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Abstract

The increasing attention to Machine Learning (ML) in K-12 levels and studies
exploring a different aspect of research on K-12 ML has necessitated the need to
synthesize this existing research. This study systematically reviewed how research
on ML teaching and learning in K-12 has fared, including the current area of focus,
and the gaps that need to be addressed in the literature in future studies. We reviewed
43 conference and journal articles to analyze specific focus areas of ML learning
and teaching in K-12 from four perspectives as derived from the data: curriculum
development, technology development, pedagogical development, and teacher train-
ing/professional development. The findings of our study reveal that (a) additional
ML resources are needed for kindergarten to middle school and informal settings,
(b) further studies need to be conducted on how ML can be integrated into sub-
ject domains other than computing, (c) most of the studies focus on pedagogical
development with a dearth of teacher professional development programs, and (d)
more evidence of societal and ethical implications of ML should be considered in
future research. While this study recognizes the present gaps and direction for future
research, these findings provide insight for educators, practitioners, instructional
designers, and researchers into K-12 ML research trends to advance the quality of
the emerging field.

Keywords Machine learning - Artificial intelligence - K-12 - Systematic review

1 Introduction

Popular interest in artificial intelligence (AI) has increased incredibly in recent
times. Especially, machine learning (ML), an essential subset of Al that has become
the new engine that revolutionizes practices of knowledge discovery (Lin et al.,
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2020). The benefits attributed to introducing K-12 learner to the intricacies and
inner workings of machine learning has led to increased interest among educational
stakeholders (Touretzky et al., 2019). Such that ML education in K-12 is considered
relevant for future generations who must live in the ML era. As machine learning
is becoming a commonplace feature of people’s everyday lives, early introduction
to the fundamental processes of ML can ease children’s understanding of the world
around them (Hitron et al., 2018). According to Lin et al. (2020) understanding how
machines learn is critical for children to develop useful mental models for exploring
Al and smart devices that they now frequently interact with. Introducing the basics
of ML will also motivate the next generation of Al researchers and software devel-
opers (Touretzky et al., 2019).

Though teaching the fundamentals of ML concepts and techniques is common
in higher education institutions (Ho & Scadding, 2019; Sulmont et al., 2019), there
have been attempts in recent times to introduce the teaching of the emerging concept
in K-12. For instance, Sabuncuoglu (2020) designed a year curriculum to teach Al
for middle school, and Opel et al. (2019) also developed teaching materials on Al
using a simulation game. Furthermore, Scheidt and Pulver, (2019) presented Any-
Cubes, a prototype toy with which children can intuitively and playfully explore to
understand machine learning while Lin et al. (2020) designed Zhorai, a conversa-
tional agent for Children to explore ML concepts. Studies keep growing on either
curriculum design, materials, tools, or platforms for machine learning in schools
across countries (Lin et al., 2020; Williams et al., 2019a). This presents a challenge
as these launched initiatives or projects seem to be scattered which makes it trou-
blesome to get a synopsis of the extant works and focus of studies in ML educa-
tion. Besides, K-12 curricula do not precisely present the Al concept (Ho & Scad-
ding, 2019) and only eleven countries have government-endorsed K-12 Al curricula
(Miao & Holmes, 2022).

Recent studies have attempted to review literature in this field. The studies
include Marques et al., (2020) which conducts a systematic mapping study focusing
on instructional units accessible for introducing machine learning for K-12 levels.
Zhou et al. (2020) also carried out an exploratory review of the existing Al learning
tools and curriculum to analyze how designs contributed to building K-12 Al liter-
acy while Giannakos et al. (2020) presented a review of games to teach Al and ML.
However, this study differs from earlier research as it presents a systematic review
of the focus area of research on ML teaching and learning in K-12, specifically as
it relates to curriculum, technology, pedagogy, and professional development. It is
important to understand the tools available, the curriculum designed, the kind of
pedagogies that exist, and training needs available for the teachers in the field of
AI/ML. In addition, it is important to uncover the potential issues that are related
to this new area in order to nurture the emerging field. The issues are reported as
limitations of earlier research which could either be human, data, or technology
related. The importance of this research stems from being a contribution to the field
of machine learning education as it systematically synthesizes research conducted
on teaching and learning machine learning at K-12 levels. The recent call to incor-
porate ML ideas and concepts in school curriculum (Sanusi et al., 2022b; Touretzky
et al., 2019) neccesitated the need for this research. This emerging area of research
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currently generate interest globally among researchers, practitioners and educators.
Consequently, several initiatives to promote ML within K-12 levels keep growing.
The increasing effort in the research area requires that we synthesize existing studies
to understand how the concept has been introduced in the past and identified areas
for future research. According to Papamitsiou and Economides (2014), ‘the value
of any single study is derived from how it fits with and expands previous work.’
As a result, summing up empirical evidence from prior research would contribute
to the understanding of the domain. Machine learning education in K-12 level is
a relatively new area of research interest which requires more study to ensure its
effective integration into school system. Equally important is putting together results
of exisiting works to understand how research that introduces ML to K-12 students
has fared, considering the current area of research focus as well as revealing gaps in
literature. Identifying the highlighted areas will inform the scientific community of
approaches, resources and opportunities that exist for ML implementation in schools
as well as further research possibilities.

This work can assist teachers and instructional designers as they try to plan and
design ML resources and integrate ML technologies into their teaching practice
(Chiu & Chai, 2020). The present study systematically reviews the focus area of
existing literature and identify gaps including future directions in K-12 ML research.
Although ML education in K-12 is an emerging research area, there exists enough
work to perform a review and generate insights.

The research objectives are:

RO1: To classify the present focus area of research on ML teaching and learning
inK-12

RO2: To investigate the issues and suggest future direction of research on ML
teaching and learning in K-12

This article is organized as follows: Sect. 2 discusses a review of related works
— it includes machine learning in K-12 education and previous work. Section 3
evinces the methodology adopted which includes details on planning, conducting,
and reporting of the review. The analysis of the findings as obtained from the sys-
tematic review process as provided in Sect. 4. The findings were discussed in Sect. 5
while the study was finally concluded with suggestions and review limitations in
Sect. 6.

2 Background

2.1 Machine Learning Education

The machine learning concept originated in the 1950s and it was studied as a sepa-
rate field in the 1990s (Michalski et al., 2013). Education research on machine learn-
ing remains nascent, in large part because machine learning is a relatively new sub-

ject in university curricula (Sulmont et al., 2019). Georgiopoulos et al. (2009) stated
that courses on ML have existed for decades at many academic institutions. Machine
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Learning has considered a sub-field of computer science and the students in ML
courses are likely to be in computer science or a closely related field such as data sci-
ence (Heys, 2018). Machine learning is currently being taught to university students
during their second and third years in many courses including those that are outside
of computer science (Rattadilok and Roadknight, 2018). Machine learning technol-
ogy is enabling a paradigm shift in problem-solving from analytical to a powerful
data-driven approach, through computer programs that learn models from training
data and predict results from new data (Huang & Ma, 2018). Studies on teaching
machine learning are not overwhelmingly reported as machine learning application
literature. Of the relatively few literatures, Ho and Scadding (2019) reported that the
challenge frequently encountered by teachers who introduce ML-related content is
the difficulty in teaching technologically related subjects to learners who may not
have much interest in technology. In most cases, teaching machine learning cent-
ers around two key components: ensuring the understanding of a machine learning
technique and the usage of such machine learning technique. The understanding part
usually involves giving an introduction about a particular machine learning tech-
nique, and the application of that particular machine learning technique on sample
data sets using a particular machine learning software tool.

2.2 Reviews on K-12 Machine Learning

Even though no systematic reviews have been identified that explicitly examine the
current focus area of K-12 ML (as it relates to curriculum, technology, pedagogy,
and professional development) including issues that require further research, we
have identified seven literature reviews on K-12 AI/ML education. These reviews
give an overview of research studies on instructional units and tools available for
teaching ML, games used within the field, and definition of Al literacy. Using 33
studies (2009-2019), Marques et al. (2020) performed a systematic mapping study
(SMS) to analyze the instructional units presently obtainable to teach ML in K-12.
They identified 30 instructional units (IU) with a prevalent focus on the basics of
ML and neural networks. With regards to the complexity of ML concepts, numerous
instructional units focus only on the utmost accessible processes, which include data
management or model learning and testing on an abstract level black boxing some
of the fundamental ML processes. The key finding of the paper is the aggregating
of IU features for ML education across K-12 levels concerning content, context, and
the scrutiny of how they were established and appraised. The authors observed that
several IUs mostly focus on the educational stage from elementary to high school
and present ML concepts on an abstract level as supplementary units varying from
an hour introductory workshop to semester-long courses. Marques et al. (2020) how-
ever indicated a lack of organized demonstration of the IUs and how they were cre-
ated and assessed a significant number of the articles reviewed are non-scientific.
The second review was conducted by Giannakos et al. (2020) and addressed the use
of games within the field. Giannakos et al. (2020) presented an overview of the rel-
evant research papers on games with K-12 ML as well as showcased how different
games provide a unique opportunity to teach several different concepts and topics in
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Al and ML. The comprehensive review provided a guide to different stakeholders
to explore and put into practice the games that meet their needs as well as presented
open RQs in this educational field. After reviewing the studies, they identified 17
games/projects. The third review by Zhou et al. (2020) analyzed recently published
articles concerning Al Learning Experiences for K-12. Zhou et al. (2020) conducted
an exploratory review of Al for K-12 education (AI4K12) literature and tools to dis-
till a design framework to inform the development of Al learning experiences for
K-12. They identified future opportunities and K-12-specific design guidelines, to
support researchers, designers, and educators in creating K-12 Al learning experi-
ences. The identified design guidelines include those related to student engagement,
built-in scaffolding, teacher and parent involvement, equity diversity and inclusion,
and integrated Al/core curricula.

Sanusi and Oyelere (2020) conducted the fourth review using a narrative
approach to reveal pedagogies associated with teaching K-12 ML. The study sug-
gested that learner-centered pedagogies approach such as participatory learning,
design-oriented learning, and active learning could be appropriate for teaching ML
in K-12. It was argued that this approach allows the students to be active in learning.
With 24 literature (2010-2020), Gresse von Wangenheim et al. (2022) present a sys-
tematic mapping of tools that support the teaching of ML at K-12 as well as analyze
the identified tools per their educational features, support for ML models develop-
ment including how the tools have been designed and appraised. They come across
16 tools aimed at students typically as part of short-duration extracurricular activi-
ties with the result that shows the tools can successfully leverage students’ compre-
hension of ML. The sixth review conducted by Tedre et al. (2021) was a scoping
review that charts the evolving paths in educational practice, theory, and technology
connected with ML at the K-12 levels. The paper centers on the main features of the
paradigm shift that will be required to successfully integrate ML into K-12 comput-
ing curricula. The last review conducted by Ng et al. (2021) reviewed 30 articles
from 2016 to 2021 and investigated how scholars describe Al literacy including how
it can be learned and the ethical concerns. Ng et al. (2021) study identified a vari-
ety of definitions which was mostly based on a different type of literacies useful to
define skill sets in other disciplines. This study extends previous reviews on K-12
ML research by placing emphasis on mapping the existing literature based on their
area of focus to determine the present state of knowledge and aggregate published
articles to provide possible directions about ML in K-12 education.

3 Methodology

Synthesizing existing research in K-12 ML is important with the increased inter-
est in the subject in recent times. More research must be carried out to detect new
open problems and trends, and further, enrich the knowledge base. As a result,
this study was designed using a systematic literature review method to understand
the development of ML education given the guiding principle by Kitchenham and
Charters (2007). Systematic literature review method comprised of three main
stages based on guidelines shown in Fig. 1. No single source finds all the primary
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Phase 1: Phase 2: Phase 3:
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Fig. 1 Systematic literature review process (Kitchenham & Charters, 2007)

studies, this study retrieved articles from six publication databases as seen in
Table 1. The six publication databases were selected since they contain publica-
tions focusing on computing fields and engineering education which is related to
the focus of the study. The search results from publication databases were down-
loaded in comma-separated value (CSV) format. Those unable to be downloaded
were done manually with copy and pasting from the databases into the Microsoft
word text editor. Excel worksheets were utilized to compute the data obtained in
an organized manner while the duplicates were manually sorted out.

3.1 Planning the review
3.1.1 Identifying the need for the review

Based on the above-mentioned procedure, the number one step is to strategize and
check that the review conditions are well planned. The plan of a review begins by
recognizing the main aim connected to teaching machine learning at K-12 levels
literature.

Table 1 Search structure

Academic Databases Search design
Scopus Title

Web of Science (WoS) Topic

IEEE explore Abstract

ACM Abstract

Science Direct Alternative search
Springer Link Title
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3.1.2 Specifying the RQs

Our paper included existing research conducted in the past without limitations to a
specific year range. We framed the research questions below to categorize the papers
for data extraction and analysis:

RQ1: What is the current focus area of research on ML teaching and learning in
K-12?

We analyzed the selected articles given the present focus area of literature to
understand the existing research in the emerging field. The focus areas derived
from the analyzed data were categorized under four headings: curriculum devel-
opment, technology development, pedagogical development, and teacher train-
ing/professional development.

RQ2: What are the issues that should be investigated and future directions of
research on ML teaching and learning in K-12?

This study investigates the limitations of the research conducted to demystify ML
to K-12 students. It equally summarizes and suggests the shortcomings discovered
in the literature, which is useful for future direction and research.

3.1.3 Developing the protocol for review

The approach employed in this review was founded on the protocol for review.
Specifying the methods to be adopted in the review in advance help lessen the risk
of unintended errors. While planning the review, we applied informal and formal
searches to find the research objectives and glean relevant information required for
the study. The initial result is presented as previous studies in the background sec-
tion. This assists in creating research questions to guide the review process.

3.2 Conducting the review

This section explicates how the review is been conducted. It includes the search
strategy, selection criteria, study quality assessment, data extraction plan, and analy-
sis of data.

3.2.1 Search strategies

This study formulated the search strategy resulting from research objectives. To
limit the number of irrelevant papers, keywords were recognized, search strings
were created, the search structure was framed, and the process of the search was
finally carried out. Search strings were generated to achieve a result based on the
study’s research objectives.
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3.2.2 Search keywords

The set of keywords was generated to gather studies about machine learning for
K-12. We collected existing keyword-search approaches from the relevant literature
reviews on teaching ML at K-12 levels (Marques et al., 2020), a review of games
for Al and ML education (Giannakos et al., 2020), and review of general Al literacy
competencies (Zhou et al., 2020). Specific and same keywords were not used across
all the digital publication channels because the keywords are longer and not possible
on some databases. Table 1 evince the search structure and Table 2 shows the proto-
col executed for each database.

The search structure in Table 1 evince the academic databases and the search
design — where the search was conducted in each database. In Scopus and WoS,
title and topic search include the article title, abstract, and keyword. The abstract
was searched in IEEE explore and ACM. For science direct, the alternative search
means — “find articles with these terms” in the advance search section, and the title
was searched for springer Link. We searched in Title/Abstract and Keywords and not
“ALL" as this often returns a lot of irrelevant articles during the search.

Table 2 documented the search structure separately for each with a specific
protocol executed in each database. As shown in Table 2, the Boolean operators
were used to include synonyms and alternate spellings while linking enclosed
search terms using “OR” and “AND” respectively. The number of results was
reduced by utilizing inclusion and exclusion criteria as highlighted below. The
reduction was done by selecting articles and conference proceedings published
in the English language. The electronic resources as seen in Table 1 were cho-
sen as they cover international scientific sources of high impact-factor (Osadchyi

Table 2 The specific protocol executed in each database

Databases Protocol

Scopus (TITLE-ABS-KEY ("machine learning" AND k-12) OR TITLE-ABS-KEY ("artificial
Intelligence" AND k-12) OR TITLE-ABS-KEY ("machine learning" AND teaching
AND k-12))

Web of Science TOPIC: ("Machine learning" AND K-12) OR TOPIC: ("artificial Intelligence" AND
K-12) OR TOPIC: ("machine learning" AND teaching AND K-12)

IEEE explore ("Abstract":"machine learning" AND "Abstract”: k-12 AND "Abstract”: schools AND
"Abstract”: kids) OR ("Abstract":"artificial intelligence" AND "Abstract":k-12) OR
("Abstract":"AI" AND "Abstract":k-12) OR ("Abstract":"artificial intelligence" AND
"Abstract":teaching AND "Abstract":k-12) OR ("Abstract":"machine learning" AND
"Abstract":teaching AND "Abstract":k-12)

ACM [[Abstract: "machine learning"] AND [Abstract: k-12] AND [Abstract: schools] AND
[Abstract: kids]] OR [[Abstract: "artificial intelligence"] AND [Abstract: k-12]] OR
[[Abstract: "ai"] AND [Abstract: k-12]] OR [[Abstract: "machine learning"] AND
[Abstract: teaching] AND [Abstract: k-12]] OR [[Abstract: "artificial intelligence"]
AND [Abstract: teaching] AND [Abstract: k-12]]

Science Direct  ((“machine learning" AND "teaching" AND "k-12") AND ("artificial intelligence"
AND "teaching" AND "k-12"))

Springer Link  “machine learning'' AND ''teaching' AND "k-12" OR "artificial intelligence"'
AND '"teaching" AND "k-12"
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et al., 2020). In addition, Scopus and Web of Science databases provide a strong
search functionality (Osadchyi et al., 2020) as well covering many articles. Ref-
erence lists of relevant papers were manually searched for additional papers. In
an attempt to retrieve more relevant primary studies, the authors also applied a
snowball approach and identified 12 additional articles. The authors traced the
papers to the database in which it was published and added them to the “Record

retrieved” section in Fig. 2.
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3.2.3 Article selection measures

The search strings in Table 2 were utilized to ascertain that they were pertinent and

could provide answers to all the research questions. Shown in Fig. 2 is the process of

articles selected in this study which include the criteria for inclusion and exclusion.

We read the whole text of the article after which the criteria for inclusion and exclu-

sion were applied to ensure they are relevant for the present research (Table 3).
Inclusion criteria:

e Papers are written in English
Papers in conferences and journals
Article that reports teaching and learning of AI/ML in K-12

Exclusion criteria:

Graduate theses, magazines, letters, notes, and patents

Duplicate papers

Articles aimed at the application of machine learning for prediction
Papers that did not address the teaching and learning of AI/ML in K-12

Articles were included based on the inclusion criteria and excluded based on the
exclusion criteria. In total, 43 articles were analyzed in this study haven met the
inclusion criteria.

3.2.4 Assessment criteria for study quality

The articles selected after the inclusion—exclusion criteria were evaluated for qual-
ity on the quality assessment criteria basis. The quality assessment checklist for
this study was adopted from earlier studies (Normadhi et al., 2019; Papamitsiou &
Economides, 2014) due to its similarity to the present field of research. As shown in
Table 4, a checklist with a 3-dimension Likert scale with dissimilar illustrations for
every question, to outline the reviewed literature quality.

Table 3 Number of articles identified at different selection stage

Database Search results Analysed Possible relevant  Relevant articles
articles articles

IEEE 13 13 7 7

ACM 198 198 26 10

Science Direct 69 69 13 2

Springer 26 26 10 3

Scopus 20 20 14 12

Web of science 42 42 19 5

Snowballing 12 4

Total 43 (without duplicates)
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3.3 Findings of quality assessment

Table 4 was utilized to gauge the value of the studies included in this study. In ques-
tion 1, the studies aim of all articles selected was assessed, and all 43 papers evi-
dently detailed their aims while only 18 papers presented the learning aims. The
second criterion (QA2) examined whether the studies clearly present the teaching
of fundamental concepts of Artificial intelligence or machine learning. Here, 35
papers clearly presented the information concerning the designing, implementa-
tion, and evaluation of platforms or activities for teaching fundamental concepts of
AI/ML. However, 8 papers included presented an overview of the developed syl-
labus, curriculum, and guidelines for teaching Al and examined factors that influ-
ence students’ intention to engage in learning Al. Regarding QA3, we identified 8
papers that reported a researcher-designed curriculum with elaborate descriptions
that researchers could adapt or adopt. Fifteen articles described in detail tools exist-
ing to teach ML. In addition, 16 papers fully described approaches utilized by earlier
research to teach ML while in four papers, the details of teacher training activities
were reported described. The 4" criterion is concerned with if the papers obviously
show the methodology utilized. The research approach adopted was evidently stated
in 28 articles including the methodology utilized (e.g., experimental, design-based,
or mixed-method). Five articles mentioned the methodology adopted but clear
explanations were lacking. Furthermore, 10 articles basically detailed only their
approach but fail to categorically highlight the research methodology that the studies
employed. The final criterion focuses on the study’s citation in other articles. Google
Scholar database was adopted to inspect the number of times the papers were cited
(August 2021). Out of the 43 articles reviewed, 15 of the articles received citations
more than five times in other papers, 18 received citations rarely (1-5 times) and 8
received no citation at the time of checking while 1 was not found at all on the data-
base. The result from QA5 would at another time differ from the present result as the
citations will be updated on the academic database as the papers are cited.

3.3.1 Data extraction and analysis

Based on Kitchenham and Charter’s (2007) study, the data were extracted from the
papers included with a form. Excel worksheet was designed and finalized afterward
having done a thorough revision of the data extracted. The headings sectionalized to
retrieve the data are highlighted below:

Study Objectives

Resources, materials, and tools

Learning aims

Teaching and learning activities

Issues the studies investigated

Quantity of articles that refer to the study

An inductive analysis approach was utilized in this study as the concepts are
derived from the data. Following Elo and Kyngids (2008) approach, the process
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includes coding and generating categories to offer a means of delineating the phe-
nomenon, to increase understanding and generating knowledge abstraction. The list
categories highlighted above are grouped under higher-order headings of curriculum
development, technology development, pedagogical development, and teacher train-
ing/professional development. In performing the data extraction and analysis pro-
cess, all the identified articles were considered. Essential data that a paper does not
include or evidently stated was allocated “not available” in the matching cell in the
table designed for extracting the data.

4 Results
4.1 Overview of included articles

Regarding the publication channels, 39 (90.5%) of the included papers were presented
in conference proceedings and only 4 (9.5%) were published in scientific journals.

4.1.1 Summary of papers included according to publication year

As shown in Fig. 3, the summary of included papers according to their year of pub-
lication. The papers focusing on K-12 AI/ML increased significantly from 2018 to
2020. Publication on the subject was almost inexistence from 2010 to 2016 and no
publication was recorded at all in the year 2017. This trend occurred because the
field is still emerging and growing while the high volume of publications produced
in 2020 shows increased interest in the research area. The rapid increase of output
in 2019 and 2020 suggests more publications in this research area in the coming

Frequency of article per year

16
14
12

10

2

0
2008 2010 2012 2014 2016 2018 2020 2022

Fig.3 Articles distributed based on publication year
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years due to the activeness of researchers towards the emerging field in recent times
as well as the increasing need to democratize Al or ML and involve children. The
decline in 2021 could be a result of the time the author conducts the search.

4.1.2 Articles distributed based on educational levels

Of the articles analyzed, the studies were majorly conducted with high schoolers
as shown in Fig. 4, n=13 (Sperling & Lickerman, 2012; Burgsteiner et al., 2016;
Mariescu-Istodor and Jormanainen, 2019; Kahn et al., 2018; Wan et al., 2020;
Rodriguez-Garcia et al., 2020a, 2020b; Essinger & Rosen, 2011; Ossovski &
Brinkmeier, 2019; Evangelista et al., 2018; Lindner et al., 2019; Vachovsky et al.,
2016; Estevez et al., 2019). Eight studies focused on primary schoolers (Mari-
escu-Istodor and Jormanainen, 2019; Lee et al., 2020; Ho & Scadding, 2019;
Toivonen, et al., 2020; Chali, et al., 2020; Druga et al., 2019; Tedre, et al., 2020;
Hitron, et al., 2018) while only two studies were found that targets Kindergarten
(Williams et al., 2019a, 2019b). Four studies focused each on elementary, mid-
dle (Sabuncuoglu, 2020; Rodriguez-Garcia et al., 2020a, 2020b, 2021; Sakulkue-
akulsuk et al., 2018), middle/high (Opel et al., 2019; Zimmermann-Niefield et al.,
2019a, 2019b; Zimmermann-Niefield, et al., 2020) and teachers (Van Brummelen
& Lin, 2020; Chiu & Chai, 2020; Kandlhofer et al., 2019; Zhou, et al., 2021) and
only one that covers all levels from elementary to high school.

Frequency

Teachers

Not specified

Elementary, middle and high
Primary and High

Middle and high

Primary and middle

High school

Middle school

Primary

Elementary

Kindergarten

o
N
I
)
)

10 12 14

Fig. 4 Distribution of articles based on educational levels
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4.1.3 Articles distributed based on educational settings

According to Ainsworth and Eaton (2010), all learning settings, that is formal (e.g.,
school), non-formal (e.g., museum) and informal (e.g., home), all learning is valua-
ble and contributes to individual's growth cognitively, emotionally, and socially. As
shown in Fig. 5, only one article reported research conducted in an informal educa-
tional context, that is, home. More than half of the research were carried out in for-
mal settings (i.e., workshops, course, class sessions) while the remaining studies were
conducted in non-formal context (e.g., summer programs, after-school programs). The
statistic showing high number of studies carried out in the formal arrangements seem
to support the call for inclusion of ML in subject to be adopted in schools.

4.2 RQ1:What is the current focus area of research on ML teaching and learning
inK-12?

In the analysis, we identified four categories as derived from the data. The data
retrieved from the selected articles are categorized as curriculum development, tech-
nology development, pedagogical development and teacher training/professional
development as shown in Fig. 6. Hence, we presented our findings according to the
stated categories. Curriculum development relates to the content designed to intro-
duce ML and technology development involves the tools developed to teach ML.
Pedagogical development focuses on the strategies employed to teach ML while the
teacher training and professional development informs of the training possibilities
and involvement of teachers in the teaching and learning process of ML.

Article distribution according to educational settings
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Fig.5 Distribution of articles based on educational setting
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Teacher training Pedagogy
What are the teacher training
and professional development What are the teaching strategies
opportunities available to learn utilized to teach machine learning?
machine learning? =
Curriculum
Technology What are the content and
topics to teach in
What are the technological tool available to teach machine learning?

machine learning?

Fig. 6 Focus of the reviewed papers on ML teaching in K-12

4.2.1 Curriculum development

Several curricula were developed by researchers in different regions to introduce ML
in schools. Based on our findings, curriculum has been designed to introduce Al con-
cept and promote Al literacy in pre-K and Kindergarten (Williams et al., 2019a, 2019b),
elementary (Kim et al., 2021), middle (Sabuncuoglu, 2020) and high (Burgsteiner et al.,
2016) school. The objective of the seven studies found focused on how children could
grasp the basics of Al. Two studies however stated their learning aim which is that stu-
dents are expected to learn three Al concepts: knowledge-based systems, supervised
machine learning and generative Al (Williams et al., 2019a, 2019b). Most of the articles
(4 out of 7) introduced robots as part of the resources to effectively teach Al concepts.
These include PopBot which has social robot, made of a smartphone, LEGO blocks,
motors, and sensors as components (Williams et al., 2019a, 2019b). Other resources
utilized in this category include games, Alexa app or online simulator as well the use
of unplugged alternatives. The teaching and learning activities found in this category
include the use of Rock, Paper, Scissors games (e.g., Sabuncuoglu, 2020) and role-play
as robot games (Heinze et al., 2010). Others include programming exercises, robot con-
struction, discussions, group works, interactive demonstrations (Burgsteiner et al., 2016;
Van Brummelen et al., 2020) and riddles and games (Sperling & Lickerman, 2012).
The participants were engaged through workshop sessions or an afterschool program.
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4.2.2 Technology development

Tools developed for teaching ML considered all grade bands across K-12 levels. The
tools identified in the literature are PRIMARYAI, SmileyCluster, AlpacaML, Zho-
rai, LearningML, and VotestratesML. These tools are mostly web-based platforms
designed to assist young children to understand how machines learn. The tools have
enabled researchers to introduce ML to students through different fields and inter-
ests. For example, Kaspersen et al., (2020) investigated how social studies class-
rooms can be used as a vehicle to support students’ learning and critical reflection
about ML. Lee et al. (2020) also focus on integrating Al and life science to teach Al
while three other articles explored how to teach youth to make ML models within
the space of their athletic interests (Zimmermann-Niefield et al., 2019a, 2019b,
2020). Some of the researchers/developers of the tool specify their learning aim,
which is to promote children’s understanding of how machines represent knowledge
and learning. Wan et al., (2020) specifically used Smiley Cluster to teach k-means
clustering to students. Several teaching and learning activities were utilized to intro-
duce the tools to students such as embodied models of gesture (e.g., Zimmermann-
Niefield et al., 2020) and the use of mind maps and visualization (e.g., Lin et al.,
2020). Other activities include the use of simulation game (e.g., Opel et al., 2019),
modelling (Lee et al., 2020), and engaging students in scientific inquiry behaviors
such as question asking, and explanation (Wan et al., 2020).

4.2.3 Pedagogical development

It can be deduced from the literature that ML has been taught across K-12 levels
from primary to high school. These have also been carried out in various settings
such as in laboratory (Essinger & Rosen, 2011), classroom (Chai et al., 2020), sum-
mer camp (Narahara & Kobayashi, 2018), workshop (e.g., Druga et al., 2019) and at
home (Vartiainen et al., 2020a, 2020b). The objective of the identified studies focuses
on how to teach central machine learning concepts with a paper (Vachovsky et al.,
2016) concerned with increasing girls’ interest in AL The included articles show that
several tools and materials were used in demystifying ML to students. Such tools
include Google’s Teachable Machine (GTM), robots, scratch, RapidMiner, bounding
box, data cards, set of toy cookies and picture cards. Few articles (Essinger & Rosen,
2011; Lindner & Romeike, 2019; Lindner et al., 2019; Ossovski & Brinkmeier, 2019)
adopted an unplugged activities approach to convey the central idea of Al to students.
Some of the learning aims as deduced from the papers are to teach the concept of
facial recognition (Ho & Scadding, 2019), signal processing (Essinger & Rosen,
2011), linear classifier (Ossovski & Brinkmeier, 2019), Decision tree (Lindner &
Romeike, 2019; Lindner et al., 2019) and K-mean and ANN (Estevez et al., 2019).
To introduce the learning aims to the students, several approaches were utilized. The
approaches most adopted include project-based learning which include co-creation of
ML-based solutions with the students (e.g., Tedre et al., 2020; Toivonen et al., 2020).
Almost all the articles included in this review utilized group work activities to foster
students to learn ML basics (e.g., Ossovski & Brinkmeier, 2019; Sakulkueakulsuk
et al., 2018). Active-based learning activities were also introduced to the students
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through class exercises and facilitated discussions (e.g., Estevez et al., 2019). The
use of participatory learning and collaborative methods is also evident in the litera-
ture while children co-teach a computer through bodily expressions (Vartiainen et al.,
2020a, 2020b). Problem-based learning was also utilized in the study of Essinger and
Rosen, (2011) and Evangelista et al. (2018). Lastly, lecture method was utilized to
introduce Al concepts among other approaches (e.g., Kim et al., 2021).

4.2.4 Teacher training and professional development

Despite the integral role of teachers in an educational system, our search returns
only a few articles focusing on teacher training. This category accounts for the low-
est focus among researchers in ML for k-12. Four articles were identified to have
specifically focused on teacher training and professional development on Al and
ML. These papers include Van Brummelen and Lin (2020) that had a co-design
workshop with teachers to identify opportunities to integrate Al education in their
course. During the workshop, four different tools were used which includes Machine
Learning for Kids, GTM, Google Quick Draw and Google’s A to Z of Al cards.
Since the co-design was online, Zoom, Slack, and Miro were used to facilitate the
sessions. Chiu and Chai (2020) also explore teachers with and without Al teaching
experience views on key factors for designing Al curriculum for K-12. Relatedly,
Kandlhofer et al. (2019) developed a professional training and certifying system for
teachers in Al and robotics. Only an article (Zhou et al., 2021) stood out that focused
particularly on ML training for teachers. Zhou et al. (2021) designed a learning plat-
form, SmileyDiscovery, to support low-barrier ML empowered Scientific Discov-
ery without extra ML training for K-12 teachers and learners. The identified papers
engaged teachers in the elementary, middle, and high schools with an average of fif-
teen teachers organized as workshops. The approaches adopted include participatory
with the use of real-world applications, gamification, and project-based learning.
Three other papers (Lindner and Romeike, 2019; Lindner and Berges, 2020; Sanusi
et al., 2022a, 2022b) were found to be focusing on teachers. These papers however
gathered the teachers’ pre-concepts and perspectives on introducing Al to schools.

4.3 RQ2: What are the issues that should be investigated and future directions
of research on ML teaching and learning in K-12?

4.3.1 Issues in teaching machine learning to K-12 leaners

The existing issues in the attempts to democratize and introduce young learn-
ers to machine learning through projects and platforms or environments devel-
oped were analysed. This study found that not all studies that developed systems
reported the limitations in their findings after experiment, tutorial or workshops.
The issues were categorised into three dimensions: data, humans and technology
as adopted from a study in related field (Normadhi et al., 2019). In this study,
the three dimensions categorizes all the shortcomings or limitations of previous
research that have been faced while teaching machine learning.
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Regarding data issues, previous studies have reported inadequate or paucity of
data for confirming the precision, execution, and consistency of machine learning
system (Burgsteiner, et al., 2016; Chiu & Chai, 2020; Hitron et al., 2018, 2019;
Lin et al., 2020; Van Brummelen & Lin, 2020; Van Brummelen et al., 2020; Wan
et al., 2020; Zimmermann-Niefield et al., 2019a, 2019b). According to Normadhi
et al. (2019), a small amount of sample size could have enormous influence in
signifying a method advances a present system, unravels an issue, or supports a
student. Limited duration of experiment was encountered in two previous works
(Kahn et al., 2018; Williams et al., 2019a, 2019b). The experiment duration was
limited due to the needs of teachers as well the minutes spent by children with
each activity or task given to them. Therefore, further work is needed to investi-
gate problem such as time allocation for each session or learning method.

As per the issues connected with human, four problems were identified based
on the examined papers: difficulty in learners’ understanding ML systems intri-
cacies, overload of assessment and lack of teachers training (Burgsteiner et al.,
2016; Chiu & Chai, 2020) and limited learning material/resources (Opel et al.,
2019; Sperling & Lickerman, 2012).

This result can be since some participants were unable to conduct their explo-
rations due to technical difficulties (Zimmermann-Niefield et al., 2019a, 2019b),
learners were bombarded with numerous assessments or homework involving
extensive amounts of time or inadequate skills required by teachers in instructing
the learners on machine learning concepts (Ho & Scadding, 2019). Studies such
as Opel et al. (2019), Sperling and Lickerman, (2012), Williams et al., (2019a,
2019b), Lin et al. (2020) and Evangelista et al. (2018) had limited resources while
recommending learning material in teaching machine learning. For instance,
Williams et al., (2019a, 2019b) describe how AI curriculum was designed and
assessed its success with 80 Pre-K and Kindergarten children. The study limi-
tations suggest a functional Al curriculum that include more content and can
be adapted to other contexts, with learners, novices, pre-service and in-service
teachers. Touretzky et al. (2019) recommends conducting research on Al that can
be made into an easily available demo, resource, or activity learners and teach-
ers can adapt or adopt. Enabling more materials and resources to know how ML
operate and how it will shape their future will increase the student’s enthusiasm
to explore ML system.

The issues associated with dearth of technology for methods used to develop
the learning system were seen in four articles (Essinger & Rosen, 2011; Narahara
& Kobayashi, 2018; Zhou et al., 2020), this includes humans and data issue. The
suggestions put forward by the identified papers are that the outcome of ML envi-
ronments be expanded to provide more insight by improving the techniques to
improve system performance. The students are also encouraged to design new sys-
tems may be through a co-design process involving teachers. Refinement of the sys-
tem between complexity and usability are another technological limitation (Scheidt
& Pulver, 2019; Zimmermann-Niefield et al., 2019a, 2019b). This is proposed to
improve the interaction design of the designed systems as well as its user-friendli-
ness on various devices.
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5 Discussion

This review elucidates the predominant area of focus in ML for K-12 research in
literature. Based on articles included in our review, we discussed our findings under
four categories derived from the data. The categories are curriculum development,
technology development, pedagogical development and teacher training/profes-
sional development. Articles contributing to the four categories are identified and
segregated as per their relevance to the categorization. In this section, we elaborated
on the review results along as well as its implications with suggestions for further
studies.

ML in K-12 education been quite an emerging field currently witnesses explora-
tion among researchers in recent times. We adopted a systematic review approach to
understand the present ML studies carried out across K-12 context, recognized the
studies that have been conducted, and identified areas thar needs further research.
Resulting from our approach, we discovered that most of the reviewed papers of
studies leaned towards teaching ML to high schoolers. Literature (Su & Yang, 2022)
has shown that limited discussion exists about Al activities appropriate for younger
children, however, studies have been carried out to introduce ML at early years of
pupils’ generation of ML knowledge (Druga et al., 2019; Vartiainen et al., 2020a,
2020b). Nevertheless, no basis could be identified to assume that high schools are
the levels that requires ML knowledge, it is essential to conduct research on ML
projects suitable for kindergarten, elementary and middle schools. As a result, stake-
holders and educational enthusiast could adopt resources valuable to developing stu-
dents understanding of ML across K-12 levels.

Additional research is necessary for informal contexts to explore activities and
interventional studies focusing on ML with students. This is important, especially
that learning has been established to be a cumulative process involving connections
and support among the variety of learning experiences people encounter in their
lives such as at home, schools, and in the community (Dierking et al., 2003). The
result of Vartiainen et al. (2020a) study of ML with young children with social sup-
port at home suggested that embodied interaction with machine learning systems
enhances learning and computational thinking for beginners. Even though some
studies were carried out in free choice situations such as Long et al. (2021) that con-
tributes to Al literacy in museum-like settings and online mode (e.g., Druga et al.,
2022), we only identified a study (Vartiainen et al., 2020a) that explored ML process
with children at home. According to our review, ML studies in K-12 were lacking
in informal contexts, as a result, there is a need for more research to understand the
contribution of informal-context-based interventions on improving ML.

Third, while the successful integration of topics related to ML into teaching in
K-12 requires proper preparation of teachers, teacher training suffers a dearth of
research. Lindner et al. (2018) study recognize that teachers had limited under-
standing and experience to introduce Al, and Sanusi et al., (2022a, 2022b) affirm
that teacher training is important to teach ML to students. Hence, ML field requires
additional studies to assist teachers in demystifying ML in classrooms. As a result,
understanding teachers’ readiness to teach ML and their proficiencies could be
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relevant. Exploring teachers’ readiness to teach ML in classrooms is imperative
since teachers’ acceptance and disposition could be a pointer to their interest in
teaching technology and impact their teaching practices (Nikolopoulou et al., 2021).
This assumption is corroborated by a recent study of Ayanwale et al. (2022) who
assert that the success of Al education is closely dependent on teachers’ readiness
and appreciation towards the subject. Based on the above information, teachers
cooperation can be ascertained when they are empowerd with the knowledge and
approaches to be an advocate of ML in schools.

Fourth, more ML curricula could be designed to integrate ML into science and
non-science related subjects. ML could develop learners’ knowledge of other sub-
jects, irrespective of the discipline, as well as individual lifestyle (Zimmermann-
Niefield et al., 2020; Kaspersen et al., 2021; Lee et al., 2020). While validating
effectiveness of ML understanding assist in developing technical and computa-
tional skills is required, Kaspersen et al. (2020) emphasized that social studies can
be used as a vehicle to support students’ learning and critical reflection about ML.
In addition, bringing ML into both science and non-science-related subjects would
help develop learners for Al-powered world. This could be a solution to the con-
cern of Lin and Van Brummelen (2021) that the dearth of integrated Al curricula
across subject domains is a barrier to introducing Al to learners with limited entry to
computing-related fields. In addition, an assessment of ML courses could be devel-
oped for evaluation of the process when introduced in classrooms. Such of this is a
scoring rubric developed by Gresse Von Wangenheim et al. (2022) to evaluate ML
learning. Since not all countries use standardized testing, a formative assessment
could be designed to represent the students’ understanding of ML during the learn-
ing process.

Finally, pedagogical and tool development were the most area of focus of the
selected studies. Pedagogy development in this paper is concerned with how to teach
machine learning in K-12. Since a well-thought-out pedagogy can advance the effec-
tiveness of teaching ML and how students learn, getting to understand the strategies
to support learners gain a deeper understanding of the content is essential. Due to the
centrality of teaching approaches to simplify ML concepts to children, some papers
have emerged focusing on ways to demystify ML at K-12 levels. The pedagogies
mostly adopted include group work, project-based learning, activity-based learning,
and lecture or instructions. In the reviewed articles, the pedagogical approaches and
related theoretical underpinnings were typically not described in detailed manner,
which makes it difficult to evaluate how different ML tools were actually integrated
into pedagogical practices in diverse settings. Regarding tool development, the role
of technology in introducing concepts to learners cannot be overemphasized. This
could contribute to why several tools are developed to introduce ML to students.
Typically, the visual tools are adopted to teach ML (e.g., Google Teachable Machine
or LearningML) that requires no knowledge of programming. Gresse von Wangen-
heim et al. (2022) reiterated that the tools are mostly available freely online which
ensures access and adoption in classrooms depending on internet connections. Cur-
riculum development and especially teacher training/professional development
in K-12 ML were currently under-researched and deserved more attention. Given
that to enact ML in schools, it must be drawn up in the curricula, it is necessary
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to develop more curricula appropriate for different grade levels. Even though some
curricula have been developed for several regions and age bands, more should be
designed. The need for more curriculum design could be established by a recent
UNESCO report that only eleven countries have government-endorsed K-12 Al cur-
ricula (Miao & Holmes, 2022).

Even more fundamentally, the dearth of the teacher training program that com-
prises Al or ML for K-12. With a teacher training program that considers AI/ML,
preparing pre-service teachers explicitly trained to communicate Al and ML across
K-12 levels is guaranteed (Sanusi et al., 2022a, 2022b). Chiu (2021) also empha-
sized that teacher Al teaching capacity (e.g., knowledge and pedagogy) is vital to
Al education development. A report by UNESCO also highlights teacher training
and teacher resource development as essential conditions for supporting Al curricula
(Miao & Holmes, 2022). While literature (Mike & Rosenberg-Kima, 2021; Varti-
ainen et al., 2022) has begun to emerge on pre-service teacher and ML, designing an
ML teacher professional program and exploring pre-service teacher’s understanding
of ML should be a topic for future inquiry. Professional development programs for
in-service teachers through hands-on practice workshops and adoption of collabora-
tive design approach, whereby teachers and researchers co-design learning materials
and activities could be an effective way to popularize ML in schools.

Practically speaking, as ML continues to be integrated into mainstream education
and subject domains across K-12 educational levels, the societal implications includ-
ing ethics should be emphasized. Ali et al. (2019) stressed that the next generation
of technologists must be trained to understand the technology ethical and societal
impact and not to only see Al as a tool. A study (Skirpan et al., 2018) asserts that
infusing ethical dilemmas in the CS curriculum can amplify interest. However, there
is currently limited AI/ML ethics curriculum, an exception is Payne (2019) that
developed artificial intelligence curriculum centered on ethics for middle school-
ers. More ML resources as well as content design considering ethical implications,
should be explored, and developed. By so doing, young children will begin to under-
stand the implications of Al technologies they interact with in their everyday life.

Several issues were addressed in the selected studies pertaining to teaching of
machine learning as shown in Table 5. Small sample sizes, evaluation of the system,
limited learning material/resources, limitations of existing techniques, and duration
of the experiment are prevalent inadequacies in teaching machine learning. As a
result, this study can benefit future research in cultivating the teaching and learn-
ing of machine learning. As a result of the aforementioned challenges in Table 5,
our research can inspire developers and practitioners alike to improve the develop-
ment of ML projects, tools or platforms. The aforementioned works mostly encoun-
ter limitations in the appraisal of the methods employed due to number of sample
sizes (Burgsteiner et al., 2016; Chiu & Chai, 2020; Hitron et al., 2018, 2019; Lin
et al., 2020; Van Brummelen & Lin, 2020; Van Brummelen et al., 2020; Wan et al.,
2020; Zimmermann-Niefield et al., 2019a, 2019b). The guiding principle to evalu-
ate students learning of machine learning tools are required for further research. The
findings are in line with Marques et al. (2020) particularly in terms of duration of
the intervention which can be in form of workshops to short courses and challenge
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with evaluating students learning through assessment. More feedback is important
to both students and the facilitator to improve the process of teaching and learning.

6 Conclusion and suggestions

This literature review analyzes K-12 ML studies and finds existing gaps and pro-
spective suggestions to conceive and cultivate ML knowledge. Our findings reveal
that ML resources were designed and utilized across K-12 settings. The resources
were more prevalent in high school than in kindergarten to middle schools. It is also
introduced more in the formal school settings than the informal settings. The stud-
ies are mainly connected to computing skills which necessitate more research to be
conducted on integrating ML into core subjects and domains. While 37 percent of
the studies focused on pedagogical development, 35 percent evaluated ML tools.
Eighteen (18) percent focused on curricula development and only 9 percent of the
selected articles highlight teacher training and professional development. The peda-
gogical approaches mostly adopted include project-based learning which include the
co-creation of ML-based solutions with the students as well as active-based learn-
ing activities. As seen in the articles sampled, visual tools (e.g., Google Teachable
Machine) (Google, 2020) or LearningML (Rodriguez-Garcia et al., 2020b), or PIC
(Tang et al., 2019) are utilized at K-12 schools to demystify ML.

ML for K-12 is an interesting field. This paper aims to aggregate the ML research
in K-12 system that have been investigated. Our findings reveal that some effort has
been put into research in this field, much more studies is still required. We specifi-
cally propose that scholars and K-12 AI/ML practitioners consider the following
takeaways when designing ML activities or studies: (a) create more ML activities for
kindergarten to middle school, development of teacher training, and education in an
informal context; (b) incorporate ML ideas in subject domains other than comput-
ing to encourage the integration of ML in schools; (c) develop assessment for ML
that can be relevant across levels for students’ comparability in ML understanding
across learning settings (d) consider societal and ethical implications of ML to better
understand students’ proficiency of ML; (e) conduct studies focusing on Africa as
well as comparative studies exploring different regions to understand how to better
introduce ML across climes.

Finally, given that ML has been introduced across K-12 levels, creating a cata-
log that houses the activities, platforms, and assessments for stakeholders in need
of the ML resources would be valuable for the development of the growing field.
This could further help to explore the activities or tools in another context with new
samples or for teacher training. ML can be integrated into other core subjects and
courses across k-12 levels which provides opportunities and shortcomings. Initiating
collaborations among practitioners and stakeholders in order to ensure effective ML
integration of ML in classrooms. By so doing, ML education could be developed
and introduced to students in an effective way and to inspire learners to utilize ML
knowledge in other domains.

Recommendations and future directions are proposed based on the find-
ings. Firstly, due to the small sample sizes to evaluate the system mostly
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reported in the selected studies, exploring research with larger sample sizes
should be done to verify the success of the applied approaches and gener-
alize findings to broader settings (Van Brummelen et al., 2020). Empirical
evaluation of studies and project is pertinent even though several appraisal
approaches have been utilized (Giannakos et al., 2020) while a solid rubric
should be formulated to measure participants’ learning gains. Longitudinal
pedagogical research should also be considered as it can expand on the under-
standing of how computational thinking and understanding of machine learn-
ing develop in a process of learning (Vartiainen et al., 2020a, 2020b). Fur-
thermore, most studies center on supervised machine learning, particularly on
classification tasks, which is regarded as the simplest ML form. Further stud-
ies are required to understand if children could comprehend more complex
ML processes (Hitron et al., 2019).

Many studies recognize limited learning material or resources, and this
suggests that future research should design integrated and Al resources that
could be adopted in varying contexts with students, novices, pre-service and
in-service teachers. More so, research focuses on the content knowledge as
well as instructional design to be adopted for enhancing Al identity and inter-
est (Chiu & Chai, 2020). Lack of teacher training also emerged in the stud-
ies, hence, the need for future research to know how to best support teachers
to design learning materials and utilize Al technologies into their teaching
(Chiu & Chai, 2020). The result of this study would provide valuable data
for the teacher training program. Gathering the understandings of teachers
and their experiences in co-designing and scaffolding Al in classrooms from
various cultural contexts will help generate more useful insight (Chiu & Chai,
2020). In order to democratize access to Al literacy, Wan et al. (2020) rec-
ommend co-design workshops with K-12 schoolteachers, Vartiainen et al.,
(2020a, 2020b) also suggest co-design for children with the support of more
experienced peers or adults to build their own machine learning applica-
tions. With this, children can gradually develop a deepening understanding
of, for instance, different machine learning techniques, data sets, under and
over fitting, and testing and improving their systems. Parental involvement
in the co-design activities is also encouraged as a future work (Druga et al.,
2019; Long et al., 2021). Studies that conduct experiments with relatively
long duration are also highly encouraged. It is important because it can lead
to discovery rather than mere exposition of the concept. Furthermore, vari-
ous tools and platforms are introduced to specifically introduce young kids
to machine learning and its underlying process. For example, tools such as
GTM, MLA4Kids, scratch, Popbots and Anycubes. The differences in their
applications and the preferences of the learners on various platforms use as
well as contents validity is yet to be ascertained. The future studies should
hence consider examining the robustness and defect of these tools or projects
(Sanusi, 2021a, b). This can inform or suggest learning tools and materials to
be selected for future learning activities or specification guides for develop-
ing new platforms.
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6.1 Limitations

This review has some limitations as common with review papers. This review is firstly
limited in search by exploring only six databases. Also, five search terms were utilized
which includes “teaching” AND “machine learning” OR "artificial intelligence" AND
"K-12" OR "school" in title and keyword. The search terms utilized are frequently used
in almost every related reviews. The use of related terms such as “data science” OR
“deep learning” may yield more result. The strategy employed in our search may as
well influence the presentation of results and be a pointer to limitations regarding gen-
eralization. Furthermore, K-12 Al researchers (e.g., Vachovsky et al., 2016) highlighted
gender disparity in Al-related education and research. Our study however could not
cover this area since not too many reported demographic information. Selecting only
English language published articles in journals, and proceedings is also a limitation. It
is worthy of note that this work was founded on forty-three (43) paper identified with
definite search principles in six databases. Previous studies have concluded based on
lesser articles such as Barreto and Benitti, (2012) that reviewed 10 articles and Su and
Yang (2022) who concluded based on 17 articles. Though other criteria, strategy and
online bibliographic databases may have generated more papers. This research should,
hence, be reckoned as an effort to probe into the teaching and learning of ML, rather
than a complete overview. We hope that this research will offer valuable suggestions
for instructors, practitioners, and researchers in computing and engineering education.
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