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This paper examines the topical areas where machine learning (ML) and artificial intelligence (Al) techniques
have been applied in physics education research (PER), based on a systematic review of studies published in the
Physical Review Physics Education Research journal and Physics Education Research Conference proceedings.
Following the PRISMA guidelines, 79 articles were analyzed, revealing six major themes: (i) development
and analysis of assessments, (ii) student success, (iii) student engagement, (iv) theoretical and methodological
overview, (v) admissions, and (vi) other areas like literature reviews. The most common theme was using AI/ML
for developing, evaluating, and characterizing student responses on physics assessments. Other prominent areas
included predicting student success, analyzing collaboration patterns, and providing methodological guidance.
The study scope was limited to these two publication venues and classified articles primarily based on abstracts.
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I. INTRODUCTION

Advances in the fields of Artificial Intelligence (Al) and
Machine Learning (ML) have led to their widespread adop-
tion in physics education research (PER). This is evident from
the recent call for papers [1] and published studies employ-
ing emerging technologies and computational techniques to
analyze educational data. With the rise of Generative Al, the
interest in these technologies has only increased. This grow-
ing interest manifests itself also in the increasing attention
of researchers and educators to Al-related topics at national
conferences. For example, the 2024 Summer Meeting of the
American Association of Physics Teachers (AAPT) hosted a
total of seven sessions dedicated to leveraging Al for physics
learning compared to only one in 2023 [2].

Recent studies have explored how to leverage Al for quali-
tative analysis of visual-based (image and video) data [3], the
feasibility of ML-based physics assessment [4], how to de-
ploy Al to generate feedback on student responses [5], ML
techniques to accurately predict student performance [6], the
extent of Al usage by students in a physics class [7], the po-
tential of Al as a personal assistant in teacher preparation [8].
Nevertheless, given this growing interest in Al and ML, there
is relatively less emphasis on systematically documenting the
body of literature surrounding their use in PER.

This work is a step toward the systematic review of studies
in PER that use Al and/or ML in a meaningful way. First, we
provide our view of Al and ML which dictates our selection
criteria for relevant articles. Then, we briefly analyze each ar-
ticle in our review list and synthesize broad topical areas com-
mon to most of them. Given the space constraints of this con-
ference paper, its target audience, and scope, we only focus
on studies published in American Physical Society’s “Phys-
ical Review Physics Education Research” (PRPER) and the
Physics Education Research Conference (PERC) Proceed-
ings. In doing so, we address the following research ques-
tion: What are the broad topical areas of studies published in
PRPER and PERC Proceedings employing Al and/or ML?

To address the question above, we adopt the latest version
of the “Preferred Reporting Items for Systematic Reviews
and Meta-Analyses” (PRISMA) statement [9] which provides
a 27-item checklist ensuring systematic collection and anal-
ysis of manuscripts for literature reviews. This review re-
sulted in the total of 79 articles (64 from PRPER and 15 from
PERC) which we analyzed and classified into six following
themes (in increasing order of associated articles) or topical
areas in which researchers employ Al and ML in PER: (i) de-
velopment and analysis of assessments, (ii) student success,
(iii) student engagement, (iv) theoretical and methodological
overview, (v) admissions, and (vi) others (including literature
review, evaluation of pedagogical transformations, etc.).

In the next section, we provide a brief overview of AI/ML
before discussing our approaches to selecting and analyzing
papers. We then discuss the results, limitations of this work,
and our intended follow-up on this article.
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II. ARTIFICIAL INTELLIGENCE AND MACHINE

LEARNING: AN OVERVIEW

Artificial Intelligence (AI) and Machine Learning (ML) are
two rapidly evolving fields that have gained significant atten-
tion in recent years. Collectively, we refer to them both as
AI/ML from here on. In this section, we provide our view of
what constitutes AI/ML, setting the stage for our exploration
of their utilization in PER.

Al refers to computer systems that can mimic intelligent
human behavior or perform tasks that typically require hu-
man intelligence. These tasks include learning from expe-
rience, adapting to new information, and making decisions
based on that information. AI encompasses a wide range of
computational techniques or algorithms, including ML, natu-
ral language processing (NLP), and clustering. We will dis-
cuss these terms further below. Applications of Al include:
development of autonomous vehicles such as self-driving cars
and virtual personal assistants like those used by Google and
Amazon. In addition, Generative Al has become a popular
collocation in the media. Its meaning emphasizes the ability
of Al systems to generate digital content: fast, of high quality,
and with minimal input. [10]

ML is a field related to Al that involves data to simulate
learning, progressively enhancing their accuracy over time by
learning from data. An ML algorithm comprises three pri-
mary components. First, there is a decision process where the
algorithm, based on input data, makes predictions or classifi-
cations, estimating patterns within the data. Second, an error
function evaluates the accuracy of these predictions by com-
paring them to known examples. Finally, there is a model
optimization process where the algorithm adjusts its internal
parameters, iteratively refining its predictions to minimize the
discrepancy between the model’s estimates and the known
examples, thus enhancing its accuracy over time. For exam-
ple, in email filtering, a ML algorithm can be used to predict
spams based on various features such as the email content,
sender information, and subject line [11]. Given this broad
definition of ML, we assign every statistical algorithm such
as linear or logistic regression under its umbrella.

NLP is another field related to Al It merges computational
linguistics with statistical and machine learning techniques. It
enables computers to comprehend, generate, and interact with
human language in both written and spoken forms. NLP al-
gorithms typically involve several steps. First, text is prepro-
cessed through tasks like tokenization (breaking it into words
or phrases) and removing stop words (commonly used words
that add little meaning). Next, features are extracted, turning
the text into numerical data for machine learning algorithms.
The model is then trained using these features, and its perfor-
mance is evaluated using metrics like accuracy. Finally, the
trained model is deployed to make predictions on new text
data. NLP applications are found in various fields, such as
sentiment analysis, aimed at classifying the emotional intent
of the text, and machine translation, for automating transla-
tion between different languages [12].



A sub-field of NLP which has made great progress in the
recent years is language modeling. In essence, a language
model is a statistical model that is trained to predict the proba-
bility of a word or sequence of words occurring in a sentence.
This predictive ability enables computers to generate coher-
ent and contextually relevant text based on a given input. For
instance, consider the following scenario: we are provided
with the beginning of the sentence “The dog sat on the...”
In this case, a language model would analyze the contextual
information within the sentence to determine the probabili-
ties of the next word. It would predict that the most probable
next word is “floor” or “chair”, based on the provided context.
Large language models (LLMs), such as OpenAl’s GPT-4,
have gained immense popularity due to their remarkable abil-
ity to generate human-like text. These models are trained on
vast amounts of text data, learning the intricate patterns and
relationships among words and phrases. As a result, they can
generate text that is not only grammatically correct but also
contextually relevant and coherent [13].

Finally, there is a family of ML algorithms that does not
fit well within the learning framework given above. That is,
in some cases, there are no a priori known examples to com-
pare the predictions with. Then the algorithm will only look
for some patterns within the data. Such an approach is called
unsupervised learning. It includes clustering algorithms, net-
work analysis, and topic modeling, among others. We refer
to them all collectively as simply clustering.

III. METHODS

To guide our literature review, we used the twenty seven
items of the PRISMA statement [9], such as: the objec-
tive of the literature review, databases used in searching for
the manuscripts, keywords used in the database search, and
inclusion/exclusion criteria. The statement also provides a
template for the flow diagram that summarizes the details
of identification, screening, and selection of the manuscripts
targeted by the review. Figure 1 provides our adaptation of
this template. The item checklist of the PRISMA statement
was greatly simplified when we decided to focus only on two
sources of literature: the PRPER journal and PERC Proceed-
ings. Nevertheless, to provide in detail the checklist com-
pleted for our review would not fit within the constraints of
this paper. Instead, the main steps are described below.

PRPER is the main scientific journal for publishing PER in
the U.S. In addition, it is “the only fully open access journal
for physics education research” as stated on its webpage [14].
It was established in 2005 under the name “Physical Review
Special Topics — Physics Education Research.” In 2016, it
was renamed as PRPER. Thus, among our references, the ear-
lier journal articles have extra acronym “ST” due to the old
name. We refer to all articles published in this journal as that
of PRPER. For our literature review, we included all articles
published from its inception date (Jan, 2005) to the time of
writing this paper (Apr, 2024).
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Databases: Screened Articles (355) Included Articles (79)
PRPER PRPER (304) PRPER (64)
PERC PERC (51) PERC (15)
Excluded Articles (276)
PRPER (240)
PERC (36)
FIG. 1. The PRISMA flow diagram adapted and simplified for

our review. Databases refer to the sources of literature used for our
article search. The screened articles are the ones which resulted from
our keyword search. They were included/excluded according to the
outlined inclusion/exclusion criteria. The number of articles at each
stage is given in the parentheses.

PERC is the annual conference dedicated to PER in the
U.S. Works presented here are often expanded and published
in journals. Until 2013, PERC was published by the Ameri-
can Institute of Physics (AIP). Therefore, some of the earlier
PERC references are cited as AIP Conference Proceedings.
We included PERC papers published between 2003 and 2023
in our review.

We initiated the data collection, i.e., screening the articles,
by searching for keywords “artificial intelligence” and “ma-
chine learning.” In addition, we also searched for the abbre-
viated keywords “AI” and “ML” because they might be used
in the title of an article, while the full term might be reserved
for its full text. During this process, we found that there was
a significant number of articles that could be identified by the
keywords “Natural Language Processing” and “clustering,”
but wouldn’t be identified otherwise. This may be due to
treating each of these families of algorithms separately from
the AI/ML context. All in all, with these four keywords and
their abbreviated versions we searched for articles published
in the relevant databases of the PRPER journal [15] and the
PERC proceedings [16]. This yielded a total of 304 articles
in the former and 51 articles in the latter.

Next, we performed data selection by including only those
studies which employ AI/ML as their method for data anal-
ysis. This criterion excluded the studies that (a) write about
AI/ML but don’t use it, (b) use AI/ML for transcribing qual-
itative data (e.g. the popular software OtterAl), (c) mention
AI/ML only in the references. Another inclusion criterion
was to be a peer-reviewed article. In the case of PRPER,
this excluded opinion articles, calls for papers, editorials, and
comments. In the case of PERC Proceedings, this excluded
plenary and invited papers. As a result, the total number of
articles eligible for our review dropped down to 79 (64 for
PRPER and 15 for PERC). Figure 2 breaks down this number
into columns based on the publication year of each article.
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FIG. 2. The number of articles selected for our review versus the
year of publication. Articles published in PRPER are shown in gray.
Articles published in PERC are shown in solid black.

The last several years have witnessed the rise of Generative
Al and the popularization of ML among researchers. While
PERC Proceedings are still catching up in this regard, the dra-
matic growth of PRPER articles on the chart seems to reflect
this trend.

As the last step in our review process, the first two authors
divided all articles among themselves and described how the
study in each subset of articles employed AI/ML. This was
based primarily on the article’s abstract. However, in those
cases which required additional information, the rest of the
text was referred to as well. The remaining two authors then
randomly selected 15 articles from the entire set and cross-
checked whether the provided descriptions were indeed cor-
rect. The disagreements (which were relatively few) were
discussed and resolved. Based on the descriptions, we then
identified six common themes.

IV. RESULTS

In this section, we report the broad topical areas that have
emerged as the result of our classification of all articles under
review. We refer to them simply as themes. Even though they
are relatively self-contained, they are not strictly mutually ex-
clusive. The reader may notice that some articles are high-
lighted under several themes below. We did not try to make
our classification exact. The purpose of these themes is to
provide the reader with a ten-thousand foot view of the broad
areas in which researchers in PER have employed AI/ML.

1. Development and analysis of assessments. This ma-
jor common theme among the articles that we have reviewed
was about leveraging AI/ML in the context of physics assess-
ments. Because this theme was much larger in proportion
than the others, we divided it further into three sub-themes:
(i) characterization of student responses, (ii) development and
evaluation of physics assessments with Generative Al, and
(iii) analysis of standardized assessments.
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In the first sub-theme, studies have used diverse AI/ML
techniques for analyzing student responses to various kinds of
physics problems [17-25]. They could be: open-ended [26],
Likert-style surveys [27], or multiple-choice questions [28,
29]. In addition, studies under this sub-theme used AI/ML
to assess: student reasoning [30, 31], epistemic framing [32],
and the quality of mental models [33], based on student re-
sponses.

In the second sub-theme, studies have mainly focused on
the accuracy of Generative-Al responses to typical physics
course assessments [34—37] and kinematic graphs [38]. In
addition, Generative Al was used for: generating synthetic
student data [39], grading assessments [40], and developing
physics tasks for prospective teachers [41].

In the third sub-theme, studies leveraged AI/ML to analyze
student responses specifically to standardized assessments:
Force Concept Inventory (FCI) [28, 42-45], Force and Mo-
tion Conceptual Evaluation (FMCE) [46, 47], and Test of Un-
derstanding Graphs in Kinematics (TUG-K) [48].

2. Student success. Studies in this theme have mainly
used AI/ML to develop predictive models that facilitate stu-
dent success in class [49-56]. These physics classes could
be: hybrid [57], flipped [58], or remote [59]. Other stud-
ies in this theme used AI/ML for comparing asynchronous
online with traditional lecture methods [60], supporting stu-
dent agency in physics laboratory [61], unpacking alternate
world views of students [62], and exploring students’ choice
of courses [63]. Still others tried to establish a relation (or a
correlation) between student success and: high school prepa-
ration [46, 47, 64], formative practice [65], prior knowl-
edge [51]. In addition, some studies leveraged AI/ML to
identify the demographic and academic predictors of student
success [66, 67].

3. Student engagement. Exploring student collaboration
and engagement within and beyond academic environments
corresponds to the third major theme in our list. A predomi-
nant section of these studies focuses on social network analy-
sis and clustering algorithms. Thrust areas of these studies are
diverse: student interaction and collaboration in online and
hybrid classrooms [57], student collaboration in sequential
courses [68], student interaction in forum logs [69, 70], ex-
ploration of gender inequities in physics labs [71], examina-
tion of social interactions in labs [72, 73], student emotions in
learning [74, 75], effect of social belonging on students’ per-
formance [49], examination of perception of learning envi-
ronment with respect to students’ academic grades [50], stu-
dents’ group roles in physics laboratories [76], and the impact
of informal physics learning on student identity [77].

4. Theoretical and methodological overview. Our next
theme corresponds to the studies that provide theoretical and
practical guidelines for employing AI/ML in PER. They elab-
orate on how to: make reliable claims with machine cod-
ing [78], leverage computational methods for qualitative re-
search [79], evaluate statistical models [80], perform social
network analysis [81, 82], and analyze multiple-choice ques-
tions [83].



TABLE I. Summary of the emergent themes concerning the studies
in PER which pertain to the use of AI/ML. Each theme is given a
name and comes with a bried description at the corresponding row.

Theme
1. Development and analy-
sis of assessments

Description

Exploring the affordances of leverag-
ing AI/ML in developing assessments
and analyzing student responses (in-
cluding standardized assessments).
Development of predictive models
that facilitate student success in
physics courses.

Investigations of student engagement
patterns within and beyond academic
environments.

Discussion of AI/ML theoretical and
methodological approaches relevant
to PER.

Unpacking factors that influence col-
lege admissions.

Literature synthesis, mapping peda-
gogical practices in classrooms, and
evaluating the effectiveness of course
transformations.

2. Student success

3. Student engagement

4. Theoretical and method-
ological overview

5. Admissions

6. Others

5. Admissions. The penultimate theme on our list includes
the studies that have used AI/ML for predicting factors that
influence university admissions. They have explored applica-
tion features that may drive the admission decisions [84, 85],
predictive factors for students’ grades upon admission [86]
and factors that predict doctoral degree completion [87, 88].

6. Others. Our final theme captures all other topical areas
surrounding the use of AI/ML in PER which have been rela-
tively less explored. The objective to club these articles under
the single umbrella is primarily for the feasibility to charac-
terize the existing literature for the reader. The topical areas
of studies in this category include: synthesis of literature [89],
mapping pedagogical practices in classrooms [90-93], and
evaluating the effectiveness of course transformations (or in-
terventions) [94, 95].

Table I provides the summary of each theme along with its
brief description.

V. DISCUSSION AND CONCLUSION

We presented six broad emergent themes from manuscripts
published in Physical Review Physics Education Research
journal and proceedings of the Physics Education Research
Conference which leverage AI/ML in their research. The six
themes include: (i) development and analysis of assessments,
(i1) student success, (iii) student engagement, (iv) theoretical
and methodological overview, (v) admissions, and (vi) others
(including literature review, evaluation of pedagogical trans-
formations, etc.). Note that these themes are not mutually
exclusive. That is, a given article may belong to more than
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one theme at the same time. Their purpose is to provide a
broad overview of the research landscape surrounding the use
of AI/ML in PER.

The main limitation of our study comes from our sources
of literature: PRPER and PERC. Therefore, it does not in-
clude studies published in other sources: other journals and
conferences relevant to PER. Since both PRPER and PERC
are primarily US-based, adding more international sources of
literature will be important for our future work. Furthermore,
the papers were classified based primarily on the abstracts.
The full text of the paper was only referred to if the infor-
mation in the abstract was incomplete or ambiguous. The
validation of our classification was only done only on about
one-sixth of the papers which yielded an 85% agreement be-
tween raters. Finally, the classification was done using our
working definition of AI/ML. While this definition was care-
fully constructed, it is likely that some papers may not have
been included in our study. Nevertheless we are confident
that we have included most of the works related to AI/ML in
these two sources.

Our future work will address the aforementioned limita-
tions. Specifically, we will include a larger corpus of litera-
ture including other journals where PER researchers are likely
to publish. We will continue to refine our definition of AI/ML
and hence modify our inclusion and exclusion criteria. We
will also expand our analysis to focus more on the technical
aspects of the papers i.e. the algorithm and methods used
by the authors. Finally, with a greater number of documents
to analyze, one may use quantitative (NLP) methods such as
topic analysis to investigate the emerging themes in the field.

We have seen that the number of articles published in PER
(in the two sources we selected) has increased dramatically
in the last few years. This trend is likely to continue so long
as the advances in AI/ML continue to occur. Conducting a
literature review like this one in the future could result in
meaningful comparisons between the state of the field (with
regard to AI/ML usage) then versus the state of the field to-
day. How will the emergent themes that we have identified
evolve? Will any new themes emerge? These questions could
be asked then.

Last but not the least comment worth mentioning here
is that of ethics. What are the consequences of employing
AI/ML in education? This question did not make up a sep-
arate theme in our review analysis because this development
is so recent. But as Generative Al is used in education for
longer periods of time, one may well be in a position to ask it
in the future.

The limitations of this work notwithstanding, this work is
one of the earliest attempts to characterize the state of AI/ML
in PER and can potentially inform its future evolution.
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