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systems are being deployed in math or informal settings. Also, there are artificial intelligence;
opportunities for more collaboration to facilitate teaching and learning in K12 machine learning
domain-specific areas. Additionally, researchers can explore how to imple-

ment more collaborative learning opportunities between intelligent tutors

and learners. We conclude with a discussion of the reciprocal nature of

this technology integration.

In our technology-driven society, technology is continually being integrated into more aspects
of our lives. This integration has increased exponentially in response to the global COVID-19
pandemic (Adedoyin & Soykan, 2020; Brenan, 2020; Kohnke & Moorhouse, 2022; Moore, 2020;
Roitsch et al.,, 2021). In particular, artificial intelligence has allowed for more robust technology
integration. Canziani and MacSween (2021) estimate that 60 million Americans aged 18 or older
have at least two smart home devices. These devices may facilitate tasks through speech recog-
nition and language understanding (e.g., locking the door, adjusting music volume, answering
factual questions, etc.). Beyond the home, Al-based systems utilize computer vision to allow
self-driving cars to sense when to change lanes or identify road hazards.

Within the STEM workforce, scientists regularly use AI systems in their scientific practices
to investigate society’s understanding of natural systems. Innovations in AI have allowed scientists
to collect new data, re-analyze old data using new methods, and expand how we look at the
world around us. Bondi etal. (2018) sought to combat poachers’ deadly challenges to wildlife
by using uncrewed aerial vehicles to detect the thermal presence of poachers and notify park
rangers before animals were at risk. Al lends itself to multiple disciplines whether in the back-
ground of our lives through devices, more intentionally at work, or integrated within lessons
during K-12 instruction.

With the growing reliance on technology, it is essential that students are exposed to and
taught how to effectively use technology early to succeed in the real world (Ozerbas & Erdogan,
2017). When discussing AI in the K-12 educational context, scholars typically refer to machine
learning (ML). Greener et al. (2022) definition of ML emphasizes the relationship between using
computers to simulate human behavior to expand knowledge in a specific domain. In addition,
ML aims to address how computer systems can self-improve without human intervention (Jordan

CONTACT Robert L. Moore @ robmoorephd@gmail.com @ School of Teaching and Learning, University of Florida, Gainesville,
FL 32611, USA
© 2022 ISTE


http://www.tandfonline.com
http://orcid.org/0000-0002-5645-9297
http://orcid.org/0000-0003-4781-846X
http://orcid.org/0000-0001-8681-0853
mailto:robmoorephd@gmail.com
http://crossmark.crossref.org/dialog/?doi=10.1080/15391523.2022.2148785&domain=pdf&date_stamp=2023-1-12
https://doi.org/10.1080/15391523.2022.2148785

8 MOORE, JIANG, & ABRAMOWITZ

& Mitchell, 2015). In an educational context, how can a machine create a better experience for
students and assist them in reaching their learning objectives?

The potential of Al, specifically ML, in K-12 education is vast. These technologies can rev-
olutionize students’ learning by providing instant feedback, personalized content, and data-driven
insights (Anderson et al., 1995). Additionally, Al, specifically ML, can help educators identify
and address learning gaps more quickly and effectively. Ultimately, these technologies have the
potential to improve student outcomes by providing a more customized and effective learning
experience. However, it is essential to note that these technologies are still in their infancy, and
it will likely be several years before they are widely adopted in K-12 education (Rosé, 2017).

The literature review section presents prior literature reviews focused on integrating machine
learning in K-12 education. Our methods section uses PRISMA (Liberati et al., 2009) to docu-
ment how we identified articles for this study. We share the key findings on these themes, and
their contributions are summarized in the results and discussion sections. Finally, the paper
discusses the reciprocal perspectives on Al and human intelligence in education.

Literature review

Machine learning has been implemented in various K-12 educational contexts. Chen et al. (2020)
systematically analyzed influential artificial intelligence in highly cited educational scientific
articles between 1999 and 2019. Their analysis found a rise in texts focusing on the implemen-
tation and value of AI tools and resources in education since 2001, especially in online envi-
ronments. When considering the keywords for the included texts, Chen et al. found that machine
learning, artificial intelligence, tutoring system/intelligent tutoring system, neural network, and
learning technique were most prevalent. Chen et al. posited that there is still work to be done
in multiple areas of integrating AI in K-12 education (e.g., implementing deep learning tech-
nologies and advanced AI methods).

Sanusi etal. (2021) conducted a systematic review of curated ML learning tools supporting
K-12 teachers in deciding which systems make the most sense for their classrooms. Sanusi and
colleagues organized their findings based on whether the ML system was a conversational agent
(eight found), programming environment (eight found), robotic (four found), or unplugged
activity (six found). Su and Yang (2022) focused their scoping review on Al-assisted learning
and development in early childhood education (preschool to kindergarten). Their analysis of 17
texts from 1995-2021 demonstrated that several tools have effectively taught machine learning
concepts to students ages three through eight. Also, the integration of AI concepts into the early
childhood education curriculum was shown to strengthen “creativity, emotional control, collab-
orative inquiry, literacy skills, and computational thinking...[and] enthusiasm” (Su & Yang, 2022).
Su and Yang (2022) concluded that one of the approaches to utilizing Al for very young students
is through tutoring systems. There is extensive research on this tool for older students, but
research is lacking in early childhood education.

Within the K-12 context, adaptive learning systems provide opportunities for machine learning
integration. In their systematic review of adaptive learning systems, Martin et al. (2020) found
that 26% of the included studies were situated in K-12 contexts. Adaptive systems can provide
differentiated instruction and empower learners to participate in their learning actively (Kumar
etal, 2017; Martin et al., 2020; Normadhi et al., 2019). For example, many educational technology
researchers develop intelligent tutoring systems (ITS) which lend themselves to multiple courses,
including but not limited to math, science, and computer science. An ITS allows for combining
Al techniques with educational methods (Mousavinasab et al., 2021). The vital feature of these
systems is the ability to customize instructional activities and strategies based on the learner’s
characteristics and needs. ITS can address the lack of time teachers have to provide individu-
alized feedback for each learner. Gupta and Sabitha (2019) investigated the causes of students
dropping out of massive online open courses (MOOC) and found that lack of interaction was
one of the four primary reasons. Scholars continue to develop ITS to alleviate the burden on
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teachers. These measures are meant to supplement teachers’ classroom presence by providing
more opportunities for student interaction (Moore, 2016; Moore & Miller, 2022). A variety of
machine learning systems have been implemented in K-12 spaces. Many of these use ITS to
scaffold instruction to make the information accessible to students. One example of this includes
Graesser’s (2016) use of Autotutor, an ITS that adjusts the content trajectory based on a student’s
affective state. Similarly, Taub and Azevedo (2019) explored how an ITS can support metacog-
nitive skill development. Vittorini et al. (2021) found that implementation of ITS extends from
dynamic and social cognitive supports for students to evaluating/grading assistants for educators
and sociocultural ITS that inform and guide users about learning-by-teaching unwritten cultural
rules (Mohammed & Mohan, 2015).

Another aspect of machine learning in K-12 that is starting to receive attention is game-based
learning. There is a significant opportunity for learning at the intersection of gaming and ML as
games may be more likely to engage students ages four to eighteen (Author et al., 2021b). Giannakos
etal. (2020) reviewed 17 AI/ML gaming applications and found that many fall into the computer
science discipline with a focus on coding. The prevalence of computer science contexts highlighted
by Giannakos et al. (2020) aligns with similar adaptive learning findings by Martin et al. (2020).
ViPER introduces middle school students to machine learning concepts as they guide a robot
across a determined journey in space (Parker & Becker, 2014). The gamification of learning ML
systems supports students in thinking in new ways about the world around them. In Thailand,
Sakulkueakulsuk et al. (2018) explored how a game could empower middle schoolers to learn ML
agricultural-related skills. In this case, students were training the machine based on the condition
or ripeness of mangoes. Ultimately, the machine-classified mangoes were sent to a market auction
where students earned points based on how well the machine performed the task.

Purpose

This systematic review aims to synthesize the salient literature around the use of artificial intel-
ligence in K-12 educational contexts. Along with the recent research focused on AI in K-12
education, this paper aims to identify ML implementation trends. There has been a large body
of research around artificial intelligence but less specifically on K-12 contexts. We endeavored
to synthesize this research to provide insight into current trends and help identify future research
directions. Our guiding research questions were:

1. What is the current state of research on machine intelligence in K-12 educational
contexts?
2. In what waysis machine intelligence supporting teaching and learning?

Methods

To answer our research questions, we conducted a systematic review of empirical-based peer-review
journal articles that answered the research questions (Arksey & O’Malley, 2005). We implemented
the PRISMA guidelines (Liberati et al,, 2009), and our process is shown in Figure 1. The use
of PRISMA creates transparency in our process, as PRISMA is an established process that allows
for replication or updates to this review (Page etal., 2021).

Search

We conducted a boolean/phrase search in Academic Search Premier and Education Source using
the following search strings "("develop™" OR ""design"™" OR "evaluat*') AND "("interface™")
AND "("AI"" OR "artificial intelligence"™ OR ""machine intelligence"™ OR "'machine learning"
OR ™intelligent tutoring system™"). The “*" is the wildcard search character. These search terms
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Total Articles Article Screening Article Assessment

(n=2,372) (n=2,350) (n=167)
Articles included in
Systematic Review
(n=12)

Articles Excluded Articles Excluded

(n=22) (n=2,183) 1 (n=155) 1

L L D L D, ]
Figure 1. Article selection process. Adapted from Liberati et al. (2009).
Table 1. Inclusion and exclusion criteria.
Inclusion criteria Exclusion Criteria
Peer-reviewed article in Q1 or Q2 journal* Article was book chapter, conference

proceeding, dissertation or not peer-reviewed

Published between 2014-2021 in English Article was not empirical

Article focused on K-12 educational context

Article utilized artificial intelligence
Article addressed learning contexts, learning support or
learner-interface interactions

*Note: Used Scimago (https://www.scimagojr.com/journalrank.php) to determine journal quartile.

were used as they were the most relevant and specific to our research question. While other
search terms could be useful, they may be too vague or too specific and may return many
irrelevant results or results focusing on one specific area. This search strategy might have over-
looked some studies that used discipline-specific terms to describe intelligent systems. We further
limited our search results to empirical peer-reviewed English articles published between 2014
and 2021. We did not include ‘K-12' as a search term, because that specific term is only used
in the United States and some European countries. Instead, we narrowed it down to the K-12
context through manual scanning. We aimed to identify articles in the K-12 educational context,
but since we did not know how the context would be identified, we expanded our search strings
as broadly as possible. This initial query yielded 2,372 results, and we removed 22 duplicates.

Scan

We used the abstracts to narrow the pool to articles focused on K-12 educational contexts. The
broad search terms ensured that we would capture as many articles as possible. After scanning
the abstracts, we removed 2,183 for irrelevance, leaving us with 167 to scrutinize.

Scrutinize

In this phase, the first two authors read each article and determined their fit based on the
inclusion and exclusion criteria (Table 1). We wanted to ensure that high-quality articles were
included in the final synthesis, so we reviewed each journal to ensure they were listed in
SCImago (https://www.scimagojr.com/journalrank.php) and either a Q1 or Q2 journal. This
filtering by journal type has been used in other systematic reviews to ensure the quality of
included studies (Bano et al., 2018; Moore, 2020). This criterion removed 29 articles. We next
checked for the context of the study and determined that 77 were not primarily focused on
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K-12 contexts. We removed 25 because they did not focus on artificial intelligence, and another
24 were not empirical-based studies. We removed 155 articles based on our inclusion and
exclusion criteria, resulting in the 12 studies included.

Synthesize

After completing our process, 12 articles met our criteria. In the subsequent sections, we syn-
thesize our findings.

Results and discussion

RQ1: What is the current state of research on machine intelligence in K-12 educational
contexts?

This section includes descriptive information on the publication dates, grade level, and content
areas for machine intelligence in K-12 contexts. We then present the formal and informal learning
contexts and learner-interface interactions discussed in our studies.

Publication dates and contexts

Between 2014 and 2021, we found that 2020 was the only year that did not have a published
article, with 2014 having the most articles (Figure 2).

In some of the articles, the authors explicitly stated the subject area. In those articles, we
found that math was the most common subject area, followed by science and language arts.
Elementary school contexts were the most common for our included studies, and we saw articles
including broad ranges from kindergarten through adults (Table 2).

Formal and informal learning contexts

Articles discussed both formal and informal learning contexts (Table 3).

3

0

2014 2015 2016 2017 2018 2019 2021

Number of Articles
~N

Publication Year

Figure 2. Articles by publication year.
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Table 2. Articles by grade level.

Grade Level Articles

Kindergarten (Kewalramani et al., 2021)
Elementary School (K - Grade 6) (Chu etal., 2014; Kaya etal,, 2017; Rau etal,, 2014)
Elementary and Middle School (Meyer & Wijekumar, 2014)
Middle School (Grades 7-8) (Kautzmann & Jaques, 2019; Li etal., 2015)
High School (Grades 9-12) (Bringula et al., 2016; Hossain et al., 2018)
(

Broad ranges Confalonieri etal., 2015; Gonzalez etal., 2017; Noroozi et al., 2019)

Table 3. Articles by learning context.

Contexts Articles
Formal learning contexts (Hossain etal., 2018; Kautzmann & Jaques, 2019; Kaya et al., 2017)
Informal learning contexts (Confalonieri et al., 2015; Gonzalez et al., 2017)

Using technology to allow for dynamic interaction with students can be integrated into formal
learning contexts. Kautzmann and Jaques (2019) studied the use of a pedagogical avatar that
interacted with learners and fostered the metacognitive processes of 8"-grade students. The focus
of this study was how the computer-based learning environment could adapt and support stu-
dents’ emotional regulation and learning. Hossain et al. (2018) explored inquiry-based learning
of middle school biology students by adapting the Open EdX online learning platform. The
open-learning platform allowed for diverse participants, and 46 countries were included in their
evaluation sample. In this study, technology was used to integrate diverse perspectives in the
interactive biology lab. Kaya et al. (2017) study explored using machine learning techniques to
analyze speech patterns of Russian children aged 3 to 7years old and automatically detect emo-
tional states.

Learning can also happen in informal contexts, and we found that two of the 12 studies
focused on these informal learning spaces (Confalonieri et al., 2015; Gonzalez et al., 2017). Both
of these studies were situated in museum settings. Gonzalez etal. (2017) study was designed
for middle school students and sought to use a museum exhibit about Alan Turing to spark
interest in STEM education, specifically artificial intelligence and computer science. Students
could use adaptive animated avatars in this interactive exhibit to engage in the Turing Test.
Confalonieri etal. (2015) had a broader target age range as their study focused on using the
WeCurate tool to allow multiuser interactions to engage with museum artifacts in a digital
environment. The collaborative tool allowed patrons in different physical locations and at dif-
fering times to engage with the same artifact and co-construct knowledge toward making deci-
sions regarding the museum’s collection. The interface’s complexity limited younger children’s
unsupervised participation without their parents’ aid. While these studies showed the promise
of bringing AI technologies into informal learning spaces, more efforts should be devoted to
exploring the affordances and constraints of using AI technologies in other settings (e.g., librar-
ies) and strategies for bridging formal and informal learning.

Learner-interface interaction: Intelligent agents’ diverse roles

Intelligent agents were positioned in different roles in learner-interface interaction. The roles
included student, teacher, teaching assistant, and learning assistant (Table 4).

In learning-by-teaching ITS, learners are the tutors and guide a simulated student, or intel-
ligent agent, to solve problems. The simulated student could interact with learners by asking
questions and requesting hints. For example, Bringula etal. (2016) examined the impact of
students’ prior knowledge in mathematics on how they tutored an interactive machine-learning
agent, SimStudent, to solve problems using the tutoring interface built on the web browser CTAT
(Matsuda et al., 2015). SimStudent learns cognitive skills sufficient to solve the exact problems
tutored and generalizes those skills to solve similar problems. Differently, Li etal. (2015) pre-
sented an intelligent system with a natural language interface where middle school students
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Table 4. Articles by intelligent agents’ roles.

Roles Articles
Student (Bringula et al., 2016)
Teacher (Li etal., 2015)
Teaching Assistant (Chu etal., 2014)
(

Learning Assistant Chu etal., 2014; Meyer and Wijekumar; 2014)

could ask agents to solve math problems. The agent would offer step-by-step solutions and
summarize key concepts in the solution. This represents agents that serve as teachers who help
students to gain disciplinary knowledge.

In Chu etal. (2014) study, learners received an automated diagnosis report when answering
fraction questions incorrectly regarding agents as teaching and learning assistants. The report
was generated by a Model-Tracing Intelligent Tutor, which identified misconceptions by tracing
students’ step-by-step mathematical problem-solving. The study demonstrated that this report
could help teachers understand students’ learning status and assist teachers in making instruc-
tional moves (e.g., leading whole-classroom discussions based on common misconceptions in
the diagnosis report). Meyer and Wijekumar (2014) investigated middle school students’ off-task
behaviors in a web-based reading comprehension tutor environment as an example of a learning
assistant. An intelligent tutor provided feedback to students while they walked through reading
tasks. The authors examined the characteristics of off-task behaviors by using classification and
decision tree analyses. The analyses showed that students’ off-task behaviors could be explained
by their motivation, reading skills, and goal orientation. Specific feedback was generated based
on factors that contribute to off-task behaviors. The feedback was set up to align with learners’
learning progress, such as “let’s move on to the next page” and “your answer is incorrect”

The roles of agents in Gonzalez et al. (2017) and Kewalramani et al. (2021) studies are unclear.
They were used as learning materials to support the development of STEM interests and inquiry
literacy. Gonzalez etal. (2017) designed animated avatars to communicate with students, and
after the communication, students were asked whether the avatars were real humans via video
conference. The activity was designed to promote students’ interest in computer science and
artificial intelligence. In Kewalramani et al. (2021) study, children aged four to five played with
different robotic toys (e.g., Botley, Beebots, Coji, and Qobo). Each toy has additional features
that children can interact with. For example, Botley and Beebots can be programmed to walk
specific paths. While children were playing with these toys, they built ramps and roadways for
their robots to travel. They also interacted with Coji (i.e., an Al-interfaced robot that dances,
laughs, and shows emotions) and created stories and tasks for Coji to perform. After the children
completed the playing, they had whole-class discussions to foster inquiry literacy (e.g., asking
questions). We can see that intelligent agents played different roles, and these roles afforded
unique interactions between users and agents.

RQ2: in what ways is machine intelligence supporting teaching and learning?

These studies reported findings about the affordances and constraints of Al technologies in
teaching, including effects on learning gains and students’ learning characteristics. Li et al. (2015)
demonstrated that their algebra and geometry tutoring system worked better than human tutors
by conducting a quasi-experimental study. Specifically, students were randomly assigned into
two groups: one group finished homework using the tutoring system, and the other group
completed homework under the guidance of human tutors (usually their parents). They explained
that the quality of human tutoring mattered, and the result did not support claims that the
tutoring system guarantees better learning gain in other contexts.

Similarly, Rau etal. (2014) investigated the math learning effect of demonstrating interleaving
tasks with multiple representations in an intelligent tutoring system, Fractions Tutor. This system
supported students’ fraction knowledge acquisition by presenting multiple interactive graphical
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representations. Unlike Li et al’s (2015) study, this study compared learning effects in four different
conditions: blocked, fully interleaved, moderately interleaved, and increasingly interleaved. In these
conditions, students could switch representations after answering a certain number of questions.
For example, students in the blocked condition were allowed to switch representations after
answering 36 questions, whereas students in the fully interleaved condition could switch after
each question. Students walked through the same sequence of tasks and questions (e.g., developing
a graphical representation for a given fraction). Analyzing students’ pre- and post-tests revealed
that students in interleaved conditions significantly outperformed the blocked condition. Students
learning gains in the fully interleaved condition were more consistent than students in other
conditions. This study contributes to the literature by demonstrating the effectiveness of interleaved
practices with multiple representations in the context of elementary school fraction learning.

Bringula et al. (2016) study fell in the category of examining students’ learning characteristics
in intelligent tutoring systems. This study showed that prior knowledge in mathematics, partic-
ularly term identification, significantly influenced how learners interacted with the intelligent
system, SimStudent. Learners with higher prior knowledge in term identification spent more
time tutoring the simulated student, conducted more quizzes and requested more hints. Based
on these findings, the authors called for more efforts in designing tutoring systems that meet
individual students’ needs by considering their backgrounds, interests, and prior knowledge.

Noroozi etal. (2019) study present the potential of learning analytics systems in supporting
teaching and learning based on researchers’ evaluations. This study suggestssimplified methods to
analyze multimodal data with SLAM-KIT (i.e., strategic regulation of learning through learning
analytics and mobile clouds for individual and collaborative learning success). This study aimed to
present different ways to simplify and analyze rich multimodal data collected from collaborative
learning environments using SLAM-KIT. They used multimodal data from advanced high school
physics collaborative learning tasks, including 101hours of video data, 266 million sensor data points,
and 236 thousand log data entries. They examined this data using different analytic techniques in
SLAM-KIT to identify phenomena related to students’ activities (e.g., changes in their heart rate
and body temperature). In this analysis, SLAM-KIT provided a unified and navigable overview of
the interaction situation by merging multiple data sources. Evaluations from researchers showed that
this system was promising to support real-time teaching and learning support, leveraging multimodal
data. The research team aimed to improve the tool for teachers and students in the future.

Reciprocal perspectives on Al and human intelligence in education

This review indicates a lack of intelligent systems in other disciplines beyond math and contexts
in informal settings. One reason that machine intelligence has not been widely used in out-of-
school settings is the lack of data for building predictive models, which has been a challenge
in machine learning. However, with the increasing use of mobile devices and the rapid devel-
opment of big data technologies, there are now many opportunities for collecting data in out-of-
school settings. Artificial intelligence researchers should pay more attention to these opportunities
and develop effective intelligent systems for informal settings. Furthermore, findings from math
education in formal contexts set a solid empirical and theoretical foundation for expanding the
scope of research and practice on machine intelligence in other disciplines and contexts. When
transforming these findings, we should recognize that each field has challenges (e.g., helping
students learn how to solve fraction problems in Rau et al. (2014) study). Close interdisciplinary
collaborations between computer scientists and educators in specific domains (e.g., science) could
advance research in identifying fundamental problems and generating innovative solutions to
leverage machine intelligence’s power in different disciplines and contexts. It would also be
helpful for artificial intelligence researchers to partner with educators to develop intelligent
systems that can facilitate teaching and learn in their respective disciplines and contexts.

In the reviewed studies, scholars conceptualized different roles (e.g., tutor and student) that
machine intelligence can play in supporting teaching and learning. Researchers could consider
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roles beyond serving as a tutor or being tutored, such as learning partners and co-inquiries
(Jiang et al., 2022). Emerging studies have explored designing learning environments where
students and agents offer each other advice and feedback in collaborative learning (Madaio et al.,
2017). A fertile area for future studies is designing agents having dynamic roles and studying
how to best support student learning in role changing. This strategy is similar to how teachers
change their positions when interacting with students, such as being careful listeners when
students share ideas and being knowledge experts when students have misconceptions.

Moreover, future studies should explore how frequently agents should intervene and interact
with users instead of assuming that the mere appearance of agents guarantees better support,
particularly in collaborative learning settings (Sankaranarayanan et al., 2020). In addition, research-
ers should consider the design of the agent’s personality. In the reviewed studies, researchers
considered the personality of agents in terms of the agent’s visual and verbal behavior. However,
we argue that researchers might also consider the agent’s personality regarding the agent’s rela-
tionship with the user. The personality of agents may include the agent’s role, such as a tutor,
coach, or expert, and the way the agent interacts with the user, such as being encouraging,
showing empathy, and communicating politely. Future studies could further explore how agent
personality affects user learning and engagement.

The review showed that some benefits of Al in the learning process include: helping students
learn more effectively by providing personalized feedback and recommendations, identifying
students who are struggling and providing them with extra support, making the learning process
more efficient by automating tasks such as grading and giving feedback and creating engaging
and interactive learning experiences. However, due to the limited number of studies and relatively
small sample sizes, the generalizability of the findings and long-term effects of intelligent systems
in different disciplines beyond math are not well understood. Future studies should use large-scale
and long-term designs to study the effects of intelligent systems in various disciplines and con-
texts. Furthermore, more efforts should be devoted to investigating how AI can support social
and emotional learning (in addition to a well-studied area of cognitive learning) and how to
use Al to create more culturally relevant learning experiences (Ladson-Billings, 1995).

Our study found that unpacking the effects of intelligent systems on teaching has not received
sufficient scholarly attention. An emerging area of study is designing teacher-AlI co-orchestration
systems to support real-time classroom intervention (Olsen et al.,, 2021). Olsen et al. (2021) argue
that it is essential for the field to understand how the responsibility of managing a learning
scenario can be shared across multiple agents, including both teachers and Al agents. They
suggested that teachers make final decisions and AI agents provide reliable information to enrich
and support teachers in making such decisions. However, Al agents make mistakes; thus, teachers
should be aware of this possibility during decision-making processes. In addition, it would be
beneficial for future research to examine designing intelligent systems to support teacher edu-
cation, such as learning how to create solid lesson plans (Poitras et al., 2019) and helping teachers
to engage with simulated students from different backgrounds to raise their awareness of cultural
differences and inclusive teaching (Caglar-Ozhan et al., 2022).

Some reviewed studies demonstrated that students’ prior knowledge impacted how they inter-
acted with intelligent agents (e.g., Bringula etal., 2016). We call for more rigorous studies
examining how students from different backgrounds use AI technologies. There are tensions
(Enyedy & Mukhopadhyay, 2007) when using intelligent systems, such as students’ resistance
(Sever & Guven, 2014) to Al technologies identifying prospective students for college admission.
Also, in some cases, students might not trust results from machine intelligence. We should be
aware of the tension, resistance, and skepticism and examine how to address such issues and
turn them into opportunities for learning. In particular, we should pay close attention to these
issues when involving young children, as they tend to build relationships with agents, especially
those simulating human faces and voices (H. Chen et al., 2020). Researchers should devote more
attention to extra-cognitive factors (e.g., students’ motivation, attitudes, and prior knowledge)
that can affect students’ engagement, learning, and use of intelligent systems.
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Researchers in learning analytics (LA) are exploring opportunities to build next-generation
analysis models for practical use, such as supporting real-time classroom teaching (Noroozi et al.,
2019). Technologies in the reviewed studies involve LA techniques for building predictive models
to provide real-time support. However, moving from analysis to real-time support faces multiple
challenges for many LA research teams (Blackmon & Moore, 2020; Moore, Rosé, 2017). One
major challenge is balancing simplifying models for real-time analysis and capturing the nuances
of learning in authentic contexts through building complex models. Another challenge is pre-
senting analysis results to end-users (e.g., students and teachers) effectively to support instruc-
tional decision-making (Blackmon & Moore, 2020; Moore, 2019).

LA, or educational data science, is a relatively new, rapidly growing field with significant
potential to improve digital learning environments; however, most education researchers, espe-
cially those in non-STEM areas, do not have the requisite skill set for applying these tools in
their work. STEM jobs are projected to grow 11% between 2020 and 2030 (U.S. Bureau of Labor
Statistics) and by 2025, nearly 3.5 million STEM jobs will need to be filled (Lazio & Ford,
2019). Lanahan (2022) estimates nearly 62% of all Americans over 25, 79% of Hispanic adults,
and 72% of Black adults do not have an undergraduate degree. An estimated 364,000 new
openings in data-driven fields were available in 2020, and data analyst and data scientist posi-
tions are some of the toughest to fill (edX, 2020). This indicates a considerable gap in broadening
access to leveraging LA as an analysis tool, and the access issue in moving from LA to teaching
and learning support would be even more challenging. Thus, policymakers and funding agencies
should encourage and support researchers from diverse backgrounds to join the force of shaping
the future of AI technologies in education.

Transparency is critical for users to understand the underlying values and the mechanism
that make models work and thus evaluate decisions made by computers. With openness in
decisions generated from machine learning models, users know how data was collected, selected,
and used for training models and may identify potential biases and risks when applying models
for prediction in learning contexts. For example, when using an intelligent system to identify
students who need help, without the knowledge of how the system works, teachers might be
less prepared to give feedback to the student as they are informed about who needs help but
not why the student is selected (Holstein et al., 2019). Thus, to some extent, transparency could
better leverage human intelligence in decision-making. In such a way, users would be empowered
to reason about how intelligence is created, how it is applied, and its potential to perpetuate
biases and unfairness. One promising future research direction is investigating strategies for
promoting end-users’ Al literacy.

Limitations

A limitation of our systematic review is that we may have missed relevant articles if they were
either not indexed by Academic Search Premier or Education Source or did not match the
search strings we created. We used broad search terms and then narrowed them down by the
quartile ranking of the journals. This filter limits our study because we did not synthesize articles
that appeared in lower-ranked journals. We encourage others to replicate our study and include
those articles if they can contribute to the narrative about K-12 uses of artificial intelligence.
There is a long history of using intelligent systems to support second language and literacy
education. In particular, automatic writing feedback technologies could provide individualized,
actionable, and timely feedback to students, including MI Write (Palermo & Wilson, 2020),
Criterion (Burstein et al.,, 2003), Coh-Metrix (McNamara et al., 2010), Writing Pal (Roscoe &
McNamara, 2013), and Revision Assistant (West-Smith et al., 2018). However, studies in this
area did not appear in our literature search. This is one limitation of this study. Perhaps this
is because most such work is not explicitly labeled as artificial intelligence, machine intelligence,
or intelligent tutoring system. Instead, they were more commonly described as computer-assisted
language learning (CALL) or applied linguistics systems. The omission of this body of research
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implies that each field might have its own language in describing intelligent systems. When
conducting a literature review on Artificial Intelligence, researchers should pay close attention
to the language used in different fields. In addition, the field should create spaces for researchers
from different fields to share their work, inspiring more collaboration and advances among fields.

Conclusion

In this systematic review, we synthesized peer-reviewed empirical articles published between 2014
and 2021 that focused on using artificial intelligence in K-12 educational contexts. Our study
included articles that used both formal and informal learning environments to introduce a variety
of instructional contexts to learners as young as four and into adulthood. We hope our study
will spark additional research in this less-studied area of K-12. There is a rich opportunity to
identify strategies to introduce technology and digital competencies to students in the primary
grades and energize their interests in artificial intelligence, computer science, and technology.

Disclosure statement

No potential conflict of interest was reported by the authors.

ORCID

Robert L. Moore http://orcid.org/0000-0002-5645-9297
Shiyan Jiang http://orcid.org/0000-0003-4781-846X
Brian Abramowitz http://orcid.org/0000-0001-8681-0853

Notes on contributors

Robert L. Moore, PhD is an Assistant Professor of Educational Technology at the University of Florida in the
School of Teaching and Learning and the director of the Investigating Digital Ecologies to Advance Transformative
Education (@ideatelab) Research Lab in the Institute for Advanced Learning Technologies. He researches learner
behavior in online learning environments to identify patterns that can inform learning design.

Shiyan Jiang, PhD is an Assistant Professor of Learning Design and Technology at North Carolina State University.
She designs and studies technology-enhanced interdisciplinary learning environments (in particular, data science
learning settings) to facilitate the development of STEM identities and support youth career exploration.

Brian Abramowitz is a PhD student in the Educational Technology program in the School of Teaching and
Learning at the University of Florida. His research interests are centered around the implementation of educational
technologies as well as misconceptions within the K-12 classroom.

References

Adedoyin, O. B., & Soykan, E. (2020). Covid-19 pandemic and online learning: the challenges and opportunities.
Interactive Learning Environments, 1-13. https://doi.org/10.1080/10494820.2020.1813180

Anderson, J. R., Corbett, A. T., Koedinger, K. R., & Pelletier, R. (1995). Cognitive tutors: Lessons learned. Journal
of the Learning Sciences, 4(2), 167-207. https://doi.org/10.1207/s15327809j1s0402_2

Arksey, H., & O’Malley, L. (2005). Scoping studies: towards a methodological framework. International Journal
of Social Research Methodology, 8(1), 19-32. https://doi.org/10.1080/1364557032000119616

Bano, M., Zowghi, D., Kearney, M., Schuck, S., & Aubusson, P. (2018). Mobile learning for science and mathe-
matics school education: A systematic review of empirical evidence. Computers ¢ Education, 121, 30-58.
https://doi.org/10.1016/j.compedu.2018.02.006

Blackmon, S. J., & Moore, R. L. (2020). A framework to support interdisciplinary engagement with learning analyt-
ics. In D. Ifenthaler & D. C. Gibson (Eds.), Adoption of Data Analytics in Higher Education Learning and Teaching
(pp. 39-52). Springer. https://doi.org/10.1007/978-3-030-47392-1_3

Bondi, E., Fang, F, Hamilton, M., Kar, D., Dmello, D., Choi, J., Hannaford, R., Iyer, A., Joppa, L., Tambe, M.,
& Nevatia, R. (2018). SPOT Poachers in action: Augmenting conservation drones with automatic detection in
near real time. Proceedings of the AAAI Conference on Artificial Intelligence, 32(1), 7741-7746. https://ojs.aaai.
org/index.php/AAAl/article/download/11414/11273 https://doi.org/10.1609/aaai.v32i1.11414


http://orcid.org/0000-0002-5645-9297
http://orcid.org/0000-0003-4781-846X
http://orcid.org/0000-0001-8681-0853
https://doi.org/10.1080/10494820.2020.1813180
https://doi.org/10.1207/s15327809jls0402_2
https://doi.org/10.1080/1364557032000119616
https://doi.org/10.1016/j.compedu.2018.02.006
https://doi.org/10.1007/978-3-030-47392-1_3
https://ojs.aaai.org/index.php/AAAI/article/download/11414/11273
https://ojs.aaai.org/index.php/AAAI/article/download/11414/11273
https://doi.org/10.1609/aaai.v32i1.11414

18 MOORE, JIANG, & ABRAMOWITZ

Brenan, M. (2020). 42% of parents worry COVID-19 will affect child’s education. Gallup. https://news.gallup.
com/poll/305819/parents-worry-covid-affect-child-education.aspx?utm_source=twitter&utm_medi-
um=o_social_adef0736-7a4a-4cae-b18f-b0d161d985d7&utm_term=gallupedu&utm_content=&utm_campaign=

Bringula, R. P, Basa, R. S., Dela Cruz, C., & Rodrigo, M. M. T. (2016). Effects of prior knowledge in mathe-
matics on learner-interface interactions in a learning-by-teaching intelligent tutoring system. Journal of
Educational Computing Research, 54(4), 462-482. https://doi.org/10.1177/0735633115622213

Burstein, J., Marcu, D., & Knight, K. (2003). Finding the WRITE stuff: automatic identification of discourse
structure in student essays. IEEE Intelligent Systems, 18(1), 32-39. https://doi.org/10.1109/MIS.2003.1179191

Caglar-Ozhan, S., Altun, A., & Ekmekcioglu, E. (2022). Emotional patterns in a simulated virtual classroom
supported with an affective recommendation system. British Journal of Educational Technology, 53(6), 1724-1749.
https://doi.org/10.1111/bjet.13209

Canziani, B., & MacSween, S. (2021). Consumer acceptance of voice-activated smart home devices for product
information seeking and online ordering. Computers in Human Behavior, 119, 106714. https://doi.org/10.1016/j.
chb.2021.106714

Chen, H., Park, H. W,, & Breazeal, C. (2020). Teaching and learning with children: Impact of reciprocal peer
learning with a social robot on children’s learning and emotive engagement. Computers & Education, 150,
103836. https://doi.org/10.1016/j.compedu.2020.103836

Chen, X., Xie, H., Zou, D., & Hwang, G.-]. (2020). Application and theory gaps during the rise of artificial
intelligence in education. Computers and Education: Artificial Intelligence, Advance Online Publication, 1, 100002.
https://doi.org/10.1016/j.caeai.2020.100002

Chu, Y.-S., Yang, H.-C., Tseng, S.-S., & Yang, C.-C. (2014). Implementation of a model-tracing-based learning
diagnosis system to promote elementary students’ learning in mathematics. Educational Technology & Society,
17(2), 347-357.

Confalonieri, R., Yee-King, M., Hazelden, K., D'Inverno, M., de Jonge, D., Osman, N., Sierra, C., Agmoud, L.,
& Prade, H. (2015). Engineering multiuser museum interactives for shared cultural experiences. Engineering
Applications of Artificial Intelligence, 46, 180-195. https://doi.org/10.1016/j.engappai.2015.08.013

edX. (2020). MicroMasters program in statistitics and data science. MITxs Statistics and Data Science. https://
www.edx.org/micromasters/mitx-statistics-and-data-science

Enyedy, N., & Mukhopadhyay, S. (2007). They don’t show nothing I didn't know: Emergent tensions between
culturally relevant pedagogy and mathematics pedagogy. Journal of the Learning Sciences, 16(2), 139-174.
https://doi.org/10.1080/10508400701193671

Giannakos, M., Voulgari, I., Papavlasopoulou, S., Papamitsiou, Z., & Yannakakis, G. (2020). Games for artificial
intelligence and machine learning education: Review and perspectives. In M. N. Giannakos (Ed.), Non-formal
and informal science learning in the ICT era (pp. 117-133). Springer. https://doi.org/10.1007/978-981-15-6747-6_7

Gonzalez, A. J., Hollister, J. R., DeMara, R. E, Leigh, J., Lanman, B., Lee, S.-Y., Parker, S., Walls, C., Parker, J.,
Wong, J., Barham, C., & Wilder, B. (2017). AI in informal science education: Bringing turing back to life to
perform the turing test. International Journal of Artificial Intelligence in Education, 27(2), 353-384. https://doi.
org/10.1007/s40593-017-0144-1

Graesser, A. C. (2016). Conversations with AutoTutor help students learn. International Journal of Artificial
Intelligence in Education, 26(1), 124-132. https://doi.org/10.1007/s40593-015-0086-4

Greener, J. G., Kandathil, S. M., Moffat, L., & Jones, D. T. (2022). A guide to machine learning for biologists.
Nature Reviews. Molecular Cell Biology, 23(1), 40-55. https://doi.org/10.1038/s41580-021-00407-0

Gupta, S., & Sabitha, A. S. (2019). Deciphering the attributes of student retention in massive open online cours-
es using data mining techniques. Education and Information Technologies, 24(3), 1973-1994. https://doi.
org/10.1007/s10639-018-9829-9

Holstein, K., McLaren, B. M., & Aleven, V. (2019). Co-designing a real-time classroom orchestration tool to support
teacher-Al complementarity. Journal of Learning Analytics, 6(2), 27-52. https://doi.org/10.18608/jla.2019.62.3

Hossain, Z., Bumbacher, E., Brauneis, A., Diaz, M., Saltarelli, A., Blikstein, P., & Riedel-Kruse, I. H. (2018).
Design guidelines and empirical case study for scaling authentic inquiry-based science learning via open
online courses and interactive biology cloud labs. International Journal of Artificial Intelligence in Education,
28(4), 478-507. https://doi.org/10.1007/s40593-017-0150-3

Jiang, S., Huang, X., Sung, S. H., & Xie, C. (2022). Learning analytics for assessing hands-on laboratory skills
in Science Classrooms Using Bayesian Network Analysis. Research in Science Education, 1-20.

Jordan, M. L., & Mitchell, T. M. (2015). Machine learning: Trends, perspectives, and prospects. Science (New York,
NY), 349(6245), 255-260. https://doi.org/10.1126/science.aaa8415

Kautzmann, T. R., & Jaques, P. A. (2019). Effects of adaptive training on metacognitive knowledge monitoring abil-
ity in computer-based learning. Computers & Education, 129, 92-105. https://doi.org/10.1016/j.compedu.2018.10.017

Kaya, H., Salah, A. A., Karpov, A., Frolova, O., Grigorev, A., & Lyakso, E. (2017). Emotion, age, and gender
classification in children’s speech by humans and machines. Computer Speech & Language, 46, 268-283. https://
doi.org/10.1016/j.cs1.2017.06.002

Kewalramani, S., Kidman, G., & Palaiologou, I. (2021). Using Artificial Intelligence (AI)-interfaced robotic toys
in early childhood settings: a case for children’s inquiry literacy. European Early Childhood Education Research
Journal, 29(5), 652-668. https://doi.org/10.1080/1350293X.2021.1968458


https://news.gallup.com/poll/305819/parents-worry-covid-affect-child-education.aspx?utm_source=twitter&utm_medium=o_social_adef0736-7a4a-4cae-b18f-b0d161d985d7&utm_term=gallupedu&utm_content=&utm_campaign=
https://news.gallup.com/poll/305819/parents-worry-covid-affect-child-education.aspx?utm_source=twitter&utm_medium=o_social_adef0736-7a4a-4cae-b18f-b0d161d985d7&utm_term=gallupedu&utm_content=&utm_campaign=
https://news.gallup.com/poll/305819/parents-worry-covid-affect-child-education.aspx?utm_source=twitter&utm_medium=o_social_adef0736-7a4a-4cae-b18f-b0d161d985d7&utm_term=gallupedu&utm_content=&utm_campaign=
https://doi.org/10.1177/0735633115622213
https://doi.org/10.1109/MIS.2003.1179191
https://doi.org/10.1111/bjet.13209
https://doi.org/10.1016/j.chb.2021.106714
https://doi.org/10.1016/j.chb.2021.106714
https://doi.org/10.1016/j.compedu.2020.103836
https://doi.org/10.1016/j.caeai.2020.100002
https://doi.org/10.1016/j.engappai.2015.08.013
https://www.edx.org/micromasters/mitx-statistics-and-data-science
https://www.edx.org/micromasters/mitx-statistics-and-data-science
https://doi.org/10.1080/10508400701193671
https://doi.org/10.1007/978-981-15-6747-6_7
https://doi.org/10.1007/s40593-017-0144-1
https://doi.org/10.1007/s40593-017-0144-1
https://doi.org/10.1007/s40593-015-0086-4
https://doi.org/10.1038/s41580-021-00407-0
https://doi.org/10.1007/s10639-018-9829-9
https://doi.org/10.1007/s10639-018-9829-9
https://doi.org/10.18608/jla.2019.62.3
https://doi.org/10.1007/s40593-017-0150-3
https://doi.org/10.1126/science.aaa8415
https://doi.org/10.1016/j.compedu.2018.10.017
https://doi.org/10.1016/j.csl.2017.06.002
https://doi.org/10.1016/j.csl.2017.06.002
https://doi.org/10.1080/1350293X.2021.1968458

JOURNAL OF RESEARCH ON TECHNOLOGY IN EDUCATION 19

Kohnke, L., & Moorhouse, B. L. (2022). Facilitating synchronous online language learning through zoom. RELC
Journal, 53(1), 296-301. https://doi.org/10.1177/0033688220937235

Kumar, A., Singh, N., & Jyothi-Ahuja, N. (2017). Learning styles based adaptive intelligent tutoring systems:
Document analysis of articles published between 2001 and 2016. International Journal of Cognitive Research
in Science, Engineering and Education, 5(2), 83-97. https://doi.org/10.5937/ijcrsee1702083K

Ladson-Billings, G. (1995). Toward a theory of culturally relevant pedagogy. American Educational Research
Journal, 32(3), 465-491. https://doi.org/10.3102/00028312032003465

Lanahan, L. (2022). The new labor market: No bachelor’s required? The Hechinger Report. https://hechingerreport.
org/the-new-labor-market-no-bachelors-required/

Lazio, R., & Ford, H. (2019). The U.S. needs to prepare workers for STEM jobs. HR Magazine. https://www.
shrm.org/hr-today/news/hr-magazine/summer2019/pages/the-u.s.-needs-to-prepare-workers-for-stem-jobs.aspx
Li, Y., Zhao, K., & Xu, W. (2015). Developing an intelligent tutoring system that has automatically generated
hints and summarization for algebra and geometry. International Journal of Information and Communication

Technology Education, 11(2), 14-31. https://doi.org/10.4018/ijicte.2015040102

Liberati, A., Altman, D. G., Tetzlaff, J., Mulrow, C., Gotzsche, P. C., Ioannidis, J. P. A., Clarke, M., Devereaux,
P. J,, Kleijnen, J., & Moher, D. (2009). The PRISMA statement for reporting systematic reviews and meta-analyses
of studies that evaluate health care interventions: Explanation and elaboration. PLoS Medicine, 6(7), €1000100—
28. https://doi.org/10.1371/journal.pmed.1000100

Madaio, M., Cassell, J., & Ogan, A. (2017). “I think you just got mixed up”: confident peer tutors hedge to
support partners’ face needs. International Journal of Computer-Supported Collaborative Learning, 12(4), 401-421.
https://doi.org/10.1007/s11412-017-9266-6

Martin, E, Chen, Y., Moore, R. L., & Westine, C. D. (2020). Systematic review of adaptive learning research
designs, context, strategies, and technologies from 2009 to 2018. Educational Technology Research and
Development, 68(4), 1903-1929. https://doi.org/10.1007/s11423-020-09793-2

Matsuda, N., Cohen, W. W,, & Koedinger, K. R. (2015). Teaching the teacher: Tutoring SimStudent leads to more
effective cognitive tutor authoring. International Journal of Artificial Intelligence in Education, 25(1), 1-34.
https://doi.org/10.1007/s40593-014-0020-1

McNamara, D. S., Louwerse, M. M., McCarthy, P. M., & Graesser, A. C. (2010). Coh-metrix: Capturing linguis-
tic features of cohesion. Discourse Processes, 47(4), 292-330. https://doi.org/10.1080/01638530902959943

Meyer, B. J. E, & Wijekumar, K. K. (2014). Why fifth- and seventh-graders submit off-task responses to a
web-based reading comprehension tutor rather than expected learning responses. Computers ¢ Education, 75,
229-252. https://doi.org/10.1016/j.compedu.2014.02.013

Mohammed, P, & Mohan, P. (2015). Dynamic cultural contextualisation of educational content in intelligent
learning environments using ICON. International Journal of Artificial Intelligence in Education, 25(2), 249-270.
https://doi.org/10.1007/s40593-014-0033-9

Moore, R. L. (2016). Interacting at a distance: Creating engagement in online learning environments. In L. Kyei-Blankson,
J. Blankson, E. Ntuli, & C. Agyeman (Eds.), Handbook of Research on Strategic Management of Interaction, Presence,
and Participation in Online Courses (pp. 401-425). IGI Global. https://doi.org/10.4018/978-1-4666-9582-5.ch016

Moore, R. L. (2019). The role of data analytics in education: Possiblities and limitations. In B. Khan, J. R. Corbeil,
& M. E. Corbeil (Eds.), Responsible Analytics and Data Mining in Education: Global Perspectives on Quality,
Support, and Decision Making (pp. 101-118). Routledge. https://doi.org/10.4324/9780203728703-8

Moore, R. L. (2020). Developing lifelong learning with heutagogy: contexts, critiques, and challenges. Distance
Education, 41(3), 381-401. https://doi.org/10.1080/01587919.2020.1766949

Moore, R. L., & Miller, C. N. (2022). Fostering cognitive presence in online courses: A systematic review
(2008-2020). Online Learning, 26(1), 130-149. https://doi.org/10.24059/0lj.v26i1.3071

Mousavinasab, E., Zarifsanaiey, N., R. Niakan Kalhori, S., Rakhshan, M., Keikha, L., & Ghazi Saeedi, M. (2021).
Intelligent tutoring systems: a systematic review of characteristics, applications, and evaluation methods.
Interactive Learning Environments, 29(1), 142-163. https://doi.org/10.1080/10494820.2018.1558257

Normadhi, N. B. A., Shuib, L., Nasir, H. N., Bimba, A., Idris, N., & Balakrishnan, V. (2019). Identification of
personal traits in adaptive learning environment: Systematic literature review. Computers & Education, 130,
168-190. https://doi.org/10.1016/j.compedu.2018.11.005

Noroozi, O., Alikhani, I., Jarveld, S., Kirschner, P. A., Juuso, L., & Seppénen, T. (2019). Multimodal data to design
visual learning analytics for understanding regulation of learning. Computers in Human Behavior, 100, 298-304.
https://doi.org/10.1016/j.chb.2018.12.019

Olsen, J. K., Rummel, N., & Aleven, V. (2021). Designing for the co-Orchestration of social transitions between
individual, small-group and whole-class learning in the classroom. International Journal of Artificial Intelligence
in Education, 31(1), 24-56. https://doi.org/10.1007/s40593-020-00228-w

Ozerbas, M. A., & Erdogan, B. H. (2017). The effect of the digital classroom on academic success and online
technologies self-efficacy. International Forum of Educational Technology & Society, 19(4), 202-212.

Page, M. J., Moher, D., Bossuyt, P. M., Boutron, I, Hoffmann, T. C., Mulrow, C. D., Shamseer, L., Tetzlaff, J. M., Akl,
E. A, Brennan, S. E, Chou, R, Glanville, J., Grimshaw, J. M., Hrébjartsson, A., Lalu, M. M., Li, T, Loder, E. W,
Mayo-Wilson, E., McDonald, S., ... McKenzie, J. E. (2021). PRISMA 2020 explanation and elaboration: updated
guidance and exemplars for reporting systematic reviews. BMJ, 10(1), n160. https://doi.org/10.1136/bm;j.n160


https://doi.org/10.1177/0033688220937235
https://doi.org/10.5937/ijcrsee1702083K
https://doi.org/10.3102/00028312032003465
https://hechingerreport.org/the-new-labor-market-no-bachelors-required/
https://hechingerreport.org/the-new-labor-market-no-bachelors-required/
https://www.shrm.org/hr-today/news/hr-magazine/summer2019/pages/the-u.s.-needs-to-prepare-workers-for-stem-jobs.aspx
https://www.shrm.org/hr-today/news/hr-magazine/summer2019/pages/the-u.s.-needs-to-prepare-workers-for-stem-jobs.aspx
https://doi.org/10.4018/ijicte.2015040102
https://doi.org/10.1371/journal.pmed.1000100
https://doi.org/10.1007/s11412-017-9266-6
https://doi.org/10.1007/s11423-020-09793-2
https://doi.org/10.1007/s40593-014-0020-1
https://doi.org/10.1080/01638530902959943
https://doi.org/10.1016/j.compedu.2014.02.013
https://doi.org/10.1007/s40593-014-0033-9
https://doi.org/10.4018/978-1-4666-9582-5.ch016
https://doi.org/10.4324/9780203728703-8
https://doi.org/10.1080/01587919.2020.1766949
https://doi.org/10.24059/olj.v26i1.3071
https://doi.org/10.1080/10494820.2018.1558257
https://doi.org/10.1016/j.compedu.2018.11.005
https://doi.org/10.1016/j.chb.2018.12.019
https://doi.org/10.1007/s40593-020-00228-w
https://doi.org/10.1136/bmj.n160

20 MOORE, JIANG, & ABRAMOWITZ

Palermo, C., & Wilson, J. (2020). Implementing automated writing evaluation in different instructional contexts:
A mixed-methods study. Journal of Writing Research, 12(vol. 12 issue 1), 63-108. https://doi.org/10.17239/
jowr-2020.12.01.04

Parker, J. R., Becker, K. (2014). ViPER: Game that teaches maching learning concepts - A postmortem. Proceedings
of the IEEE Games and Entertainment Media Conference.

Poitras, E., Mayne, Z., Huang, L., Udy, L., & Lajoie, S. (2019). Scaffolding student teachers’ information-seeking
behaviours with a network-based tutoring system. Journal of Computer Assisted Learning, 35(6), 731-746.
https://doi.org/10.1111/jcal.12380

Rau, M. A., Aleven, V., Rummel, N., & Pardos, Z. (2014). How should intelligent tutoring systems sequence
multiple graphical representations of fractions? A multi-methods study. International Journal of Artificial
Intelligence in Education, 24(2), 125-161. https://doi.org/10.1007/s40593-013-0011-7

Roitsch, J., Moore, R. L., & Horn, A. L. (2021). Lessons learned: What the COVID-19 global pandemic has
taught us about teaching, technology, and students with autism spectrum disorder. Journal of Enabling
Technologies, 15(2), 108-116. https://doi.org/10.1108/JET-12-2020-0053

Roscoe, R. D., & McNamara, D. S. (2013). Writing pal: Feasibility of an intelligent writing strategy tutor in the
high school classroom. Journal of Educational Psychology, 105(4), 1010-1025. https://doi.org/10.1037/a0032340

Rosé, C. P. (2017). A social spin on language analysis. Nature, 545(7653), 166-167. https://doi.org/10.1038/545166a

Sakulkueakulsuk, B., Witoon, S., Ngarmkajornwiwat, P., Pataranutaporn, P., Surareungchai, W., Pataranutaporn,
P, & Subsoontorn, P. (2018). Kids making AI: Integrating machine learning, gamification, and social context in
STEM education [Paper presentation]. 2018 IEEE International Conference on Teaching, Assessment, and
Learning for Engineering (TALE), 1005-1010. https://doi.org/10.1109/TALE.2018.8615249

Sankaranarayanan, S., Kandimalla, S. R., Hasan, S., An, H., Bogart, C., Murray, R. C., Hilton, M., Sakr, M., &
Rosé, C. (2020). Agent-in-the-loop: Conversational agent support in service of reflection for learning during
collaborative programming. In I. Bittencourt, M. Cukurova, K. Muldner, R. Luckin, & E. Millan (Eds.),
Proceedings of AIED 2020: Artificial Intelligence in Education (pp. 273-278). Springer. https://doi.
org/10.1007/978-3-030-52240-7_50

Sanusi, I. T., Oyelere, S. S., Agbo, E J., & Suhonen, J. (2021). Survey of resources for introducing maching learn-
ing in K-12 context [Paper presentation]. 2021 IEEE Frontiers in Education Conference (FIE), 1-9. https://doi.
org/10.1109/F1E49875.2021.9637393

Sever, D., & Guven, M. (2014). Effect of inquiry-based learning approach on student resistance in a science and
technology course. Educational Sciences: Theory & Practice, 14(4), 1601-1605. https://doi.org/10.12738/
estp.2014.4.1919

Su, J., & Yang, W. (2022). Artificial intelligence in early childhood education: A scoping review. Computers and
Education: Artificial Intelligence, Advance Online Publication, 3, 100049. https://doi.org/10.1016/j.caeai.2022.100049

Taub, M., & Azevedo, R. (2019). How does prior knowledge influence eye fixations and sequences of cognitive
and metacognitive SRL processes during learning with an Intelligent Tutoring System? International Journal of
Artificial Intelligence in Education, 29(1), 1-28. https://doi.org/10.1007/s40593-018-0165-4

U.S. Bureau of Labor Statistics. (2022). Employment in STEM occupations. https://www.bls.gov/emp/tables/
stem-employment.htm

Vittorini, P., Menini, S., & Tonelli, S. (2021). An AI-Based system for formative and summative assessment in
data science courses. International Journal of Artificial Intelligence in Education, 31(2), 159-185. https://doi.
org/10.1007/s40593-020-00230-2

West-Smith, P.,, Butler, S., Mayfield, E. (2018). Trustworthy automated essay scoring without explicit construct
validity. In Proceedings of the 2018 AAAI Spring Symposium Series, 1-8. https://qa-help.turnitin.com/Resources/
RACurriculumResources/Research/RevisionAssistantValidity AAAI2018.pdf


https://doi.org/10.17239/jowr-2020.12.01.04
https://doi.org/10.17239/jowr-2020.12.01.04
https://doi.org/10.1111/jcal.12380
https://doi.org/10.1007/s40593-013-0011-7
https://doi.org/10.1108/JET-12-2020-0053
https://doi.org/10.1037/a0032340
https://doi.org/10.1038/545166a
https://doi.org/10.1109/TALE.2018.8615249
https://doi.org/10.1007/978-3-030-52240-7_50
https://doi.org/10.1007/978-3-030-52240-7_50
https://doi.org/10.1109/FIE49875.2021.9637393
https://doi.org/10.1109/FIE49875.2021.9637393
https://doi.org/10.12738/estp.2014.4.1919
https://doi.org/10.12738/estp.2014.4.1919
https://doi.org/10.1016/j.caeai.2022.100049
https://doi.org/10.1007/s40593-018-0165-4
https://www.bls.gov/emp/tables/stem-employment.htm
https://www.bls.gov/emp/tables/stem-employment.htm
https://doi.org/10.1007/s40593-020-00230-2
https://doi.org/10.1007/s40593-020-00230-2
https://qa-help.turnitin.com/Resources/RACurriculumResources/Research/RevisionAssistantValidityAAAI2018.pdf
https://qa-help.turnitin.com/Resources/RACurriculumResources/Research/RevisionAssistantValidityAAAI2018.pdf
https://www.researchgate.net/publication/365843700

	What would the matrix do?: a systematic review of K-12 AI learning contexts and learner-interface interactions
	ABSTRACT
	Literature review
	Purpose
	Methods
	Search

	Scan
	Scrutinize
	Synthesize
	Results and discussion
	RQ1: What is the current state of research on machine intelligence in K-12 educational contexts?
	Publication dates and contexts
	Formal and informal learning contexts
	Learner-interface interaction: Intelligent agents diverse roles
	RQ2: in what ways is machine intelligence supporting teaching and learning?
	Reciprocal perspectives on AI and human intelligence in education

	Limitations
	Conclusion
	Disclosure statement
	ORCID
	Notes on contributors
	References



