multiple
countries, and is strongly concentrated in generative-Al applications, especially ChatGPT and other
large language models. This pattern suggests that Al in physics education is entering a more
established empirical phase; however, publication format alone should not be taken as a proxy for
methodological strength. Moreover, the literature review suggests that recent work is increasingly
oriented toward classroom use, feedback, assessment, and instructional support rather than purely
technical experimentation [17,70,80].

Importantly, the same table reveals a very unbalanced state of research orientation: studies
explicitly framed around Al tools and systems are much more numerous than studies fundamentally
grounded in the disciplinary domain of physics education. This pattern implies that a significant
percentage of the literature takes a technology-centric perspective, rendering visible the Al tools and
functionalities over the physics-specific learning problems, such as conceptual misconceptions,
representational competence, or disciplinary reasoning. As such, the field of Al often becomes a
generic instructional adjunct in physics pedagogy, rather than one that is integrative. In other words,
the corpus also suggests that many studies foreground tool functionality more clearly than explicit
alignment with physics-specific pedagogical goals. From a constructivist or inquiry-oriented
perspective, this matters because the educational value of Al depends not only on tool availability but
also on how well the tool supports conceptual change, guided feedback, scientific reasoning, and
meaningful learner interaction. Recent implementation-oriented reviews similarly argue that Al
integration should be interpreted through pedagogical frameworks rather than through technology
adoption alone [23].

At the same time, the methodological profile of the corpus appears uneven. These descriptive
patterns should be interpreted cautiously because much of the corpus appears exploratory,
context-bound, or methodologically limited. Where studies rely on one-group interventions,
self-reported perceptions, or designs without control or comparison groups, claims about
effectiveness should be interpreted cautiously because such designs provide weaker support for
causal inference. This also affects external validity, since findings from specific institutions, cohorts,
or instructional settings may not generalize straightforwardly to other populations or contexts.
Accordingly, the expanded version of Appendix A (Table 2) should include participant type, sample
size, and research design so that readers can distinguish exploratory evidence from stronger
comparative evidence [64].

4.1.2. Geographical distribution of included studies

To identify dominant regions and underrepresented contexts, the geographical distribution of the
included studies is presented below.
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Distribution of Studies by Country

Rank| Country

1 |United States.
2 |Germany

3 |Indonesia

4 |Kazakhstan '»
5 |Brazil

6 |Italy
7

8

South Korea

China

9 | Ecuador

10 _|Malaysia
11 |Mexico
12 _|Morocco

13 |Peru

14 | Slovakia

15 |South Africa

16 _|Spain

17 |Sweden

18 |Switzerland

19 | Thailand

20 | Ukraine

United Arab

Emirates

United

Kingdom Powered by Bing
23 | Vietnam 1

Figure 2. Distribution of studies by country.

As indicated by Figure 2, the studies are geographically distributed in multiple areas, with a high
representation from Europe, Asia, and North America. This reflects a growing international interest
in Al-supported physics education, but not a balanced global evidence base. However, this broader
spread should not be equated with representational balance, because the evidence still appears
concentrated in relatively well-resourced or digitally advancing contexts. Nevertheless, the
concentration of studies in such contexts may restrict our understanding of Al implementation in
under-resourced settings, different curricular systems, or institutions with lower technological
readiness [57,73]. This issue is important not only descriptively but also methodologically, because
external validity depends on whether findings can travel across populations, settings, and
instructional conditions [41].

4.1.3. Publication trends by year

To illustrate the temporal development of Al research in physics education, publication trends by
year are presented in Figure 3.
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Figure 3. (a) Yearly distribution of retrieved records across databases before screening.
(b) Yearly publication trends of empirical Al studies in physics education.

Figure 3a presents the yearly distribution of records retrieved before screening, whereas Figure
3b presents the yearly distribution of the 44 included empirical studies. No eligible empirical studies
published in 2021 or 2022 met the final inclusion criteria. Such an increase is consistent with the
release of the much-needed generative Al technologies, specifically the large language models, and
represents a shift from exploratory curiosity to mainstream scholarly interest. Within the context of
physics education, this is a growing trend for Al-enhanced instruction, assessment, feedback, and
laboratory experiences.

4.2. RQ1. Which physics content domains are represented in empirical studies of Al use in
physics education?

RQL1 identifies the distribution of physics content domains in which Al has been implemented in
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educational settings and examines how domain-specific epistemic characteristics may shape where
Al is more readily implemented. This analysis is intended not just to describe topical coverage but
also to identify dominant concentrations and areas of unexplored territory that may represent
opportunities for research. The distribution of the physics content covered in the reviewed studies is
summarized in Table 3.

Table 3. Distribution of included studies by physics content domain, sub-topic, frequency,

and study code.
Physics content Sub-topic Frequency Study code
domain

Mechanics Newton's Laws (1, I1, I11); collision problems (1D); conservation of 17 Al; Al18; Al9;
momentum; force and motion; kinematics (rolling motion, projectile A21; A22; A23;
motion, translational kinematics); translational and rotational A25; A26; A30;
dynamics; pendulum (including Wilberforce); Hooke's law and Al4; A15; A35;
springs; work; mechanics energy; center of mass; moment of A36; A42; A43;
inertia; rigid body dynamics; classical mechanics; Gravitron A10; A12
assignment; introductory mechanics course; mechanics and its
laboratory.

Thermodynamics and heat Thermodynamics; calorimetry; P-V cycles; ideal gas laws; 1 A3; A4; A5; AT;

(including climate isothermal and adiabatic processes; heat transfer (conduction, A9; A21; A22;

physics/cryogenics) convection, radiation); thermal conductivity; 2D/3D temperature A26; A27; A28;
distribution; 2D plate models; energy and heat; temperature; A38
thermodynamic equilibrium; thermodynamics in the lab; climate
physics (greenhouse effect, global warming) as context; cryogenics.

Waves and sound (including  Mechanics waves; standing waves; wave phase; acoustic 7 Ad; A8; A24; A25;

seismic) interference and diffraction; wave properties (wavelength, A32; Ad2; A43
frequency, amplitude); sound; speed of sound; seismic waves
(seismic activity); oscillations and waves in the laboratory.

Optics and electromagnetic  Light waves; optics; optical interference and diffraction; radio (part 6 Ad4; A5; A8; A32;

waves of the EM spectrum); electromagnetic waves; electromagnetic A39; Ad42
spectrum.

Electricity and magnetism  Electricity; electric current; electric circuit; E and M (electricity and 8 A5; A8; Al4; A22;

(electromagnetism) magnetism); electromagnetic field; electromagnetism (general); A23; A34; A20;
electrodynamics; electromagnetic problems; electromagnetism in A42
the laboratory.

Modern physics (quantum, Quantum cryptography; quantum mechanics/physics; wave-particle 11 A2; A5; Al7; Al3;

relativity, duality; quantum entanglement; eigenvalues; EM spectrum A31; A34; A22;

atomic/nuclear/particle, (quantum context); general relativity theory; relativity; curved A41; A39; Ad4;

solid state, plasma) spacetime and gravity; relativistic concepts; modern physics; A42
atomic, nuclear and particle physics; radioactivity; plasma physics;
solid state physics.

Astronomy and astrophysics ~ Astronomy and astrophysics; Earth and space systems (from an 2 A5; A4l

astronomical perspective); gravitational wave astronomy.

STEM Education
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As shown in Table 3, applications of Al in physics education show a systematic focus on
particular areas and not a general coverage of the curriculum. Mechanics emerges as the clearest
concentration, suggesting that current Al integration is strongly oriented toward foundational topics
that lend themselves to structured quantitative reasoning and step-by-step problem solving. The
epistemic structure of the mechanics, in which student work is usually externalized in the form of
equations, numerical answers, and procedures of solution, makes it especially amenable to the kind
of dominant affordances that Al offers in the form of automated feedback, intelligent tutoring, and
Al-supported problem generation. From a constructivist and guided-inquiry perspective, this
alignment is pedagogically plausible because mechanics tasks often generate explicit learner traces
that enable iterative feedback, error diagnosis, and scaffolded problem solving. This helps to
understand why topics in mechanics, such as kinematics, Newton's laws, collisions, and energy
conservation, keep appearing in the empirical corpus over and over again [21,70,71].

Thermodynamics/heat and modern physics form a second prominent cluster, but their visibility
appears to reflect two somewhat different patterns of epistemic and pedagogical alignment. In
thermodynamics, Al-supported learning is often linked to context-based and data-rich learning
environments (e.g., heat transfer, temperature distributions, and climate-related contexts) in which Al
can support interpretation, modeling, and context-based reasoning instead of just procedural
checking of answers [57,58]. By contrast, in modern physics, the pattern points more strongly to the
use of Al as cognitive and representational scaffolding for abstract, mathematically intensive, and
conceptually demanding topics such as quantum physics and relativity. In the language of
contemporary physics, the high frequency indicates that the increasing use of Al as cognitive
scaffolding is used to support student understanding of abstract and mathematically intense concepts
(e.g., quantum and relativity), in which conventional instruction often runs up against entrenched
conceptual barriers. Thus, Table 3 suggests that Al adoption is not only concentrated in "easy to
automate” domains but also in domains where the demands for representational and explanatory
support are high [17,44]. This also indicates that the current corpus is shaped by the types of Al
being used: many recent studies rely on LLM-based feedback, ChatGPT-supported tutoring, or
multimodal visualization tools rather than traditional rule-based systems alone.

In contrast, electricity and magnetism, waves and sound, and optics/electromagnetic waves
appear only moderately represented despite their central role in the physics curriculum. This pattern
may reflect structural underrepresentation shaped by the epistemic demands of these domains. Topics
like waves, optics, electromagnetism, etc., often demand intensive multi-representational
coordination (e.g., phase, interference, field/diagram reasoning, and translation between conceptual
and mathematical representations), which is perhaps less directly provided by Al implementations
that are dominated by text-based tutoring and feedback. In other words, the present evidence base
appears better aligned with domains that produce linear, verbalizable, or procedural traces than with
domains that depend heavily on spatial, field-based, or diagrammatic reasoning. As a result, these
domains are less commonly found in the empirical literature, even though they are pedagogically
important.

Astronomy and astrophysics remain at the margins of the corpus, suggesting that Al integration
has been concentrated mainly on classroom-scale physics topics. Rather than being a reflection of
low relevance, such scarcity might be a manifestation of the greater design complexity for astronomy
learning, in which observational inference, large-scale phenomena, and visualization-centered
reasoning are often involved. It may also reflect the relative scarcity of Al implementations
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specifically designed for content areas that depend on large-scale data interpretation and
observational modeling rather than immediate stepwise feedback.

These domain patterns should be interpreted cautiously, given the exploratory and context-bound
character of much of the corpus [17,19,21,72]. In addition, where studies rely on one-group
interventions or designs without control or comparison groups, conclusions about the comparative
effectiveness of Al across content domains remain limited. These features also constrain external
validity, because findings from specific institutions, learner groups, or technological settings may not
transfer straightforwardly to other educational contexts.

Overall, the results of RQ1 reveal that Al in physics education is currently focused on areas that
either (a) generate machine-interpretable traces of learning amenable to procedural tutoring and
assessment (e.g., mechanics) or (b) create high demand for scaffolding of abstract reasoning (e.g.,
modern physics). By contrast, domains requiring complex multi-representational coordination or
observational inference remain comparatively underrepresented. Taken together, these findings
suggest that current Al integration in physics education is shaped not only by technological
availability but also by the degree to which specific content domains align with the pedagogical
goals and representational affordances that current Al tools can realistically support.

4.3. RQ2. What pedagogical roles and implementation patterns of Al are reported in physics
education?

RQ2 investigates how Al is applied in physics education by identifying dominant patterns of
implementation and the pedagogical orientations that they reflect. Rather than treating Al adoption
merely as a technological trend, this analysis emphasizes what instructional functions receive
attention in empirical work and which functions still remain underexplored. The classification of Al
use across the reviewed studies is summarized in Table 4.

As shown in Table4, eight major categories of Al utilization were identified. The clearest
concentration is in conversation-based support, especially chatbots, conversational assistants, and
tutor-like systems. This dominance implies that interactive dialogue has emerged as the most
accessible and widely tested pathway for integrating Al into physics learning. In many cases, Al is
positioned as a real-time cognitive support tool giving explanations, procedural problem-solving
guidance, and support for students as they work through complex physics tasks. This pattern aligns
with the popularity of LLM-based tutoring in physics learning environments, especially in topics that
contain a significant amount of mathematics and are well-structured in terms of procedures [26,66].
Notably, more specialized forms of conversation, such as laboratory or experiment assistants (2) and
metacognitive dialogue systems (1), are still rare, suggesting that conversational use focuses
predominantly on the provision of assistance in the immediate situation rather than on sustained
reflection, monitoring, and epistemic control during learning.

The next most prominent categories are personalization and recommendations (18 studies) and
Al assessment and feedback (16 studies). These categories respond to long-standing problems of
physics education, including differences in students’ prior knowledge and the practical difficulty of
giving timely and individual feedback. Personalized learning systems usually adapt learning
pathways or content difficulty, whereas automated grading and formative feedback tools are intended
to enhance the efficiency of the instructional processes as well as diagnostic precision [58,80].
However, many of these applications are framed with limited explicit grounding in physics-specific
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learning theories, such as conceptual change, learning progressions, or representational competence,
while prioritizing measurable gains in speed, accuracy, or task completion. This creates a risk that
"successful Al use" comes to be defined narrowly in terms of improved performance indicators
rather than deeper disciplinary reasoning.

Table 4. Classification of Al use in physics education by main pedagogical function,
derivative form, citations, and unique study coverage.

Basic form of Derived usage forms (with frequency per Study code Article frequency
usage derivative) (unique per main
topic)
Conversation Chatbots/conversational  assistants ~ (26);  smart A22; A17; A35; A26; A2; A25; 27

assistant and tutor tutors/virtual tutors (7); lab assistant/experiment Ad4; A39; Al12; A19; A38; A32;
assistant (2); metacognitive dialogue with Al (1). A30; A24; Al4; A9; A43; A36;
All; A7; A31; A21; A33; A27; A8;

A6; A16

Al assessment and Automated grading system/Al-assisted grading (9); A22; A2; A5; Al19; A38; A15; A29; 16
feedback automated/real-time/formative feedback (8); A20; A9; A36; A4; A3l; Al8; A34,

LLM-based grading assistant (3). A27; A8
Personalization and Personalized learning/personalized learning systems A22; A40; A35; A32; A3; Al6; 18
recommendations (16); recommendation systems and automatic LO A36; A10; A23; A4l; A28; A4;

labeling (7); diagnostic analysis of misconceptions (1). A31; A37; A34; A27; A8; A42
Simulations and Artificial intelligence-based  simulations/virtual Al7; Ad2; A23; A28; A31; A37; 8
virtual experiments experiments (8); mathematical modeling and discovery A34; A8

of equations with genetic algorithms/symbolic

regression (1).
Content and Content generation (text, questions, explanations, A13; A26; A5; A38; A32; A29; 12
knowledge concept items, arguments, reading materials) (10); Al4; Ad4; A7; A18; A34; A8
generation image generation Al (1); Al as a source of

knowledge/problem-solving copilot (3).
Learning analytics Learning analytics/data analysis (11); plagiarism A22; Ad0; A25; A15; A29; A20; 13
and data analysis detection and academic integrity monitoring (1). Al4; A9; Al10; Adl; A7; A28; A34
Multimodal Image  recognition/OCR/object  detection  (5);  A5; A9; A36; Adl; A21; A27; Ad4 7
interface speech-to-text and text-to-speech (3).
(text-voice-image)
Al literacy and Al literacy tools and Al literacy training (2); Al A22; A5; A25; A29; Al; A3l 6

perception studies perception/acceptance studies (4).

At a moderate level of representation, the categories were content and knowledge generation (12
studies) and learning analytics and data analysis (13 studies). Within this grouping, there is a
tendency for Al to function either as a productive agent (generating explanations, questions, and
learning materials) or as an analytical agent (extracting patterns from learning data). A notable point
in Table 4 is that, despite widespread concern about Al misuse in education, only one subtype within
this category directly addresses academic integrity monitoring. This implies that there has been a
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faster development of the literature in terms of the adoption of Al for instructional support than in the
establishment of systematic protections for the evaluation of validity and ethical use of Al in
education, a disparity of growing importance when generative Al is becoming more embedded in
student learning practices [17,67].

Less frequently explored areas, simulations and virtual experiments (8 studies), multimodal
interfaces (7 studies), and Al literacy and perception studies (6 studies) remain promising yet
relatively underdeveloped areas. This pattern is especially salient in physics education because
physics learning is strongly model-based, relies heavily on experimentation, and requires
multi-representational coordination. Al-driven simulations and virtual experiments may offer
scalable alternatives to resource-intensive or complicated lab setups, but these usually require
substantially more design work, including validated models, careful task constraints, and meaningful
integration with inquiry-based learning [69]. Similarly, multimodal Al systems, including those that
integrate OCR/object detection and speech interfaces, have the potential to support learning in
physics, where diagrams, graphs, and visual representations are central to disciplinary thinking.
However, these are relatively infrequent in occurrence, which means that multimodal support is a
peripheral rather than a mainstream implementation strategy [59]. Finally, the few Al literacy and
perception studies suggest that current scholarship is focused on short-term instructional
functionality and not on longer-term readiness, teacher capacity, and issues of sustainable integration
that are essential to the responsible and consistent use of Al in physics classrooms [21].

Overall, Al use in physics education is concentrated in conversational support, personalization,
and assessment, whereas metacognitive support, multimodal scaffolding, and simulation-based
inquiry remain comparatively underexplored. These patterns suggest that this is a rapidly emerging
field that is experimenting with Al as a learning support tool, but is still in the process of building
more theory-grounded and more discipline-sensitive designs that match the epistemic practices that
are the core of physics learning.

4.4. RQ3. What student, teacher, and instructional outcomes are reported in empirical studies
of Al use?

RQ3 investigates the effects of Al implementation in physics education on some of the most
important user groups, such as students, teachers, and the broader learning process. This assessment
is necessary in order to evaluate not only the potential benefits of learning but also the pedagogical
risks that may come with the routine use of Al in physics. Based on the synthesis of the selected
studies, five major categories of Al impact were identified, including both reported benefits and
critical challenges. The distribution of these outcomes is summarized in Table 5.

As Table 5 indicates, the most commonly reported impact concerns teacher and researcher
efficiency (14 studies). Across these studies, Al is applied to support workload-intensive activities in
teaching and research in physics, such as automated task grading, learning objective labeling, lesson
and question generation, data coding, and Al-enabled teaching assistance [21,62]. This pattern
suggests that current Al adoption is often framed in the context of instructional efficiency and
professional support as opposed to wholesale pedagogical redesign [82,88,89]. Practically speaking,
the role of Al is being positioned in the literature as a way to reduce time spent on routine
instructional labor, with the potential of freeing up teacher attention to facilitation, discussion, and
higher-order sense making that is central to physics learning.
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Table 5. Reported learning, instructional, and user-related outcomes of Al use in physics education.

Outcome category Sub-category Users Study code Frequency
(teachers/students)

Student learning Al is used as chatbots/LLMs, adaptive learning  Students A2; A5; A12; A16; 12
outcomes and skills modules, Al-generated physics content, student Al7; A19; A23;

record analysis, or diagnostic systems to A28; A35; A22;

improve students' test scores, concept Ad4; A27

understanding, modeling, problem solving, and

scientific skills.
Student motivation, Al is used in the form of a chatbot, as an Al Students A7; All; Al13; A3L; 9
involvement, and tutor, integrated as ChatGPT in course A32; A39; A29;
attitude activities, or in the form of Al-based media A33; A24

that was designed specifically to measure its

effects on motivation, situational interest,

positive affect, and students' attitudes toward

physics and Al.
Self-guided  learning Al is used as a personalization engine Students A3; Ad 2
and individualization (machine learning algorithms, adaptive digital

modules) to identify at-risk students, provide

culturally  relevant interventions, adjust

material levels/pace, and provide instant

feedback that supports independent learning.
Efficiency, role, and Al is used as an automatic grader, atomic  Teachers and researchers Al; A6; A9; A10; 14
development of learning objective labeler, research data coder, (main), students as A15; A18; A38;
teachers/researchers question and lesson plan generator, intelligent  recipients of the impact A20; A36; A37;

teaching  assistant  (ITAS, Al tutor, A4l; A34; Ad2; A22

PhysicsAssistant), and Al training/literacy tool,

thereby reducing workload and increasing the

professional capacity of teachers/researchers.
Risks, limitations, and Al (ChatGPT, Al, cheat sites, competition  Students and teachers Al; Al4; A21; A24; 9
negative consequences  copilots, lab partners) is actually used by A25; A26; A30;

students/teachers, and its negative impacts A39; A43

have been analyzed: dependence on instant

answers, decline in critical thinking and

metacognition,  misconceptions,  reduced
human interaction, cheating, and overtrust in

incorrect answers.

In terms of student-centered outcomes, positive effects are most apparent in student learning
outcomes and skills (12 studies) and motivation, engagement, and attitudes (9 studies). The reviewed
studies often conclude that conversational support, Al-assisted feedback, Al-generated learning
resources, and Al-supported laboratories or simulations are associated with improvements in
conceptual understanding, problem-solving  performance, and  task  engagement
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[43,44,65,68,71,73,75]. Affective outcomes are also an area of frequent discussion, especially when
Al is implemented in the form of a tutor-like presence, a structured classroom tool, or an activity in a
course that alters the way that students approach tasks in physics [17,64,79,80,81,87]. Overall, these
studies suggest that much of the existing impact evidence is focused on near-term cognitive and
affective indicators, such as performance, perceived understanding, interest, and attitudes, rather than
more distant-term disciplinary outcomes such as sustained epistemic agency and scientific reasoning
practices.

However, self-directed learning and contextual personalization are the least represented category
(2 studies) despite the more general presence of Al systems that technically make adaptation possible.
In Table 5, very few studies frame personalization as an explicit means of promoting learner
autonomy, for example, by identifying at-risk students, accommodating pace and level, or
incorporating culturally responsive interventions [57,58]. This is important to consider because
personalization can easily be "system-driven" (optimizing the delivery of content) without
necessarily being "learner-driven™ (assisting in planning, monitoring, and self-regulation). This
pattern suggests that, within the reviewed corpus, autonomy-oriented personalization is more often
treated as a technical capability than as a deliberate pedagogical goal.

Crucially, the literature also reports risks, limitations, and negative outcomes, which show that
these concerns are not marginal. The concerns that remain are based on overreliance on Al-generated
responses, reduced metacognitive engagement, misconceptions from flawed outputs, instances of
cheating, violations of academic integrity, and excessive trust in seemingly plausible reasoning
[19,20,41,66,74,78,90]. These findings complicate overly optimistic accounts of Al integration. Even
when Al increases efficiency or short-term performance, the literature regularly states the potential
that learners outsource verification of their work, reduce productive struggle, and embrace fallacious
explanations of physics in the absence of guided and imposed constraints.

Overall, the empirical corpus reports stronger evidence for short-term gains in learning,
engagement, and instructional efficiency than for long-term development of disciplinary reasoning,
and these benefits remain accompanied by non-trivial epistemic and pedagogical risks. As such,
future empirical efforts should think about Al not as an auxiliary technology that helps people
perform their tasks better but as an instructional component that is part of the curriculum and is
explicitly scaffolded with metacognitive supports, verification protocols, and Al literacy training,
particularly for educators responsible for managing the everyday dynamics of classroom
practice [21,56].

4.5. RQ4. What methodological, pedagogical, and contextual challenges are reported?

RQ4 examines the methodological, pedagogical, and contextual challenges associated with the
use of artificial intelligence in physics education. The reviewed studies reveal 10 major categories of
challenge, indicating that barriers to Al adoption are multifaceted and extend well beyond purely
technical issues. These difficulties include epistemic reliability, pedagogical integrity, human factors
such as literacy and professional identity, infrastructural readiness, and the strength of the empirical
basis used to justify adoption. The full categorization is presented in Table 6.
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Table 6. Reported methodological, pedagogical, and contextual challenges of Al use in
physics education.

Challenge Description of challenge Affected users Study code Frequency
category
Accuracy, Al responses are often inaccurate, contain  Students who use Al as a Al; A5; A6; A7; A12; 20
conceptual errors, hallucinations, incoherent reasoning, or only  tutor/source of answers, A13; Al4; A18; Al9;
and Al output provide a superficial understanding of and teachers/lecturers who A20; A21; A25; A26;
hallucinations physics concepts. use Al for questions and A27; A24; A35; A36;
feedback. A38; A39; A42
Excessive Students rely too much on ChatGPT/Alasan  High school  Al; A7; A12; A20; A21; 13
dependence and "answer machine" and accept the output students/physics  students A22; A27; A31; A32;
decline in critical without verification, resulting in a decline in  who use Al to complete A34; Ad2; Ad3; A33
thinking independent problem-solving and critical ~ assignments and conceptual
thinking skills. problems.
Low Al literacy, Teachers and students do not yet understand  Physics teachers (in-service A8; A22; A3; Ad; A27; 14
technological how Al works, its potential, and its risks; and pre-service), A28; A29; A32; A3l
anxiety, and training  there is technological anxiety, a lack of prospective teachers, and A34; A37; Adl; Ad4;
needs confidence, and a strong need for training  students who must A17
and Al literacy. critically assess the quality
of Al outputs.
Limitations in  The integration of Al requires a stable Public schools in A3; Ad; A5; A27; A8; 11
infrastructure, internet connection, compatible devices, and  developing regions, A32; A31; A34; A36;
access, and cost ICT infrastructure; many schools/institutions  universities with limited IT A37; A42
in developing regions do not yet have budgets, and institutions
adequate support for this. with low resources.
Ethical issues, data Challenges related to plagiarism and  Students (risk of plagiarism Al; A5; A7; A20; A22; 13
privacy, academic academic  dishonesty, personal data and misuse of Al A27; A31; A32; A34;
integrity, and bias protection, lack of model transparency, and lecturers/teachers A36; Adl; A38; Ad42
algorithmic bias that can perpetuate injustice. ~ (academic integrity), and
institutions/government
(ethical policies and data
protection).
Feedback scalability  Providing personalized written feedback in  Physics lecturers/teachers  Al8; A19; A9; All; A36 5
and teacher large classes is very time-consuming; Al  who teach large classes and
workload helps, but it still requires curation and teaching assistants who
verification by teachers, so the workload handle assessment and
does not disappear. feedback.
Limitations in Al Al has difficulty handling advanced Students studying advanced  Al; A7; Al4; A18; Al9; 13
capabilities conceptual physics, mathematics, visual/lab  physics topics, laboratory A20; A21; A35; A36;
(complex  physics, data, and non-English languages; it is also  practicums, and users in A34; Ad4; A23; A40
multimodal, local limited in generating new problems or local languages (e.g.,
languages) creative solution variations. Korean, Thai).
Limitations of the Many studies have small sample sizes, short  Physics education A2; A3; A4; A10; Al1; 14
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methodological
framework and

empirical evidence

Changes in the role
and professional

identity of teachers

Technical skills:

programming,

prompting, and
evaluating Al
responses

durations, highly specific contexts, and do
not yet provide a strong methodological
framework for evaluating the effectiveness

of Al in physics education.

The integration of Al triggers role identity
conflicts, concerns about losing professional
authority, and pressure to adapt to the new
role of teachers as facilitators who
collaborate with Al.

Teachers and students often lack the skills to
program/set up Al systems, write effective
prompts, and critically evaluate the quality

of Al responses.

researchers, curriculum
developers, and
policymakers who want to
adopt Al in a systematic
and evidence-based
manner.

High  school  physics
teachers and lecturers are
expected to utilize Al in

teaching and experiments.

Physics teachers/lecturers
who develop Al activities
or systems, and students
who interact directly with

chatbots or other Al tools.

Al12; A29; A30; A31,
A32; A22; Al6; AlT;

A40

Al; AB; A22; A37; A34,

A42

A8; Al6; Al5; A28; A4l

Ad4

As highlighted in Table 6, the most prominent challenge concerns inaccurate outputs, conceptual
errors, and hallucinations. The stakes are high enough in the case of physics because modest
conceptual lapses (the misstatement of the laws of forces, the misuse of signs in dynamics, or an
erroneous understanding of the causal factors of phenomena, for example) can become petrified into
misconceptions when expressed with seeming confidence. Across the reviewed studies, Al-generated
explanations may appear coherent while remaining conceptually impoverished or incorrect, which
becomes pedagogically dangerous when students treat textual fluency as a proxy for epistemic
authority [21,66]. From the perspective of physics teaching, the problem is not limited to wrong
answers; it also includes failures in dimensional analysis, boundary condition reasoning, model use,
and consistency across. Closely related to this is excessive dependence on Al and the resulting
erosion of critical thinking. Table 6 suggests that when Al is used as an "answer machine", students
may avoid the use of verification, modeling, and sense-making processes that are central to physics
education, especially when the value of a task is built on the construction and evaluation of reasoning,
rather than a simple, numerical answer [61]. This problem is intensified by the issue of accuracy:
overreliance on systems prone to hallucination weakens students’ metacognitive oversight while
increasing exposure to plausibly presented misconceptions [66].

Beyond epistemic reliability, Table 6 also brings human-factor barriers into the foreground. The
reviewed literature points to low Al literacy, technological apprehension, training deficits, and gaps
in practical skills such as prompting, output evaluation, and basic system setup. Collectively, the
evidence is suggestive of the fact that the successful use of Al tools in physics education is not
dependent merely on the fact that they are accessible in realistic contexts but on the proficiency of
users who can critically interrogate Al outputs and embed them in pedagogical practice without
abdicating epistemic authority [26,27]. In the physics classroom, which is characterized by high
representational demands and a need to evaluate the quality of given explanations with regard to
formal constraints, Al literacy needs to be a set of discipline-specific evaluative practices, including
the ability to identify validity, justify claims, and balance consistency between equations, graphs, and
physical reasoning.
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Structural constraints are also significant. The literature also shows that Al integration is uneven
across contexts, particularly in developing regions and low-resource institutions, where reliable
internet access, device availability, and ICT infrastructure remain limited [57,58]. At the same time,
ethical issues involving privacy, academic integrity, and bias highlight institutional concerns that
cannot be resolved through classroom enthusiasm alone. The juxtaposition of easy text generation
and assessment pressure makes academic integrity a rather tangible, as opposed to theoretical,
dilemma, especially in physics courses, in which homework-style problems abound, and might be
outsourced without rigorous task redesign [66]. These ethics-related barriers point to the need for
explicit governance and deliberate assessment design, rather than relying only on pedagogical
“warnings” to students.

Another recurring issue concerns the present limits of Al capability in physics-specific contexts.
The literature reports difficulties with advanced mathematics, multimodal reasoning involving
diagrams and laboratory data, and the handling of local languages, all of which are especially
consequential in physics, where visual representation, measurement, and uncertainty reasoning are
integral to disciplinary practice. When considered alongside concerns about feedback scalability and
teacher workload, these limitations suggest that the perceived applicability of Al is often overstated.
Although Al can serve to relieve educators from some routine labor, it does not relieve educators
from their role in curation and validation, and alignment of feedback to curricular goals, especially
where correctness cannot be understood simply from the plausibility of appearance [62].

A further challenge lies in the methodological fragility of the evidence base itself. Many
interventions are short-term, context-specific, or based on small samples, which limits the strength of
conclusions about sustained learning gains or long-term risks [44,91,92]. This limitation is not
merely academic. Without more rigorous designs, institutions must make adoption decisions under
uncertainty, while educators face pressure to “embrace AI” without clear guidance about its benefits,
risks, or the most effective safeguards.

Overall, the challenge profile summarized in Table 6 shows that successful Al use in physics
education depends as much on pedagogical and institutional readiness as on technical capability. The
most persistent barriers (epistemic unreliability, overdependence, literacy gaps, integrity concerns,
and methodological weakness) are deeply intertwined and imply that improvements to the tools
alone are unlikely to result in progress. Future work would therefore be well served by longitudinal
and theoretically grounded studies that treat verification practices, Al literacy, and assessment
integrity as core design requirements, while also addressing infrastructural limitations and the
changing professional role of physics teachers in Al-mediated learning environments [21,26].

5. Discussion, future research direction, conclusions, limitations
5.1. Discussion

The present review indicates that the recent expansion of Al in physics education should be
interpreted with some caution. While the number of empirical studies has increased markedly after
2023, this growth does not necessarily indicate that the field has already reached pedagogical or
methodological maturity. Rather, the literature seems to reflect a period of rapid experimentation in
which the adoption of Al has progressed faster than the development of strong learning designs, clear
theoretical grounding, and robust comparative evidence [17,66,71].
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When the findings across RQ1-RQ4 are considered together, a more coherent picture emerges. Al
adoption in physics education is not evenly distributed across the curriculum. It is concentrated most
strongly in mechanics, thermodynamics, and modern physics, which share features that are relatively
compatible with current Al tools, such as symbolic problem solving, step-by-step explanation, and high
levels of abstraction that often challenge learners in conventional instruction [21,44,68]. By contrast,
optics, waves, and astronomy appear less frequently in the reviewed studies, despite their importance in
school and university physics. This imbalance is revealing. It suggests that the current spread of Al in
physics has been shaped not only by educational need but also by the extent to which a topic fits the
present strengths of Al systems. Topics that require stronger visual interpretation, spatial thinking, and
coordination across multiple representations still seem less visible in current implementations [27,43,59].

A similar pattern appears in the dominant forms of implementation. Across the reviewed studies,
Al is used most often as a conversational tutor, a feedback provider, an assessment aid, or a
personalization tool. On the one hand, these functions respond to long-standing practical difficulties
in physics teaching, such as limited teacher time, large classes, and substantial variation in students’
prior knowledge [44,70,80]. On the other hand, it is important to note that many of these uses remain
focused on instructional convenience and immediate support. In many cases, Al is added to explain,
answer, or assist more quickly, but is not yet integrated into learning designs that deliberately
strengthen the kinds of thinking central to physics, such as connecting equations to concepts,
comparing representations, checking assumptions, and judging whether an answer makes physical
sense [20,60,62,71].

This point becomes clearer when the findings are interpreted from an educational perspective.
From a constructivist point of view, learning physics involves more than receiving correct answers.
Students need to build understanding actively by connecting new ideas with prior conceptions,
testing those ideas against tasks and evidence, and revising them when inconsistencies appear. From
a social constructivist perspective, this process is supported by dialogue, guided participation, and
carefully structured feedback. In this sense, Al can be educationally valuable when it functions as a
scaffold that helps students explain, reflect, compare, and revise. However, when Al is used mainly
as a shortcut to produce answers, it may reduce the effort needed for checking, interpretation, and
conceptual reconstruction. This distinction is particularly important in physics, where understanding
is demonstrated not only by obtaining a result but also by justifying it, relating it to representations,
and explaining it in terms of physical principles [44,65,87].

The reported outcomes should therefore be read carefully. A considerable number of studies
describe positive short-term effects on performance, motivation, engagement, and instructional
efficiency [64,65,75,83]. These findings are meaningful and suggest that Al can reduce barriers to
support, make feedback more immediate, and increase responsiveness in some learning situations.
However, much less attention is given to whether these gains are accompanied by stronger
conceptual understanding, more stable reasoning, or greater ability to evaluate explanations
independently. The literature, therefore, seems more conclusive about improvement in task
performance than about lasting improvement in understanding. This is an important distinction,
because fluent Al-supported responses may appear convincing even when learners themselves have
not yet developed a secure grasp of the underlying physics [20,60,77].

The challenges identified across the reviewed studies make this concern more explicit. Inaccurate
answers, misleading explanations, overreliance, weak Al literacy, academic integrity concerns, and
unequal infrastructure are not merely side issues. They are closely connected to the very features that
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make Al attractive, namely speed, accessibility, and fluency of response [21,27,66,90]. In physics,
these risks are particularly significant because students need to learn how to check whether a solution is
reasonable, whether a sign convention is correct, whether a diagram and an equation tell the same story,
and whether an explanation is scientifically sound. If Al use is not accompanied by these checking
practices, then the technology may help students complete tasks more quickly while weakening the
habits of careful reasoning that physics education is supposed to develop [19,20,41,90].

A further issue concerns the methodological profile of the field itself. A substantial proportion of
the reviewed studies are pilot studies, case studies, exploratory implementations, or perception-based
reports. In many cases, there is no control group, no comparison condition, a limited duration, and
little attention to delayed outcomes. Under such conditions, it becomes difficult to determine whether
the reported benefits are produced by Al itself, by novelty effects, by increased teacher attention, or
simply by more time spent on tasks. This weakens the strength of causal claims. It also limits
external validity, because many studies come from relatively well-resourced institutions or specific
local settings. As a result, the present evidence base is promising, but still not strong enough to
support broad conclusions about what forms of Al integration work best across different students,
topics, and teaching conditions [61,66,72,89].

Overall, these findings suggest that the next stage of research in this area should move beyond
tool-centered adoption. The central issue is not simply whether Al can be used in physics education,
but how it can be integrated in ways that remain closely connected to the aims of learning physics.
For that reason, the present review proposes a framework for Al integration in physics education that
places equal emphasis on the nature of the physics content, the intended learning goals, support for
students’ thinking, and responsible design and evaluation. Based on the synthesis of the reviewed
studies, a suggested framework for Al integration in physics education can be seen in Figure 4.

Physics Content and Learning Goals Role of Al in Learning
- procedural problem solving - tutor
4| - abstract concepts <«----» - feedback tool ~
/| - multiple representations - assessment aid
i - experimental interpretation - simulation/lab support |
- content generation
¥ Nuences inﬂue:y X
Support for Student Thinking Responsible Design
and Understanding informs | .- _informs and Evaluation
lanation o> < > teacher guidance
= exp R ¥ R I | =
- checking answers infuences| Physics Education™ finfuencesl ~ 2 i integrity

- comparing representations

- reflection on mistakes b
- conceptual understanding

|

contribute to “Expected Outcomes” contribute to
- better conceptual understanding
> - stronger reasoning in physics

- more meaningful use of Al

- sustainable classroom integration

- stronger research design

__________________ » - transparent implementation
- access and context

contribute to

A

Figure 4. Framework for Al integration in physics education.
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5.2. Limitations

The present review has several limitations that should be taken into account when interpreting its
findings. First, while 44 empirical studies were included, most used short-term interventions with
relatively small sample sizes, which limits the generalizability of findings and the conclusions
regarding their influence on long-term learning [61,84]. As such, the existing synthesized evidence is
largely based on immediate or short-term impacts rather than sustained changes in disciplinary
understanding or changes in learning practices. In addition, the heterogeneity of study designs and
contexts further limits the strength of cross-study comparisons.

Second, research examining the impact of Al on higher-order outcomes from a cognitive
perspective, such as scientific reasoning, self-regulation, students’ understanding, and reasoning
processes, is limited. Most of the studies focus on performance-based indicators and affective
measures, which leaves deeper cognitive and dimensions of understanding and reasoning not fully
explored [58,80]. Furthermore, differences in how learning outcomes are defined and measured
across studies make it difficult to establish consistent comparisons.

Third, the reviewed literature is geographically biased toward contexts with relatively advanced
digital infrastructure, resulting in an underrepresentation of rural, low-resource, and developing
educational settings, thus limiting the transferability of the results to a global context [60,64]. This
imbalance may also reflect differences in research capacity and publication access rather than actual
differences in educational need.

Finally, this review did not systematically disaggregate the effects of different Al technologies
(such as machine-learning systems, computer-vision applications, or multimodal Al) and different
physics content areas. As a result, the conclusions drawn in this study should be interpreted as
reflecting general trends of Al use in physics education and not technology-specific or
content-specific causal impacts [41,88]. In addition, the classification and coding of studies involve a
degree of interpretive judgment, which may introduce some level of subjectivity despite efforts to
maintain consistency.

Moreover, this review is limited by its search strategy, including the selection of databases,
keywords, and inclusion criteria, which may have excluded relevant studies not indexed in the
selected sources. Potential publication bias and the focus on English-language articles may also
affect the overall representation of findings.

5.3. Future research direction

The findings of this review point to several directions for future research. First, more studies are
needed that investigate long-term learning rather than short-term performance only. This includes
delayed posttests and follow-up designs that can show whether gains in understanding remain over
time. Second, stronger comparative research designs are necessary, especially studies with control
groups or clear comparison conditions, so that claims about effectiveness are not based mainly on
descriptive or self-reported findings. Third, future work should pay greater attention to
underrepresented areas such as optics, waves, and astronomy, where the demands on representation
and interpretation may differ from more procedural topics. Fourth, more research is needed on how
Al can be integrated into inquiry, modeling, and laboratory learning without weakening student
independence. Fifth, future studies should pay closer attention to how Al affects reasoning,
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conceptual understanding, and students’ ability to judge whether a scientific explanation is
sound [19,20,41,43,60,64,83,89].

More broadly, future research should move beyond asking whether Al works in physics
education and instead ask what kind of Al, used for what purpose, under what teaching conditions,
and for which learners, can support meaningful understanding of physics. Only then can the field
move from rapid experimentation toward more stable and useful knowledge for teaching practice.

In this sense, Al clearly has potential in physics education, but that potential remains conditional.
It will not be fulfilled by speed, fluency, or automation alone. Its value depends on whether it can be
used in ways that strengthen explanation, understanding, checking, and careful reasoning in physics.
Without such alignment, Al may improve efficiency while remaining educationally shallow. With
stronger alignment, it may become a meaningful part of sustainable and discipline-sensitive physics
teaching.

5.4. Conclusions

This review has shown that Al is becoming an increasingly visible part of physics education
research, especially in the recent period of rapid growth in generative Al use. However, overall
findings suggest that the field is still at an early stage of consolidation. The existing literature
provides encouraging evidence that Al can support learning performance, engagement, feedback, and
instructional efficiency in selected contexts. At the same time, the reviewed studies also indicate that
current uses of Al remain concentrated in a limited range of physics topics and are often shaped more
by the present strengths of the technology than by a comprehensive reconstruction of physics
pedagogy [17,43,44,66,70,83].

A central conclusion of this review is that the educational value of Al in physics does not lie in
the technology alone but in the quality of its pedagogical integration. Al appears most promising
when it is used to support explanation, feedback, guided inquiry, and structured interaction with
physics tasks. Yet the literature also shows that such promise remains conditional. If Al is used
mainly to provide fast answers, complete tasks, or simulate understanding without deeper checking,
then its benefits may remain superficial. In physics education, this is particularly important because
meaningful learning depends on more than correct output. It requires students to connect concepts,
equations, and representations, to examine assumptions, and to judge whether a solution is
scientifically and physically reasonable [20,60,78,90].

The review also makes it clear that reported benefits should not be interpreted uncritically. Much
of the current evidence is strongest for short-term and relatively visible outcomes, whereas stronger
evidence concerning conceptual understanding, reasoning, transfer, and long-term learning remains
limited. Likewise, the risks identified in the literature, including inaccurate outputs, overreliance,
weak Al literacy, academic integrity concerns, and unequal infrastructure, suggest that Al use in
physics education cannot be reduced to a matter of technical access or innovation alone. Rather, its
successful use depends on deliberate design, teacher mediation, and the cultivation of student habits
of checking, reflection, and responsible use [20,21,27,56,90].

Overall, the findings of this review suggest that Al should be understood not as a stand-alone
solution for physics education but as one component within a broader instructional design. The field
would benefit from moving beyond tool-centered experimentation toward more carefully aligned
uses of Al that take into account the nature of the physics content, the intended learning goals, the
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support provided for student thinking, and the need for responsible implementation. Under such
conditions, Al has the potential to become a meaningful and sustainable part of physics teaching and
learning rather than merely an instrument for efficiency or convenience [21,27,44,80].
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analysis-enhan
ced  custom
framework;
PySR used in
some
implementatio
ns)
Generative Al
(ChatGPT,
GPT-3.5)
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578

How do 202
physics 3
students

evaluate

artificial
intelligence
responses on
comprehensi

on

questions? A
study on the
perceived
scientific
accuracy and
linguistic

quality  of
ChatGPT
Innovative 202
approaches 4
to high
school

physics
competitions

: Harnessing

the power of

Al and open

science

Integrating 202
artificial 5
intelligence

chatbot

climate

change with
physics

digital

modules for
student

Germany

Slovakia

Indonesia

Avrticle

Conferenc
e

Avrticle

(Years 2-3;
Physics
1-3

courses)

First- and
second-yea
r university
physics

students

High
school
students
preparing
for physics
competition
s and their
tutors

Undergradu
ate students
(environme
ntal physics
course;
student
learning

assistants)

102
(initial),
94 fully

analyzed

participant

s (+3
partial)

Not

reported

124
(experime
ntal = 62;
control =

62)

interviews,  chat
logs, and inductive
narrative analysis
framed by
variation theory
Quantitative
survey with
experimental
manipulation;
Likert-scale
ratings;
repeated-measures
ANOVA,
ANCOVA, and
exploratory factor

analysis

Exploratory

sequential

mixed-methods
study (QUAL for
quan), including
literature  review
and pilot case

study

Experimental
research  (control
vs.  experimental
group; descriptive
statistical analysis
of  questionnaire

responses)

Generative Al [20]
(ChatGPT,

GPT-3.5)

Generative Al [74]
chatbots and

open science

tools

(ChatGPT/GP

T-3.5 and
GPT-4, Bard,
Claude,

Vicuna,

Jupyter Al,
SageMath)

Al Chatbot  [75]
(natural

language

processing—ba
sed
conversational
agent;
integration
with ChatGPT
module  and

25

26

27
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learning

assistants

Integration 202
of Atrtificial 4
Intelligence

into Solving
Physical

Problems to
Improve
Pedagogical
Competence
Investigating 202
student 4
perceptions

of creativity

and

generative ai

in

computation

al physics

Less is more: 202
A 5
multimodal
exploration

of how
limited Al
shapes team
physics

problem

solving

202
Physical 5

Mapping

Moroccan
Sciences
Student's
Perceptions
of Al A
Case Study
on
Generative

Al

Kazakhstan

United
States

South
Korea

Morocco

Avrticle

Conferenc

e

Avrticle

Avrticle

Mixed
participants
(teachers,
students,
and
researchers
in  physics
and Al)

Upper-divis
ion
undergradu
ate physics
students
(computati
onal
physics
course)
Undergradu
ate students
(multidisci
plinary
background
s:
physics-rel
ated,
engineering
, Al,
software)
Undergradu
ate,
Master’s,
and
final-year
high school
students in
physical

sciences

97
(control
VS.
experimen

tal
groups)

6
participant
s

14
participant
s

300 valid
responses
(from 350

collected)

Quasi-experimenta
I design (control
vs.  experimental
group; quantitative
and qualitative
analysis;  survey
and performance

comparison)

Qualitative
interpretive study

(narrative essays;

thematic  coding
using Four C
Model of
creativity)
Randomized
controlled

experimental
study with
multimodal
analysis
(performance data,

discourse analysis,

chatbot logs,
video/audio
recordings)
Quantitative,
descriptive, and

exploratory survey
using a structured
questionnaire
(Google
with

Forms)
statistical
analysis (Excel)

CONVALI;
text-to-speech
features)
Neural [76] 28
networks;

machine

learning;

physics-infor

med neural
networks
(PINNSs); deep
learning
Generative Al
(e.g.,
ChatGPT;

large language

[771 29

models)

Generative Al
(ChatGPT-bas
ed physics

[78] 30

chatbots; large
language
models  with
pedagogical

customization)

Generative Al
(ChatGPT;
NLP-based

[79] 31

large language
model  using
Transformer
architecture

and RLHF)
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(ChatGPT)
One year in 202
the 5

United
States

Avrticle

classroom
with
ChatGPT:
empirical
insights and
transformativ

e impacts

Physics 202
education in 5

Italy Article
the age of

ChatGPT:

The art of

asking

questions

Physics 202
instructors' 5

Thailand Article
acceptance

and

implementati

on of
generative

Al

Physics XP: 202 Peru Article
Integration 4

of ChatGPT

and

Gamification

to  Improve

Academic

Undergradu 169

ate and  students

graduate

students in

psychology

(statistics)

and physics

courses

High 108

school students

students

(ages

16-17)

High 320

school and instructors

university (206

physics GenAl

instructors users; 114
nonusers)

Undergradu 188
ate students
engineering (98

students experimen
enrolled in tal; 90
Physics 1  control)
course

Year-long
empirical
experimental
study (two
semesters)
combining
classroom
interventions
(coding and
conceptual
learning activities)
with post-activity
survey
(Likert-scale) and
subgroup
comparative
analysis
Classroom-based
educational
experiment (8
instructional
hours; qualitative
pedagogical
intervention  with
observational
insights)
Mixed-method
study (online
survey, structural
equation
modeling,
descriptive
statistics, and
qualitative content
analysis)
Quasi-experimenta
| study (control vs.
experimental
group;
comparison of

statistical

exam scores;

Likert-scale

Generative Al [80] 32
(ChatGPT;

GPT-based

large language

model  using
NLP and
Transformer

architecture)

Generative Al
(ChatGPT;

large language

[81] 33

model  based
on NLP and
Transformer

architecture)

Generative
Al/Large
Language
Models
ChatGPT,
Gemini,
Claude)

[82] 34

(e.g.

Generative Al
(ChatGPT;
NLP-based

[83] 35

large language
model)
integrated with
gamification
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Performance

and

Motivation

in Physics 1
Course
PhysicsAssis 202
tant: An 4
LLM-Power

ed

Interactive
Learning

Robot  for
Physics Lab
Investigation

S

Role 202
adaptation of 5
Maysian
secondary
school

physics

teachers  to
Al-assisted
experimental
teaching:
Integrating
social
psychologica

I challenges

with
Streamlining 202
Physics 4
Problem
Generation

to  Support
Physics
Teachers in
Using
Generative
Artificial

United
States

Malaysia

United
States

Conferenc

e

Avrticle

Avrticle

K-12
students
(8th-grade
physics

students)

Secondary
school
physics
teachers

Physics
teachers
and
graduate
teaching
assistants
in
classical
mechanics

course

10

students

420
survey
participant
s; 30
interview
participant
s; 6 focus
groups; 12
classroom
observatio

n cases

Not
reported
(two
graduate
teaching
assistants
involved
in
workflow

developm

motivation survey)

Experimental user
study with human
expert evaluation
(Bloom’s
taxonomy-based
scoring;
comparative
analysis with
GPT-4)

Explanatory
sequential
mixed-methods
design
(questionnaire

survey, in-depth
interviews, focus
groups, and
classroom

observations)

Design-based
study/methodologi
cal exploration
(workflow
development and
demonstration
using ChatGPT)

tools

Multimodal Al [84]
(Large
Language
Model:
GPT-3.5-turbo
; Computer
Vision:
YOLOVS;
Speech
Recognition
and
Text-to-Speec
h)

Al-assisted [85]
experimental
teaching
systems
(including
virtual
experiments,
digital
recording
systems, and
Al-supported
instructional

tools)

Generative Al [86]
(Large

Language

Model:

ChatGPT 3.5;
NLP-based)

36

37

38
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Intelligence
Students' 202 United
perceptions 3 States
of using

ChatGPT in

a physics

class as a

virtual tutor

The Role Of 202
Artificial 5
Intelligence

(Al In
Personalised
Physics

Education

Training 202
teachers on 4

Italy
new topics
and new
tools in
Physics
education

Transformin 202 Ecuador
g Physics 5
Teacher

Training

Kazakhstan

Avrticle

Avrticle

Conferenc

e

Avrticle

Undergradu
ate students
enrolled in
an
introductor
y  physics
course

Secondary
school
students
(Grade 10)

Secondary
school
physics
teachers

Pre-service
Physics
teachers

ent)
40

students

58
students
(31
experimen
tal, 27
control)

Approxim
ately 100
registered
participant
s (=30 per

session)

24
participant
s

Mixed-method

classroom-based

study (physics
make-up exam
activity,  survey,
trust clustering
analysis,

MANOVA/ANOV
A, and

drawing-based
qualitative
analysis)
Mixed-methods

experimental

study (pedagogical
experiment  with
control Vs.

experimental

groups, statistical
analysis using
t-test and
ANOVA, thematic
qualitative
analysis)
Descriptive

project-based
study (training
program

implementation

with  workshops,
seminars, and
participant
feedback
evaluation)

Quantitative
descriptive-compa
rative study

(pre-/post-interven

Generative Al [87] 39
(ChatGPT;

large language

model  based
on  machine

learning/NLP)

Al-driven [26] 40
adaptive

learning

system

(machine

learning-based

personalized

learning

platform with

content

adaptation,

predictive

analytics, and

intelligent

tutoring

features)

Mixed Al [88] 41
applications

(Machine

Learning for

image

classification,

Al-based data

analysis tools,

virtual

assistants)

Generative Al [89] 42
(ChatGPT;

NLP-based

large language
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Through

ChatGPT: A

Study on
Usability and
Impact

Unreflected 202
Acceptance 4
Investigating

the Negative

Consequence
S of
ChatGPT-As
sisted
Problem
Solving in
Physics
Education

Visualising 202
relativity: 4
assessing

high
students'

school

understandin
g of complex
physics
concepts
through
Al-generated

images

Germany

Brazil

Conferenc

e

Avrticle

Undergradu
ate STEM
students
(physics
and
non-physic
S
background

s)

High
school
students
(Year 12)

39
participant
s
(ChatGPT
group: 27;
Search
engine

group: 12)

10
students

tion Likert-scale
surveys following

a workshop)

Mixed-methods
experimental
study
(between-subject
design comparing
ChatGPT VS.

search engine;
includes  pretest,
main task,
interaction  logs,

questionnaires,

and exit
interviews)
Qualitative  case

study with mixed
elements
(pre-/post-test,
Al-based activity,

interviews  using
report-aloud
protocol, and

artifact analysis of
prompts and

images)

model)

Generative Al
(ChatGPT 3.5;
large language

model)

Generative Al
(Al image
generation via
chatbot; Bing
Al image
generator
using
NLP-based

prompting)

[90]

[43]

43

44
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