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Abstract: With the increasing attention to artificial intelligence (AI) in education, this study aims
to examine the overall effectiveness of AI on elementary students’ mathematics achievement using
a meta-analysis method. A total of 21 empirical studies with 30 independent samples published
between January 2000 and June 2022 were used in the study. The study findings revealed that AI
had a small effect size on elementary students’ mathematics achievement. The overall effect of AI
was 0.351 under the random-effects model. The effect sizes of eight moderating variables, including
three research characteristic variables (research type, research design, and sample size) and five
opportunity-to-learn variables (mathematics learning topic, intervention duration, AI type, grade
level, and organization), were examined. The findings of the study revealed that mathematics learning
topic and grade level variables significantly moderate the effect of AI on mathematics achievement.
However, the effects of other moderator variables were found to be not significant. This study also
suggested practical and research implications based on the results.

Keywords: artificial intelligence; mathematics achievement; elementary students; intelligence tutor-
ing system; adaptive learning system; robotics; meta-analysis

1. Introduction

There is an increasing interest in artificial intelligence (AI) use in education to maximize
students’ learning outcomes [1–5]. Researchers have assumed that with the use of AI,
barriers that hinder student learning (e.g., lack of qualified teachers and resources) could be
eliminated, and the capacity of education could be maximized [2,6,7]. Increasing empirical
studies have verified these assumptions and reported that AI has a positive effect on student
learning outcomes [8–10]. In addition to the effect on student achievement, AI is important
to ensure the sustainable development of our society. The United Nations Education
Scientific and Cultural Organization (UNESCO) stated that sustainable development of our
society could be achieved by ensuring the “inclusive and equitable quality of education
and promote lifelong learning opportunities for all. AI technologies are used to ensure
[them]” ([2], p. 12).

AI use in education is not an option; instead, it is a comparative educational movement.
AI technology is widely integrated into our daily lives and many workforces (e.g., trans-
portation, games, manufacturing, medical services, agriculture, and finance) to enhance the
outcome and productivity of human work [11]. For example, as shown in Deep Mind’s
AlphaGo match with human Go players, the Go players are expected to learn and practice
Go play with AI technology, as it could stimulate and facilitate human learning beyond
traditional human-based learning [4]. Thus, one of the critical issues in the education and
scientific research community is integrating AI into education [3,5,7,12]. Several govern-
ments, institutions, and industries have invested a lot of money to facilitate the integration
of AI in education to support teaching and learning [13]. The World Bank estimated that
the investment in AI use in education reached USD 1047 billion between 2008 and 2019 [14].
Additionally, many countries have revised their curriculum to integrate AI technology into
school education [2,15].
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Along with these educational changes, a literature review on AI in education has been
widely implemented across various fields, including higher education [7], K-12 educa-
tion [1], student assessment [16], robotics [17], data mining [18], and intelligent tutoring
system (ITS) [19]. However, these studies examined the research trends of a certain topic
without defining a single subject. Thus, we have limited information on previous studies
on AI’s effects on mathematics education. Moreover, few review studies focusing on math-
ematics education examined research design characteristics, such as author institutions and
country, AI type used, target grade levels, and research methods [20]. Thus, there is little
synthesized information on how the use of AI affects student mathematics achievement.

Mathematics learning outcomes affect not only students’ success in school but also
their college entrance, future careers, and social development [21,22]. Moses and Cobb [23]
claimed that mathematics is a “gatekeeper course” (p. VII), and mathematics achievement
is related to civil rights issues as students tend to have different opportunities based on
their mathematics achievement. The OECD [22] and the United Nations [24] have also high-
lighted that students should be equipped with mathematical knowledge and competencies
to adequately respond to a rapidly changing society for sustainable development. There-
fore, further meta-analysis is needed to examine whether AI provides new mathematics
learning opportunities [3,5,13]. Additionally, studies analyzing the effects of moderating
variables on the relationship between them are required.

Ahmad et al. [3] pointed out that despite the increasing attention on AI in education,
“the question as to how AI impacts education remains” (p. 5). This study aims to fill these
gaps by synthesizing previous empirical studies on the effects of AI on student mathematics
achievement using meta-analysis. Moreover, this study explored the effects of moderating
variables, including research characteristic variables (e.g., research type and design, [5,25])
and opportunity-to-learn variables (e.g., mathematics learning topic and intervention dura-
tion, [26,27]). In particular, this meta-analysis examined elementary students’ mathematics
achievement, considering that previous meta-analysis on AI has focused on secondary and
post-secondary students [5,7,28]. Given that mathematics achievement at elementary school
is regarded as the foundation of future mathematics learning and career choices [29,30], the
findings of this study could highlight the value of AI and provide guidance for using it for
mathematics teaching and learning.

2. Literature Review
2.1. AI in Education

In 1955, McCarthy [31] first used the term AI in a research workshop and defined the AI
problem as “making a machine behave in ways that would be called intelligent if a human
were so behaving” (p. 12). Since then, many scholars have proposed various definitions
of AI along with the development of AI technology [32,33]. While there is no consensus,
scholars commonly agree that AI is not limited to the types of technology. Instead, AI
relates to technologies, software, methods, and computer algorithms used to solve human-
related problems [34]. According to Akgun and Greenhow [32], AI is a “technology that
builds systems to think and act like humans with the ability to achieve goals” (p. 433).
Similarly, Baker et al. [33] defined AI as “computers which perform cognitive tasks, usually
associated with human minds, particularly learning and problem-solving” (p. 10).

Unlike traditional computer technologies, which provide a fixed sequence without
considering the individual’s needs and knowledge, AI interprets patterns of collected
information (e.g., student understanding and errors) and makes reasonable decisions to
provide the next tasks and maximize outcomes [35,36]. Additionally, based on a continuous
learning and thinking process, AI evaluates prior strategies’ outcomes and devises new
ones. Thus, AI is likely to positively affect student achievement, creative thinking skills,
and problem-solving abilities [5,11,33,37].

The positive effect of AI on mathematics learning outcomes could be explained by
cognitive improvement and affective development. Because AI helps students develop
a positive attitude toward mathematics and engagement in mathematics learning [37],
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students are more likely to focus on mathematics learning and are eager to devote more
time and effort. However, a few studies have reported the non-significant effects of AI
on student achievement [38]. Because students need to manage their learning process as
active learners with little teacher support, some students might not be able to focus on their
learning and lose interest in using AI [3,17].

Among the various types of AI, the most widely used AI in education are ITS, adap-
tive learning system (ALS), and robotics [15]. In mathematics education, these types of
AI have been widely adopted to improve the outcomes of mathematics teaching and
learning [20,28,39,40]. ITS evaluates individual students’ mathematical understanding and
preferences and provides personalized feedback and instruction at their own pace [25,28].
Similar to ITS, ALS also provides individualized learning opportunities based on students’
needs.

While ITS and ALS present course contents, evaluate student progress, and provide
personalized feedback, teachers could engage in student learning passes in the ALS en-
vironment [7]. Teachers could check student learning progress using the information
provided by ALS and suggest appropriate learning activities. For example, teachers could
use the data collected by ALS and devise teaching strategies to support student learn-
ing [33,37]. Moreover, the tasks in ALS contained both conventional lesson-based tasks and
game-based tasks [41,42]. However, ITS provides “customized instruction and immediate
feedback without teacher intervention” ([43], p. 16). Thus, some researchers have suggested
differentiating ALS from ITS [5,7,15,20].

Educational robotics allows students to explore diverse mathematical ideas by manip-
ulating robotics. Because they provide interactive feedback, using robotics helps students
develop cognitive thinking skills and reasoning abilities [10,39,44]. For example, Hoorn
et al. [45] used robotics to facilitate students’ understanding of multiplication and found
improvement in their mathematics achievement. Similar findings were reported in studies
with other graders and mathematical topics [16,39,44].

2.2. Review of Previous Meta-Analyses

Several meta-analyses have been conducted to examine factors that affect student
achievement and generalize the results [5,46]. Zheng et al. [5] reviewed 24 articles and
reported that AI had a large effect size on student achievement under the random-effects
model (g = 0.812). Additionally, the moderating effects of schooling level, sample size,
discipline, organization (individual or group), AI hardware (e.g., smartphones or tablet
computers), and roles of AI (e.g., tutoring or policy-making advisor) were significant. It
could be interpreted that the relationship between AI and learning achievement varied
according to the degree of those moderating variables. For example, the effect size of
AI could be different based on the schooling level. However, the moderating effects
of learning methods (e.g., problem-based learning or project-based learning), research
design (true or quasi-experimental design), research settings (e.g., laboratory or classroom),
intervention duration, and AI types (e.g., ITS, ALS, or testing and diagnostic systems) were
not significant.

Lin et al. [47] examined 21 articles with 23 independent samples and found a medium
overall effect size under the random-effects model (g = 0.515). Similar to the findings
of the study by Zheng et al. [5], they found significant moderating effects of schooling
level and discipline and non-significant moderating effects of AI types. However, these
two studies [5,47] did not focus on mathematics achievement; instead, they examined the
learning achievement of all disciplines as an outcome variable.

To the best of our knowledge, no meta-analysis has examined the overall effects of AI
on elementary students’ mathematics achievement. Previous studies have examined the
effects of a certain type of AI (e.g., ITS and robotics) on mathematics achievement [17,25] or
the effects of computer technology on elementary students’ mathematics achievement.

Regarding the relationship between ITS and mathematics achievement, Steenbergen-
Hu and Cooper [25] examined 26 articles consisting of 31 independent samples focusing on
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elementary to high school students. They found that most studies focused on secondary
school students (n = 23), and only three examined elementary school students. The authors
also reported that the overall mean effect of ITS use on mathematics achievement was
not significant under the random-effects model and had a negligible effect under the
fixed-effects model (g = 0.05). Similarly, Fang et al. [38] examined 15 studies with 24
independent samples and reported a non-significant effect of ITS on mathematics and
statistics achievement.

However, other studies have different findings. Steenbergen-Hu and Cooper [28]
replicated their meta-analysis using college students’ data and reported a medium overall
effect size (g = 0.59). Furthermore, Ma et al. [19] examined 35 individual samples of
elementary to post-secondary students and found a positive association between ITS and
mathematics and accounting learning achievement (g = 0.35).

For the analysis of moderating effects, Steenbergen-Hu and Cooper [25] reported that
the effects of mathematics learning topic, schooling level, sample size, research design,
report type (e.g., journal article or non-journal), measurement timing, and measurement
types (e.g., standardized test or research created test) were not significant under the random-
effects model. However, the effect of intervention duration was significant, and a shorter
duration resulted in higher learning outcomes. Similarly, Fang et al. [38] highlighted the
non-significant moderating effect of schooling levels, implementation strategies (supportive
or principal instructional materials), and measurement type. They also found that the
shorter periods of intervention duration (one semester) resulted in a larger effect size than
longer intervention (one year).

Regarding the effect of robotics on K-12 students’ creativity and problem-solving skills,
Zhang and Zhu [17] reported a large effect size (g = 0.821). The authors noted significant
moderating effects of schooling level and non-significant effects of gender and intervention
duration. Similarly, Athanasiou et al. [48] analyzed the relationship between robotics use
and learning outcomes and found a medium effect size (g = 0.70). Whereas the moderating
effect of intervention duration was significant (studies of 1–6 months had a larger effect
size than studies longer than six months), the effect of schooling level was not significant.

While not focusing on AI, Liao and Chen [49] examined the effects of technology
use on elementary students’ mathematics achievement. They reviewed 164 studies and
found a small effect size (g = 0.372). Moreover, they found significant moderating effects of
teaching devices and intervention duration. Similarly, Harskamp (2014) found a positive
effect of computer technology on elementary students’ mathematics achievement (Cohen’s
d = 0.48). Additionally, the effects were positive on all mathematics domains (i.e., number
sense, operation, geometry, and measurement), and no significant differences between
them were reported.

2.3. Analytical Framework

This study used the opportunity-to-learn (OTL) model to analyze the effect of modera-
tor variables on the relationship between AI and mathematics achievement in elementary
school students. OTL was proposed by Carroll [27] to explain different student learning
outcomes. Researchers focused on instructional time and learning topics to analyze the
degree of OTL [26,27]. However, with the increasing research on OTL, scholars have
suggested other variables that affect student achievement.

Stevens [50] suggested four variables of OTL, including instructional delivery, content
coverage, content emphasis, and content exposure. The instructional delivery variable
analyzed teachers’ instructional strategies, teaching methods, and tools. The content
coverage variable was related to the curriculum and examined whether students learned
a certain topic in school. The content emphasis variable concerned which contents and
skills (e.g., lower- or higher-order thinking skills) were emphasized in classrooms. The
content exposure variable examined the time allocated to students to study a subject.
Similarly, Brewer and Stasz [51] proposed curriculum content, instructional strategies, and
instructional resources as elements of OTL.
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This study developed an analytical framework based on the OTL framework [26,50,51]
(see Figure 1). According to the OTL variables, each study was examined across five di-
mensions, including mathematics learning topic (content coverage), intervention duration
(content exposure), AI type (instructional resources), grade level (target students), and orga-
nization (instructional strategies). Additionally, research characteristics, which might affect
the overall effect size, were examined based on the previous meta-analysis [5,17,28,38]. The
variable included research type, research design, and sample size. The specific information
of the analytical framework is presented in the Methods section.
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2.4. The Present Study

The UNESCO and the OECD have highlighted the importance of using AI in education
to ensure the inclusive and equitable quality of education, which leads to the sustainable
development of our society [2,11]. Moreover, educators have suggested that AI use in
education has a positive effect on student achievement [5,47]. Along with these arguments,
researchers have conducted various meta-analysis studies to verify the assumption [5,17].
However, limited meta-analysis has been conducted to examine student mathematics
achievement. Additionally, previous studies used to focus on secondary and post-secondary
students [7,28,38]. Thus, we have limited information on the overall effect sizes of AI
on elementary students’ mathematics achievement and the roles of moderator variables
affecting the relationship. Therefore, this study aims to fill the gaps in the literature by
conducting a meta-analysis. The research questions of the study are as follows:

RQ 1. Does AI use significantly improve elementary students’ mathematics achievement?

RQ 2. Which variables moderate the overall effects of AI on elementary students’ mathematics
achievement?

3. Methods
3.1. Article-Selection Process

Several selection criteria were used to retrieve relevant articles on June 2022. First,
articles including AI [7,20], mathematics education, and elementary education-related
terms (see Table 1) in titles or abstracts were collected using six databases (Web of Science,
Education Source, ERIC, ScienceDirect, Taylor & Francis Online, and ProQuest Disserta-
tion). Despite being one of the most widely utilized citation databases globally, Scopus
was not used in this study as journals with a relatively short history tend to be excluded
from the Scopus database due to its strict standards. Second, only English-written articles
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were included, and non-English-written articles were excluded. Moreover, articles pub-
lished before 2000 were excluded. AI in education has impressively grown and evolved
since the beginning of the new millennium, along with the development of AI technol-
ogy [52]. Since other systematic review studies tend to examine articles published after
2000 (e.g., [4,5]), the meaning of AI in those articles might differ from those published
before 2000. Thus, articles published between January 2000 and June 2022 were included
in this study. Third, all collected articles were imported into EndNote 20, and duplicated
articles were excluded. One thousand twenty-four articles were obtained through these
screening processes (see Figure 2).

Table 1. Search string used for retrieving relevant articles (keywords *).

AI-Related Terms Mathematics-Education-
Related Terms

Elementary-Education-
Related Terms

“artificial intelligence”
“deep learning”

“machine learning”
“chatbot” “robot”*
“intelligent tutor”*
“automated tutor”*
“neural network”*

“expert system”
“intelligent system”
“intelligent agent”*
“virtual learning”

“natural language processing”

“mathematics”
“math”

“geometry”
“arithmetic”
“addition”

“subtraction”
“multiplication”

“division”
“fraction”
“decimal”

“elementary”
“primary”

“Grade 1” to “Grade 6”
“first grade” to “sixth grade”

“child”*
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Fourth, I read each article and selected articles examining the effects of AI on elemen-
tary students’ mathematics achievement and providing statistical information to calculate
the effect size. For example, studies focused on science and engineering education and
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analyzing secondary and post-secondary school students were excluded. Moreover, this
study examined both experimental studies with the control group and non-experimental
studies without the control group, following the guidance of a previous meta-analysis
on education [53]. Because educational studies are likely to have a limited number of
experimental studies, excluding non-experimental studies might not be able to provide
sufficient data to implement meta-analysis [53]. A total of 21 articles with 30 independent
samples were obtained through this screening process.

3.2. Coding Procedure

This study developed data-driven codes grounded in the collected data [54], but the
previous literature (e.g., [5,50]) was reviewed to guide and check theoretical sensitivity [55].
Each moderator variable included several sub-categories considering the characteristics
of collected articles (see Table 2). For example, this study only developed eight codes
among the various mathematics learning topics because other topics did not exist in the
collected articles. Additionally, while multiplication is a sub-area of arithmetic, this study
categorized them into different codes, as some studies only examined multiplication [45],
and other studies examined more than two arithmetic skills [56]. Moreover, the AI type
was classified into ALS, ITS, and robotics, as other types of AI were not used. The validity
of the developed codes and coding process was verified by three researchers who have
expertise in mathematics education and educational science, while they did not participate
in the study as co-authors.

Table 2. Coding schemes.

Dimension Variable Sub-Category

Research
characteristics

Research type -Journal paper, Dissertation

Research design -Experimental study, Non-experimental study

Sample size -1–40, 41–80, 81–120, Over 120

Opportunity to learn

Mathematics
learning topic

-Determining areas, arithmetic, decimal
numbers, finding patterns, fractions,
multiplication, ratio and proportion,

spatial reasoning

Intervention
duration -1–5 h, 6–10 h, over 10 h

AI type -ALS, ITS, Robotics

Grade level -Grade 1 to 6 and mixed grade

Organization -Group work, Individual learning

3.3. Data Analysis

A comprehensive meta-analysis program [57] was used to examine the collected
articles. First, Q statistics and I2 values were calculated to examine heterogeneity. The
Q statistics examined the common population effect size of all studies, and a significant
Q value indicated that the effect sizes significantly vary across studies [57]. I2 value
examined the proportion of variability in the results across studies, which is not due to
chance but real differences. If the I2 value was greater than 50%, it would be appropriate
to use the random-effects model and examine the reasons for the variance in effect sizes by
implementing moderator analysis [46,57].

Second, the effect sizes of individual studies were calculated to estimate overall effects.
When effect sizes were not reported in the study, relevant data (e.g., mean, standard
deviation, sample size, and correlation) were used to calculate the effect size. This study
used Hedges’ g [58] to calculate the effect size because Cohen’s d is likely to overestimate
the outcomes [46]. The value of Hedges’ g can be interpreted as small (between 0.20 and
0.50), medium (between 0.50 and 0.80), and large effects (higher than 0.80) [57]. When a
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single study reported effect sizes of different samples (e.g., one for females and another for
males), each effect size was treated as an individual sample study [53].

Third, the publication bias was examined to check whether articles with statistically
significant results were more likely to be included in the meta-analysis than studies with
non-significant results [57]. The funnel-plot method analyzed the distribution of the effect
sizes with visualized information. A symmetrical distribution around the mean indicates
an unbiased effect size, whereas an asymmetrical distribution represents a publication
bias. Thus, when asymmetry distribution was detected, the trim-and-fill method was
used to compare the difference between observed and adjusted (e.g., imputed) effect
sizes. Moreover, classic fail-safe N and Orwin’s fail-safe N tests were used to examine the
publication bias [57].

Fourth, a moderator analysis was conducted to examine the effects of different vari-
ables on the overall effect sizes. The significant differences among groups were examined
using a QB test, which is similar to ANOVA. Thus, a significant QB indicates heterogeneity
among the groups and indicates that the effect sizes could be partially affected by the
moderator variables [46].

4. Results
4.1. Overall Effect Size of AI on Mathematics Achievement

The review process identified 21 articles consisting of 30 independent samples. A total
of 3 of the 30 independent samples had a negative effect, and 27 had a positive effect. The
result of heterogeneity analysis showed a significant variance among effect sizes. The Q
statistics was significant (Q = 83.225; df = 29; p < 0.001), and the I2 value was moderately
high (I2 = 65.155). These results indicated that the variance among effects was partially
affected by other variables and supported the necessity of moderator analysis. Considering
the results of heterogeneity analysis and characteristics of this study (examining the overall
effect sizes with different mathematics learning topics, AI type, and samples), this study
adopted the random-effects model to analyze the collected data [57].

The overall mean effect size was small and significant. Under the random-effects
model, the overall weighted mean effect size was 0.351 (SE = 0.072, k = 30, 95% CI:
0.221–0.471, Z = 5.756, p < 0.001). Regarding report type (see Table 3), 26 effect sizes
were reported as published journal articles, and 4 effect sizes were reported as unpublished
dissertations. The summary effects of journal articles (g = 0.368*) was higher than the
summary effects of dissertations (g = 0.194). However, the difference was not significant
(QB = 0.708, df = 1, p = 0.400).

Table 3. Moderator analysis for research characteristic variables.

Moderator
Variable

Subgroup K
Effect Size 95% CI Between-Groups

Effectg SE LL UL

Research type
Journal 26 0.368 * 0.065 0.242 0.495 QB = 0.708

p = 0.400Dissertation 4 0.194 0.197 −0.193 0.581

Research
design

Experimental study 16 0.284 * 0.086 0.115 0.453 QB = 1.253
p = 0.263Non-experimental study 14 0.422 * 0.088 0.249 0.594

Sample size

1–40 9 0.545 * 0.130 0.290 0.801

QB = 2.858
p = 0.414

41–80 12 0.290 * 0.099 0.096 0.484

81–120 6 0.288 * 0.140 0.013 0.562

More than 120 3 0.310 0.180 −0.043 0.662

Note. LL and UL refer to lower and upper limits. * p < 0.05.

With regard to the research design, 16 studies used experimental conditions, while
14 studies used non-experimental conditions. However, the difference between the sum-
mary effects of experimental studies (g = 0.284 *) and the non-experimental studies
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(g = 0.422 *) was not significant (QB = 1.253, df = 1, p = 0.263). Moreover, the sample
size did not show a significant moderating effect (QB = 2.858, df = 3, p = 0.414). In summary,
the non-significant moderating effects of three research characteristic variables indicated
that the overall effect sizes were not significantly affected by the differences in research type,
research design, and sample size. Therefore, this study combined articles with different
research characteristics and analyzed them to examine OTL variables’ influence. Table 4
shows information on the selected studies.

Table 4. Information on selected studies.

Research
Characteristics Opportunity-to-Learn Variables

Study g SE Type and
Design

Sample
Size

Learning
Topic

Duration
(hours) AI Type Grade

Level Organization

Bush [40] 0.315 0.128 J-EX 297 Fractions 10 ALS 4, 5 Individual

Christopoulos et al. [59] 0.060 0.200 J-EX 100 Arithmetic 8 ALS 3 Individual

Chu et al. [60] 0.545 0.183 J-EX 124 Fractions 1 ITS 5 Individual

Chu et al. [42] 0.777 0.193 J-EX 116 Fractions 2 ALS 3 Individual

Fanchamps et al. [39]-(1) 0.194 0.187 J-Non 62 Finding
patterns 9 Robotics 5, 6 Group

Fanchamps et al. [39]-(2) 0.09 0.174 J-Non 62 Finding
patterns 9 Robotics 5, 6 Group

Francis et al. [44] 0.959 0.199 J-Non 37 Spatial
reasoning Over 30 Robotics 4 Group

González-Calero et al. [10]-(1) 0.118 0.242 J-EX 74 Spatial
reasoning 2 Robotics 3 Group

González-Calero et al. [10]-(2) 0.636 0.249 J-EX 68 Spatial
reasoning 2 Robotics 3 Group

Hoorn et al. [45] 0.83 0.134 J-Non 75 Multiplication — Robotics — Individual

Hou et al. [61] 0.554 0.223 J-Non 53 Decimal
numbers 3 ALS 5, 6 Individual

Hwang et al. [12]-(1) −0.013 0.192 J-EX 109 Determining
areas 2 ALS 5 Individual

Hwang et al. [12]-(2) 0.418 0.194 J-EX 109 Determining
areas 2 ALS 5 Individual

Julia and Antoli [62] 0.613 0.451 J-EX 21 Spatial
reasoning 8 Robotics 6 Group

Laughlin [63]-(1) −0.158 0.295 D-EX 46 – – Robotics 4 Group

Laughlin [63]-(2) 0.198 0.296 D-EX 46 – – Robotics 5 Group

Lindh and Holgersson [64] 0.114 0.110 J-EX 331 – Over 50 Robotics 5 Group

Moltudal et al. [9] 0.577 0.171 J-Non 40 – 4 ALS 5, 6, 7 Individual

Ortiz [65] 0.394 0.369 D-EX 30 Ratio and
proportion 15 Robotics 5 Group

Pai et al. [56]-(1) 0.303 0.213 J-EX 89 Arithmetic 3.5 ITS 5 Individual

Pai et al. [56]-(2) 0.169 0.212 J-EX 89 Arithmetic 3.5 ITS 5 Individual

Rau et al. [66]-(1) 0.216 0.128 J-Non 57 Fractions 5 ITS 4, 5 Individual

Rau et al. [66]-(2) 0.304 0.143 J-Non 57 Fractions 5 ITS 4, 5 Individual

Rau et al. [66]-(3) 0.136 0.138 J-Non 57 Fractions 5 ITS 4, 5 Individual

Rau et al. [67]-(1) −0.182 0.178 J-Non 32 Fractions – ITS 3, 4, 5 Individual

Rau et al. [67]-(2) 0.169 0.166 J-Non 37 Fractions – ITS 3, 4, 5 Individual

Rittle-Johnson and Koedinger [8]-(1) 1.639 0.443 J-Non 13 Decimal
numbers 2 ITS 6 Individual

Rittle-Johnson and Koedinger [8]-(2) 2.002 0.513 J-Non 13 Decimal
numbers 2 ITS 6 Individual

Ruan [68] 0.354 0.245 D-Non 18 – 1 ITS 3, 4, 5 Individual

Vanbecelaere et al. [41] 0.185 0.243 J-EX 68 Arithmetic 3 ALS 1 Individual

Note. (1), (2), and (3) show different samples within the same study. The dashed line (‘–’) shows that the study did
not provide information on the variable. Note: Regarding research type and design, J and D indicate published
journal articles and unpublished dissertations, respectively. EX and Non represent experimental (with control
group) and non-experimental (without control group) studies.
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4.2. Publication Bias

The analysis of the funnel plot showed an almost symmetrical distribution, indicating
the absence of publication bias [57]. The result of the trim-and-fill test also revealed a
similar outcome. As Figure 3 illustrates, one study might be missed to the left of the mean:
the observed and imputed effects were represented as open and filled circles. However,
the values of the observed mean effect size (open diamond) and the adjusted mean effect
size with the trim-and-fill method (filled diamond) were almost similar. The results of
other tests also support the absence of publication bias. The classic fail-safe N was 724,
indicating that nearly 724 studies were needed to nullify the mean effect size found in the
study. Similarly, Orwin’s fail-safe N was 164 at the level of 0.05 [19]. Therefore, while there
is little possibility of publication bias, the publication bias did not pose a significant threat
to study validity, and the major findings of this study were valid.
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4.3. Moderator Analysis

Based on the analytical framework of the study, the moderating effect of five OTL
variables was examined. Studies that did not provide information on moderator variables
were excluded during the analysis. Table 5 shows the results of the moderator analysis.

4.3.1. Mathematics Learning Topic

Regarding mathematics learning topics, fractions took the largest proportion (n = 8),
followed by spatial reasoning (n = 4), arithmetic (n = 4), and decimal numbers (n = 3). The
other topics included determining areas (n = 2), finding patterns (n = 2), multiplication
(n = 1), and ratio and proportion (n = 1). AI use produced significant mean effect sizes in
decimal numbers (g = 1.062 *), multiplication (g = 0.830 *), spatial reasoning (g = 0.600 *),
and fractions (g = 0.276 *). However, the effect was not significant in determining areas,
arithmetic, finding patterns, and ratio and proportion. The moderating effect was sta-
tistically significant (QB = 18.895, df = 7, p = 0.009), indicating that the effects of AI on
mathematics achievement vary according to the mathematics learning topic.

4.3.2. Intervention Duration

Of the 25 samples, 17 took between one and five hours, 5 took between six and 10 h,
and 3 took more than 10 h. It was found that the intervention duration of 1 to 5 h produced
a larger effect size (g = 0.488 *) than that greater than 10 h (g = 0.463 *) and 6 and 10 h
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(g = 0.210, p > 0.05). However, the differences across groups were not significant (QB = 2.330,
df = 2, p = 0.408).

4.3.3. AI Type

The AI type was a principal technology used for mathematics teaching and learning.
Eleven samples used robotics, and others used ITS (n = 11) and ALS (n = 8). The effective-
ness of the AI was not significantly different across different types of AI (QB = 0.057, df = 2,
p = 0.972). They all had positive effects on mathematics achievement. Robotics (g = 0.366 *)
had the largest effect size, followed by ALS (g = 0.362 *) and ITS (g = 0.333 *).

Table 5. Moderator analysis for OTL variables.

Moderator
Variable

Subgroup K
Effect Size 95% CI Between-Groups

Effectg SE LL UL

Mathematics
learning topic

Determining areas 2 0.201 0.204 −0.199 0.602

QB = 18.895
p = 0.009

Arithmetic 4 0.177 0.179 −0.130 0.571

Decimal numbers 3 1.062 * 0.237 0.604 1.534

Finding patterns 2 0.140 0.199 −0.249 0.530

Fractions 8 0.276 * 0.094 0.092 0.461

Multiplication 1 0.830 * 0.254 0.333 1.327

Ratio and proportion 1 0.394 0.427 −0.443 1.231

Spatial reasoning 4 0.600 * 0.170 0.265 0.933

Intervention
duration

1–5 h 17 0.488 * 0.100 0.291 0.684
QB = 2.330
p = 0.4086–10 h 5 0.210 0.155 −0.093 0.514

Over 10 h 3 0.463 * 0.200 0.071 0.856

AI type

ALS 8 0.362 * 0.117 0.133 0.591
QB = 0.057
p = 0.972ITS 11 0.333 * 0.110 0.130 0.536

Robotics 11 0.366 * 0.107 0.155 0.576

Grade level

1st Grade 1 0.185 0.303 −0.408 0.779

QB = 16.688
p = 0.005

3rd Grade 4 0.403 * 0.142 0.124 0.681

4th Grade 2 0.539 * 0.212 0.123 0.956

5th Grade 8 0.251 * 0.097 0.060 0.441

6th Grade 3 1.378 * 0.289 0.812 1.945

Mixed 11 0.240 * 0.074 0.094 0.386

Organization
Group work 10 0.298 * 0.113 0.076 0.520 QB = 0.325

p = 0.569Individual learning 20 0.375 * 0.074 0.230 0.520

Note. Because some studies did not provide information on moderator variables, the sum of some subgroups was
not 30. LL and UL refer to lower and upper limits. * p < 0.05.

4.3.4. Grade Level

Of the 29 independent samples, almost one-third of the studies examined mixed grades
(n = 11). Studies with fifth graders took the second largest proportion (n = 8), followed
by third (n = 4) and sixth (n = 3) graders. There was no study examining second graders.
Effect sizes were significantly different across the grade levels (QB = 16.688, df = 5 p = 0.005),
indicating that the effects of AI on mathematics achievement were different across the
grade levels. Except for studies on first graders, the effect sizes were statistically significant.
The studies with sixth graders (1.378 *) had the largest effect, followed by fourth (0.539 *)
and third (0.403 *) graders.

4.3.5. Organization

To measure the effectiveness of AI on mathematics achievement, 10 samples used
the group work strategy, and 20 samples used the individual learning strategy. The effect
sizes of both groups were significant: group work (g = 0.298 *) and individual learning
(g = 0.375 *). The findings revealed no significant difference between the two groups
(QB = 0.325, df = 1 p = 0.569).
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5. Discussion

Recently, AI has been seen as an essential educational resource to maintain sustainable
development and improve student achievement [2,11]. Despite the increasing attention
to AI, relatively little is known about the overall effectiveness of AI on elementary stu-
dents’ mathematics achievement. Considering that mathematics achievement during
the elementary school period affects students’ future mathematics learning and career
choices [23,29,30], this study examined the effects of AI on elementary students’ mathemat-
ics achievement using a meta-analysis.

This study examined 21 articles with 30 independent samples regarding the first re-
search question. This study found that the use of AI significantly and positively affected
elementary students’ mathematics achievement. The overall effect size was found to be
0.351 under the random-effects model. The positive effects of AI on mathematics achieve-
ment could be explained by responsive teaching [69] and constructionism [70]. According
to the National Council of Teachers of Mathematics (NCTM, [71]), effective mathemat-
ics teaching should be built on responsive teaching strategies. Teachers should examine
students’ mathematical understanding and errors and adjust their instruction to meet
student needs appropriately [72]. In responsive teaching environments, students’ ideas
are used as the basis for teacher instructions. Thus, students might engage in meaningful
mathematical learning with a high motivation level, resulting in improved mathematical
knowledge, skills, and achievement [69,71,73]. However, due to a lack of mathematical
knowledge, poor teaching strategies, and large class sizes, some mathematics teachers find
it challenging to adopt responsive teaching in classrooms [69].

AI could overcome such limitations. AI-based learning technologies, such as ALS and
ITS, could provide personalized teaching and feedback on the basis of students’ mathe-
matical understanding. With advanced technology (e.g., machine learning), AI contains a
variety of mathematical teaching strategies, problems, and information [1,2]. By analyzing
students’ problem-solving strategies and providing relevant mathematical knowledge and
problems to increase student understanding through one-on-one interaction, AI could
precisely examine and determine students’ mathematical understanding [40]. Because AI
can identify student progress and predict student achievement along with adaptive learn-
ing systems, it can provide efficient, responsive teaching environments for mathematics
learning [5]. Moreover, unlike the traditional mathematics classroom, students can receive
the same instructions whenever they want.

The positive effects of robotics on mathematics achievement are consistent with the
theory of constructionism [70]. According to constructionists, developed based on Piaget’s
constructivism, learning is achieved through individuals’ interaction with their environ-
ments [70,74]. Because individuals examine their ideas by using environments as a tool for
learning, they can solidify previous knowledge and construct new knowledge. Similarly,
the use of robotics in education could offer students a new learning environment. Through
multiple iterations, students could develop computer programs and manipulate robotics.
These meaningful experiences help them create new mathematical understanding and
improve their problem-solving abilities and achievement [39].

However, such an effect is small compared to previous studies’ effect sizes. Zheng
et al. [5] found the average effect size of AI on student achievement was 0.812, and Lin
et al. [47] reported an average effect size of 0.515. Moreover, the effect size was much
smaller than the findings of Athanasiou et al. [48] (g = 0.70) and Zhang and Zhu [17]
(g = 0.821), who examined the effects of robotics on student achievement.

Different target samples and disciplines might explain this difference. The current
study only reviewed articles analyzing elementary students’ mathematics achievement.
However, the studies examined covered elementary students to adult workers across
all disciplines. For example, Zheng et al. [5] reviewed 24 articles, including elementary
students (n = 6), secondary students (n = 7), post-secondary students (n = 10), and working
adults (n = 1). Moreover, the meta-analysis covered natural science (n = 6), social science
(n = 9), and engineering and technology science (n = 9) studies. Similarly, Athanasiou
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et al. [48], Lin et al. [47], and Zhang and Zhu [17] reviewed articles examining the effects of
AI (or robotics) on K-12 students’ learning achievement across all disciplines.

When comparing previous meta-analysis studies focusing on mathematics achieve-
ment, the effect size of this study (g = 0.351) was smaller than Steenbergen-Hu and
Cooper [28] (g = 0.65), larger than Fang et al. [38] and Steenbergen-Hu and Cooper [25]
(g was non-significant), and comparable with that of Ma et al. [19] (g = 0.35) and Liao and
Chen [49] (g = 0.372). However, those studies examined the effectiveness of ITS [25,28,38]
and technologies [49], not AI. The findings of this study distinguish the effectiveness of
AI from other types of technologies in previous reviews and provide new insight into the
roles of AI in elementary students’ mathematics learning.

Regarding research question 2, this study conducted moderator analysis with research
characteristics and OTL variables. The three research characteristic variables were found to
be insignificant, including research type (journal paper or dissertation), research design
(experimental or non-experimental study), and sample size. These findings revealed that
the effectiveness of AI was not affected by those research characteristics. Steenbergen-
Hu and Cooper [25] also reported that the moderating effects of research type, research
design, and sample size were not significant in the relationship between ITS and students’
mathematics achievement. Given similar findings in both studies, the non-significant
effects of research characteristics might be common among studies examining student
mathematics achievement with technology devices. However, further studies need to be
conducted to examine this assumption.

With regard to the moderator analysis with five OTL variables, the effects of mathe-
matics learning topic and grade level were significant. However, the moderating effects of
intervention duration, AI type, and organization were not significant. The non-significant
moderating effects indicated that AI positively affects elementary students’ mathematics
achievement, regardless of those variables. It is possible to infer from the significant moder-
ating effects that the characteristics of the two moderating variables may affect the effects
of AI to increase or decrease.

As for mathematics learning topics, previous studies have reported that the effects of
AI on student achievement differ by discipline [17,47]. This study supported the findings of
those studies and extended them by analyzing specific learning topics within mathematics.
AI produced positive effects on decimal numbers, multiplication, spatial reasoning, and
fractions, whereas the effects of AI on determining areas, arithmetic, finding patterns, and
ratio and proportion were not significant.

The non-significant effect sizes of those mathematical topics might originate from the
very small effect sizes of some studies. For example, in a study examining the effect of
robotics on students’ ability to find patterns, Fanchamps et al. [39] reported a small positive
effect of robotics on student achievement (g < 0.20). Similarly, Pai et al. [55] analyzed the
effects of ITS on fifth graders’ arithmetic ability and reported that ITS was more effective
than traditional teacher instruction with a very small effect size (g = 0.169). Christopoulos
et al. [58] analyzed the effects of ALS on student achievement in determing areas and found
almost no effect size (g = 0.060). Thus, it is possible to infer that while the effects of AI
on those mathematical topics were not statistically significant, AI usually has a positive
effect on students’ learning. However, as a meta-analysis, this study was unable to fully
explain the reasons for the small effect sizes of those topics. Further empirical studies can
examine them.

However, these findings contradict the findings of Harskamp’s (2014) study. Harskamp
reported that there was no significant difference across mathematics learning topics and
that computer technology positively affects all mathematics learning topics. Thus, it would
be safe to assume that the effects of AI on mathematics achievement might differ from
the effects of computer technology. This assumption is reasonable considering that some
conventional computer technology is operated by teachers, whereas almost all AI (e.g., ITS,
ALS, and robotics) tends to be used by students with autonomy, and teachers support their
learning as facilitators [3,13].
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This study also found that the effects of AI on elementary students’ mathematics
achievement have different effects according to different grade levels. Sixth-graders showed
the largest effect size, followed by fourth- and third-graders. Moreover, the effect of AI on
first-graders’ mathematics achievement was not significant. Vanbecelaere et al. [41] exam-
ined the effects of ALS on first-graders’ mathematic achievement in arithmetic and found a
very small effect size (g = 0.185). This showed that even though using ALS was effective
for students’ mathematics learning, it did not significantly improve their achievement.

This may be due to the fact that first-graders are too young to learn mathematics
without teachers’ active guidance. When students learn mathematics with ALS and ITS,
they need to manage their learning with learning strategies and skills [3,20,25]. Because
first-graders are easily distracted by environmental factors, they might be unable to focus
on mathematics learning. Consequently, due to their lack of learning strategies and atten-
tion to mathematics learning, the positive effects of AI on mathematics achievement might
decrease. In contrast, students of other grades could develop new learning opportunities
by exploring various mathematical ideas with personalized feedback [10,39,44]. Addition-
ally, AI might help students develop learning motivation and a positive attitude toward
mathematics [37], enhancing mathematics achievement.

The effect sizes of AI were not significantly different across three types of intervention
duration. Interestingly, the shortest duration (between one to five hours) had a larger
effect than the intervention duration of over 10 h. Additionally, the effect of intervention
duration between six and 10 h was not significant. This result indicated that the longer
intervention does not guarantee higher effects. Other studies have reported similar find-
ings [28,38]. These results could be interpreted that when students use new AI technology
for the first time, they might have curiosity and enthusiasm for using them, resulting in an
improvement in mathematics achievement. However, their attention might dimmish, and
the effects of AI might lower over time [17]. Then, the intervention with a duration greater
than 10 h might reinforce their learning motivation, and the familiarity and adaptability to
AI help them achieve high mathematics achievement [17].

The moderating effects of AI type (i.e., ALS, ITS, and robotics) and organization (i.e.,
group work or individual learning) were not significant, and the effects of all sub-groups
were significant. These findings support the findings of previous studies examining the
relationship between AI and achievement (e.g., [5]). Therefore, we could conclude that AI
is an effective mathematics learning method for elementary students, regardless of AI type
and organization.

6. Limitations

This study has five limitations. First, this study examined 21 studies with 30 indepen-
dent samples focusing on elementary students’ mathematics achievement. Thus, this study
could not ensure the generalizability of the findings to other participants and contexts. Sec-
ond, of the 30 independent samples, 14 samples did not use a control group and examined
1 group pre-post data. Although there was no significant difference between experimental
and non-experimental studies, readers should be cautious when interpreting our findings.
Third, due to the small amount of data performed at elementary school, this study could
not compare the effectiveness of learning mathematics with AI and conventional teacher
instruction. Fourth, this meta-analysis examined the effects of various moderator variables.
However, some important variables affecting student mathematics achievements, such
as teacher instructional style and classroom environment [29] and student socioeconomic
status [30], were not controlled. If these variables had been included in the study, the
findings of this study might be different. Fifth, this study only used six databases and
collected English-written studies. Researchers who use other databases and include non-
English-written studies might obtain different results. Considering the limitations of this
study, future studies might use different grade levels, databases, and moderator variables
to verify the study findings. Moreover, future studies might compare the effectiveness of
mathematics learning with AI and conventional teacher instruction.
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7. Conclusions and Implications

This study has three contributions to the existing literature. First, it examined the
overall mean effect size of AI on mathematics achievement using a meta-analysis. This
method helps synthesize the findings of previous empirical studies conducted at different
places and times with different samples [5,46]. Thus, the findings of this study help
researchers understand the current status of AI research in mathematics education and
the effects of AI on mathematics achievement. Second, this study examined the effects of
various moderating variables. This study considered three research characteristics and
five OTL variables to examine the moderator effects. Thus, this study could provide more
accurate information regarding how to implement AI to maximize its effectiveness. Third,
this study focused on elementary students’ mathematics achievement. Previous meta-
analyses on AI focused on secondary [38] and post-secondary students [7]. Thus, we have
limited information on how AI affects elementary students’ mathematics achievement. This
study extends previous studies on AI by examining elementary students.

This study suggested the following practical and research implications. As a practical
implication, teachers need to implement AI for mathematics teaching and learning. This
study shows that using AI positively affects elementary students’ mathematics achievement.
Thus, teachers should acquire relevant knowledge and skills and revise their lessons to
integrate AI into their daily mathematics classrooms. School leaders should also support
mathematics teachers to help them use AI with confidence. School leaders might provide
professional development to help teachers understand how to operate AI and use it for
teaching mathematics. Additionally, they could provide financial support to allow teachers
to buy AI-related devices and tools.

However, teachers need to be cautious when using AI. Using moderator analysis, this
study found that some environments are more effective in improving student mathematics
achievement. For example, the intervention between six and 10 h was less effective than the
intervention longer than 10 h. Moreover, AI was not effective in some mathematics learning
topics (e.g., Determining areas) and first graders. Therefore, teachers should consider the
effect of moderating variables and examine whether AI is effective in supporting student
mathematics learning.

As a research implication, researchers need to report statistics information more
accurately. This study used six databases to retrieve relevant articles. However, only
21 articles were used in this study. While many studies have examined AI to improve
elementary students’ mathematics achievement, most studies did not report accurate
statistics that could be used to calculate the effect size. Accurate statistical information
helps readers understand a study’s findings and is useful for future studies.

Moreover, some studies did not use control groups and implemented a one-group pre–
post research design. Considering that a one-group study only provides partial information
on the data, using an experimental condition could provide more detailed information
about the effectiveness of AI on elementary students’ mathematics achievement.

Mathematics education researchers also need to implement more diverse studies to
shed light on the effects of AI on student achievement. This study categorized AI types into
ALS, ITS, and robotics, as other types of AI were not found. However, researchers have
suggested different types of AI, such as teaching and diagnostic systems, assessment and
monitoring systems, and agent systems [5]. For example, Kaoropthai et al. [75] developed
a diagnostic test to examine students’ reading abilities. Based on the test results, they classi-
fied students into different clusters and provided personalized tutoring using data mining
techniques. Because the diagnostic system could analyze student strengths and weaknesses,
it could successfully predict student performance and provide effective feedback. Thus,
researchers studying elementary mathematics education need to use various types of AI to
examine the effectiveness of AI on student achievement accurately.
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