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Abstract

Background: The application of artificial intelligence (Al) in STEM education (AI-STEM), as an emerging field, is
confronted with a challenge of integrating diverse Al techniques and complex educational elements to meet
instructional and learning needs. To gain a comprehensive understanding of Al applications in STEM education, this
study conducted a systematic review to examine 63 empirical AI-STEM research from 2011 to 2021, grounded upon a
general system theory (GST) framework.

Results: The results examined the major elements in the AI-STEM system as well as the effects of Al in STEM educa-
tion. Six categories of Al applications were summarized and the results further showed the distribution relationships
of the Al categories with other elements (i.e,, information, subject, medium, environment) in AI-STEM. Moreover, the
review revealed the educational and technological effects of Al in STEM education.

Conclusions: The application of Al technology in STEM education is confronted with the challenge of integrat-

ing diverse Al techniques in the complex STEM educational system. Grounded upon a GST framework, this research
reviewed the empirical AI-STEM studies from 2011 to 2021 and proposed educational, technological, and theoretical
implications to apply Al techniques in STEM education. Overall, the potential of Al technology for enhancing STEM

technology and educational system.

Educational system

education is fertile ground to be further explored together with studies aimed at investigating the integration of

Keywords: Artificial intelligence, Artificial intelligence in education, STEM education, General system theory,

Introduction

Artificial intelligence in education (AIEd) is an emerg-
ing interdisciplinary field that applies Al technologies in
education to transform and promote the instructional
and learning design, process and assessment (Chen et al.,
2020; Holmes et al., 2019; Hwang et al., 2020). The appli-
cation of Al in STEM education (referred to AI-STEM
in this paper), as a sub-branch of AIEd, focuses on the
design and implementation of Al applications to support
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STEM education. Automated Al technologies, e.g., intel-
ligence tutoring, automated assessment, data mining and
learning analytics, have been used in STEM education to
enhance the instruction and learning quality (Chen et al.,
2020; Hwang et al., 2020; McLaren et al., 2010). STEM
education is a complex system, from a system perspec-
tive, consisting of interdependent elements, including
subject, information, medium, and environment (Rapo-
port, 1986; Von Bertalanffy, 1968). The application of
Al as a critical technology element, should take careful
consideration of these complex factors, to achieve a high-
quality STEM education (Byrne & Callaghan, 2014; Kras-
ovskiy, 2020; Xu & Ouyang, 2022). This systematic review
aims to examine the different elements, including Al
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technology, subject, information, medium, environment
in the AI-STEM system to gain a holistic understanding
of the application and integration of Al technologies in
the STEM education contexts. Specifically, we collected
and reviewed empirical AI-STEM research from 2011 to
2021, summarized the Al techniques and applications,
the characteristics of other system elements (i.e., infor-
mation, subject, medium, environment), the distribution
of Al in these elements, and the effects of Al in STEM
education. Based on the results, this systematic review
provided educational and technological implications for
the practice and research in the AI-STEM education.

Literature review

With the development of computer science and compu-
tational technologies, automatic, adaptive, and efficient
Al technologies have been widely applied in various aca-
demic fields. Artificial Intelligence in Education (AIEd),
as an interdisciplinary field, emphasizes applying Al to
assist instructor’s instructional process, empower stu-
dent’s learning process, and promote the transformation
of educational system (Chen et al., 2020; Holmes et al.,
2019; Hwang et al,, 2020; Ouyang & Jiao, 2021). First,
AIEd has potential to enhance instructional design and
pedagogical development in the teaching processes, such
as accessing students’ performance automatically (Wang
et al, 2011; Zampirolli et al, 2021), monitoring and
tracking students’ learning (Berland et al., 2015; Ji & Han,
2019), and predicting at-risk students (Hellings & Haeler-
mans, 2020; Lamb et al., 2021). Second, AIEd is beneficial
for improving student-centered learning, such as provid-
ing adaptive tutoring (Kose & Arslan, 2017; Myneni et al.,
2013), recommending personalized learning resources
(Ledesma & Garcia, 2017; Zhang et al., 2020), and diag-
nosing students’ learning gaps (Liu et al., 2017). Third,
AIEd also brings opportunities to transform the educa-
tional system by highlighting the essential role of tech-
nology (Hwang et al,, 2020), enriching the mediums of
knowledge delivery (Holstein et al., 2019; Yannier et al.,
2020), and changing the instructor—student relationship
(Xu & Ouyang, 2022). Overall, different Al technolo-
gies (e.g., machine learning, deep learning) have been
deployed in the field of education to enhance instruc-
tional and learning process.

The development of AIEd also brought transforma-
tions to the field of science, technology, engineering and
mathematics (STEM) education, as a sub-branch of AIEd
named AI-STEM. STEM education aims to improve
students’ interdisciplinary knowledge inquiry and appli-
cation, as well as their higher-order thinking, criti-
cal thinking and problem-solving ability (Bybee, 2013;
Pimthong & Williams, 2018). The application of Al in
STEM education has advantages to provide adaptive and
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personalized learning environments or resources, and
aid instructors to understand students’ learning behav-
ioral patterns, and automatically assess STEM learning
performances (Alabdulhadi & Faisal, 2021; Walker et al.,
2014). However, STEM education is a complex system,
consisting of interdependent elements, including sub-
ject (e.g., instructor, student), information, medium, and
environment (Rapoport, 1986; Von Bertalanffy, 1968).
Achieving a high quality of STEM education requires a
careful consideration of the complex social, pedagogical,
environmental factors, rather than merely applying Al
technologies in education (Krasovskiy, 2020; Xu & Ouy-
ang, 2022). Therefore, a major challenge in AI-STEM is
how to appropriately select and apply Al techniques to
adapt to the multiple elements (e.g., subject, information,
environment) in STEM education with a goal of high-
quality instruction and learning (Castaneda & Selwyn,
2018; Selwyn, 2016). To gain a holistic understanding of
the integration of Al technologies in the STEM education
contexts, it is crucial to systematically review and exam-
ine the complex elements in AI-STEM from a system
perspective.

During the past decade, the emerging field of AIEd has
gained great attention (Chen et al., 2020; Holmes et al.,
2019; Hwang et al., 2020; Ouyang et al., 2022). But exist-
ing literature review of AIEd has mainly focused on the
trends, applications, and effects of AIEd from a techno-
logical perspective (Chen et al., 2020; Tang et al., 2021;
Zawacki-Richter et al., 2019). Specifically, we located 18
literature review articles of AIEd published from 2011 to
2021 (see Fig. 1). These AIEd reviews focused on different
educational levels, fields, and contexts, including higher
education (Zawacki-Richter et al., 2019), e-learning (Tang
et al,, 2021), mathematics education (Hwang & Tu, 2021),
language education (Liang et al., 2021), medical educa-
tion (Khandelwal et al., 2019; Lee et al., 2021), program-
ming education (Le et al, 2013), and special education
(Drigas & Ioannidou, 2012). For example, Zawacki-Rich-
ter et. al. (2019) reviewed AIEd in the higher education
context and four Al technical applications were classified,
namely intelligent tutoring systems, adaptive systems and
personalization, profiling and prediction, and assessment
and evaluation. Liang et. al. (2021) focused on the appli-
cation of Al in language education and investigated the
roles and research foci (e.g., research methods, research
sample groups) of Al techniques in language education.
Drigas and Ioannidou (2012) explored AIEd in special
education and summarized Al applications based on the
student’s disorders, including reading, writing and spell-
ing difficulties, dyslexia, autistic spectrum disorder, etc.

Although various reviews were conducted to under-
stand the field of AIEd, few of them focused on STEM
education. Among these 18 literature review articles,
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Fig. 1 Existing literature review of AlEd articles, ranging from 2011 to 2021

we only located two works exploring the application of
Al in STEM education. Le et. al. (2013) reviewed the
Al-supported tutoring approaches in computer pro-
gramming education and found that AI techniques
were mainly applied to support feedback-based pro-
gramming tutoring during the student’s individual
learning. Hwang and Tu (2021) conducted a bibliomet-
ric mapping analysis to systematically review the roles
of AI in mathematics education. The results clarified
the role of Al in mathematics education into three main
types, including intelligent tutoring systems, profiling
and prediction, and adaptive systems and personaliza-
tion. Although some review examined Al in computer
science and mathematics education, there is a lack of
literature review to investigate the application of Al in
general STEM education context. More importantly,
due to the complexity of AI-STEM, it is essential to sys-
tematically review multiple elements in AI-STEM as
well as the effects of Al in the STEM education system.

To fill this gap, this systematic review aims to gain a
comprehensive understanding of the integration of Al
technologies in the STEM education contexts. Specifi-
cally, this review examined and summarized the appli-
cations and categories of Al element in the AI-STEM
system, the characteristics of other system elements in
AI-STEM except Al the distribution of Al in these ele-
ments, and the effects of Al in STEM education. Three
research questions (RQs) were proposed:

RQ1: What are the categories of the Al element in the
AI-STEM system?

RQ2: What are the characteristics of other system ele-
ments (i.e., information, subject, medium, environ-
ment element) as well as the distribution of Al in these
elements?

RQ3: What are the effects of Al in STEM education?

Methods

In order to map the state-of-art of the application of Al
techniques in STEM education, we conducted a system-
atic review from 2011 to 2021, following the Preferred
Reporting Items for Systematic Reviews and Meta-Analy-
ses (PRISMA) principles (Moher et al., 2009).

Database search

To locate the empirical studies of Al application in STEM
education, the following major publisher databases were
selected: Web of Science, Science Direct, Scopus, IEEE,
EBSCO, ACM, Taylor & Francis, and Wiley (Guan et al.,
2020). Filters were used to the empirical research and
peer-reviewed articles in the field of education and edu-
cational research from January 2011 to December 2021.
After the preliminary screening of articles, snowballing
was conducted (Wohlin, 2014) to find the articles that
were not extracted using the search strings.
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Identification of search terms

Based on the specific requirements of bibliographic data-
bases, we proposed the searching strategies. In terms
of the research questions, three types of keywords were
used as the search terms. First, keywords related to AIEd
and specific Al applications were added (i.e., “artificial
intelligence” OR “AI” OR “AIED” OR “machine learning”
OR “intelligent tutoring system” OR “expert system” OR
“recommended system” OR “recommendation system”
OR “feedback system” OR “personalized learning” OR
“adaptive learning” OR “prediction system” OR “student
model” OR “learner model” OR “data mining” OR “learn-
ing analytics” OR “prediction model” OR “automated
evaluation” OR “automated assessment” OR “robot”
OR “virtual agent” OR “algorithm”). Second, keywords
related to STEM were added (i.e., “STEM” OR “science”
OR “technology” OR “math” OR “physics” OR “chemis-
try” OR “biology” OR “geography” OR “engineering” OR
“programming” OR “lab”). Third, keywords related to
education were added (i.e., “education” OR “learning” OR
“course” OR “class” OR “teaching”).

Searching criteria

The search criteria were designed to locate the articles
that focused on the applications of Al in STEM educa-
tion. According to the research objectives, inclusion and
exclusion criteria were adopted (see Table 1).

The screening process

The screening process involved the following procedures:
(1) removing the duplicated articles; (2) reading the titles
and abstracts and removing the articles according to the
inclusion and exclusion criteria; (3) reading the full texts
and removing the articles according to the inclusion and
exclusion criteria; (4) using the snowballing to further
locate the articles in Google Scholar, and (5) extracting
data from the final filtered articles (see Fig. 2). All articles
were imported into Mendeley software for screening.

Table 1 Inclusion and exclusion criteria
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Fig. 2 The selection flowchart used based on PRISMA (Moher et al,,
2009)

3373 articles were located as the result of the first
round of searching. Among these records, 777 dupli-
cates were removed and then 1879 records were excluded
because they were not classified under Education & Edu-
cational research or journal article. By reviewing the titles
and abstracts, the number of articles was reduced to 717
based on the criteria (see Table 1). The selected articles
were examined by the first author to determine whether
they were suitable for the purpose of this systematic
review. The second author independently reviewed
approximately 30% of the articles to confirm the reliabil-
ity. The inter-rater agreement was 92%. Then, the full-text
of articles were reviewed by the first author to verify that
the articles met all the criteria for inclusion in the review.
Finally, a total of 63 articles that met the criteria were
identified for the systematic review.

Theoretical framework and analysis procedure

General system theory (GST) is a theoretical framework,
arguing that the world is composed of different organic
systems, which contain dynamically interacting elements
and mutual relationships between them (Rapoport, 1986;
Von Bertalanfty, 1950). The main principle of GST is
that a system is not simply equal to the sum of its ele-
ments, but greater than the sum of its parts (Drack &

Inclusion criteria

Exclusion criteria

1.The studies should be in the field of STEM education with the support of artificial intel-

ligence

2.The studies should report the effects of instruction and learning with the support of Al

3. The studies should be published in peer-reviewed journals
4. The studies should be empirical research

5.The studies should be reported in English
6. Full-text available

1. Studies that are not relevant to the research question

2. Studies that are not education and educational research

3. Articles from conference proceeding, book chapters,
magazines, news, posters are excluded

4. Research that only reports Al application design, but do
not report empirical results
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Pouvreau, 2015; Von Bertalanfty, 1968). To deeply under-
stand the complex nature and general rules of systems,
GST highlights the system’s holistic principle to identify
the internal elements, functional relationships of them,
as well as the external influences upon a system (Craw-
ford, 1974). The theoretical framework of GST has been
widely applied in various fields to analyze different types
of systems, such as physical, biological, social and edu-
cational systems (Drack & Pouvreau, 2015; Kitto, 2014).
For example, Chen and Stroup (1993) suggested applying
GST as an underpinned theoretical framework to guide
the reform of science education and highlighted the
integration of science curriculum to avoid the compart-
mentalized learning of physics, biology, and chemistry.
Following this philosophy, we argue that GST can pro-
vide a new, holistic perspective to understand the inte-
gration of Al technologies and STEM education.

From the perspective of GST, AI-STEM can be viewed
as an organic system, which mainly contains five basic
elements, namely subject, information, medium, environ-
ment, and technology (Von Bertalanfty, 1968) (see Fig. 3).
First, subject is defined as people in an educational sys-
tem and different subjects of people (e.g., instructor,
student) can take agency to interact with each other
constantly and adaptively. Second, information refers to
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knowledge spread and constructed between subjects in
an educational system, such as learning contents, course
materials, knowledge artifacts, etc. Third, medium is the
way or carrier to convey information and connect sub-
jects in the system. Fourth, environment serves as an
underlying context in an educational system, which influ-
ences the function of the whole educational system. Fifth,
technology (e.g., Al techniques) is usually appeared as
an external element to impact the functions of the edu-
cational system. Grounded upon GST, the integration of
Al as an external technology element, in an educational
system (such as STEM) is a complex process, that has
influences on other system elements (i.e., subject, infor-
mation, medium, environment) and on the relationships
between them. In summary, the framework of GST (see
Fig. 3) highlights the multiple elements as well as their
mutual relationships in AI-STEM system, which provides
us a holistic view for applying Al technologies in STEM
education.

We used content analysis method (Cohen et al., 2005;
Zupic & Cater, 2015) to classify 63 AI-STEM articles in
order to answer the research questions. Based on GST,
a coding scheme of educational system elements was
developed to systematically examine AI-STEM articles
(see Table 2). This coding scheme included the subject

Records identified through
database searching
(n=3338)

Records identified through

snowballing
(n=35%)

!

(n=2596)

Records after duplicates removed

Papers excluded (n=1879) in
terms of the publication type
(not journal article) and field

(not educational research)

Papers excluded (n=616) in

(n=717)

Title and abstract screened

terms of topic (not about AIEd
and STEM education), language
(not English), research type (not
empirical research) and the

l

possibility of retrieve (no full-

for eligibility
(n=95)

Full-text articles assessed

text available).

Papers excluded (n=32) in terms
of topic (no AI application in
STEM education) and outcome

|

(did not report empirical results).

(n=63)

Full-text studies included

Included Eligibility m Identification

Fig. 3 The integration of technology in an educational system from the GST perspective
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Table 2 The coding scheme
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Element Dimension

Type

Subject (instructor) Instructor involvement

Instructional strategy

Subject (learner) Educational level

Sample size

Learning outcome

Information Learning content

Medium Educational medium

Environment Educational context

Technology Al technique

1. Support
2. Not support

1. Lecture
2. Project-based learning
3. Problem-based learning
4. Game-based learning

. Collaborative learning

. Self-learning

5

6

1. Kindergarten (3-6)

2. Elementary school (6-12)
3. Middle school (12-15)
.High school (15-18)

. Higher education (> 18)

N

5

1. Small scale (< 50)
2. Medium scale (51-300)
3. Large scale (>300)
1
2
3

. Learning performance
. Affective perception
. Higher-order thinking
4. Learning pattern and behavior

1. Science

2. Technology

3. Engineering

4. Mathematics

5. Cross-disciplinary (contains two or more disciplinary contents)

1. Paper resource (e.g., textbook, paper-and-pencil tests)
2. Entity resource (e.g., robot, experimental instrument)
3. Computer system resource
4. Web open resource

5. Mobile phone resource

6. E-book resource

1. Face-to-face environment (i.e., classroom)

2. Experimental environment (i.e., lab)

3. Informal learning environment (e.g., museum)
4. Web-based environment

5. Augmented/virtual reality

1. Learning prediction

2. Intelligent tutoring system
3. Student behavior detection
4. Automation

5. Educational robots

6. Others

of instructor (including instructor involvement and
instructor strategy), the subject of learner (including
educational level, sample size, and learning outcome),
information (i.e., learning content), medium (i.e., edu-
cational medium), environment (i.e., educational con-
text), and technology (i.e., Al technique).

63 articles were coded by two raters. The same arti-
cle can be coded more than one code in one dimen-
sion. First, 20% of articles were coded by two coders
independently in order to calculate coding reliability.
Krippendorff’s (2004) alpha reliability was 0.91 among
two raters at this phase. The remaining articles were
coded independently by two raters after the reliabil-
ity was ensured. Consensus was reached by two raters

on conflicting coding results. We provided details and
examples below to demonstrate how the coding results
represented the review data (Graneheim & Lundman,
2004).

Results

To answer the research questions, the results section pre-
sents the following three main topics: (1) the categories
of the Al element in the AI-STEM system; (2) the char-
acteristics of other system elements (i.e., information,
subject, medium, and environment) as well as the dis-
tribution of Al in these elements, and (3) the effects and
findings of the application of Al in STEM education.
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RQ1: What are the categories of the Al element

in the AI-STEM system?

Figure 4 demonstrates the trends of empirical studies by
year. According to the distribution, the number of publi-
cation generally increased along the years. In addition, a
majority of reviewed articles (N=42) were published in
the last 4 years from 2018 to 2021. Only 9 of 63 reviewed
articles were published in the first 4 years from 2011 to
2014.

Regarding the element of Al technology in AI-STEM,
six types of Al applications were identified, namely learn-
ing prediction (N=18, percentage=29%), intelligent
tutoring system (N=16, percentage=25%), student
behavior detection (N=13, percentage=21%), automa-
tion (N=38, percentage = 13%), educational robots (N=6,
percentage =9%), and others (N=2, percentage=3%)
(see Fig. 5 and Table 3).

Learning prediction

The first category of the Al applications in STEM edu-
cation was learning prediction, illustrating should be
something like systems which predict student learn-
ing performance or status in advance through AI

15 13

11
10 9 9
5
4 4
521l2l|3ll
ssB08 7

0
2011 2012 2013 2014 2015 2016 2017 2018 2019 2020 2021

Fig. 4 Distribution of the articles by year (N=63)
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algorithms and modeling approaches (Agrawal &
Mavani, 2015; Lee et al.,, 2017). 18 of 63 reviewed arti-
cles (29%) focused on learning prediction in STEM
education (see Fig. 5). Two sub-categories were summa-
rized under learning prediction: learning performance
prediction (N=14) and at-risk student prediction
(N=4) (see Table 3). First, in the sub-category of learn-
ing performance prediction, Al algorithms and mod-
eling techniques were employed in STEM education to
help instructors adjust the instructional processes by
predicting students’ learning performance (Deo et al.,
2020; Hellings & Haelermans, 2020). For example,
Buenano-Ferndndez et. al. (2019) applied educational
data mining and machine learning technique (i.e., deci-
sion tree) in computer engineering courses to predict
students’ final performance based on their histori-
cal grades. Zabriskie et. al. (2019) utilized the random
forest model and logistic regression model to predict
the physics course outcomes. Another sub-category
was predicting at-risk students and dropout factors in
STEM education to help instructors intervene in stu-
dent learning (Vyas et al., 2021; Yang et al.,, 2020). For
example, Lacave et. al. (2018) used Bayesian networks
techniques to investigate dropout factors of computer
science students in higher education. Yang et. al. (2020)
utilized random forest classification to create and
examine the prediction models of identifying at-risk
students in introductory physics classes. In summary,
Al algorithms had been used in STEM education to
help instructors or researchers predict students’ final
academic performances and learning risks.

2 (3%)
6 (9%)

8 (13%)

13 (21%)

16 (25%)

B Learning prediction
Intelligent turtoring system

= Student behavior detection

B Automation

= Educational robots

Others

Fig. 5 The application categories of Al techniques in STEM education (N=63)
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Category Sub-category

Articles

1. Learning prediction 1a. Learning performance prediction

1b. At-risk student prediction

2.Intelligent tutoring system  2a. Instructional content delivery

2b. Recommendation of personal-
ized learning path

2¢. Resource recommendation

3. Student behavior detection  3a. Student behavior analysis

3b. Student behavior monitoring

4, Automation 4a. Automated assessment

4b. Automated questions generation

5. Educational robots 5a. Programming robots

Bertolini et. al. (2021); Blikstein et. al. (2014); Buenano-Fernandez et. al. (2019);
Deo et. al. (2020); Hellings and Haelermans (2020); Khan et. al. (2021); Kinnebrew
et.al. 2017); Lamb et. al. (2021); Mahboob et. al. (2020); Matthew et. al. (2018);
Spikol et. al. (2018); Xing et. al. (2019); Yahya and Osman (2019); Zabriskie et. al.
(2019)

Azcona et. al. (2019); Lacave et. al. (2018); Vyas et. al. (2021); Yang et. al. (2020)

Hooshyar et. al. (2015); Hooshyar et. al. (2018); Kose and Arslan (2017); Kramer et
al. (2016); Myneni et. al. (2013); Thai et. al. (2021); Tufekci and Kose (2013); Trous-
sas et. al. (2021); Wu et. al. (2013)

De-Marcos et. al. (2015); Gavrilovi¢ et. al. (2018); Saito and Watanobe (2020);
Zulfiani et. al. (2018)

Ledesma and Garcia (2017); Lin and Chen (2020); Zhang et. al. (2020)

Chrysafiadi and Virvou (2013); Figueiredo et. al. (2016); Hsiao et. al. (2020); Pereira
et. al. (2020); Sapounidis et. al. (2019); Suh et. al. (2019); Wang (2016); Zapata-
Caceres and Martin-Barroso (2021)

Balakrishnan (2018); Berland et. al. (2015); Ji and Han (2019); Yannier et. al. (2020);
Yu (2017)

Aleman (2011); Cinar et. al. (2020); Garcia-Gorrostieta et. al. (2018); Maestrales et.
al. (2021); Nehm et. al. (2012); Wang et. al. (2011); Zampirolli et. al. (2021)

Aldabe and Maritxalar (2014)
Caoet. al. (2021); Ferrarelli and locchi (2021); Rodriguez Corral et. al. (2016)

5b. Social robots
6a. Al textbook
6b. Group formation

6. Others

Jones and Castellano (2018); Jones et. al. (2018); Verner et. al. (2020)
Ko¢-Januchta et. al. (2020)
Tehlan et. al. (2020)

Intelligent tutoring system

The second category of the Al applications in STEM edu-
cation was the intelligent tutoring system (ITS), defined
as an Al-enabled system that was designed to provide
customized instruction or feedback to students and pro-
mote personalized, adaptive learning (Chen et al., 2020;
Hooshyar et al., 2015; Murray, 2003). Among the 63
reviewed articles, 16 articles (25%) focused on the appli-
cations of ITSs in promoting instruction and learning in
STEM education (see Fig. 4). Three sub-categories were
identified: instructional content delivery (N=9), recom-
mendation of personalized learning path (N=4), and
resource recommendation (N=3) (see Table 3). The first
sub-category was using ITSs to deliver instructional
content in STEM education. For example, Myneni et. al.
(2013) introduced an interactive and intelligent learn-
ing system in physics education, where a virtual agent
delivered physics concepts to students and decision
algorithms were utilized to determine the support level
of the virtual agent. Hooshyar et. al. (2018) proposed a
novel flowchart-based ITS based on Bayesian networks
techniques, which imitated a human instructor to con-
duct one-to-one instruction with students. The second
sub-category of ITS was recommendations of personal-
ized learning path based on student’s profile in STEM
education. For example, De-Marcos et. al. (2015) com-
bined genetic algorithm and parliamentary optimization

algorithm to create personalized courseware sequenc-
ing paths in online STEM learning. Saito and Watanobe
(2020) proposed an approach of recommending learning
paths that applied recurrent neural network and sequen-
tial prediction model to create students’ ability charts
and learning paths in programming learning based on
their submission history. The third sub-category of ITS
was recommending learning resource according to stu-
dent’s needs in STEM education. For example, Ledesma
and Garcfa (2017) introduced an expert system as a sup-
port tool to tackle mathematical topics, by recommend-
ing appropriate mathematical problems in accordance
with a student’s learning style. Lin and Chen (2020) pro-
posed a deep learning recommendation based system in
programming learning that recommended learning tasks,
learning missions and materials according to students’
learning processes and levels. In summary, Al technolo-
gies were widely applied in ITSs to enhance personalized
and adaptive learning in STEM education through pro-
viding one-to-one tutoring and recommending personal-
ized learning paths and resources.

Student behavior detection

The third category of the Al applications in STEM edu-
cation was student behavior detection, which referred to
systems to exploit and track students’ learning behav-
iors, patterns, and characteristics with Al-enabled data
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mining and learning analytics in the instructional and
learning processes (Chrysafiadi & Virvou, 2013; Ji & Han,
2019; Zheng et al., 2020). Among the 63 reviewed arti-
cles, 13 articles (21%) focused on the applications of Al
techniques to detect student behaviors in STEM educa-
tion (see Fig. 5). Two sub-categories were summarized
under student behavior detection: student behavior
analysis (N=8) and student behavior monitoring (N=5)
(see Table 3). First, the sub-category of student behav-
ior detection, was applied in STEM education to analyze
and reveal students’ latent behaviors. For example, Hsiao
et. al. (2020) collected students’ learning data from pro-
gramming learning platform and examined their learning
behaviors through hidden Markov model, and the results
revealed the reviewing patterns and reflecting strate-
gies of students in learning programming. Pereira et. al.
(2020) used data mining techniques including k-means
and association rule algorithm to understand students’
behavior in introductory programming, to help novice
programmers promote their learning. Another sub-cate-
gory of student behavior monitoring was applied to help
instructors track students’ learning in STEM education.
For example, Balakrishnan (2018) helped instructors to
motivate engineering students’ learning through moni-
toring their learning behaviors such as preferred learning
materials and self-directed learning performance. Yan-
nier et. al. (2020) introduced a mixed-reality Al system
supported with computer vision algorithms to track chil-
dren’s active learning behaviors in science education. In
summary, student behavior detection had great potential
to aid instructors and researchers to analyze, understand,
and monitor students’ behaviors in STEM education.

Automation

The fourth category of the Al applications in STEM edu-
cation was automation, which utilized Al technologies
to automatically assess students’ performances and gen-
erate questions or tasks for instructors (Aldabe & Mar-
itxalar, 2014; Wang et al., 2011; Zampirolli et al., 2021).
Among 63 reviewed articles, 8 articles (13%) focused on
the Al-supported automated techniques in STEM edu-
cation (see Fig. 5). Two sub-categories were summarized
under automation: automated assessment (N=7) and
automated questions generation (N=1) (see Table 3).
The first sub-category of automated assessment provided
instructors and students with convenient assistance in
STEM education. For example, Wang et. al. (2011) devel-
oped an automated assessment system, AutoLEP, to help
novice programmers gain programming skills by pro-
viding syntactic and structural checking and immediate
feedback automatically. Garcia-Gorrostieta et. al. (2018)
introduced a system for automatic argument assessment
of computer engineering students’ final reports, to help
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them improve the abilities of statement and justifica-
tion in science argumentation. Another sub-category of
automated questions generation had potential to reduce
instructors’ instructional burdens in STEM education.
For example, Aldabe and Maritxalar (2014) proposed an
approach to help instructors automatically create mul-
tiple-choice tests in science courses through the use of
corpora and natural language processing techniques. In
summary, Al techniques were used in STEM education to
aid instructors and students through automatically gen-
erating questions and assessing academic performances.

Educational robots

The fifth category of the Al applications in STEM educa-
tion was educational robots, which was the adoption of
robots in STEM education to facilitate students’ learn-
ing experience as well as allow them to acquire knowl-
edge in interactive ways (Atman Uslu et al., 2022; Cao
et al., 2021; Yang & Zhang, 2019). It is worth noting that
robots are applications that contain various techniques
(e.g., mechanical manufacturing, electronic sensors, Al);
therefore, considering the research topic, only Al-sup-
ported robots were included in this review. Among the
63 reviewed articles, 6 articles (9%) focused on the appli-
cation of educational robots in STEM education (see
Fig. 5). Two sub-categories were identified under edu-
cational robots: programming robots (N=3) and social
robots (N=23) (see Table 3). The first sub-category, pro-
gramming robots, were specifically designed as learning
tools that engaged students to design and operate them
with programming languages (Atman Uslu et al.,, 2022).
For example, Rodriguez Corral et. al. (2016) applied a
specific ball-shaped robot with sensing, wireless commu-
nication and output capabilities in computer courses to
teach students object-oriented programming languages.
Cao et. al. (2021) introduced an artificial intelligence
robot called LEGO MINDSTORMS EV3, to implement
instructional tasks in information technology courses
to promote students’ innovation and operational abil-
ity. Another sub-category of social robots was a kind of
intelligent humanoid robots, which could serve as tutors,
tutees or learning companions to students and allow stu-
dents to interact with them orally and physically (Bel-
paeme et al., 2018; Xu & Ouyang, 2022). For example,
Verner et. al. (2020) employed RoboThespian, a life-size
humanoid robot, as a tutor to convey science knowledge
and concepts to elementary school students. In summary,
Al-based educational robots were used in STEM educa-
tion as instructional tools or educational subjects (e.g.,
tutor, tutee, companion) to convey knowledge, promote
students’ operational skills, and enhance their learning
experience.
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Others

Among 63 reviewed articles, 2 articles (3%) focused on
other applications of Al techniques in STEM education,
including Al textbook and group formation. Tehlan et.
al. (2020) utilized a genetic algorithm-based approach
to form student groups in collaborative learning based
on their skills and personality traits in a program-
ming course. Ko¢-Januchta et. al. (2020) introduced AI-
enriched textbook in biology course to improve students’
engagement by encouraging them to ask questions and
receive suggested questions.

RQ2: What are the characteristics of other system elements
(i.e., information, subject, medium, environment element)
as well as the distribution of Al in these elements?

To further understand how AI techniques have been
integrated in STEM education, we examined the other
system elements, including information, subject (i.e.,
instructor, student), medium, and environment in AlI-
STEM research. In addition, we explored the distribution
of Al categories in these elements, to reveal the relation-
ships between Al techniques and these elements.

Information in AI-STEM research
Information (referred to learning content in this study)
was described as the subject knowledge and learning
contents conveyed in AI-STEM system. In the reviewed
63 studies, all of them mentioned learning content in
STEM education, including science, technology, engi-
neering, mathematics, and cross-disciplinary (i.e., more
than one discipline) (see Table 4). Among 63 articles, 24
studies focused on technology, followed by articles that
focused on science (N=22) and engineering (N=7).
Mathematics (N=3) attracted the least attention. In
addition, 7 studies contained interdisciplinary subjects,
such as computer engineering (Buenafno-Fernandez et al.,
2019; Tehlan et al., 2020), engineering mathematics (Deo
et al., 2020), and integrated STEM education (Suh et al.,
2019; Wang, 2016).

Figure 6 shows the frequency of Al application catego-
ries in different learning contents. Among all the Al cat-
egories, student behavior detection was most frequently

Table 4 Learning contents in AI-STEM research (N=63)

Dimension Category N (%)
Learning content  Technology (e.g., computer, informa- 24 (38.10%)
tion, programming)
Science (e.g., physics, chemistry, biol- 22 (34.92%)
0ogy)
Engineering 7(11.11%)
Cross-disciplinary 7(11.11%)
Mathematics 3 (4.76%)
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applied in the technology domain (N=38), followed by
learning prediction in science (N=6), and learning pre-
diction in engineering (N=5) (see Fig. 6).

Instructor in Al-STEM research

Instructor, as a component of subject element in Al-
STEM system, played a critical role in conducting
instruction, conveying knowledge, and utilizing technol-
ogies. In the reviewed 63 studies, 50 of them mentioned
the instructor involvement and 50 of them mentioned
the instructional strategies, including traditional lecture,
problem-based learning, project-based learning, game-
based learning, self-learning, and collaborative learning
(see Table 5). Regarding the instructor involvement, a
majority of instructors would engage in the instructional
and learning processes to support students (N=42),
while some studies were conducted without instructors’
involvement and support (N=8). Additionally, among 50
articles, the traditional lecturing strategy was most fre-
quently used by instructor (N=27), followed by problem-
based learning (N=10). Also, some studies were carried
out through project-based learning (N=5), self-learning

Table 5 Instructor involvement (N=50) and instructional

strategies (N=>50) in AI-STEM research

Dimension Category N (%)

Instructor involvement Support 42 (84.00%)
Not support 8 (16.00%)

Instructional strategies Lecture 27 (54.00%)
Problem-based learning 10 (20.00%)
Project-based learning 5(10.00%)
Self-learning 5(10.00%)
Game-based learning 4 (8.00%)
Collaborative learning 4 (8.00%)

Among the 50 articles, 5 of them included more than one instructional strategy
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(N=5), game-based learning (N=4), and collaborative
learning (N=4).

All Al application categories were mainly applied with
the instructor’s support, in which the most frequently
used Al category were ITS (N=11) and learning pre-
diction (N=11) (see Fig. 7a). In addition, automation
was only applied in lecture (N=8). Learning predic-
tion was most frequently applied in lecture (N=28) and
educational robots were most frequently applied in
problem-based learning (N=4). Compared to other Al
technologies, ITS and student behavior detection were
integrated with more types of instructional strategies (see
Fig. 7b).

Learner in AI-STEM research

Learner, as another component of subject element, could
take agency to actively participate in the learning process
as to influence the AI-STEM system. In the reviewed 63
studies, 59 of them mentioned the educational levels of
learners, from kindergarten to higher education, and 55
of them mentioned sample sizes (see Table 6). Among
all the educational levels, 43 focused on higher educa-
tion (N=43), followed by elementary school (N=7), high
school (N=5), and middle school (N=4). Only one study
was conducted in kindergarten. In addition, the number
of AI-STEM studies with the medium scale of learn-
ers (N=24) and the large scale of learners (N=21) were
larger than the small-scale study (N=10).

Al application categories except educational robots
were frequently applied in higher education (learning
prediction: N=13, ITS: N=12, student behavior detec-
tion: N=38, automation: N=7). The educational robots
were frequently applied in elementary school (N=3) (see
Fig. 8a). Moreover, regarding the sample size, learning
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Table 6 Educational levels (N=59) and sample sizes (N=55) in
AI-STEM research

Dimension Category N (%)

Educational levels Higher education 43 (72.88%)
Elementary school 7 (11.86%)
High school 5 (8.47%)
Middle school 4 (6.78%)
Kindergarten 1 (1.69%)

Sample sizes Medium scale (51-300) 24 (43.64%)
Large scale (>300) 21 (38.18%)
Small scale (< 50) 10 (18.18%)

Among the 59 articles, 1 of them included more than one educational level

prediction was most frequently used with a large scale
(N=11), followed by ITS with a medium scale (N=9),
and student behavior detection with a medium scale
(N=7). Additionally, the categories of educational robots
and others were not applied in large scale; the category of
student behavior detection was not applied in small scale
(see Fig. 8b).

Medium in AI-STEM research

Medium (referred to educational medium in this study)
was viewed as the way to convey information and connect
subjects AI-STEM system. In the reviewed 63 studies,
50 of them mentioned the educational medium, includ-
ing paper resource, entity resource (i.e., the material
object in reality), computer system resource, web open
resource, mobile phone resource and E-book resource
(see Table 7). Among all educational mediums, computer
system was the most frequently used in AI-STEM stud-
ies (N=28), followed by entity resource (N=10) and
web open resource (N=9). Additionally, mobile phone

Learning prediction " @ Learning prediction ‘8 @ @
Intelligent tutoring system 1 3 Intelligent tutoring system 7 3 1 2 2
@
2
‘éﬂ Student behavior detection 7 1 Student behavior detection 1 3 ) 1 3 £
&
] .
: Automation 8 Automation 8
<
Educational robots 3 3 Educational robots 2 4 2
Others 2 Others 1 1
3
N X R o N o R R
o N é\@‘\\ W& o
<« 8 o o & <
&° ° & N
0\0\5 oV O‘b\\ Co\\‘z‘
Qs
Instructor involvement Instructional strategies
(a) Instructor involvement (V= 50) (b) Instructional strategies (V= 50)
Fig. 7 Al categories under instructor involvement and instructional strategies




Xu and Ouyang International Journal of STEM Education (2022) 9:59 Page 12 of 20
Learning prediction ® @ 3 Learning prediction ® 3 n
Intelligent tutoring system 1 2 12 Intelligent tutoring system 3 9 2
@«
2
5 Student behavior detection 1 2 1 2 8 Student behavior detection 7 4
g
s .
: Automation 1 7 Automation 2 23 4
<
Educational robots 3 1 1 Educational robots 3 2
Others 2 Others 1 1
. D e
‘\‘%‘\ \\00\ 5.“00\ C‘\oo &\\0\ \\c_,cb R 2 . B\
RO S o 5@ S %
R ) o @\5 N & & (S @\"6 V
Educational levels Sample sizes
(a) Educational level (N = 59) (b) Sample size (N = 55)
Fig. 8 Al categories under educational levels and sample sizes
Table 7 Educational medium in AI-STEM research (N=50)
Learning prediction @ ® :/\5
Dimension Category N (%)
Intelligent tutoring system 15 1
Educational medium Computer system resource 28 (56.00%) 2
. S Student behavior detecti
Entity resource (e.g., robot, 10 (20.00%) § ~ermpevorddeston ! o o ¢ ‘
experimental instrument) E Automation 5 °
Web open resource 9 (18.00%) <
Mobile phone resource 3 (6.00%) Educational robots 8
E-book resource 1 (2.00%) Others 1 1
Paper resource ('e.gq textbook, 1 (2.00%) o c@“& @@o‘“ @o&cc @s&‘& @%o&c,e
paper-and-pencil tests) e o Q\\o& o
RO @ N\
Among the 50 articles, 2 of them included more than one educational medium o
Educational medium
Fig. 9 Al categories under educational medium (N=50)

resource (N=3), traditional paper resource (N=1), and
E-book resource (N=1) was the infrequent medium to
convey knowledge.

Among all the Al categories, ITS was most frequently
used through computer system resource (N=15), fol-
lowed by educational robots through entity resource
(N=6), automation through computer system resource
(N=5), and learning prediction through web open
resource (see Fig. 9).

Environment in AI-STEM research

Environment (referred to educational context in this
study) served as an underlying context to influence the
whole AI-STEM system. In the reviewed 63 studies,
51 of them mentioned the educational environment,
including face-to-face environment, experimental
learning environment, informal learning environment,
web-based environment and augmented/virtual real-
ity (see Table 8). Among the 51 studies, 33 studies were
implemented in face-to-face environment, followed

by web-based environment (N=11) and experimen-
tal environment (N=6). Two studies conducted in
informal learning environment (McLurkin et al., 2013;
Verner et al,, 2020) and only one study conducted in
augmented reality (Lin & Chen, 2020).

All categories of AI techniques were commonly
applied in face-to-face environment, in which the most
frequently used Al technology category was learning
prediction (N=10), followed by automation (N=7),
ITS (N=6), and educational robots (N=5). Moreover,
compared to other Al categories, ITS was the most fre-
quently used technique in the web-based environment
(N=7) (see Fig. 10).

RQ3: What are the effects of Al in STEM education?
This review summarized the educational and techno-
logical effects of Al applications in AI-STEM research.
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Table 8 Educational context in AI-STEM research (N=51)

Dimension Category N (%)

Educational contexts Face-to-face environment (i.e., classroom) 33 (64.71%)
Web-based environment 11 (21.57%)
Experimental environment (i.e,, lab) 6 (11.76%)
Informal learning environment (e.g., museum) 2 (3.92%)
Augmented/virtual reality 1 (1.96%)

Among the 51 articles, 1 of them included more than one educational context
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Educational effects and findings

From the educational perspective, 42 of the 63 reviewed
articles reported the educational effects and findings
when applying Al techniques in STEM education. Spe-
cifically, 30 out of the 42 articles reported the instruction
and learning effects (e.g., learning performance, affec-
tive perception, higher-order thinking) of the application
of Al techniques in STEM education. 12 articles out of
42 reported students’ learning behaviors and patterns
by using Al-enabled data mining and learning analytics
techniques.

The effect of learning performance Among all the
reviewed articles, 22 studies revealed the educational
effects of Al technologies on students’ learning perfor-
mance. Most of them showed significantly positive influ-
ence of Al techniques on the improvement of students’
learning performances (N=20). For example, Wu et. al.
(2013) investigated the effect of a context-aware ubiq-
uitous learning system in a geosciences course and the
results showed that context-aware ubiquitous learning
system had significantly positive effects on the learning
achievements of students. Thai et. al. (2021) conducted
a cluster randomized study to examine the effect of My
Math Academy, a digital game-based learning environ-

ment that provided personalized content on kindergarten
students; the results revealed the significant improve-
ment of learning gains, especially for the moderate-level
students. Tehlan et. al. (2020) used a quasi-experiment
approach to examine the effects of genetic algorithm-
supported pair programming in a programming course;
the results found that the students’ learning performances
were significantly higher in pair programming than indi-
vidual programming. Two articles reported insignificant
results of the learning performance effects. Ko¢-Januchta
et. al. (2020) used a quasi-experiment to compare the
effect of Al-enabled E-book and common E-book in stu-
dents’ biology learning, and the results showed that there
was no significant difference of students’ learning gains
between these two types of books. Also, Hellings and
Haelermans (2020) conducted a randomized experiment
to examine the effect of a learning analytics dashboard
with predictive function in a computer programming
course, but no significant improvement was found on stu-
dent performance in the final exam.

The effect of affective perception ~Among all the reviewed
articles, a majority of studies revealed the educational
effects of Al technologies on students’ affective percep-
tion, such as attitude, interest, and motivation (N=17).
On the one hand, students showed satisfaction and posi-
tive attitude towards the integration of Al technologies
and STEM education. For example, Azcona et. al. (2019)
used a questionnaire to find students’ positive feedbacks
and attitudes towards the application of learning analyt-
ics in computer programming classes to detect and warn
learning risks. Gavrilovic et. al. (2018) evaluated student’s
satisfaction of an Al-supported adaptive learning sys-
tem in Java programming learning through the survey
approach; the results revealed the positive feedbacks of
students. On the other hand, the application of AI tech-
nologies also arouses students’ interests and motivation
in STEM learning. For example, Balakrishnan (2018) used
a mixed-method approach (i.e., questionnaire and inter-
view) to examine the impact of a computer-based person-
alized learning environment (PLE) on engineering stu-
dents’ motivation, and the results revealed the potential of
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PLE to engage students in learning with a strong sense of
interest and motivation. Verner et. al. (2020) investigated
students’ perceptions and attitudes towards an interactive
robot tutor in science classes and found that the human—
robot interaction fostered students’ active learning, main-
tain their attention and interest in the learning processes.

The effect of higher-order thinking Among all the
reviewed articles, some studies revealed the educational
effects of AI technologies on students’ higher-order
thinking (N=7), such as problem-solving ability, com-
putational thinking, and self-regulated learning skills.
For example, Hooshyar et. al. (2015) employed a quasi-
experimental design to examine the impact of a flowchart-
based intelligent tutoring system (FITS) on students’
programming learning and found better improvement
of problem-solving abilities in the FITS group than the
control group. Lin and Chen (2020) found that students
who used a deep learning-based AR system performed
significantly better in computational thinking than those
using an AR system without deep learning recommenda-
tion. Jones and Castellano (2018) utilized adaptive robotic
tutors to promote students’ self-regulated learning skills
and found that when a robotic tutor provided scaffoldings
adaptively, more self-regulated learning behaviors were
observed from students over the control condition with-
out scaffoldings. Garcia-Gorrostieta et. al. (2018) used
experimental evaluation to test the effect of the automatic
argument assessment on students’ computer engineering
writing, and the results revealed that the argument assess-
ment system helped students improve argumentation
ability in their writing.

The effect of student learning pattern and behav-
ior Among 42 reviewed articles that mentioned educa-
tional effects and findings, 12 articles revealed students’
learning patterns and behaviors in STEM education
by using Al-enabled data mining and learning analyt-
ics approaches. For example, Sapounidis et. al. (2019)
detected 48 children’s preference profiles on tangible
and graphical programming through latent class mod-
eling; results found that the graphical programming was
preferred by a majority of children, especially children
in younger ages. Pereira et. al. (2020) used learning ana-
lytics (i.e., k-means, association rule algorithms) in the
Amazonas to understand students’ behavior in introduc-
tory programming courses and found high heterogene-
ity among them. Three clusters of novice programmers
were detected to explain how student behaviors during
programming influenced the learning outcomes. Wang
(2016) utilized data mining and learning analytics tech-
niques (i.e., association rule, decision tree) to investigate
college students’ course-taking patterns in STEM learn-
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ing; the results found that the most viable course-taking
trajectories is taking mathematics courses after initial
exposure to subject courses in STEM.

Technological effects and findings

From the technological perspective, 24 of the 63
reviewed articles reported the technological effect and
findings (e.g., efficiency of technology, accuracy of algo-
rithm) when applying Al techniques in STEM educa-
tion. For example, Cinar et. al. (2020) utilized multiple
machine learning algorithms, including Support Vec-
tor Machines (SVM), Gini, k-Nearest Neighbors (KNN),
Breiman’s Bagging, Freund and Schapire’s Adaboost.M1
algorithms, to automatically grade open-ended physics
questions; the results reported that AdaBoost.M1 had
the best performance with the highest accuracy of pre-
diction models among all machine learning algorithms.
Nehm et. al. (2012) used a corpus of biology evolutionary
explanations written by 565 undergraduates to test the
efficacy of an automated assessment program, Summa-
rization Integrated Development Environment (SIDE);
the results showed that, compared to human expert scor-
ing, SIDE had better performance when scoring models
were built and tested at the individual item level, and the
performance degraded when suites of items or entire
instruments were used to build and test scoring mod-
els. Bertolini et. al. (2021) employed five machine learn-
ing methods to quantify predictive efficacy of predictive
modeling in undergraduate students’ outcome in biology.
Results found that individual machine learning methods,
especially logistic regression achieved a poor prediction
performance while ensemble machine learning meth-
ods, in particular the generalized linear model with elas-
tic net (GLMNET), achieved the high accuracy. Deo et.
al. (2020) adopted a computationally efficient AI model
called extreme learning machines (ELM) to predict
weighted score and the examination score in engineering
mathematics courses; the results showed that ELM out-
performed in prediction with respect to random forest
and Volterra.

Discussion and implications

Addressing research questions

Although AIEd has attracted wide attention in educa-
tional research and practice, few research works have
investigated the applications of Al in STEM educa-
tion context. To gain a comprehensive understanding
of the integration of Al in STEM education, this study
conducted a systematic review of AI-STEM empirical
research from 2011 to 2021. Grounded upon GST, we
examined the Al technologies and applications in STEM
education, the characteristics of other system elements
(i.e., information, subject, medium, environment), the
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distribution of Al in these elements, and the effects of
AT applications in STEM education. To answer the first
question, we found a gradually increasing trend of Al
applications in STEM education in the past decade. Fur-
thermore, six categories of Al applications were located,
namely learning prediction, ITS, student behavior detec-
tion, automation, educational robots, and others (i.e., Al
text book, group formation). Regarding the characteris-
tics of elements and the distribution of Al in these ele-
ments, first, we found all categories of Al techniques,
especially student behavior detection, ITS, and learning
prediction, were frequently applied in the learning con-
tents of science and technology. Second, instructors usu-
ally involved in STEM education to support students and
they used lecturing strategy the most frequently, followed
by problem-based learning. Automation was only applied
in the lecturing instruction mode and educational robots
were most frequently applied in the problem-based
learning mode. Third, a majority of Al techniques (except
educational robots) were applied in higher education
with medium and large scale of learners. The most fre-
quently used Al in higher education were learning pre-
diction and ITSs. Fourth, computer system resource was
the most frequently used medium to convey knowledge,
particularly when it was applied in ITSs and automation,
while paper, mobile phone, and E-book resources were
seldom used in AI-STEM research. Fifth, the face-to-face
environment was mainly utilized to support all categories
of Al applications, and web-based environment was most
frequently used supported with ITSs.

Regarding the third question, this review summarized
the educational and technological effects and findings of
AT applications in STEM. From the educational perspec-
tive, the results showed that most of the AI applications
had positive effects on students’ academic performance.
However, insignificant improvements of learning out-
comes were also found in two empirical studies (Hellings
& Haelermans, 2020; Ko¢-Januchta et al., 2020). Moreo-
ver, most students held positive attitudes towards the
use of Al technology in STEM education, and Al tech-
nologies aroused their interest and motivation as well. In
other words, the Al applications are beneficial for foster-
ing student’s active learning in STEM education. More-
over, the applications of Al techniques also contributed
to the development of students’ higher-order thinking,
e.g., computational thinking, problem-solving ability.
In addition, Al techniques have great potential to assist
instructors by detecting students’ learning patterns and
behaviors in STEM education. From the technological
perspective, the reviewed articles mainly reported a good
efficiency and algorithm accuracy when applying Al in
STEM education. Specifically, Al algorithms, especially
ensemble machine learning methods, performed well in
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learning prediction, automation, and personalized rec-
ommendation. Overall, underpinned by the GST frame-
work, this review presented an overview of recent trends
of the field of AI-STEM, which guided the following edu-
cational, technological, and theoretical implications.

Educational implications

The emergence of Al indirectly influences the subject
elements (e.g., instructor, learner) in STEM education,
which in turn would eventually influence the educational
practices and effects. First, AI has potential to transform
the instructor—student relationships in STEM education
from the instructor-directed to student-centered learn-
ing (Cviko et al., 2014). When AI is applied in STEM
education, the role of instructor is expected to shift
from a leader to a collaborator or a facilitator under the
Al-empowered, learner-as-leader paradigm (Ouyang &
Jiao, 2021). However, this review found that the instruc-
tor-centered lecturing mode was the most frequently
used instructional strategy in AI-STEM studies, while
other student-centered instructional strategies (e.g., the
project-based learning, collaborative learning, game-
based learning) appeared infrequently. One of the rea-
sons centers on the complexity of integrating technology
and pedagogy in STEM education (Castafieda & Selwyn,
2018; Jiao et al., 2022; Loveless, 2011). For example, ITS
and automation techniques are usually designed based
on behaviorism (Skinner, 1953) to support instructor’s
knowledge delivery and exam evaluation, which may be
challenging for instructors to use when integrating it in
the student-centered instructional strategies. Recent
research has started to balance pedagogical design and
technological application in educational practices in
order to achieve the goal of Al-instructor collabora-
tion and student-centered learning when AI is inte-
grated (Baker & Smith, 2019; Holmes et al., 2019; Roll
& Wylie, 2016). Furthermore, another critical question
is: would Al replace instructor responsibilities and roles
in STEM education (Segal, 2019)? In this review, we
found that the role of instructor was still irreplaceable,
because the instructor’s involvement existed in most of
the AI-STEM research. Even though Al can free instruc-
tors from redundant tasks in STEM education, it still
lacks the human ability to convey social emotion, solve
critical problems, and implement creative activities (Col-
linson, 1996; Gary, 2019; Mubhisn et al,, 2019). There-
fore, although Al techniques can bring opportunities to
develop STEM education (Hwang et al., 2020), we cannot
overstate the role of technology and overlook the essen-
tial role of instructor (Selwyn, 2016). Overall, instruc-
tors, as important subjects in the educational system,
need to take agency to promote the pedagogical designs
and strategies when applying AI technologies, in order
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to achieve a high quality of AI-STEM education (Cantd-
Ortiz et al., 2020).

Technological implications

Although AI has the potential to enhance the instruction
and learning in STEM education (Chen et al., 2020; Hol-
mes et al., 2019), the development of AI-STEM requires a
better fit between Al technologies and other system ele-
ments in STEM education. First, regarding the relation-
ships between Al and information element, the results
showed that most of the Al applications were used in sci-
ence and technology learning contents, and educational
robots and automation were not applied in engineering
and mathematics learning contents. Since STEM educa-
tion contains interdisciplinary knowledge and learning
contents from different subjects, Al is usually restricted
in specific learning contents or courses (Douce et al,
2005). Therefore, one of the future directions is to expand
the commonality and accessibility of Al techniques in dif-
ferent STEM subjects and courses. Second, the range of
AT applications was mainly located in higher education,
while few of Al techniques were applied in other educa-
tional levels, especially in kindergarten. To some extent,
due to the complex function and feedback mechanisms,
most of the Al techniques (e.g., ITS, learning prediction)
might be appropriate for adult learners. Hence, some
interactive Al techniques, e.g., social robots, Al-enabled
games, can be designed and developed to support young
children’s STEM learning (Belpaeme et al., 2018; Zapata-
Céceres & Martin-Barroso, 2021). Therefore, the ease of
use is also one of the important considerations in future
development of Al technologies (Law, 2019; Xu & Ouy-
ang, 2022). Third, most of the AI-STEM research was
conducted through the traditional mediums (e.g., com-
puter system resource) and contexts (e.g., face-to-face
learning environment). A future direction is to create Al-
empowered STEM learning environment through com-
bining the advanced educational mediums (e.g., E-book)
and contexts (AR/VR), in order to better represent and
convey knowledge (Mystakidis et al., 2021).

Theoretical implications

Due to the complexity of AI-STEM system, this research
used a theoretical framework based on GST to examine
the multiple elements (i.e., Al technology, information,
subject, medium, environment) in AI-STEM research.
Compared to previous AIEd reviews that mainly focused
on the technological perspective, GST provides a holistic
view for us to consider the complex human, pedagogical,
environment factors when applying Al in STEM educa-
tion (Kitto, 2014; Von Bertalanfty, 1968). For example,
we found that sometimes instructors did not engage in
STEM education to support students, especially when
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applying ITSs and educational robots. It might reveal a
new trend that some Al technologies (e.g., social robot,
virtual agent) might have the potential to replace the
original role of instructor and work as a new subject to
individually convey knowledge (Xu & Ouyang, 2022).
Additionally, the results showed the different charac-
teristics of learner’s sample size when applying different
Al techniques. Learning prediction was more likely to
applied with a large scale of students, and educational
robots were inclined to be applied with a small scale of
students. The features of Al technologies might explain
this phenomenon. For example, a data training process is
necessary before learning prediction, which requires the
support of algorithmic modeling techniques and large
data sets (Agrawal & Mavani, 2015; Lee et al., 2017),
while educational robots, as human—machine interac-
tion technologies, seem more suitable and practicable
for small-scale STEM learning (Atman Uslu et al., 2022;
Belpaeme et al., 2018). Overall, the current study utilized
the GST framework to examine the multiple elements in
the complex AI-STEM system; it is suggested that differ-
ent stakeholders, e.g., educators, technical developers,
and researchers, can adopt the GST framework as a guide
to comprehensively consider the complex elements when
applying Al techniques in STEM education (Kitto, 2014;
Von Bertalanfty, 1950).

Conclusion, limitation, and future direction

The application of Al technology in STEM education is
an emerging trend, which is confronted with the chal-
lenge of integrating diverse Al techniques in the complex
STEM educational system. Grounded upon a GST frame-
work, this research reviewed the empirical AI-STEM
studies from 2011 to 2021. Specifically, this systematic
review examined (1) the categories of the AI element
in the AI-STEM system; (2) the characteristics of other
system elements (i.e., information, subject, medium, and
environment) as well as the distribution of Al in these
elements, and (3) the effects of Al in STEM education.
Based on the results, the current work proposed edu-
cational, technological, and theoretical implications for
future AI-STEM research, to better aid the educators,
researchers and technical developers to integrate the Al
techniques and STEM education.

There are three limitations in this systematic review,
which lead to future research directions. First, although
we searched the best-known scholar databases with the
keywords relevant to AI-STEM, some biases might exist
in the searching and screening process. Since AI-STEM
is a highly technology-dependent field, some studies
might only highlight the technology rather than the edu-
cation context. Therefore, future studies can adjust the
searching criteria to solve these problems. Second, from
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a system perspective, we used a GST framework to exam-
ine the multiple elements in the complex AI-STEM sys-
tem, but we did not investigate the mutual relationships
between elements. Therefore, the complex relationships
between different elements (e.g., instructor-learner,
learner—learner relationship) in AI-STEM system need
to be further explored in order to gain a deep under-
standing of the application of Al in STEM education
(e.g., Xu & Ouyang, 2022). Third, the current study only
implemented a systematic review, a meta-analysis could
be conducted in the future to report the effect sizes of
recent empirical studies to gain a deeper understanding
of the effects of the AI-STEM integration in an educa-
tional system. Overall, the potential of Al technology for
enhancing STEM education is fertile ground to be fur-
ther explored together with studies aimed at investigating
the integration of technology and educational system.
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