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Abstract: This systematic review aims to understand what research has been done on the use of Al as
a classroom tutor and how that body of work should shape future research. A systematic review was
conducted using key term searches in four major, peer-reviewed journal databases for relevant
research and categorized them by research type, Al type, assistance type, and education level and
analyzed them for study measures and key findings. After applying inclusion and exclusion criteria, a
total of 34 research articles were analyzed for key findings. The review found that most studies have
focused on chatbots supporting undergraduate level education. Key findings show that Al tutors may
be most useful for students beginning at a lower level of expertise than their peers, and the use of
techniques such as RAG may significantly enhance Al’s usefulness as a tutor with niche and higher-
level subjects. This systematic review uniquely considers the last decade of research on Al use as a
classroom tutor and provides insights into where future research on the subject may be most useful and
impactful to the field of education.
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Introduction

In 2018, the world was introduced to Generative Al (GenAl) by the OpenAl project. In 2022, it would
become an easily accessible tool with the public release of ChatGPT (Wu et al., 2003). Since then,
educational institutions have struggled to determine how to best leverage artificial intelligence (Al) in
the classroom. Initially, GenAl was mostly used to quickly summarize and fact-check information.
More recently, students have discovered its use as a ghost writer and collaborator. Researchers have
begun experimenting with the possibility of using Al chatbots as a tutor, where the chatbot can answer
student questions based on the course syllabus and material (Chen et al., 2023; ). There is a wide
variety of uncertainties regarding the extent to which Al, both GenAl and other forms of Al, can be
used as a classroom tutor. These range from the Al’s understanding of course material to its ability to
effectively communicate with and guide a student.

A few previous literature reviews have sought to understand how Al can be used to enhance classroom
learning for K-12 education, as either an in-classroom tools (Lee & Kwon, 2024) or as intelligent
tutoring systems (Létourneau et al., 2025), while other studies have focused on challenges and
opportunities for incorporating Al into the classroom (Dimitriadou & Laniti, 2023; Jaramillo &
Chiappe, 2024). What is currently lacking, and what this systematic review aimed to understand, is an
evaluation of what empirical research exists on the benefits and limitations of Al as a classroom tutor.
To do this, the review conducted a key term search for relevant research articles in four of the most
extensive peer-reviewed journal databases and analyzed them for important research methods,
measures, and findings. The results of this review provide insight into how Al can effectively be used
as a tutor in classroom environments and the existing research gaps that should be explored to
capitalize on those opportunities.

Background
The GenAI Boom

Recent advancements in the complexity of Large Language Models (LLMs) have enabled the
development of a type of Al referred to as generative Al, or GenAl. The definition of just what an
LLM must produce to be considered GenAl is not universal, but it is widely accepted that the model
must generate “high-quality, human-like material” (Penalvo et al., 2023). The GenAl that is largely
behind the GenAl boom, ChatGPT, is actually OpenAl’s GPT-3 model. GPT and GPT-2 were released
in 2018 (Heaven, 2023). So what made GPT-3 different? For the public, it was its ground-breaking
ability to answer questions and generate summaries like a human being.

Within years, GenAl has evolved from being an exciting commodity to a necessary productivity
advantage. GenAl models can now not only answer questions but also analyze trends, create images,
and write code (Bharti et al., 2025). The speed at which GenAlI has ingrained itself in everyday life has
produced a new research focus on how this disruptive technology should (or should not) be utilized in
a variety of sectors, such as governance, healthcare, and education (Delios et al., 2024).

The Promises of Intelligent Tutoring

Intelligent tutoring systems (ITSs) evolved from other computer-assisted instruction methods as a way
in which AI could support education (Nwana, 1990). Traditionally, ITSs most often supported
computer science fields and provided students with near real-time feedback on their products and
processes. One of the most promising Al-enabled aspects of these systems is the ability of the system
to learn and provide adaptive instruction and feedback to the users (Mousavinasab et al., 2021).

GenAl is revolutionizing this concept and driving research into how LLMs such as GPT-4 can provide
students with personalized learning experiences. The ways in which these systems can produce
personalized instruction include question generation for quizzes, immediate evaluation and feedback,
and customized learning content (Maity and Deroy, 2024). Such systems are exciting for educators
tasked with teaching students with various aptitudes, backgrounds, and learning styles. A study by
McKinsey & Company determined that one of the sectors most poised for disruption by Al-powered
tools such as these is education (Bughin et al., 2018). Yet, despite these possibilities, no research has

20



yet tied together overall trends and results of the use of Al tutors in the classroom. Thus, the research
questions that this review aims to answer are:

RQ1: What research has been done on the use of Al tutors in the classroom?
RQ2: What are the implications for its use in the near future?

Methodology

The first step in completing this review was to select the number and appropriate databases within
which to conduct a key term search. Four databases were selected:

(1) Institute of Electrical and Electronics Engineers (IEEE) Xplore
(2) Association for Computing Machinery (ACM) Digital Library
(3) Science Direct

(4) Springer Nature Journals

These databases were chosen due to their focus on applied technology and education research. These
databases also represent four of the most extensive peer-reviewed article databases available, thus
ensuring a thorough, comprehensive review of the literature. Within these databases, in April of 2025,
the review initially searched the following key terms one by one using the database Advanced Search
tools. Terms were searched one at a time by the review author in order to associate the results with the
proper term:

(1) Generative Al tutor
(2) GenAl tutor
(3) Artificially intelligent tutor

However, due to the low number of returned articles, the search was expanded to include a fourth key
term:

(4) Al tutor

The addition of this term did not change the scope of the review, as it was a variation on one of the
initially searched terms, but it did mean that the application of exclusion criteria would be even more
important to prevent scope creep.

In conducting the searches within these four databases, the queries were limited to peer-reviewed
research articles published in or after 2018. The reason for this is to focus on the Al boom, following
the release of OpenAl’s GPT and GPT-2 models (Roumeliotis and Tselikas, 2023). The search terms
were also required to be listed within the articles’ abstracts, thus ensuring that the focus of the paper
itself was on the review subject, as opposed to just being mentioned within the text. Following the
initial database searches, all the collected articles were reviewed against two additional inclusion
criteria. (1) The subject of the paper is an Al agent or system, and (2) the purpose of the Al is to
provide student assistance. The search process is illustrated below in Figure 1.

Analysis

Once the search was complete, the reviewer conducted a close analysis of all the articles to extract a
number of key elements. First, the articles were labeled as either theoretical research or empirical
research. Second, they were categorized by what type of Al was discussed and/or used in the study:
Chatbot, Recommender System, Evaluation System, Robot, or Virtual Reality. Third, they were
categorized by what type of assistance was given to the student by the Al: Question & Answer,
Content Delivery, Feedback or Real-time Assistance. Finally, they were categorized by the level of
education of the assisted students: K-12, Undergraduate, Graduate/Postgraduate, or Vocational.

Next, the reviewer extracted the measures discussed and/or used in the research articles. These
included empirical measures, or those performed on a subject as a result of an experimental
manipulation, and perceptual measures, or those reported by a subject as a result of an experimental
manipulation. Finally, the reviewer conducted a textual analysis of the study results to better
understand the implications of the research.
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Figure 1: Search Process Diagram
Findings
Search Results

The initial key term search within the four listed databases returned a total of 47 articles for analysis,
with most of the articles coming from Springer Nature Journals and IIEE Explore (Table 1). Markedly,
with a total of 36 returns, the “Al tutor” search term produced the most articles for analysis and was
also the only term to produce any results in ACM Journals.

Table 1.
Key Term Search Results

IEEE ACM Science Direct  Springer Nature Totals
GenAl tutor 6 0 1 1 8
Generative Al tutor 0 0 0 1 1
ﬁllt‘zll?ifglea;ltytutor 0 0 ! ! 2
Al tutor 13 4 1 18 36
Totals 19 4 3 21 47

The full initial results shown in Table 1 support the choice to include a fourth search term, as without
it the results would have been a mere 11 articles. Once the 47 articles were extracted from the
databases, the reviewer began to assess them according to the inclusion criteria. Thirteen articles were
removed from the review following the application of inclusion criteria (Table 2), to include one
article that was removed as a duplicate. This left 34 articles for consideration by the review. Notably,
the application of inclusion criteria resulted in the removal of all articles returned from the key terms
“generative Al tutor” and “artificially intelligent tutor,” meaning that the actual analysis covers only
articles produced by two, not four, key terms.

Table 2.
Results of Applying Exclusion Criteria
IEEE ACM Science Direct  Springer Nature Totals

GenAl tutor 4 0 1 0 5
Generative Al tutor 0 0 0 0 0
ﬁll;zlltliicglezlr:ltytutor 0 0 0 0 0
Al tutor 11 4 1 13 29
Totals 15 4 2 13 34
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Article Categorizations

Most of the articles were categorized as empirical research, with only three articles being purely
theoretical (Gan et al., 2019; Kloos et al., 2024; Shahri et al., 2024). Of those 31 empirical research
articles, the majority utilized quantitative and mixed methods. Of note is that one article utilized a
participatory design study that yielded purely qualitative data (Holstein et al., 2019). The largest
educational focus area of the studies was undergraduate education. This may be related to the
phenomenon of convenience sampling, as undergraduate students are generally willing and able to
serve as a sample for graduate and postgraduate students at research universities (Peterson and
Merunka, 2014). Concerningly, the next largest focus population was unspecified, meaning that the
research either a) included a mixed population or b) did not include participant data. Overwhelmingly,
Chatbots were the most common form of Al within the research, being present in 21 of the articles.
This is understandable based on the ongoing generative Al boom. While most of the chatbots used are
publicly available models, such as ChatGPT, some were not. Two of the studies developed custom
models (Bonde, 2024; Yang et al., 2024), while three studies modified existing models utilizing
specific course materials from which to deliver answers and content to the students using techniques
such as Retrieval-Augmented Generation (RAG) (Golde and Geng, 2024; Lui et al., 2024; Soliman et
al., 2024). The next most common forms of Al were recommender systems and evaluation systems. In
the former case, the AI was most often responsible for providing course content to a student based on
their needs (Baillifard, 2024; Gan et al., 2019; Kim et al., 2020; Madhuri et al., 2024). In the latter
case, the Al was most often responsible for evaluating a student’s exam or project and providing
immediate feedback (Abduljabbar et al., 2022; Karumbaiah et al., 2023; Khabarov et al., 2024).

Considering that the most common type of Al used in the research was a chatbot, it follows that the
most common type of assistance was question and answer between the student and the Al. The next
most prominent type of assistance given by the Al was content delivery, where the Al provided lessons
or practice exams to the student. This was closely followed in prominence by feedback, where the Al
reviewed a student's product and provided feedback on its accuracy. These products included program
code, graded assignments, and exams. A one-off type of assistance provided to a student was real-time
assistance, where an Al agent guided the student in a virtual reality environment (Vijay et al., 2020).

Measures

A total of 25 empirical measures were extracted from the articles (Table 3). While many of these
measures were context-dependent measures unique to one study, there were a few stand-out repeated
measures. Accuracy of the Al was the most repeated measure and was used in eight studies. This
measure generally related to how accurate an Al agent’s response was to a student's question but also
includes the accuracy of its evaluation of a student’s completed product when reviewed by a human
instructor.

Student grade was the next most repeated measure and was used in seven studies. Note, this measure
only considers a one-time grade, while a separate measure was extracted for grade improvement.
Another performance-related metrics, skill completion was the third most repeated measure. In these
studies, students were assessed for completing multiple individual skills, as opposed to one overall
assignment or exam. Other repeated measures included, in order of prominence: times the student
asked the Al, grade improvement, question type, and student attempts.

A total of 15 perceptual measures were extracted from the articles (Table 4). These measures were
derived by the researchers through surveys and interviews with both student and teacher subjects. Two
perceptions dominated the analysis. The most prominent measurement was the perceived usefulness of
the Al This perception was measured according to multiple usefulness scales on both student and
teacher surveys and reflects its use as a common measurement in human factors research (Adams et
al., 1992).
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Table 3.

Empirical Measures Used in the Research Articles

Measurement Frequency Articles
Accuracy (of the AT) 8 Frank et al (2024)
Makharia et al (2024)
Kim et al. (2020)
Madhuri et al. (2024)
Hurt et al. (2020)
Bonde (2024)
Looi et al. (2025)
Soliman et al. (2024)
Grade 7 Huo et al. (2024)
Llanos et al. (2024)
Hurt et al. (2020)
Paudyal et al. (2020)
Cheng et al. (2025)
Baillifard et al. (2025)
Gold et al. (2024)
Student Skill Completion 5 Vijay et al. (2020)
Borchers et al. (2024)
Sarshartehrani et al. (2024)
Banerjee et al. (2020)
Mailach et al. (2025)
Times Asked 4 Huo et al. (2024)
(by the student) Frank et al. (2024)
Borchers et al. (2024)
Cheng et al. (2025)
Question Type 3 Huo et al. (2024)
Cheng et al. (2025)
Mailach et al. (2025)
Grade Improvement 3 Llanos et al. (2024)
Borchers et al. (2024)
Baillifard et al.(2024)
Student Attempts 2 Hurt et al.(2024)
Borchers et al. (2024)
Content Uploaded 1 Huo et al. (2024)
Questions Resolved 1 Huo et al. (2024)
Pascal’s Triangle Exercise 1 Frankford et al (2024)
Coherence (of the AI) 1 Makharia et al. (2024)
Degree of Assistance 1 Makharia et al. (2024)
No of Recommendations 1 Kim et al. (2020)
Preference Match 1 Kim et al. (2020)
Usage Rate 1 Llanos et al. (2024)
Tardiness (of the student) 1 Llanos et al. (2024)
Course Retention 1 Llanos et al. (2024)
Error Rate (of the student) 1 Vijay et al. (2020)
Teacher Behavior 1 Borchers et al. (2024)
Time to Complete 1 Yang et al. (2021)
(by the student)
Question Depth 1 Cheng et al. (2025)
Question Mechanism 1 Cheng et al. (2025)
Objective Alignment 2 Gold et al. (2025)
Yang et al. (2024)
Change in Response Quality 3 Looi et al. (2025)
Yang et al. (2024)
Kim et al. (2020)
Student engagement 2 Sarshartehrani et al. (2024)

Karumbaiah et al. (2023)
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The second most common perceptual measure was satisfaction with the Al. This perception refers to
the satisfaction of both the student receiving the assistance and the instructor evaluating the assistance
given by the Al. Other repeated perceptual measures included, in order of prominence: Understanding
of the Al helpfulness of the Al, ease of use of the Al, and student engagement with the material.

Table 4.

Perceptual Measures Used in the Research Articles

Measure Frequency Articles
Usefulness (of the AI) 6 Lui et al. (2024)

Yang et al. (2024)
Frankford et al. (2024)
Belkacem & Hireche (2024)
Chen et al. (2023)
Karumbaiah et al. (2023)
Satisfaction (with the AI) 5 Huo et al. (2024)
Llanos et al. (2024)
Yang et al. (2021)
Belkacem & Hireche (2024)
Looi et al. (2025)
Understanding (of the AI) 3 Frank et al. (2024)
Belkacem & Hireche (2024)
Looi et al. (2025)

Ease of Use (of the AT) 2 Lui et al. (2024)

Frankford et al. (2024)
Enjoyment (with the AI) 2 Lui et al. (2024)

Belkacem & Hireche (2024)
Student Engagement (with the material) 2 Tan et al. (2024)

Belkacem & Hireche (2024)
Student Engagement 2 Tan et al. (2024)
(with the material) Belkacem & Hireche (2024)
Helpfulness (of the AT) 2 Gold et al. (2025)

Looi et al. (2025)

Pace 1 Belkacem & Hireche (2024)
Reliance (on the Al) 1 Looi et al. (2025)

Quality (of the Al support) 1 Chen et al. (2023)
Credibility (of the AI) 1 Chen et al. (2023)
Controllability 1 Chen et al. (2023)

(of the content)

Supportiveness (of the AI) 1 Holstein et al. (2019)

Needs anticipation 1 Holstein et al. (2019)

(by the Al)

Discussion
Trends and Implications

There are a few notable trends highlighted in Section IV that this section will address. First, it is
important to acknowledge that only one of the studies conducted an in-depth qualitative analysis of
how Al tutors affect human perceptions, and even this study was isolated to teachers’ perceptions of
how an Al tutor should be designed and its purpose in the classroom (Holstein et al., 2019). This
participatory design study is useful in understanding the desires of educators, but it provides no insight
into how a specific Al tutor impacts human user perceptions. From a human factors standpoint, this is
a huge gap in the literature, as research on human interaction with assistants, specifically chatbots,
shows that a user’s perception of the Al agent’s qualities significantly affects their likelihood to accept
its assistance and seek it again in the future (Cheng et al., 2022). There are a decent number of studies
that have aimed to capture this through quantitative means, but because human factors research is so
deeply rooted in context and individual differences, it is difficult to derive causation from purely
quantitative measures (Maxwell, 2012).

There is an intense focus in the literature on the related measures of accuracy, performance,
satisfaction, and usefulness. This makes a lot of sense, as the first concern over using a tutor is how
well it helps the student’s mastery of the intended material. It is interesting that the measure of “grade”
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was more prominent than “grade improvement,” as it stands to reason that the degree to which an Al
tutor was successful was how well it increased a student’s knowledge. In the former case, you may
have students who are starting from a higher or lower aptitude, regardless of the AI’s tutelage. In fact,
one of the studies observed the phenomenon where the Al tutor was more effective for the “lower
learning rate” student test population, indicating the Al tutors may be even more useful for students
starting with a lower aptitude for a subject than those with a higher aptitude (Borchers et al., 2024). It
was unsurprising that most of the studies focused on Q&A chatbots, where a student engages with the
tutor in the same way as they would engage with any of the popular Generative Al models. Where
some of these studies seem to have the most promise was in the cases where the models were tailored
to first- or only- utilize course materials in answering the student’s questions (Gold et al., 2024; Lui et
al., 2024; Soliman et al., 2024). The use of RAG can significantly increase the effectiveness of an Al
tutor for a student, because it is highly effective for generating answers for less-popular, well known
knowledge sets (Soudani et al., 2024). In essence, while the World Wide Web may be a great data set
for an Al agent to produce an answer about a well-known film, it is less optimal for producing an
answer for a student studying a niche discipline. This also means that such methods may be even more
relevant for higher education than for K-12, as widely studied foundational courses are better
represented in publicly available models.

One of the final aspects that should receive some attention is the possibilities of Al tutors in virtual and
augmented reality. One of the studies that seems particularly promising explored its use in engineering
education (Vijay et al., 2020). The concept that Al tutors could assist students in understanding hands-
on disciplines from outside of the laboratory environment has extraordinary implications for hybrid
and remote learning. If an Al tutor could deliver instruction with real-time feedback to students
studying disciplines grounded in physical skills, it would not only enable reinforced learning outside
of dedicated class time but also help many disciplines tackle teacher shortages (Lawal, 2024).
Additionally, only two of the studies were focused on vocational tutoring, and the need for hands-on
instruction may be a reason for this research gap. The possibility of delivering Al instruction through
virtual or augmented reality is uniquely promising for the continual education of workers in hands-on
environments.

Limitations and Future Research

This review has a few notable limitations. First, to focus on the post-ChatGPT generative Al boom, the
review only includes research from 2018 and beyond. The technologies that enabled the 2018 boom
existed years before, and so there may be additional relevant studies that preceded the inclusion
criteria. Second, as evidenced in two of the search terms ending up irrelevant, it is likely more articles
could have been included by isolating and searching on more of the terms (i.e. searching just for
“generative”). While such searches would have likely yielded some more articles for analysis, they
also would have exploded the number of studies for subjection to exclusion criteria, which is why it
was discarded as an option for this review.

As noted in the discussion, this review presents several opportunities for future research on Al tutors.
Foremost, there is a distinct lack of qualitative research on how Al tutors influence student
perceptions, perceptions that will inevitably affect the acceptance and use of the tutors in the long
term. Second, none of the studies included in the analysis were longitudinal and, given how important
grade improvement is to the efficacy of a tutor, studies that assess an Al tutor over longer periods are
essential to improving their design and implementation. Finally, as virtual and augmented reality tools
become more commonly available in classroom environments, researchers should further investigate
how Al tutors can be employed in them to provide tutoring for hands-on, context-dependent
disciplines.

Conclusion

This systematic review conducted a search in four of the most extensive peer-reviewed journal
databases on key terms related to artificially intelligent tutors to understand how they have been
studied and utilized in classroom environments in the post-ChatGPT generative Al boom. Following
the application of inclusion and exclusion criteria, it produced 34 articles for analysis. This analysis
included the classification of types of Al, types of tutoring assistance given, student education level,
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and the effects and perceptions measured. The results of the analysis revealed a number of interesting
trends and opportunities for future Al research, including important measures, the types of Al utilized,
and study methods.
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