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Abstract

This paper explores the challenge of achieving consistent effectiveness in integrating
Mathematics Education Technology (MET) in K-12 classrooms, focusing on factors such
as technology type, timing, and instructional strategies. It highlights the difficulties
novice teachers face in optimizing MET compared to experienced educators, empha-
sizing the need to better understand the ideal duration and application of MET in vari-
ous teaching settings. This study proposes using Artificial Intelligence (Al) to predict
and optimize MET effectiveness, aiming to enhance student achievement. However,

a key challenge is the lack of comprehensive MET databases, prompting the explora-
tion of novel data collection methods and meta-analysis for educational data min-
ing. An Al-based predictive model is developed for MET, analyzing 423 publications
on its effectiveness in Chinese K-12 mathematics education. Nine Al-driven predictive
models were created, with the best-performing predictive model being eXtreme
Gradient Boosting, enhanced with L2 Regularization, Synthetic Minority Over-sampling
Technique—augmented Regression (SMOTER), and Active Learning. The proposed
model was further refined using Particle Swarm Optimization for hyperparameter tun-
ing and analyzed with Shapley Additive Explanations (SHAP) values to assess feature
importance. Numerical results indicated that the duration of MET usage is a critical
factor for optimization. A controlled experiment in a Mainland China middle school
validated the model’s efficacy, showing that model-guided MET significantly outper-
formed traditional methods. These findings offer valuable insights for bridging gaps
between novice and experienced teachers, promoting educational equity, and pro-
viding practical recommendations for improving MET integration in Mathematics
education.

Keywords: Predictive learning analytics, Educational data mining, Mathematics
education technology, Artificial intelligence, Active learning, Meta-analysis
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Introduction

During the COVID-19 pandemic, mathematics teachers were faced with unprece-
dented challenges in adapting to online teaching and learning (Callaghan et al., 2023).
The emergency deployment of Mathematics Education Technology (MET) became
a critical response to these challenges. In the post-pandemic era, the value of MET
in the mathematics classroom has been increasingly acknowledged by educators
(Ogbonnaya & Mushipe, 2020; Drijvers & Sinclair, 2024). However, while a substantial
body of research has examined the effectiveness of MET in mathematics instruction,
there remains an urgent need to explore its optimal usage (He et al., 2024).

One of the most significant challenges in implementing MET in K-12 mathemat-
ics education is achieving consistency in its effectiveness (Ran et al., 2022; He et al,,
2024). The success of technology integration in the mathematics classroom is influ-
enced by a multitude of complex factors, including the type of technology used, the
timing of its application, and the instructional strategies and content (Juandi et al,,
2021). Novice teachers often struggle to utilize technology as effectively as their
more experienced counterparts, who have mastered the integration of these elements
(Ferndndez-Batanero et al., 2021). The most pressing issue is determining the ideal
duration and type of technology to be employed across various instructional settings
and content areas (He et al., 2024). Systematically investigating this question through
traditional educational research methods is difficult, as such approaches are time-
consuming, costly, and unable to fully control for non-variable conditions in large-
scale trials.

Although artificial intelligence (Al) is widely regarded as the future of education (Zhai
et al,, 2021), it is already transforming a range of fields, including transportation, finance,
and healthcare. In education, traditional forecasting has heavily relied on the extensive
experience of seasoned educators, an approach prone to human error and often disad-
vantageous to less experienced teachers. However, the integration of Al into education is
fundamentally changing this dynamic (Hwang & Tu, 2021).

Recent studies have shown promise in using Al predictive models to forecast outcomes
such as student achievement, failure rates, and dropout rates (Yagci, 2022; Nabil et al,,
2021). In contrast, the primary challenge facing MET remains its inconsistent validity
and suboptimal application, with student achievement being the most crucial metric for
MET success. This underscores the potential of Al to construct robust predictive mod-
els of MET effect sizes, followed by feature selection, offering a new approach for K-12
mathematics educators. The aim of this study is to develop and validate such an AI-based
predictive model, ultimately providing educators with an evidence-based framework to
optimize MET usage and, in turn, enhance student achievement in mathematics.

Al-based predictive model relies heavily on large datasets (Aldoseri et al., 2023). How-
ever, a significant barrier to the widespread adoption of Al in MET is the scarcity of
comprehensive databases for MET research. Due to the absence of such databases, this
study seeks to explore novel data collection methods. The lack of a dedicated educa-
tional database for MET validity further highlights the need for an educational data min-
ing methodology tailored to this context. In social science research, meta-analysis has
proven to be a powerful tool for synthesizing validity-related data from multiple studies
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(Borenstein et al., 2021). Building on this, the authors propose leveraging meta-analysis
as a traditional statistical technique for educational data mining in predictive modeling.

This study introduces several technological innovations and contributions to the use
of Al in educational technology. First, in terms of utilizing Al for the assessment of edu-
cational technology, the authors propose a new data collection method based on meta-
analysis, which can be applied to large-scale educational experiments. Classification
modeling serves as the primary tool for predictive modeling aimed at student achieve-
ment, while the study also emphasizes the need for more research on regression mod-
eling in Al education development. By exploring educational data, this study examines
the optimization achieved through the combination of feature regularization, active
learning, and Synthetic Minority Over-sampling Technique (SMOTE) in Al models.
Additionally, it investigates feature selection techniques to optimize the effectiveness of
MET. In instructional practice, the predictive model developed in this study can pro-
vide mathematics teachers with evidence-based recommendations regarding the type
and duration of MET most suited to different instructional goals. On a broader level,
this study helps bridge the gap between novice and senior teachers, contributes to the
realization of educational equity, and offers valuable guidance for young teachers in their
professional development.

Related works

Predictive modeling is the development of mathematical models designed to assess
potential outcomes, which can subsequently provide valid information and evidence to
support decision-making and intervention strategies (Herodotou et al., 2019). The appli-
cation of predictive modeling in education has evolved into a specialized field known
as predictive learning analytics (PLA). PLA utilizes a range of statistical and analytical
techniques to predict future student behaviors and outcomes, including predicting stu-
dent achievement, providing early warnings for at-risk students, and analyzing student
engagement and satisfaction (Nyce & Cpcu, 2007). PLA has become central to research
in educational administration and pedagogical methods (Sghir et al., 2023), offering
valuable insights that not only enhance learning but also guide educators in refining
instructional strategies.

PLA introduces a distinct educational component that sets it apart from predic-
tive analytics in other fields. It is implemented in two stages: first, the creation of a
predictive model based on existing educational data, and second, the analysis of the
results derived from these models, grounded in educational principles. PLA can be
used both directly and indirectly to evaluate the success of educational policies and
assess the pedagogical competence of teachers. As predictive models evolve, the focus
in teacher education is shifting from “designing future instruction based on students’
current academic performance” to “using predictions of students’ future performance
to shape current instructional settings” This paradigm shift has significant implica-
tions for teaching practices. Furthermore, accurate judgments about academic pro-
gress have always been crucial for both students and educators. Such judgments not
only motivate students’ subsequent learning but also guide teachers’ pedagogical
decisions. Prior to the advent of PLA, accurately gauging academic progress was a
complex challenge due to the variability in content, difficulty, and knowledge required
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for different tests. However, Yang and Li (2018) successfully predicted the grades of
60 students and analyzed their academic progress by integrating a predictive model
with various scoring formulas.

Interestingly, in most PLA studies, the output of predictive models was often cat-
egorized according to academic achievement levels. This suggests that the primary
function of these models was classification. For instance, studies such as Strenze
(2007) and Kriiger et al. (2023), which aimed to predict student dropout rates, and
Yiiksel and Geban (2014), which focused on predicting whether students would
pass or fail, primarily employed binary categorization (positive or negative output).
However, some studies have taken a more nuanced approach by using performance
matrics to more comprehensively quantify academic achievement. These models
incorporated teacher evaluations, test scores, and assessments of students’ learning
potential and academic progress (Yang & Li, 2018). In Doz et al. (2023), for exam-
ple, Gaussian and trigonometric functions were applied to fuzzify teacher ratings and
student test scores, leading to new academic achievement scores, which were subse-
quently categorized into 10 levels.

Despite these advancements, predicting student achievement using regression mod-
els in K-12 mathematics education remains a significant challenge. A major hurdle in
developing educational predictive models lies in selecting appropriate data sources,
screening relevant features, and choosing suitable models. The review of prediction
models achievement in K-12 mathematics education reveals that most data sources
are open-source databases. For example, Acisli-Celik and Yesilkanat (2023) utilized
the Program for International Student Assessment (PISA) dataset, compiled by the
Organization for Economic Co-operation and Development (OECD), which includes
data from 12 countries, including Brazil and Japan. The release of PISA’s open-access
dataset has significantly advanced the application of AI techniques in compara-
tive education. Moreover, many institutes widely use datasets from the Portuguese
Department of Educational Statistics (Aslam et al., 2021; Ng et al.,, 2021; Keser &
Aghalarova, 2022), underscoring the limited availability of publicly accessible educa-
tional datasets. Despite an extensive search, the authors found no datasets that spe-
cifically address the validity of MET.

When selecting predictors for PLA models, studies typically categorize them into
three types, depending on the purpose of the prediction: student-related, teacher-
related, and institution-related (Sghir et al., 2023). In previous studies, the predic-
tors include students’ prior academic performance, demographic characteristics (e.g.,
gender, age, place of birth, international background), and other features, which vary
depending on the research objectives. Regardless of the specific goal of the educa-
tional prediction model, the choice of predictors is guided by the pedagogical princi-
ples underlying the research.

MET currently lacks a strict, universally accepted definition. However, for the pur-
poses of this study, MET is understood as any educational technology used within
mathematics education, which primarily includes three categories: dynamic math-
ematics software (DMS) such as GeoGebra and MATLAB, visual augmentation or
virtual reality, and Al-enabled smart classrooms. Among these, DMS is perhaps the
most impactful. The effectiveness of DMS in enhancing mathematics teaching and
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learning has been widely acknowledged. However, some studies argued that students
performed better in mathematics using traditional teaching methods, without MET
(Setyani & Lestari, 2016). Therefore, the authors believe that meta-analytic studies,
which consider the largest body of relevant research, are essential for evaluating the
impact of MET on student achievement.

The positive impact of DMS on mathematics performance improvement was dis-
cussed in a meta-analysis as early as 2014, albeit with a small sample size of only nine
studies (Gilinhan & Acan, 2016). They explored literature from Turkey between 2006 and
2015, examining the positive effects of MET on geometry achievement while account-
ing for moderating variables such as grade level, experiment duration, sample size, and
publication type. Further meta-analyses, such as Hillmayr et al. (2020), have investigated
the potential of digital tools to facilitate learning in secondary school mathematics and
science, showing that MET had the most significant impact among all digital tools.

Xie et al. (2020) conducted a meta-analysis of 36 studies on computer-assisted instruc-
tion (CAI) from mainland China, focusing on how different pedagogical approaches
combined with CAI influence its effectiveness. This body of research underscores the
importance of CAI in Chinese education. Additionally, Juandi et al. (2021) reviewed
studies from 2010 to 2020, concluding that students using GeoGebra outperformed their
peers in traditional classrooms. Moreover, Zhang et al. (2023) showed that the specific
mathematics topics and processing time significantly moderated the effect sizes of these
interventions.

Recent research by Cevikbas et al. (2023) suggests that Augmented Reality (AR) and
Virtual Reality (VR) can create interactive, immersive mathematical environments that
enable students to explore mathematical concepts in a more engaging and intuitive way.
These technologies allow students to visualize complex concepts through simulations,
enhancing problem-solving skills. A meta-analysis of AR/VR applications in mathemat-
ics teaching found significant positive effects, with age-appropriate content being a sig-
nificant moderator. Further analysis by Chang et al. (2022) confirmed that integrated
AR instruction leads from moderate to large improvements in students’ knowledge and
skills, with longer AR interventions potentially producing greater benefits.

Smart classrooms, which integrate advanced technologies to optimize learning experi-
ences, are another promising area in MET. These classrooms combine various technolo-
gies such as mobile devices, automated communication tools, video projectors, sensors,
and facial recognition software (Mircea et al., 2021). According to Chang et al. (2024),
the use of smart classrooms has a significant positive impact on student achievement.
The study further indicates that factors such as the type of smart classroom, instruc-
tional strategies, sample size, and school location influence the effectiveness of these
interventions.

While significant progress has been made in research on PLA and MET, substantial
gaps remain, particularly at their intersection, where no comprehensive and feasible
research framework has yet been proposed. One major challenge is the lack of publicly
available datasets on MET effectiveness, as large-scale educational experiments are
costly. As a result, most studies rely on generalized educational datasets such as PISA,
which do not specifically focus on MET, limiting the scope of targeted research in this
area. Additionally, PLA research predominantly focuses on categorical predictions of
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student achievement (e.g., pass/fail classification or dropout risk), with limited adoption
of finer-grained performance matrices or fuzzy scoring methods, leading to an incom-
plete understanding of students’ academic progress. Furthermore, while PLA has been
applied to assess teachers’ instructional competence and support decision-making in
instructional strategies, little attention has been given to leveraging technology to refine
teaching practices, resulting in limited support for optimizing educational interventions.

Moreover, most meta-analyses of MET fail to account for geographic and cultural
influences, often emphasizing broad trends while overlooking context-specific edu-
cational settings. For instance, research on the long-term effects of MET in mainland
China is extremely limited, making it difficult to assess its sustained impact within
the country’s unique educational framework. Additionally, the effectiveness of MET
is influenced by multiple moderating variables, such as grade level, type of technol-
ogy, duration of use, and instructional strategies. However, the interactions among
these variables remain largely unexplored, restricting our understanding of how MET
functions across different instructional contexts. It is urgent and necessary to develop
educational data mining-driven predictions that systematically analyze these interac-
tions, optimize the use of METs in a variety of teaching and learning environments,
and deepen our understanding of their role in mathematics education.

Methodology

This study aims to model the effectiveness of MET and to determine the optimal
time for its use in specific educational settings by employing Al predictive models.
Specifically, the study integrates meta-analysis—driven educational data mining with
advanced machine learning optimization techniques to overcome the limitations of
traditional large-scale experiments, identify influential predictors, and validate the
model’s applicability in real classroom contexts. Building upon these objectives, the
methodology is structured around four sequential research questions, each corre-

sponding to a distinct stage of the research process:

1. In the absence of large-scale educational experiments, can meta-analysis—driven
educational data mining and regression modeling accurately predict the effect size of
MET on K-12 students’ mathematics learning outcomes?

2. How can advanced optimization techniques (e.g., SMOTER, Active Learning, Parti-
cle Swarm Optimization) improve the predictive performance of regression models
in estimating MET effectiveness?

3. Within the best-performing predictive model, which pedagogical, content-related,
and technological variables most significantly influence MET effectiveness?

4. In real classroom experiments and external validation, can the predictive model
effectively guide MET implementation strategies and generalize to diverse instruc-

tional contexts?

As outlined in Brooks and Thompson (2017), constructing an educational prediction

model consists of six steps: problem identification, data collection, preprocessing,
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Fig. 1 Research framework of educational prediction model

feature screening, model building, and model testing to ensure model robustness and
validity (shown in Fig. 1).

To address these research questions while adhering to the essential steps of predictive
modeling in AIED, an integrated meta-analysis—based framework was developed. This
framework systematically combines problem-solving strategies with model-building
procedures. The research process encompasses several stages: data collection through
meta-analysis, data preprocessing, and subsequent data analysis, designed to address the
lack of relevant databases and the impracticality of large-scale teaching experiments.

Following meta-analysis and feature screening, a rigorous comparative evaluation of
predictive models was conducted. Advanced optimization techniques were incorporated
to enhance performance, and the optimal model identified was subsequently adopted to
support the application of MET in specific instructional contexts. To improve interpret-
ability, SHAP values were employed as a post-hoc explainability tool, enhancing model
transparency and providing insights into the relationships between predictors and out-
comes. Finally, to ensure robustness and generalizability, real classroom data were sub-
jected to statistical validation, including t-tests, p-tests, and external evaluations. The
complete research process is illustrated in Fig. 2.

Problem identification

The objective of this study is to develop a predictive model to assess the effectiveness
of mathematics pedagogy in K-12 students’ learning. Additionally, the study aims to
identify the optimal timing for implementing specific teaching strategies, based on the
model’s predictions. Building on previous research, the authors recognize that effect size
is a continuous variable that can be categorized into different ranges. However, given the
intuitive nature of continuous outputs for decision-making in classroom settings, this

study employs regression modeling to predict the continuous values of effect size.

Data collection
For the collection of data from existing literature, this study adheres to the criteria
set forth by the Preferred Reporting Items for Systematic Reviews and Meta-Analyses
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Table 1 PICO protocol for this study

Population Intervention Comparison Outcome

Effectiveness of
MET in the studies

Whether or not
MET is used

Experimental or
quasi-experimental
studies using MET for
mathematics teaching

Setting in which
MET is used in
different studies

(PRISMA) guidelines (Petersen et al., 2015), which provide a framework for literature
search, screening, and data extraction from comparative experiments.

According to PRISMA, the initial step in a literature search is to define and screen the
search terms. However, given that this study focuses on the application of MET in K-12
mathematics education, a broad range of related keywords are employed (see Table 1).
To ensure precise retrieval of relevant literature addressing the specific research ques-
tion, the PICO model is utilized to structure the literature search. The PICO model,
derived from evidence-based medicine, stands for: P (Population), I (Intervention), C
(Comparison), and O (Outcome) (Moher et al., 2009). In this study, Population refers
to experimental or quasi-experimental studies involving MET in teaching and learning;
Intervention pertains to the use or non-use of MET; Comparison describes the various
settings in which MET is applied across studies; and Outcome refers to the effectiveness
of MET as reported in the studies. A detailed breakdown of the PICO elements is pro-
vided in Table 1.

According to the PICO model, the literature included in this study must focus on
the effects of MET on K-12 students’ learning of mathematics. Furthermore, the stud-
ies selected should be experimental or quasi-experimental in nature. However, to avoid
limitations arising from the use of narrow secondary keywords, the scope of the liter-
ature search is expanded to include all keywords related to K-12 students’ mathemat-
ics learning. Specifically, secondary keywords are broadened, ensuring that the search
encompasses all relevant terms. In this study, the literature on the application of MET
in K-12mathematics education is retrieved primarily through Boolean operators such as

Page 8 of 42
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Table 2 Search keywords

Related to MET Related to K-12 student’s mathematics learning
GeoGebra, Sketchpad, Elementary Mathematics,

Board, Interactive board, Middle School Mathematics,

Smartboard, Smart Classroom, High School Mathematics,

Computer Assisted Instruction, K-12 Mathematics,

Dynamic Mathematics Software, Mathematics Teaching,

Advanced Reality, Mathematics Learning,

Virtual Reality Mathematics Instruction

“or" and “and". Keywords related to MET are combined with those related to K-12 math-
ematics learning, as detailed in Table 2 during the retrieval process.

To collect data, this study conducted a literature search in China National Knowledge
Infrastructure (CNKI), one of the most authoritative Chinese literature repositories, as
well as in four widely used English-language abstract and citation databases: Web of Sci-
ence, Springer, Science Direct, and Taylor & Francis. Furthermore, given the extensive
body of master and doctoral theses related to MET research in the context of China’s
higher education reform, and recognizing that these dissertations were rigorously dou-
ble-blind peer-reviewed, the experimental data presented in these postgraduate theses
were also included in the analysis. All studies included in this research must meet the

following six criteria:

The study must be published between January 2017 and February 2023.
The study must be of experimental or quasi-experimental design.
The study must have a control group and an experimental group.

e

The study must focus on mathematical academic learning in K-12 students from

mainland China.

5. Student achievements in mathematics must be included as one of the outcome vari-
ables.

6. The mean and standard deviation of students’ mathematical achievements and the

number of students must be recorded for both the experimental and control groups

before and after testing.

Based on the above keywords, search databases and adoption criteria, there are 423
studies are considered as individual data for data counting and coding. All the screen-
ing processes are carried out in full compliance with the PRISMA guidelines (Page et al.,
2021), with details as shown in Fig. 3.

Selection of predictor variables and coding plan

Based on the previous research, potential moderators (features) that may influence
the effectiveness of MET on K-12 students’ mathematics learning include mathemati-
cal topics, mathematical abilities, teaching methods, educational assessment meth-
ods, teaching content, and grade levels (Maafl & Artigue 2013). According to the
data collection process of this study, teaching content may include multiple topics
within the same study. Therefore, it will also be included as one of the features in this
study. Additionally, the type of technology used, the duration of MET usage, and the
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Fig. 3 PRISMA flow diagram

sample size (i.e., the total number of experimental and control group participants)
are included as moderators in the meta-analysis and as predictors in the predictive
modeling.

Mathematical topics in K-12 schools range from basic to advanced, and in this study;,
the moderators are divided into three categories: basic concepts, advanced mathemati-
cal concepts, and mathematical skills (Akin, 2022). These categories describe whether
the primary goal of using MET is to teach different types of content or to cultivate math-
ematical abilities. Through previous research, students’ mathematical abilities are pri-
marily reflected in numerical, spatial, and problem-solving abilities. The moderator for
mathematical abilities in this study will also follow these three classifications. Unlike the
moderator of mathematical topics, the moderator of mathematical abilities specifically
describes the types of mathematical abilities that teachers aim to cultivate through MET.

The combination of MET with different teaching methods has always been a popular
topic in MET-related research. Some studies on technology-related teaching practices
have found that designing engaging teaching methods can promote student participa-
tion in the classroom (Attard & Holmes, 2020). Previous research indicates that MET is
often combined with traditional teaching, constructivist teaching, and situated teaching
(Maaf & Artigue 2013). According to regression analysis in the literature, most studies
suggest that combining MET with traditional teaching provides students with oppor-
tunities to try activities, improving their learning and helping them develop creativity
and critical thinking skills (Baye et al., 2021). Additionally, some studies suggest that
combining MET with constructivist teaching is more motivating and more effective than
pure constructivist teaching in improving students’ learning outcomes (Li & Ma, 2010;
Zengin et al., 2012). Therefore, the moderator of teaching methods in this study will be
divided into three categories: combined with traditional teaching, combined with con-
structivist teaching, and combined with situated teaching.

Page 10 of 42
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Educational assessment is the systematic process of making value judgments about
the educational and learning behaviors of teachers and students (Carver et al., 2016).
There are various standardized assessment methods, such as diagnostic assessment,
process assessment, and summative assessment, which focus on different aspects of
goals and learning processes (Jing, 2012). However, during the data collection process,
the authors found that almost all studies focused on results or a combination of results
and processes in educational assessment, with no studies focusing solely on the learning
process. This may be related to the educational assessment policies in the data source
countries. Therefore, the educational assessment moderator in this study will be classi-
fied into two categories: focusing on results and focusing on both results and process.
For the grade level moderator, the authors categorized it according to the Chinese edu-
cation system: primary school (grades 1-6), middle school (grades 7-9), and high school
(grades 10-12).

During the data collection process, the authors found that many studies included more
than one teaching content, with the maximum being three different teaching topics.
Therefore, for the teaching topic moderator, the authors will divide it into three inde-
pendent moderators: Teaching Content 1, Teaching Content 2, and Teaching Content
3. The classification of these moderators will depend on the characteristics of K-12
mathematics education in the data collection regions, and will include functions, plane
geometry, three-dimensional geometry, statistics, vectors, and calculations. Some stud-
ies do not include Teaching Content 2 and Teaching Content 3, and for these studies, the
moderator will be classified as ‘No. At the same time, since the classification of Teaching
Content 2 and Teaching Content 3 is far less rich than Teaching Content 1 in the data
collection process, the authors will write the coding plan according to the actual situa-
tion (as shown in Table 3). Additionally, this study includes two continuous features: the
duration of MET usage and sample size (the total number of participants in the experi-
mental and control groups).

During the data collection process, in addition to the data on potential moderators
(features) described above, the authors also collected data from studies in each of the
included publications. This included sample sizes, variance and mean scores for pre-
tests and post-tests for both the control and experimental groups.

This study is based on the PRISMA framework, and first focuses on data collection
regarding the application of MET in K-12 students’ mathematics learning. A total of 423
effect sizes were collected and calculated from 423 studies. Additionally, 11 potential
moderator variables (predictors) that may influence the effectiveness of MET were sta-
tistically analyzed for these 423 studies. To ensure accuracy, the researchers developed
a detailed coding plan, as shown in the Table 3. The statistical process was completed
independently by two researchers, and the consistency was tested using the Kappa coef-
ficient. The Kappa coefficient was found to be 1.0, indicating high reliability.

Definition of predicted outcome

Since this study aims to address the effectiveness of MET on K-12 students’ mathemat-
ics learning, the statistical measure of effect size will be chosen. Previous studies usually
choose Cohen’s / and Hedges’ g as effect size estimations. Comparing with Cohen’s 4,
Hedges’ g provides high accuracy in small samples (Borenstein et al., 2021). Therefore,
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Table 3 Coding plan for potential moderators (features)

Potential moderators (Features) Feature type Code plan
Mathematics topics Classification

Mathematical abilities 1
Foundation mathematical concepts 2
Higher-level mathematical concepts 3
Teaching content 1 Classification

Three-dimensional geometry 1
Plane geometry 2
Functions 3
Calculations 4
Statistics 5
Vectors 6
Teaching content 2 Classification

Three-dimensional geometry 1
Plane geometry 2
Functions 3
No 4
Teaching Content 3 Classification

Statistics 1
Plane geometry 2
Functions 3
No 4
Mathematical abilities Classification

Numerical Ability

Spatial Skills 2
Problem-solving ability 3
Grade level Classification

High school 1
Middle school 2
Primary school 3
Educational assessment methods Classification

Focus on both purpose and process 1
Focus on the purpose 2
Teaching methods Classification

Combine with constructivist teaching 1
Combine with scenario-based teaching 2
Combine with traditional teaching 3
Type of tech Classification

DMS 1
VR/AR 2
Al smart classroom 3
Sample size Continuous Integers from 33 to 180
MET usage time Continuous Integers from 1 to 120

Hedges’g is used as the prediction result in this study. The statistical data provided in the
adopted studies include: (1) the sample size of the experimental and control groups; (2)
the students’ achievements of the experimental and control groups, before and after the
experiment; (3) the variance of students’ achievements of the experimental and control
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groups, before and after the test; and (4) the correlation coefficient, r. Therefore, the

effect size Hedges’ g for each of the adopted publications was calculated.

Data pre-processing

Data collection follows the PRISMA framework, which may introduce publication bias,
as studies with positive outcomes are more likely to be published. To assess whether the
dataset is resistant to this bias, four tests are conducted: the funnel plot, fail-safe N test
(FSN), Orwin’s FSN, and Duval and Tweedie’s trim-and-fill test (Borenstein et al., 2021).
Following this, a meta-analysis is performed on the 423 studies to calculate the average
effect size of MET in K-12 students’ mathematics learning. This effect size will be used
as an optimization target for temporal feature selection in predictive models.

To further refine the optimal timing for MET use across different instructional pur-
poses (e.g., mathematical topics, abilities), grade levels, and teaching methods, subgroup
analyses will be conducted. These analyses will examine how various moderators (pre-
dictor variables) influence the MET effect size, complementing the feature selection pro-
cess and serving as secondary optimization objectives.

Predictive model building and optimization

The regression models selected for this study are: linear regression (LR), Bayesian regres-
sion (BR), support vector regression (SVR), decision tree regression (DT), random for-
est regression (RF), gradient boosting (GB), artificial neural network (ANN), k-nearest
neighbor (KNN), and eXtreme Gradient Boosting (XGB).

To improve the model performance, this study begins by characterizing the dataset.
Previous educational data indicate potential relationships between various features.
For instance, when teaching plane and three-dimensional geometry, teachers often
emphasize spatial imagination rather than computational skills. Furthermore, higher-
level mathematical content is seldom introduced at the elementary school level. There-
fore, addressing these feature interrelationships is crucial, as they may hinder model
performance.

To manage this issue, the study incorporates L2 regularization, also known as Ridge
Regression. This is a commonly used technique in machine learning that helps prevent
overfitting and enhances model generalization (Cortes et al., 2012; Bishop, 2006). This
method adds a penalty term to the original loss function, the sum of the squared model
parameters. By doing so, L2 regularization controls model complexity and limits the size
of the coefficients (Cortes et al., 2012). Additionally, it helps address multicollinearity by
shrinking highly correlated coefficients, making the model more stable and interpretable
(Hoerl & Kennard, 1970). The loss function with L2 regularization is defined as follows:

V4
Loss = LosSoriginal + 4 Z /3]»2,
j=1

where Lossoriginal represents the original loss function (e.g., Mean Squared Error), / is the
regularization parameter that controls the penalty term’s weight, and §; are the model

parameters.
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The dataset imbalance may also impact the performance of the prediction model.
In an imbalanced dataset, the number of instances in the minority class is typically
smaller than in the majority class, leading to biased predictions and poor model per-
formance (Fernandez et al., 2018). According to the literature review, the SMOTE has
shown strong optimization capabilities in similar contexts (Pujianto et al., 2020; Nabil
et al., 2021). While SMOTE is typically used in classification tasks to address data-
set imbalance, this study, being regression-oriented, applies the SMOTE-augmented
Regression technique (SMOTER), which has proven to improve performance in such
cases (Camacho et al., 2022).

Moreover, this study will also explore the use of Active Learning (AL), a relatively
new technique designed to address dataset imbalance without increasing the sample
size. AL works by iteratively selecting the most informative data points from a pool
of unlabeled data, labeling them, and updating the model with the new labels. This
method can be tailored to focus on querying instances from the minority class, ensur-
ing the model receives a more balanced set of labeled data. As a result, the model’s
ability to learn the characteristics of the minority class is improved (Ertekin et al.,
2007).

AL typically performs well with large datasets, where the benefit of selecting the most
informative samples is more evident (Gal et al., 2017). However, since the dataset in
this study is relatively small, the advantage of selecting informative samples may not be
as obvious. To overcome this challenge, the study refers to the approach of combining
AL with an oversampling technique (Wang et al., 2020), which has demonstrated good
results with unbalanced small datasets. Therefore, this study will first apply the SMOTER
technique, which is more advanced than traditional oversampling, to extend the dataset.
AL optimization will then be employed to further improve the model’s performance.

Overall, this study will evaluate and compare the performance of the nine prediction
models mentioned earlier under three different optimization frameworks: (1) Base
Model, (2) SMOTER with L2 regularization, and (3) SMOTER with AL and L2 regu-
larization. After selecting the optimal model based on the test metrics and theoretical
framework, the authors will then proceed with the hyperparameter optimization for
the proposed model. Unlike the less efficient Grid Search, a Particle Swarm Optimi-
zation (PSO) algorithm is used for hyperparameter tuning. PSO is an optimization
algorithm that simulates the foraging behavior of a flock of birds, where each parti-
cle represents a solution that is continuously refined through information exchange
(Marini & Walczak, 2015). The effectiveness of PSO for hyperparameter optimization
across different prediction models has been rigorously validated through experiments
(Pannakkong et al., 2022).

Testing models

In this study, the collected dataset is randomly divided (with a randomness index of
42) into a 80% for training set and 20% for test set. For the regression models, this
study will use R-squared (R?), Mean Absolute Error (MAE), Mean Squared Error
(MSE), and Root Mean Squared Error (RMSE) as the metrics for evaluation (James
et al., 2013). The measurement processes are shown as follows.
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1. R-squared (R?) R? measures the proportion of variance in the dependent variable
that is predictable from the independent variables. A higher R? usually indicates a
better fit of the model to the data.

R2=1_Z(yi_3ii)2, W
> i —?
where y; is the actual value, y; is the predicted value, and y is the mean of the actual
values.

2. Mean Absolute Error (MAE) MAE measures the average magnitude of the errors in
a set of predictions without considering their direction. The smaller the MAE, the
smaller the average deviation between the predicted and actual values, indicating
that the predictions of the model are closer to the actual observations.

1« .
MAE=—3 Iyi =5l 2)
i=1

where 7 is the number of samples, ¥; is the actual value, and 9; is the predicted value.
3. Mean Squared Error (MSE) MSE measures the average of the squares of the errors
- that is, the average squared difference between the estimated values and the actual
value. A smaller MSE usually indicates a better predictive performance of the model.

1 n
MSE = — — 9%
p ;0’1 Vi) (3)
4. Root Mean Squared Error (RMSE) RMSE is the square root of the average squared
differences between prediction and actual observation. A smaller RMSE usually indi-
cates a smaller prediction error and better predictive performance of the model. Its
sensitivity to large errors makes it the preferred performance evaluation metric in
many practical applications.

1< )
RMSE = - Z(yi — 2. (4)
i=1

Feature selection and practical application

After completing the data collection, modeling, optimization, and testing, the next step
will focus on feature selection to explore the optimal duration of MET use in different
teaching and learning environments. To better validate the practical application, con-
trolled experiments are conducted in eight classes (two control and six experimental
groups) in collaboration with educational researchers from mainland China.

In this controlled experiment, the duration of MET use for the experimental group
is determined by the best-performing regression model. This duration is also adjusted
based on the number of classroom hours required for the experimental group’s content
and the instructor’s discretion. The two control groups included a blank control group
(i.e., teaching without using any MET) and a comparison control group (i.e., teachers
teaching from experience without referring to the predictive model’s recommendations).
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An experienced researcher conducted the controlled experiment with four mathemat-
ics teachers. During the experiment, one teacher was responsible for two classes in the
control group, while the remaining teachers each taught two experimental group classes.
Students were given two rounds of tests, one at the beginning and one at the end of the
experiment. For each test, individual scores were recorded to calculate the mean score
and variance for each group.

To enhance the accuracy of the experiment, t-tests and chi-square tests are conducted
on the pre-experiment test scores to ensure that all classes have similar starting levels.
For the post-experiment scores, p-tests and t-tests will be conducted to determine the
impact of MET usage duration on improving K-12 students’ mathematics learning out-
comes, as guided by the predictive model developed in this study. Subsequently, effect
size Hedges’ g values will be calculated for the six experimental groups and one com-
parison control group. These six data points will serve as external data to evaluate the
performance of the predictive model, ensuring its fit to external data and its practical
usability.

Since this study uses a combination of publicly or semi-publicly available data and
aims to build appropriate predictive models to advise instructors on the timing of MET
use in instructional settings, the final decision regarding the time of MET usage remains
with the instructor. Additionally, the data collection for this experimental process does
not include identifying individual data for each student but only semi-public data such

as mean scores, variances, and class sizes. Therefore, ethical approval was not required.

Results and discussion
This section is organized into three parts. The first part presents the meta-analysis,
where the mean effect size from 423 studies is selected as the optimization objective
for feature selection. It also includes subgroup analysis and publication bias detection,
demonstrating the reliability of the database and the validity of the selected features. The
second part discusses the performance of the prediction models and the improvements
achieved through various optimization methods. The final part highlights the practical
applications and validates the results using external data.

All experiments were run on a MacBook Pro with an Apple M1 processor and 8GB of
RAM, using the following software:

+ Meta-analysis Comprehensive Meta-Analysis (CMA) 3.0
+ Programming Python 3.12.3, NumPy 1.21, SciPy 1.7

o Data analysis Pandas 1.3, Scikit-learn 0.24

« Visualization Matplotlib 3.4, Seaborn 0.11

o Deep learning TensorFlow 2.6, Keras 2.6

Data collection and meta-analysis

The first objective of this study is to employ meta-analysis as a means of educational data
mining for predictive modeling in contexts where large-scale educational experiments
are not feasible. In this section, effect sizes derived from the meta-analysis are calculated
to represent the overall average effect and to inform the setting of optimal targets in
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practice. Publication bias tests are conducted to assess the reliability of the data sources,
while subgroup analyses provide a detailed interpretation of the data structure and serve
as a foundation for identifying potential predictor variables.

The overall impact of MET and optimization goals

In this study, 423 independent studies were adopted, and data from these 423 studies
were obtained with 38,163 students, ranging from 33 to 180 students in each study. Data
from these 423 independent studies were analyzed to determine the effect sizes of MET
on K-12 mathematics learning.

The authors report the Q results as follows: Q = 936.657 at df = 422 with p < 0.001.
The I?, which was used to quantify the degree of heterogeneity between the results of the
studies, is equal to 54.946% after using a homogeneity test in this meta-analysis (shown
in Table 4). The Q statistic is used to test for heterogeneity among studies. Given that
p < 0.001, this indicates significant heterogeneity, meaning significant differences do
exist among the studies. The /2 statistic describes the percentage of total variation across
studies due to heterogeneity rather than chance. An I? = 54.946% indicates moderate
to high heterogeneity (Higgins & Thompson, 2002). This shows that a random-effects
model is more appropriate in this scenario. The random-effects model assumes that each
study has its true effect size, which comes from a distribution of true effect sizes, and it
accounts for variability among studies. In contrast, the fixed-effects model assumes all
studies share a common true effect size, which is typically inappropriate in the presence
of significant heterogeneity.

According to Higgins et al. (2003), criteria related to 2 values and the effect sizes of
the studies in actual differences, this study reflects 54.946% of the observed variance.
It is also possible to observe the overall effect size of these 423 studies (g = 0.677,
SE = 0.016, p < 0.001, 95% CI [0.646, 0.708]), which indicates a statistical difference
in mathematics achievement between students in the experimental group taught using
MET and the control group taught without using MET (Thalheimer & Cook, 2002).
Thus, clarifying the first question, MET significantly affects K-12 students’ mathematics
learning. Besides, it can also be inferred that using MET is more effective for K-12 math-
ematics learning than without using MET teaching.

Therefore, the average effect of the meta-analysis will be used as the main optimization
objective for feature selection in this study. That is, it is necessary to screen for the use
of time so that the effect size g value is more significant than 0.677 while fixing features
other than the time feature.

Publication bias

In the meta-analysis phase of this study, a publication bias analysis was conducted
to evaluate whether the dataset was affected by publication bias and to determine its

Table 4 The overall effect of MET on K-12 students’ mathematics learning

95% Confidence interval (Cl) Test of heterogeneity (Toh)

k n g Lower limit Upper limit p Q p 12

423 38163 0.677 0.646 0.708 < 0.001 936.657 < 0.001 54.946%
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suitability for predictive modeling. Publication bias refers to the tendency for statisti-
cally significant results to be more likely published than non-significant or null results
(Song et al., 2010). To examine this potential bias, four primary methods are employed:
funnel plot analysis, the Fail-Safe N method (FSN), Orwin’s Fail-Safe N (Orwin’s FSN),
and Duval and Tweedie’s trim-and-fill test.

As the funnel plot shown in Fig. 4, the majority of findings are concentrated at the top
of the plot, clustering around the mean effect size, with only a few observations appear-
ing at the bottom. This distribution suggests that publication bias is likely minimal.

According to Rosenthal (1991), publication bias is unlikely to distort the results of
a meta-analysis if the Fail-Safe N is significantly larger than the tolerance threshold
of 5k 4+ 10, where k represents the total number of effects reported in the analysis. In
the study, the Fail-Safe N is 69,413 (as shown in Table 5), which is far greater than the
threshold of 2125 (5 - 423 + 10). This finding suggests that the impact of unpublished
studies on the practical significance of the included studies is minimal, further support-
ing the validity of the results.

Orwin’s FSN method, which evaluates the number of unpublished studies required to
significantly alter the total effect size of the published studies at a given significance level,
yielded important insights. As presented in Table 6, the analysis indicated that 27,698

unpublished studies would be needed to substantially influence the total effect size of

Funnel Plot of Standard Error by Hedges's g
0.0

Standard Error

Hedges's g

Fig.4 Funnel plot for the study

Table 5 Results of classic Fail-Safe N test

Z-value for observed studies 63.967
P-value for observed studies < 0.001
Alpha 0.050
Tails 2.000
Z for alpha 1.959
Number of observed studies 423
Number of missing studies that would bring p-value to larger than alpha 69,413

Table 6 Results of Orwin’s Fail-Safe N test

Hedges'g in observed studies 0.666
The criterion for a‘trivial'Hedges'g 0.010
Mean Hedges'g in missing studies 0.000

Number missing studies needed to bring Hedges'g under 0.01 27,698
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the published studies at the 0.01 significance level (Orwin, 1983). This result reinforces
the conclusion that publication bias is unlikely to have a significant impact on the find-
ings of this meta-analysis, thus confirming the robustness of the conclusions.

Additionally, the trim-and-fill method is applied to adjust the distribution of effect
sizes, addressing any potential asymmetry by trimming or filling values on both sides of
the distribution. The results, presented in Table 7, showed that the difference between
the adjusted effect size (g = 0.67686) and the observed effect size (g = 0.67686) is neg-
ligible. This indicates that no significant publication bias is detected during the analysis.

To summarize, the results from these multiple methods suggest that publication bias
in this study is minimal. These findings support the reliability of the meta-analysis and
confirm the robustness of the results, ensuring that the conclusions drawn from the
study are not unduly influenced by publication bias.

Subgroup analysis

According to Lipsey (2001), it is crucial to highlight the magnitude of effects when sta-
tistically significant heterogeneity is present in moderator analyses. The purpose of the
subgroup analysis in this study was therefore to better understand heterogeneity within
the data collected via the PRISMA framework. Specifically, nine key moderators were
examined: mathematics topics, teaching content 1, teaching content 2, teaching content
3, mathematical ability, grade level, educational assessment methods, teaching methods,
and type of technology.

As shown in Table 8, Mathematics Topics as moderators showed significant instruc-
tional effects. Foundation Mathematical Concepts had the highest effect size of 0.725
(Z =31.311, p < 0.001), but with moderate heterogeneity (/> = 50.319), indicating
some variability among studies. Higher-level Mathematical Concepts demonstrated an
effect size of 0.671 (Z = 28.057, p < 0.001) with lower heterogeneity (1> = 47.229), sug-
gesting higher consistency across studies. In contrast, Mathematical Abilities had a lower
effect size of 0.590 (Z = 14.900, p < 0.001) and the highest heterogeneity (I = 66.170),
indicating significant variability across studies. This variability may reflect differences in
sample populations, instructional designs, or other study characteristics.

This conclusion is consistent with the findings of He et al. (2024), which emphasized
that the difficulty of Foundation Mathematical Concepts is significantly lower than that
of Higher-level Mathematical Concepts, thereby resulting in larger effect sizes for the
former. Similar patterns have been observed in prior meta-analyses on educational tech-
nology in mathematics classrooms. For instance, Li and Ma (2010) found that technology
interventions produced stronger effects for younger students and basic mathematical
skills, while Cheung and Slavin (2013) reported modest overall effects (+0.15) but high-
lighted larger gains for supplemental computer-assisted instruction in fundamental

Table 7 Duval and Tweedie's trim and fill (looking for missing study to the left of mean)

Random effects

Missing studies Point estimate Lower limit Upper limit Qvalue

Observed values 0.67686 0.646 0.708 936.613
Adjusted values 0 0.67686 0.646 0.708 936.613
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topics. Collectively, these results suggest that MET is more beneficial for foundational
concepts, whereas advanced content or ability-oriented outcomes are associated with
higher variability and smaller effect sizes.

Significant differences in effect sizes were observed across different types of Teaching
Content 1. Calculations had the highest effect size of 0.735 (Z = 21.563, p < 0.001) with
moderate heterogeneity (12 = 46.757), suggesting relatively consistent results across
studies. Plane Geometry showed an effect size of 0.712 (Z = 26.994, p < 0.001) with het-
erogeneity of 49.070, indicating moderate variability. Three-Dimension Geometry had
an effect size of 0.674 (Z = 18.159, p < 0.001) with high heterogeneity (1> = 67.735),
reflecting significant inconsistencies among study results. Statistics had the lowest effect
size of 0.498 (Z = 2.743, p < 0.01) with high heterogeneity (/> = 60.888), suggesting
substantial between-study differences but limited overall effectiveness. Functions had an
effect size of 0.597 (Z = 21.082, p < 0.001) and the lowest heterogeneity (/> = 43.034),
indicating relatively consistent results across studies.

In Teaching Content 2, where most studies addressed single content areas, the overall
effect size of subgroup “No” was 0.682 (Z = 31.388, p < 0.001) with heterogeneity of
59.698, suggesting notable between-study variation. Plane Geometry had an effect size
of 0.676 (Z = 21.562, p < 0.001) with moderate heterogeneity (/> = 48.221), indicating
consistent results. Three-Dimension Geometry had an effect size of 0.679 (Z = 17.044,
p < 0.001) with the lowest heterogeneity (1> = 20.452), showing high consistency across
studies. However, Functions had an effect size of 0.650 (Z = 13.027, p < 0.001) and
higher heterogeneity (1> = 57.521), indicating significant between-study differences.

Most studies did not address the third component of instructional content in Teach-
ing Content 3. Functions demonstrated an effect size of 0.649 (Z = 4.037, p < 0.001)
with no heterogeneity (I> = 0.000), reflecting complete agreement across studies. Plane
Geometry had an effect size of 0.650 (Z = 3.674, p < 0.001) with the highest heteroge-
neity (I? = 70.827), indicating substantial inconsistencies. Statistics had an effect size of
0.555 (Z = 11.892, p < 0.001) with no heterogeneity (/2 = 0.000), showing high con-
sistency, likely due to the small number of studies (df (Q) = 22) in this category.

Among the three teaching contents, “Calculations” showed the largest effect size, fol-
lowed by Plane Geometry and Three-Dimension Geometry. Although this appears to
contradict previous findings that highlight stronger effects for visually oriented topics
(Schoenherr et al., 2024; Cavus & Deniz, 2022), it can be explained by the structure of
the Chinese curriculum, where computation is introduced as foundational content at the
primary level. The relative simplicity of this material likely enables MET to yield greater
gains, consistent with Ran et al. (2021) finding that problem-solving systems targeting
computational tasks produced the largest effects among technology-based mathemat-
ics interventions. To further strengthen the analysis, this study incorporated data from
master’s and doctoral dissertations in mainland China, helping to address the lack of
long-term tracking data on MET effects. As instructional sequences in these studies
often covered multiple topics, the subgroup analysis of the three content moderators
was conducted to generate data-driven insights into their internal relationships and to
improve the interpretation of the predictive modeling results.

Mathematical Abilities as moderators showed significant instructional effects. Prob-
lem-Solving Ability had the highest effect size of 0.744 (Z = 33.758, p < 0.001) with
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moderate heterogeneity (/2 = 54.085), indicating a strong effect but moderate variability
among studies. Numerical Ability had an effect size of 0.625 (Z = 14.794, p < 0.001)
with lower heterogeneity (I? = 44.604), reflecting more consistent results. Spatial
Skills had an effect size of 0.603 (Z = 24.041, p < 0.001) with moderate heterogeneity
(I? = 54.008).

Within the moderator of mathematical abilities, problem-solving ability exhibited the
largest effect size, surpassing both numerical ability and spatial skills. This pattern is
consistent with recent meta-analytic evidence (He et al.,, 2024). Ran et al. (2021) dem-
onstrated that problem-solving systems generated the strongest effects among technol-
ogy-based mathematics interventions, while Kim and Xin (2024) reported very large
effects for technology-supported word-problem solving. With respect to spatial skills,
a meta-analysis of virtual technologies in K-12 settings identified moderate effects, par-
ticularly pronounced for augmented reality (Di & Zheng, 2022). Nevertheless, it should
be acknowledged that all data in the present study were drawn from mainland China,
where DMS remains the most widely used form of MET. Furthermore, as noted by He
et al. (2024), mathematics abilities assessed predominantly through paper-and-pencil
tests may underestimate students’ spatial reasoning. Taken together, these findings sug-
gest that while MET benefits all three domains, problem-solving ability gains the most,
followed by numerical ability and spatial skills.

Grade Level revealed significant differences in instructional effects across educational
stages. Primary School had the highest effect size of 0.766 (Z = 16.817, p < 0.001) but
also the highest heterogeneity (I = 66.648), indicating substantial between-study var-
iability. Middle School had an effect size of 0.695 (Z = 34.385, p < 0.001) with mod-
erate heterogeneity (I?> = 51.674), reflecting moderate consistency. High School had
the lowest effect size of 0.583 (Z = 21.523, p < 0.001) and the lowest heterogeneity
(I = 44.421), suggesting higher consistency in results.

Several meta-analyses of technology-enhanced mathematics instruction highlight that
grade level significantly moderates instructional effects. Akcay et al. (2021) reported a
moderate overall effect for MET in primary school settings, consistent with our finding
that the effect size was largest at this level. Bush et al. (2015) emphasized that compre-
hensive integration of technology amplifies learning outcomes across grade levels, while
Cheung and Slavin (2013) provided baseline evidence indicating generally modest aver-
age effects in K-12 classrooms, against which the substantial elementary school gains
observed in our study are particularly notable. Moreover, Rakes et al. (2020) and He et al.
(2024) stressed that grade level interacts with instructional design and content domains,
underscoring the importance of aligning MET with developmental stages. Since early
education emphasizes foundational mathematical content, these findings also cor-
respond to the subgroup analysis under our “Mathematics Topics” moderator. Taken
together, the evidence confirms that MET is most effective in the early grades and high-
lights the need for developmentally appropriate intervention design.

Educational Assessment Methods also demonstrated significant effects as moderators.
Methods focused solely on purpose had an effect size of 0.694 (Z = 35.568, p < 0.001)
with high heterogeneity (1> = 56.482), indicating greater variability among studies.
Methods considering both purpose and process had an effect size of 0.641 (Z = 24.275,
p < 0.001) with lower heterogeneity (I = 50.966), suggesting more consistent results.
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Although direct meta-analyses comparing purpose-only versus purpose-and-process
assessment methods in MET are limited, related evidence underscores the critical role
of assessment design. Ran et al. (2022) demonstrated that the functional roles of tech-
nology, including the way assessments are implemented, significantly influence math-
ematics achievement. Moreover, a scoping review of technology use in mathematics
education identified assessment, alongside pedagogy and content integration, as a cen-
tral research theme (Hwang et al., 2023). These findings align with our results: purpose-
only assessments may yield higher but less stable effects, whereas combining purpose
with process tends to generate more consistent outcomes.

Teaching Methods revealed notable differences. Combine with Constructivist Teach-
ing had the highest effect size of 0.705 (Z = 28.514, p < 0.001) with the lowest hetero-
geneity (1> = 43.110), indicating highly consistent and effective results. Combine with
Traditional Teaching had an effect size of 0.677 (Z = 24.258, p < 0.001) with the highest
heterogeneity (/2 = 63.201), reflecting significant inconsistencies among studies. Com-
bine with Scenario-Based Teaching had an effect size of 0.646 (Z = 23.022, p < 0.001)
with moderate heterogeneity (1> = 50.988).

The subgroup analysis of teaching methods indicates that integrating technology
with different instructional approaches yields varying effectiveness. Li and Ma (2010)
reported that constructivist approaches exerted the strongest influence on mathematics
achievement, with all methods outperforming traditional instruction. Similarly, Xie et al.
(2018) found that in mainland China, constructivist and improved transmission mod-
els were more effective than traditional methods. These findings are consistent with our
results: MET combined with constructivist approaches achieved the highest and most
stable effects, followed by traditional methods (albeit with greater variability), while sce-
nario-based approaches produced moderate outcomes.

Technology Type revealed significant differences in instructional effects. AR/VR
Technology had the highest effect size of 0.788 (Z = 22.328, p < 0.001) with moderate
heterogeneity (I? = 50.374), indicating substantial between-study variability. Al Tech-
nology had an effect size of 0.697 (Z = 16.534, p < 0.001) with the lowest heterogeneity
(1% = 26.527), suggesting highly consistent results. DMS Technology had an effect size
of 0.646 (Z = 34.581, p < 0.001) with high heterogeneity (1> = 56.414), reflecting con-
siderable variability.

The subgroup analysis of technology types further underscores these differences. AR
and VR achieved the largest effects, though with moderate heterogeneity, confirming
their effectiveness but also their sensitivity to instructional context (Na et al., 2025).
This aligns with meta-analyses showing that AR/VR interventions significantly enhance
mathematics learning, particularly in geometry and visualization tasks (Ersen & Alp,
2024). Al technologies produced smaller but highly consistent effects, supporting their
role in adaptive practice and intelligent tutoring (Hwang, 2022; Son, 2024). DMS, while
widely implemented in mainland China, showed lower effects and higher heterogeneity,
likely due to variability in teacher training and integration. Prior reviews note that while
DMS can enhance procedural fluency, its impact is highly context-dependent (Cheung
& Slavin, 2013). Overall, AR/VR is most effective for conceptual understanding, Al pro-
vides stable adaptive support, and DMS effectiveness depends heavily on instructional
design and fidelity.
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In summary, the effect sizes and Z-values of all moderators in this subgroup analysis
reached statistically significant levels (Z > 1.96, p < 0.05), indicating that each mod-
erator had a positive effect on learning outcomes across various study settings. These
findings suggest that the identified moderators not only help explain the sources of het-
erogeneity among studies but also validate their classification as potential predictive
model features. Furthermore, they provide a solid foundation for optimizing instruc-
tional design in future research and practice. However, the heterogeneity test results
revealed considerable variation in the degree of heterogeneity across moderators, with
most exceeding a high level of heterogeneity (/2 > 50) except in cases where the num-
ber of studies was limited. This indicates that the effect sizes of MET use within the
same moderator category can vary significantly due to interactions with other modera-
tors. Consequently, these findings imply that traditional regression models (e.g., linear
regression) may not adequately capture the complex variations in sample characteristics.
Instead, more advanced modeling approaches, such as tree-based models, may be better
suited for analyzing the database of this study and addressing the intricate relationships

among moderators.

Predictive models testing and optimization

To address the second and third research questions, namely, how to establish predic-
tive models for determining the optimal effect size of MET under different optimization
frameworks, and how specific predictor variables influence MET effectiveness. In this
section, the experimental process of predictive modeling is divided into three stages.

In the first stage, nine predictive models will be evaluated for regression tasks, testing
them sequentially under three frameworks. The models are first tested without enhance-
ments (i.e. base model), followed by the integration of L2 regularization, SMOTER, and
AL in that order. Performance is assessed using R?, MSE, MAE, and RMSE metrics.
To ensure consistency, the division of training and test sets remained constant across
all tests within the same optimization tool. Additionally, K-fold cross-validation (with
k = 5) is employed, and the reported values represent the average results across all five
folds. In the second stage, a PSO is then employed to fine-tune the hyperparameters of
the best performing predictive model with the primary objective to minimize the MAE.
Finally, the proposed PSO-optimized predictive model will be subjected for a detailed
feature importance analysis using SHAP value.

Predictive modeling tested in three frameworks

The authors first evaluated the models using R?, a measure of regression model fit that
reflects the model’s ability to explain variance in the target variable. Its value ranges from
[0, 1], with values closer to 1 indicating better model performance (Chollet & Chollet,
2021). In the base framework, the R? values of the models were generally low, demon-
strating their inability to effectively capture the variance in the target variable without
enhancement techniques. Among these models, XGB performed best (as shown in
Table 9), achieving an R? of 0.240, followed by GB (0.224) and RF (0.164). In contrast,
linear models such as LR (0.014) and BR (0.002) performed poorly, highlighting their
limited capacity to handle complex, nonlinear data structures. This observation is con-
sistent with conclusions drawn from the heterogeneity analysis of the dataset.
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Table 9 R? comparison across optimization methods

Model Base model With SMOTER and L2 With AL,
regularization SMOTER and L2
regularization

LR 0014 0.181 0.153

BR 0.002 0.180 0174

SVR 0.066 0.352 0613

DT 0.071 0.665 0.734

RF 0.164 0.807 0.811

GB 0.224 0.666 0.794

ANN 0.019 0435 0.567

KNN 0.119 0.186 0513

XGB 0.240 0.827 0.822

The introduction of the SMOTER data-balancing technique and L2 regularization
led to a significant improvement in R? values. XGB achieved the best performance
with an R? of 0.827, followed by RF (0.807) and GB (0.666). These enhancements
enabled tree-based models to better capture the complexity of the data and address
category imbalances effectively. Linear models such as LR and BR also improved,
achieving R? values of 0.181 and 0.180, respectively. However, their performance
remained significantly behind that of nonlinear models, highlighting their inherent
limitations.

The incorporation of AL further enhanced the performance of several models. XGB
remained the top-performing model with an R? of 0.822, followed by RF (0.811) and GB
(0.794). These results underscore the robustness of tree-based models under enhanced
frameworks. Moreover, complex models such as SVR (0.613) and ANN (0.567) demon-
strated notable performance improvements, illustrating the benefits of combining AL
with data balancing and regularization techniques.

Next, the authors evaluated MAE, MSE, and RMSE across the three frameworks.
Lower values across these metrics indicate better model performance. To visually ana-
lyze these metrics, Fig. 5 is plotted, which is divided into three subgraphs corresponding
to the different frameworks. In each subfigure, models are ranked in descending order
based on the sum of their MAE, MSE, and RMSE values.

Under the base framework, tree-based models such as XGB, GB, and RF demonstrated
relatively strong performance, with XGB achieving the best results with the values:
(MAE, MSE, RMSE) = (0.194, 0.124, 0.353). In contrast, linear models such as LR and
BR showed poor performance, with significantly higher metric values, emphasizing their
inability to handle nonlinear and complex data structures.

The introduction of SMOTER and L2 regularization had led to significant improve-
ments across all metrics, particularly for nonlinear models. XGB continued to outper-
form others, achieving results of (MAE, MSE, RMSE) = (0.089, 0.023, 0.153). RF and
GB also demonstrated strong performance, with RF achieving results of (MAE, MSE,
RMSE) = (0.107, 0.026, 0.161). Although linear models such as LR and BR improved
under this framework (e.g., LR achieved results of (MAE, MSE, RMSE) = (0.181, 0.111,
0.333)), their performance gains were limited and remained well behind those of nonlin-
ear models.
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a) Predictive Model base
AE

c) Predictive Model with AL, SMOTER and L2 Regularization

b) Predictive Model with SMOTER and L2 Regularization

Fig. 5 Metric comparison of three frameworks

The addition of AL further enhanced the performance of nonlinear models. XGB
remained the top-performing model, achieving results of (MAE, MSE, RMSE) = (0.149,
0.068, 0.254). RF and GB also maintained their strong competitiveness, while SVR and
ANN showed considerable improvements. For example, SVR achieved results of (MAE,
MSE, RMSE) = (0.300, 0.165, 0.403), while ANN recorded results of (MAE, MSE, RMSE)
= (0.250, 0.127, 0.341). In contrast, improvements in linear models remained modest,
reflecting their inherent limitations in modeling nonlinear relationships.

In summary, the analysis consistently highlights the superior performance of tree-
based models such as XGB, RF, and GB, particularly when combined with SMOTER,
L2 regularization, and AL. These enhancements not only improve model accuracy but
also demonstrate robustness in handling complex, nonlinear data. In contrast, while lin-
ear models benefited from these optimizations, their performance remains constrained
by their inability to capture nonlinear data structures, further supporting conclusions
drawn from the dataset heterogeneity analysis.

PSO-based hyperparameter tuning

From the experiment conducted in the previous section, the authors identified that the
XGB, combined with AL, SMOTER, and L2 regularization, as the most suitable predic-
tive model based on both metric performance and theoretical considerations. To further
improve the model’s performance, a PSO is employed to fine-tune the hyperparameters
of the proposed XGB with the primary objective to minimize the MAE. Focusing on
MAE minimization is particularly relevant given the nature of the dataset, which origi-
nates from educational experiments. In practice, it is unrealistic to expect identical
performance across students or classes, even in the same instructional environment.
Consequently, prioritizing a higher model fit, as measured by R?, is less meaningful in
this context. Instead, reducing the gap between predicted and actual values provides a
more practical and realistic evaluation of outcomes.
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Table 10 Comparison of metrics between original XGB and PSO-optimized XGB
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Metric Original XGB PSO-
Optimized
XGB
R? 0.822 0.842
MAE 0.149 0.084
MSE 0.068 0.021
RMSE 0.254 0.146
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Fig. 6 Visualization of PSO-optimized XGB model performance

Through PSO optimization, the optimal hyperparameters for XGB are determined as

follows:

+ Learning Rate: 0.126
+ Max Depth: 8
+ Subsample: 0.963

+ Colsample by Tree: 0.825

+ Reg Alpha: 0.0
+ Reg Lambda: 1.822

A comparison of the performance improvement between the original XGB and the PSO-

optimized XGB model reveals significant enhancements across all metrics (Table 10).
The R? value increased from 0.822 to 0.842, indicating that the optimized model better
captures variance in the data. MAE decreased significantly from 0.149 to 0.084, reflect-

ing a notable reduction in prediction error. Similarly, MSE dropped from 0.068 to 0.021,
while RMSE decreased from 0.254 to 0.146.

To rigorously evaluate the results, the training and testing performance of the PSO-

optimized XGB model are visualized in Fig. 6, which includes histograms on the top
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and right sides, as well as a central scatter plot. In the scatter plot, the horizontal axis
represents the actual values of Hedges’ g, and the vertical axis represents the predicted
values. Orange and blue points correspond to the training and testing data, respectively.
The data points are distributed closely around the diagonal line, indicating accurate pre-
dictions. The fit for the training data is better than that for the test data, though the
regression line for the test data deviates slightly from the diagonal, suggesting a small
prediction error.

The top histogram shows the distribution of actual values for both training and testing
data, primarily concentrated between 0.5 and 2.0, with a consistent distribution across
datasets. The right histogram depicts the distribution of predicted values, with training
data predictions being more concentrated and testing data predictions having a slightly
broader distribution. This indicates that the model’s prediction error on the test set is
slightly higher than on the training set. Overall, the model demonstrates strong perfor-
mance on the training set and good generalization ability on the test set.

These results highlight the effectiveness of PSO in fine-tuning XGB hyperparameters,
significantly improving predictive accuracy. The reductions in MAE, MSE, and RMSE
underscore the model’s ability to minimize errors, particularly large deviations, which
are critical in this context. This validates PSO as an effective optimization method for

enhancing XGB performance.

Features importance and SHAP analysis

After optimizing the hyperparameters of the proposed XGB model using PSO, its per-
formance is significantly improved. These optimized hyperparameters are subsequently
used to conduct multiple simulations and experiments with varying dataset splits. The
results demonstrated consistent and stable performance metrics across different experi-
mental conditions, indicating the model’s robustness. Based on this optimized model, a
detailed feature importance analysis is performed.

Shapley Additive Explanations (SHAP) is a game theory-based method for interpret-
ing machine learning model outputs, used to assess the importance of each feature in a
prediction (Lundberg et al., 2018). SHAP assigns importance scores to features, reveal-
ing their impact on the model’s predictions. As shown in Fig. 7, the SHAP Summary Plot
on the left illustrates the extent to which each feature influences the model’s prediction
results. The horizontal axis represents SHAP values, showing the magnitude of a fea-
ture’s positive or negative effect on the predicted outcome. Each dot in the plot corre-
sponds to a sample’s SHAP value, quantifying the impact of that feature on the sample’s
prediction. The pie chart on the right is a circular visualization derived from the absolute
mean SHAP values, showing the relative importance of each feature in the model. The
size of each segment reflects the percentage contribution of the feature to the model’s
output.

Through SHAP analysis, this study evaluated the relative importance of features within
the model, revealing their differential contributions to prediction. Among them, MET
Usage Time emerged as the most influential feature, accounting for 48.5% of the total
importance. The wide spread of SHAP values for this feature in the summary plot indi-
cates a strong and stable positive influence on the model’s output.
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Fig. 7 SHAP summary plot

A review of prior literature suggests that prolonged interventions may lead to fade-
out effects, where initial learning gains observed at the end of an intervention dimin-
ish substantially during follow-up assessments, often within a few months (Bailey
et al, 2016). In a recent meta-analysis of MET, He et al. (2024) further noted that
extended use of technology may foster a form of visual dependence, reducing oppor-
tunities for students to effectively exercise mathematical reasoning skills. Moreover,
Lee et al. (2025) and Rodrigues et al. (2022) highlighted that the novelty effect plays a
strong facilitating role in the early stages of technology-enhanced mathematics learn-
ing, though such benefits tend to taper over time. However, no existing research has
explicitly characterized the distributional relationship between MET usage time and
its effect size.

According to the SHAP color bar analysis, features with moderate values generally
exerted positive impacts on predictions, whereas both high and low values had negative
effects. This pattern suggests that MET usage time follows an inverted U-shaped rela-
tionship with effectiveness: both insufficient and excessive exposure reduce the benefits,
while an optimal range of usage may maximize outcomes under comparable instruc-
tional conditions. This finding underscores the pivotal role of usage duration in deter-
mining the impact of MET and provides strong justification for including MET usage
time as a core optimization variable in this study.

The second most important feature was “Mathematics Topics’, contributing 9.5% to
the total importance. The distribution of its SHAP values suggests that the selection of
basic mathematical concepts in the mathematics curriculum had a significant positive
impact on the effectiveness of MET. This aligns with findings from subgroup analysis
in the meta-analysis. Similarly, “Teaching Content 1” ranked third, contributing 8.6% of
the importance. The high SHAP values associated with this feature suggest that teaching
geometry (including plane and solid geometry) using MET had a notably stronger posi-
tive effect compared to other teaching contents.

“Mathematical Abilities” ranked fourth, contributing 8.5%. This result highlights
MET’s strong advantage in improving students’ mathematical abilities, especially in fos-
tering problem-solving skills. “Sample Size,” accounting for 8.3%, also demonstrated a
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wide range of SHAP values, indicating that an adequate sample size positively impacts
the robustness of the model and the stability of its predictions.

“Grade Level” contributing 4.0%, moderately influenced the model’s predictions.
SHAP analysis showed that younger students exhibited a more pronounced positive
effect, likely due to the foundational nature of mathematics learning at lower grade lev-
els. This observation aligns with subgroup analysis on mathematics topics, which found
that basic mathematical content yielded the highest effect sizes. “Teaching Methods"
contributing 3.4%, had a smaller overall effect on the model, with SHAP values highly
concentrated, suggesting that the choice of teaching method did not significantly influ-
ence MET’s effectiveness.

Interestingly, “Teaching Content 2” and “Teaching Content 3” were the least impor-
tant features, contributing 2.7% and 1.5%, respectively. Although instructional content
design may influence MET effectiveness in specific cases, its overall contribution to the
model was relatively small. However, due to this study’s data collection characteristics,
these features cannot be entirely disregarded. It is suggested that future studies consider
simplifying or homogenizing the representation of instructional content to capture its
impact better.

In summary, this study highlighted “MET Usage Time", “Mathematics Topics’, and
“Teaching Content 1” as the most important features in the model, together account-
ing for over 65% of the total importance. These findings suggest that these features
play a pivotal role in enhancing the effectiveness of mathematics education. Moreover,
the study emphasizes the importance of optimizing the time spent using educational
technology and designing well-structured course content to improve student learning

outcomes.

Validation of predictive models with real-world application

The final research question of this study concerns whether the predictive model can
be effectively applied in real-world contexts to guide the implementation strategies of
MET, as well as its ability to generalize to external data. Based on the analysis presented,
MET usage time is identified as the most influential feature affecting MET effectiveness.
Therefore, in this section, an XGB model enhanced with SMOTER, L2 regularization,
and AL, with hyperparameters optimized through PSO, is employed to perform con-
ditional screening of the MET usage time feature. The range of MET usage time is con-
strained to positive integers, with the upper bound set to the maximum instructional
period for the given content.

The primary objective of this optimization process is to ensure that the model output,
namely, the predicted effect size of MET, exceeds the average observed effect size (0.677,
as shown in Table 4). This approach validates the proposed predictive model, which inte-
grates advanced optimization techniques with data-driven insights, by demonstrating its
effectiveness in improving learning outcomes through the optimization of MET usage
duration. At the same time, the collected data serve as external evidence to further eval-
uate the model’s generalization capability and robustness.
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Predictive modeling-guided usage time screening for MET

This experiment involved eight senior classes from a middle school in Southeastern
mainland China. All factors, including teaching content, teaching time, pace, and
assessment methods, are consistent across the eight classes, except for differences in
the time allocated for using MET.

According to the teaching schedule, the students learned analytic geometry, cover-
ing topics such as the equations of circles, ellipses, hyperbolas, and parabolas. These
high level mathematical concepts are categorized under “mathematics topics”, with
Teaching Content 1 classified as “plane geometry”, while the other two instructional
content features are categorized as “No”.

The syllabus and the Chinese University Entrance Exam Guide emphasized devel-
oping problem-solving skills as the primary goal and spatial skills as a secondary
focus (Ministry of Education, 2017). Consequently, the feature of mathematical abil-
ity is categorized as “problem-solving ability” To ensure objectivity in assessment,
given that four different teachers are involved in teaching the eight classes, a paper-
based test is chosen as the assessment method. Therefore, the feature of educational
assessment is categorized as “focused on purpose”.

Considering that analytic geometry is among the most challenging topics to teach
at the high school level in mainland China (Wang & Paine, 2023), the four teach-
ers involved in the experiment decided to adopt a constructivist teaching approach
to minimize the abstraction of the content (Wang, 2021; Granberg & Olsson, 2015;
Romero Albaladejo, 2024). The MET used is GeoGebra, a dynamic mathematical
software tool. All teachers are proficient in its use, and its effectiveness in teaching
analytic geometry has been demonstrated in similar contexts in mainland China.

Each of the eight classes consisted of 45 students, resulting in a sample size of 90,
combining both experimental and control groups. The teaching program included
32 teaching periods and 5 tutorial periods, making the MET usage time (evalua-
tion period) a positive integer ranging from 0 to 32 periods. The screening process
involved fixing all features except for the “evaluation period" and sequentially input-
ing positive integers (0-32) for this feature into the trained model. The output of the
model is observed, and the evaluation period corresponding to the highest predicted
value is recorded.

The results based on numerical simulations demonstrate the trend between the
time of using MET and the effect size. As shown in Fig. 8, the effect size is low dur-
ing the first few sessions, with a minimum value of 0.037 (only one session is used).
Over time, effect sizes gradually increased, especially after the eighth period time
of use, where effect sizes rose significantly until they reached a maximum value of
0.754 (teaching period: 23). After that, the effect size fluctuated but remained at a
high level overall, showing a positive correlation between the increased time spent
using MET and a significant increase in effect size. Considering that the process
MET is only used as an aid to teaching and learning and that prolonged use may
cause students to become dependent on the technology. Therefore, after a discus-
sion with the teachers involved in this experiment, it is decided that MET would be
used for 18 teaching periods for the experimental group.
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Fig. 8 Results of feature selection by PSO-optimized XGB with SMOTER, L2 regularization and AL

Table 11 Independent samples t-test for pre-test scores

Group N Mean Std. Dev. t-value p-value
Control Group 45 106.87 18.02
Experimental Group 1 45 110.32 17.24 -0.916322 0.362002
Control Group 45 106.87 18.02
Experimental Group 2 45 107.99 17.85 -0.292752 0.770401
Control Group 45 106.87 18.02
Experimental Group 3 45 112.12 14.63 -1.500472 0.137072
Control Group 45 106.87 18.02
Experimental Group 4 45 112.26 1313 -1.603664 0.112371
Control Group 45 106.87 18.02
Experimental Group 5 45 108.54 16.60 -0.449968 0.653840
Control Group 45 106.87 18.02
Experimental Group 6 45 113.19 16.09 -1.735460 0.086160
Control Group 45 106.87 18.02
Indirect control group 45 109.95 11.98 -0.942851 0.348338

Analysis of pre- and post-test data

A control group is set up for this experiment, where no MET is used for the class, and
only the traditional teaching method is used for teaching. An indirect control group
where the instructor teaches the class using any MET based on experience. An additional
six experimental groups in which the teachers used MET with the courses regularly for
18 teaching periods in strict accordance with the instructional plan. To ensure that the
mathematics scores of the eight classes that participated in the pre-test remained essen-
tially the same, mid-term test scores of these classes are collected for the pre-test data
and subjected to an independent samples t-test.

As shown in Table 11 in the mid-term scores before the start of the experiment, the
mathematics test scores between the six experimental groups and one indirect control
group and the control group have all p-values greater than 0.05 on the independent sam-
ples t-tests. It indicates that, there is no statistically significant difference between the
experimental and control groups and between the indirect control and control groups,
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i.e., all of the experimental classes are at almost the same level of mathematics profi-
ciency as the control classes. Therefore, these classes fulfill the criteria for conducting a
controlled experiment.

At the beginning of the experiment, teachers of the six experimental group classes
used MET for 18 teaching periods strictly according to the teaching plan of the teach-
ing committee of the school. In contrast, teachers did not use MET for the rest of the
lessons. Teachers in the indirect control group used MET to teach 14 teaching periods
based on their extensive teaching experience. The control group did not use any MET. At
the end of the experiment, the eight classes are given a standardized test on the module,
and the test papers are given by two senior teachers who are not involved in the experi-
ment and reviewed by an educational researcher.

After the experiment, an independent samples t-test is performed again on the post-
test scores. The p-values for all experimental groups (18 teaching periods of MET)
are much lesser than 0.05 (see Table 12), which suggests that the difference in means
between the experimental and control groups is highly statistically significant. The t-val-
ues are negative, and p-values are very small, indicating that students in these experi-
mental groups performed significantly better than the control group. This suggests
that 18 teaching periods of the MET program significantly positively impacted student
achievement.

On the other hand, for those who received 14 teaching periods of the MET program
(indirect control group), the t-values and p-values also shown improvements. The mean
difference is slightly smaller than in experimental groups 1-6. This suggests that the 14
teaching periods of MET program still positively impacted student achievement, but the
effect was less significant than the 18 teaching periods.

The results of this experiment clearly show that the MET program has a significant
effect on student achievement. Students in the experimental groups (18 teaching periods
of MET) performed significantly higher than the control group, and the t-test results for
all experimental groups indicated that the difference in means is statistically significant.

Table 12 Independent samples t-test for post-test scores

Group N Mean Std. Dev. t-value p-value
Control group 45 108.79 18.02
Experimental group 1 45 123.08 17.24 -3.86 < 0.001
Control group 45 108.79 18.02
Experimental group 2 45 121.32 17.85 -348 < 0.001
Control group 45 108.79 18.02
Experimental group 3 45 12531 14.63 -4.79 < 0.001
Control group 45 108.79 18.02
Experimental group 4 45 125.75 13.13 -524 < 0.001
Control group 45 108.79 18.02
Experimental group 5 45 121.84 16.60 -3.86 < 0.001
Control group 45 108.79 18.02
Experimental group 6 45 126.45 16.09 -5.62 < 0.001
Control group 45 108.79 18.02
1

Indirect control group 45 121.76 1.98 -3.88 < 0.001
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Although the indirect control group (14 teaching periods of MET) also showed a sig-
nificant effect, the enhancement is less than the experimental group. This suggests that
teaching under the MET guided by the predictive model achieved superior instructional
outcomes. At the end of this experiment, the authors organized exercise sessions using
MET for students in the control and indirect control groups. No statistical differences
have been observed among the eight classes in this knowledge component of the final

exam.

External data validation

After collected the grades from the six classes that participated in the experiment, the
authors calculated the effect size of using MET for each experimental group. This calcu-
lation is based on the data from both the control group and the six experimental groups
(see Table 13), and the resulting effect size will serve as an external dataset to re-validate
the performance of the model.

Through the analysis in Table 13, the authors observed that the effect size of MET for
each experimental group exceeds the optimization objective, which is the average effect
size of 0.677. A more detailed examination, based on subgroup analyses, reveals that the
benefit of MET use across the six experimental groups is 0.671, which is already higher
than the average effect size for MET in ‘High-Level Mathematics Concepts; where the
mean effect size is 0.712. Additionally, the effect sizes of MET use in all six experimental
groups are higher than the mean effect sizes of the other moderators corresponding to
the same groups, with the exception of the ‘Problem Solving Ability’ subgroup. How-
ever, it is important to note that the studies included in this subgroup exhibit consider-
able heterogeneity (I? = 54.085, Q = 461.720, shown in Table 8), with the highest values
observed for this moderator. Therefore, the authors inferred that these studies may have
been influenced by the interaction of other factors, and the true effect size for real-world
MET use is likely closer to its average effect size, which is a very promising finding.

These six experimental sets of data were then used as external datasets to validate
the proposed XGB model with the performance metrics shown in Table 14. The MAE
is 0.01255, indicating that the absolute error between the predicted and actual values

Table 13 Hedges'g values for experimental groups 1-6 and control group

Group N  Pre-test Mean Pre-testStd. Dev. Post-test Mean Post-test Hedges'g
Std. Dev.

Control group 45 10687 18.02 108.79 18.02
Experimental group 1 45 11032 17.24 123.08 17.24 0.727
Control group 45 106.87 18.02 108.79 18.02
Experimental group2 45 107.99 17.85 121.32 17.85 0.748
Control group 45 10687 18.02 108.79 18.02
Experimental group3 45 11212 14.63 125.31 14.63 0.731
Control group 45 10687 18.02 108.79 18.02
Experimental group4 45 11226 13.13 125.75 1313 0.755
Control group 45 10687 18.02 108.79 18.02
Experimental group 5 45 10854 16.60 121.84 16.60 0.764
Control group 45 106.87 18.02 108.79 18.02
Experimental group 6 45  113.19 16.09 12645 16.09 0.732
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Table 14 Results of external data validation

Model performance metrics MAE MSE RMSE

Value 0.01255 0.00020625 0.01436

is, on average, 0.01255. This relatively small error suggests that the model’s predictions
are very close to the actual values. The MSE between the predicted and actual values is
0.00020625, which is also a very small value, implying that most predicted values exhibit
minimal deviation from the actual values. Furthermore, the RMSE is 0.01436, a value
similarly small, suggesting that the model exhibits minimal variation between predicted
and actual values.

All of these indicators suggest that the proposed XGB model provides a reliable refer-
ence for determining the optimal duration of MET use in teaching practice, with the
effect sizes following MET use consistently exceeding the average effect size. Although
the predicted values did not fully align with the true values during the experiment (e.g.,
the R? validated by the external data was relatively small), it is unlikely that fully con-
sistent instructional outcomes would occur in educational practice, even within the
same educational setting. The study results demonstrate that experimental groups 1-6
perform well in terms of Hedges’ g. While there are minor discrepancies between the
predicted and actual values, the error is negligible, and overall, the model shows strong

performance.

Implications for research and practice

The main contribution of this study lies in the establishment of a predictive modeling
framework that integrates meta-analytic data mining with optimization techniques in
contexts where educational data are limited. Unlike previous PLA studies, which often
framed research questions around the constraints of available datasets, this framework
provides a methodological solution for conducting predictive modeling when large-scale
experiments are not feasible. It thus opens new opportunities for extending inquiry into
under-researched contexts while offering novel insights into MET use in K-12 math-
ematics teaching and learning.

From a theoretical perspective, this framework contributes to both PLA and MET
researches. For PLA, it provides a replicable method to overcome the recurring obstacle
of insufficient or incomplete datasets. By embedding meta-analytic findings into predic-
tive modeling, researchers can compensate for data scarcity and generate new avenues
of analysis. Importantly, the framework demonstrates that traditional meta-regression is
often insufficient to capture nonlinear relationships among moderators, while machine
learning or hybrid approaches are better suited to identify complex patterns. This estab-
lishes a pathway for future research to achieve deeper insights into the statistical proper-
ties of educational variables and their interactions.

In terms of MET, this study underscores the significance of moderators in shaping the
effectiveness of technology use. By employing Al-based predictive models, it revealed
that different variables, such as content type, teaching method, grade level, and assess-
ment design, exert distinctive influences. Among these, usage time emerged as the most
critical factor, with evidence supporting an inverted U-shaped relationship between
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duration and effectiveness: both very short and very long exposure reduce outcomes,
while moderate use yields the greatest benefits. This result not only highlights an optimi-
zation problem for classroom practice but also suggests a promising direction for future
experimental research to identify precise thresholds of effective MET use. Furthermore,
the findings indicate that evaluation should not be limited to measuring purposes alone
but should also account for processes, since such combined designs generate more con-
sistent and stable outcomes.

The practical implications for teaching and learning are equally important. MET was
found to be effective not only for geometry, where visualization has long been consid-
ered central, but also for strengthening foundational mathematical content and enhanc-
ing students’ problem-solving abilities. These results support the growing recognition
of MET as a catalyst for developing higher-order thinking when integrated with appro-
priate pedagogical strategies. In particular, the modeling results demonstrate that there
exists an optimal range of usage time that can be quantified through data-driven analy-
sis, offering educators a tool for tailoring technology integration to the needs of spe-
cific classrooms. This finding challenges the assumption that “more is always better” and
highlights instead the necessity of calibrated use. In practice, teachers can leverage this
insight to design context-sensitive and developmentally appropriate lesson plans, while
curriculum designers and policymakers may use it to guide resource allocation and pro-
fessional development.

Taken together, these implications emphasize that the effectiveness of MET depends
not only on whether it is adopted but on how it is integrated, timed, and assessed. By
advancing a replicable methodological framework and generating new evidence on
usage optimization, this study contributes both to the refinement of PLA and to the
improvement of MET practice. Ultimately, the findings highlight the importance of data-
informed, context-sensitive, and developmentally aligned approaches to maximize the
impact of educational technologies in mathematics learning.

Conclusions and future work
This study collected 423 eligible publications from four literature databases and con-
ducted a meta-analysis and educational data mining on these studies. The research
examines the effectiveness of MET in mathematics learning for K-12 Chinese students
and outlines the optimization goals of the study. Furthermore, it identifies and charac-
terizes predictive models suitable for inclusion based on the data derived from the lit-
erature review and subgroup analyses. Using these data, the study developed nine Al
predictive models for regression tasks under three distinct optimization frameworks.

After comparing the performance of various models, the best-performing model, XGB
+ L2 Regularization + Active Learning + SMOTER (R? = 0.822), is selected. Its per-
formance is further enhanced through PSO for hyperparameter tuning. SHAP value
analysis is then conducted on the model’s features, and, in combination with subgroup
analysis, the contribution of each feature is systematically examined. The results indicate
that the duration of MET use is a critical optimization variable.

Subsequently, the proposed XGB regression model is applied to characterize the effect
sizes corresponding to various MET usage times for specific content and instructional
objectives. These are also informed by the insights and feature selection decisions made
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by senior educators. A controlled experiment is designed based on these feature selec-
tion results. The experiment demonstrated that model-guided MET is significantly
more effective than both the control and indirect control groups, which did not utilize
model-guided MET. Finally, an external dataset is collected based on the experimental
outcomes, and the model’s performance is re-validated using this dataset. The results
confirmed that the model is both stable and reliable.

Given the limitations identified in this study, several areas for further research are
suggested to advance the understanding and application of MET. First, the methods of
data collection should be expanded to incorporate a broader range of sources. Future
research should employ advanced systematic search algorithms to handle large volumes
of search results more efficiently and ensure that fewer relevant studies are overlooked.
A more comprehensive dataset can be obtained by expanding the search terms and data-
bases used, which would provide a more solid foundation for meta-analysis and alleviate
the issue of missed research.

Second, alternative assessment methods in mathematics education should be explored.
While this study relied on mathematics scores as the primary assessment metric, future
research should consider process-oriented assessments that more accurately reflect the
development of students’ mathematical skills. Such assessments could include qualita-
tive measures like student reflections, teacher observations, and portfolio assessments,
which would offer a fuller picture of student progress. Implementing consistent and reli-
able process-oriented assessments would provide a more accurate and comprehensive
evaluation of the effectiveness of MET.

Moreover, addressing missing data related to instructional methods, types of mathe-
matics skills developed, and the duration of experiments is crucial. Future studies should
ensure that these details are thoroughly documented, as transparency will enhance the
reliability of the data and support more precise analyses. Additionally, accounting for
regional economic differences and the influence of educational policies on MET imple-
mentation could provide deeper insights into the contextual effectiveness of MET.

Another key area for future research is the validation of publication bias. Future stud-
ies should develop methodologies to assess the impact of missing studies on both below-
average and above-average effects. Such techniques would help mitigate potential biases
in the dataset, thereby strengthening the robustness of the findings.

Furthermore, expanding the size of external datasets used for model validation
is essential. Future research should aim to collect larger and more diverse datasets to
improve the generalizability and robustness of AI models. This may involve collaborat-
ing with educational institutions to access comprehensive validation data from large
educational databases.

Finally, future research should focus on the practical application of MET at the indi-
vidual student level. While this study focused on class-wide effect sizes, it is critical to
understand how MET impacts individual students to prevent polarization in educational
outcomes. Investigating individualized MET interventions and their effects on diverse
student populations will provide educators with valuable insights, enabling them to tai-
lor instructional strategies to meet the specific needs of each student.
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