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Abstract

In Malaysia, Additional Mathematics, equivalent to A-level mathematics, played a vital role in Science,
Technology, Engineering, and Mathematics (STEM) education. However, a notable decline in enrolment
for the Malaysian Certificate of Education's (SPM'’s) Additional Mathematics subject has raised concerns
about the implications for Malaysia's STEM workforce and its role in sustainable economic growth. The
study’s primary objectives were to identify the determinants that impacted urban upper-secondary
students' enrolment in Additional Mathematics within the Kuantan District, Pahang, Malaysia, and to
develop a novel stacked ensemble machine learning algorithm based on these determinants, following
the CRISP-DM data science methodology. To pursue these objectives, this study collected and analyzed
389 responses from the first-batch urban upper-secondary students in the Kuantan District who had
enrolled in the newly revised Standard Based Curriculum for Secondary Schools (KSSM’s) Additional
Mathematics syllabus, utilizing a modified research questionnaire and a one-stage cluster sampling
technique. The findings revealed that determinants such as education disciplines, ethnicity, gender,
mathematics self-efficacy, peer influence, and teacher influence had significantly impacted students'
decisions to enroll in Additional Mathematics. Moreover, the introduction of the novel stacked ensemble
machine learning algorithm had improved predictive accuracy compared to traditional dichotomous
logistic regression algorithms on average, particularly at optimal training-to-test ratios of 70:30, 80:20,
and 90:10. These insights were valuable for shaping educational policy and practice, emphasizing the
importance of promoting STEM education initiatives and encouraging educators and counselors to
empower students to pursue STEM careers while actively promoting gender equality within STEM fields.

Introduction

The global labor market has a growing demand for Science, Technology, Engineering, and Mathematics
(STEM) professionals, including statistical learning-based engineers, artificial intelligence specialists,
motion designers, Virtual Reality (VR) professionals, and wind turbine service technicians. According to
the United States Department of Labor’'s employment projections, STEM occupations, which encompass
roles in computer and mathematical fields, architecture and engineering, life and physical science,
managerial positions, postsecondary teaching, and sales roles requiring scientific or technical knowledge
at the postsecondary level, are expected to experience significant growth of 10.8 percent from 2022 to
2032. In contrast, non-STEM occupations are projected to grow by merely 2.3 percent during a similar
period (United States Department of Labor, 2023). This data underscores the critical importance of STEM
education and careers, both of which rely heavily on a solid foundation in mathematics.

Particularly, improving enrolment in STEM careers for students is crucial for the sustainability of national
economic development and growth (Razali et al., 2017; Shahali et al., 2017; Bowden et al., 2018; Halim et
al., 2018; Ramli & Awang, 2020; Siregar et al., 2023). In Malaysia, STEM education was formally
integrated into the secondary education system in 2020. This transformation involved replacing the
Integrated Secondary School Curriculum (KBSM) with the revised Standard Based Curriculum for
Secondary Schools (KSSM), in alignment with the Malaysia Education Blueprint 2013-2025 (Malay Mail,
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2016). The key differences between KBSM and KSSM curricula can be summarized into five principal
pillars: communication, physical and aesthetics, self-directed learning, STEM, and spirituality, attitudes,
and values (Dom, 2019).

The KSSM curriculum in Malaysia emphasizes student-centered teaching, problem-solving skills, project-
based assignments, regular updates on subjects, and formative assessments (Malay Mail, 2016).
However, there has been a significant decline in STEM enrolment among upper-secondary students in
Malaysia, dropping from 45.20 percent in 2017 to 40.94 percent in 2022, deviating from the country’s
targeted science and arts ratio of 60:40 (also known as STEM: Non-STEM ratio in Malaysia Education
Blueprint 2013-2025), a policy in place since 1967 (Ramli, & Awang, 2020; Bernama, 2021; The Vibes,
2023; Wen, 2023). This trend is not unique to Malaysia but is a global issue (Halim et al., 2018; Mohtar et
al,, 2019). Consequently, a majority of literature focuses on exploring determinants that impact secondary
school student’s interest in STEM education and careers, with a particular emphasis on secondary school
students due to their diminishing interest since early schooling, resulting in the reduced pursuit of tertiary
STEM education (Shahali et al., 2017; Kamsi et al., 2019).

In Malaysia’s education system, Additional Mathematics, equivalent to A-level Mathematics, is regarded
as advanced mathematics in upper-secondary education. It serves as an elective subject within STEM
education and acts as a typical indirect prerequisite for enrolling in tertiary STEM-related programs at
Malaysian public universities. This is due to this subject’s coverage of fundamental mathematics
knowledge, including algebra, geometry, calculus, trigonometry, and statistics (Ministry of Education
Malaysia, 2019).

In recent years, there has been a significant decline in the enrolment of upper-secondary students in
Additional Mathematics in Pahang state. According to data from the Pahang State Education
Department, enrolment dropped from 7958 students to 5523 students in 2014-2018 (Hiae, 2020). This
declining trend also extends to the number of registered candidates for the Malaysian Certificates of
Education (SPM) exams, with some students withdrawing from Additional Mathematics before
registering for the SPM. Moreover, Pahang State’s STEM-related labor force statistics, as reported by the
Department of Statistics Malaysia (2023), rank among the bottom five states in Malaysia in 2010-2022
on average. This trend is consistent when considering the number of STEM enrolments, both in
Peninsular Malaysia and the East-Coast region, despite Pahang being the largest state in both areas.
Notably, Pahang’s average STEM-related labor force is merely one-eighth of that in Selangor, the top-
ranked state in this regard.

Consequently, the primary objective of this article is to investigate the statistically significant
determinants that impacted the upper-secondary enrolment in Additional Mathematics by utilizing
appropriate statistical methods. This qualitative research aims to unlock the root causes corresponding
to this decline and contribute to achieving the national 60:40 STEM:non-STEM ratio fixed in national
education policy. Additionally, this study seeks to develop a robust stacked ensemble statistical learning-
based algorithm (SESLA) for predicting Additional Mathematics enrolment based on these determinants
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utilizing Cross Industry Standard Process for data mining (CRISP-DM) data science methodology. This
study focuses specifically on urban upper-secondary students in the Pahang Kuantan District (Pahang'’s
capital and largest city), who represent the first batch of students enrolled in the KSSM curriculum for
Additional Mathematics. By addressing the enrolment decline and understanding its causes, this research
aims to unlock insights into improving enrolment and interest in Additional Mathematics among students
in Pahang and contribute to the broader national educational goals for prosperous and sustainable
national economic growth.

Literature Reviews

Given the sparse availability of the previous research on the determinants impacting the enrolment of
upper-secondary students in Additional Mathematics studies in Malaysia (Authors, 2021), the authors
proposed identifying statistically significant determinants individually utilizing a non-parametric chi-
squared test. However, this statistical method has limitations as it does not account for adjustment
effects among the determinants and potential confounding effects, thus failing to provide comprehensive
insights. Therefore, this section shifts its focus to the determinants impacting students' interest in STEM
education and careers, drawing inspiration from existing literature.

For instance, Blotnicky et al. (2018) investigated determinants impacting middle school students'
enrolment in STEM careers in Atlantic Canada. They employed a logistic regression algorithm to analyze
the association between STEM career knowledge, mathematics self-efficacy, grade level, career interests,
and engagement in STEM career activities. Their findings indicated that higher STEM career knowledge
and mathematics self-efficacy were associated with an increased likelihood of pursuing STEM careers.
Moreover, students interested in technical and scientific skills were more inclined towards STEM careers
compared to those with preferences for practical, productive, and concrete activities.

In a related study in the United States of America (USA), Bowden et al. (2018) investigated the impact of
parental occupation and gender differences on students' mathematics performance utilizing a random-
effect panel regression algorithm. Their results demonstrated that students' standardized mathematics
test performance was impacted by the STEM occupations of their parents, with gender differences
observed.

Similarly, Kaleva et al. (2022) investigated the association between upper-secondary and tertiary
students’ mathematics choices, university admissions, and gender diversity in STEM career pathways in
Finland. Their findings revealed that university admissions significantly impact students’ mathematics
choices, with more male students opting for advanced mathematics compared to females. This
difference was attributed to female students’ perceived lack of mathematics self-efficacy, ability, and
competence. Males expressed the greatest interest in Information Technology (IT), IT Communication,
and Technology, while females showed more interest in Health and Wellbeing, and Education. However,
it's worth noting that the study’s utilization of the parametric #test on ordinal-level Likert scale data was
inappropriate, as Likert scale data is qualitative and not suitable for parametric testing.
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In Indonesia, Siregar et al. (2023) investigated the impact of gender and parental education on STEM
interests utilizing Analysis of Variance (ANOVA) and Likert scale mean scores. However, a limitation of
this study was the utilization of ANOVA for analyzing Likert scale scores, which can lead to misleading
conclusions due to the ordinal nature of the data. ANOVA also failed to account for adjustments among
the determinants and potential confounding effects, raising concerns about the accuracy of the insights
derived from the collected data.

In a series of studies conducted in Malaysia, various factors impacting students’ STEM education and
career interests were investigated. These studies focused on attitude, motivation, parental influence, and
the effectiveness of intervention programs. However, some concerns have been raised about the data
analysis and interpretation methods utilized in these studies. For instance, Razali et al. (2017)
investigated determinants impacting students’ STEM career interest among science-stream students in
Selangor, emphasizing attitude, motivation, and parental influence. Concerns arose due to the
inappropriate utilization of Exploratory Factor Analysis (EFA) in conjunction with Principal Component
Analysis (PCA) and arithmetic mean on ordinal-level Likert scale data, which may lead to
misinterpretation. Similarly, Shahali et al. (2017) conducted a quasi-experimental study evaluating the
effectiveness of the project-based engineering design process in Perak and Universiti Kebangsaan
Malaysia, Selangor. Their finding showed that the intervention program increased students’ interest in
STEM education and careers. However, like previous studies, summarized and concluded based on
ordinal-level Likert scale data utilizing arithmetic mean, which may lead to misleading interpretations.

Additionally, Halim et al. (2018) investigated STEM self-efficacy’s impact on STEM and physics careers
across six regions, revealing gender-based variations with male students displaying high self-efficacy in
engineering and female students excelling in science disciplines. Boarding school students also exhibited
a heightened interest in STEM careers compared to those from public schools. Nonetheless, concerns
persist regarding the adequacy of their data analysis and interpretation, echoing issues found in Siregar
et al.'s (2023) study. Meanwhile, Kamsi et al. (2019) explored determinants of students’ enrolment in
STEM education in Perak, utilizing PCA and multiple linear regression (MLR). Their results highlighted the
significance of low morale attitude, learning experience, and return on education investment in STEM
interest. It's important to note that the utilization of PCA and MLR for a categorical endogenous response
raises statistical concerns affecting result interpretability.

In Mohtar et als (2019) study, Structural Equation Modelling (SEM) was employed to investigate
determinants impacting interest in physical science and life science careers across six regions. Their
finding revealed that STEM self-efficacy positively impacted both physical and life sciences STEM career
interests, while perceptions of STEM careers primarily impacted interest in life sciences STEM careers.
Nevertheless, concerns were raised about their utilization of inappropriate statistical methods, such as
arithmetic mean and normal distribution, with Likert scale data, which is considered qualitative.

Conversely, Ramli & Awang (2020) explored the determinants impacting the implementation of Malaysia’s
60:40 STEM Education Policy through semi-structured interviews. They identified determinants at the
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students, school, parents, and administrator levels, including determinants like interest, self-confidence,
motivation, teacher influence, laboratory infrastructure, parents’ perceptions of career opportunities, and
administrator qualifications. However, it's important to note that this study presented subjective
conclusions without statistical analysis, and relied on data from a small sample of eight respondents,
potentially leading to biased conclusions.

Recently, Rahman & Halim (2022) conducted a study to investigate the impact of gender on intrinsic,
extrinsic, and STEM interests’ careers utilizing a multivariate analysis of variance (MANOVA). Their
findings revealed statistically significant differences in STEM career interests between male and female
students, with males exhibiting higher STEM interests. However, no statistically significant impact of
gender was observed on extrinsic and intrinsic determinants. Like previous studies, this research also
utilized inappropriate statistical methods when analyzing ordinal-level Likert scale scores.

In summary, the previous studies conducted in Finland, Indonesia, and Malaysia have a typical limitation.
The researchers frequently employed inappropriate statistical analysis methods when dealing with
ordinal-level Likert scale data. This issue can lead to misinterpretation and erroneous conclusions,
especially when comparing findings to those from more developed countries like Canada, and the USA.
Addressing this limitation is vital for gaining a more accurate understanding of STEM education and
career determinations.

Furthermore, it's important to recognize that the impact of these determinants on students’ interest in
STEM education and careers varies across regions and countries. This variability is well-supported by the
review paper by Idris and Bacotang (2023). Determinants contributing to this variation include the
availability of STEM resources in classrooms, ethnic diversity, national education policies, parental
education and occupation, socioeconomic and cultural influences, students’ self-efficacy, teaching and
learning practices, and the competence of STEM teachers.

Additionally, there’s a pressing need to bridge the knowledge gap in understanding the determinants that
impact students’ enrolment, performance, and retention in Additional Mathematics, a fundamental
component of STEM education. Students with a strong foundation in mathematics are more likely to
pursue STEM education and careers. Consequently, it's worth exploring the development of a robust
statistical predictive learning-based algorithm based on these statistically significant determinants.

Research Methodology

This section provided a brief overview of the research methodology in this study. Particularly, this study
employed the CRISP-DM data science methodology, which was tailored to suit the study’s requirements.
In practice, there were six principal phases of the CRISP-DM data science methodology, including
business understanding, data understanding, data preparation, modeling, evaluation, and deployment, as
detailed in the subsequent section. The principal reason for employing CRISP-DM data science
methodology in this article was its robustness and reliable application in various industries (Authors,

2024; Tripathi et al., 2021).
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Business Understanding

In this study, the primary business objective is to investigate the determinants that significantly impact
upper-secondary enrolment in Additional Mathematics, with a particular emphasis on the role of STEM
human capital in fostering national economic growth. The aim is to increase the number of students
pursuing STEM-related careers, which can have positive effects on job creation, unemployment reduction,
poverty alleviation, and gender equality. Additionally, the data mining goal in this study is to develop a
robust SESLA for predicting Additional Mathematics enrolment based on these determinants, following
the Cross Industry Standard Process for data mining (CRISP-DM) data science methodology, as shown in
Fig. 1.

However, this study acknowledges potential risks in this study, including the possibility of respondents
providing inaccurate information due to the utilization of self-report questionnaires. Moreover, this study
employed a one-stage cluster sampling technique to address the variations in educational offerings
among secondary schools. Furthermore, this article also proposed a novel statistical method to monitor
and mitigate underfitting and overfitting risks. Particularly, this study defined the absence of underfitting
when the accuracy rates for both training and test sets are higher than 90%, which is based on the
literature (Authors, 2013; Authors, 2017; Authors, 2023). Meanwhile, there is an absence of overfitting
when no statistically significant findings in the Fisher's exact or Fisher-Freeman-Halton test. This study
also highlighted that all programming in this study utilized free software, such as Microsoft Excel and R
statistical software, running on a middle-end computing environment with an Intel(R) Core™ i5-10210U
CPU@1.60GHz for cost-saving.

Data Understanding

The data understanding phase served as the foundation for the business understanding phase, primarily
focusing on identifying, collecting, and analyzing datasets to achieve the study’s objectives. The targeted
population in this study comprised urban upper-secondary students in the Kuantan District who were
potential candidates for enrolling in Additional Mathematics. Notably, this study focused on the first
batch of students who were enrolled in Additional Mathematics according to the KSSM syllabus.

Given the absence of a similar study and the related questionnaire in the existing literature, this study
developed a new questionnaire by referencing relevant studies (Kae, 2010; Chong et al., 2014; Yao et al.,
2016). The questionnaire’s latent variables and determinants were based on the literature, encompassing
two principal parts: Part A and Part B. Part A encompasses student enrolment in Additional Mathematics
and socio-economic determinants, including the educational disciplines, ethnicity, family income, gender,
parental education, and PT3 Mathematics achievements. Meanwhile, Part B encompasses intrinsic and
extrinsic motivational determinants. The intrinsic motivational determinant, primarily self-efficacy was
gauged across seven latent variables. In contrast, extrinsic motivational determinants such as parental
influence, peer influence, and teacher influence were gauged utilizing five latent variables, respectively.
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To ensure the internal reliability of the questionnaire, this research conducted a pilot study, distributing it
to 50 randomly selected students and analyzing the collected data utilizing Cronbach’s alpha. All
Cronbach’s alpha values for each determinant exceeded 0.7, confirming its reliability. It's important to note
that this study did not perform a validity analysis through exploratory factor analysis (EFA) in conjunction
with multiple correspondence analysis (MCA) for clustering (Authors, 2020), as the referred literature
clusters latent variables based on the corresponding determinants.

The finalized questionnaire, based on the pilot study, was utilized in full-scale research conducted from
mid-February to mid-March 2020 in Malaysia, before the first Movement Control Order (MCO) on March
18, 2020. The questionnaire was distributed to upper-secondary students from four randomly selected
urban secondary schools in Kuantan District: Air Putih (3°49'42.6"N, 103°20'19.9"E), Bukit Rangin
(3°48'7.8"N, 103°16'17.7"E), Semambu (3°52'12.0"N, 103°19'39.7"E), and Tg Panglima Tg Muhammad
(3°49'18.1"N, 103°17'37.3"E). This study involved a total of 156, 115, 50, and 68 potential upper-
secondary students enrolled in Additional Mathematics. It's important to note that this study employed a
one-stage cluster sampling technique to minimize the variation in the educational package across these
upper-secondary schools. Furthermore, the sample size utilized in this study met the minimum
requirements, as determined by Yamane's equation, with a sampling error of 0.05 (Authors, 2021).

In the final stage of this phase, a screening test was conducted on the collected data from the full-scale
research to uncover associations among qualitative determinants, including nominal-scale and ordinal-
scale data. The Fisher’s exact test and Fisher-Freeman-Halton test were employed for this purpose,
selection over the chi-squared test utilized in the literature (Authors, 2021) due to their provision of exact
test statistics. Furthermore, this study computed the likelihood of enrolment in Additional Mathematics
utilizing the odds ratio and assessed its significance was determined utilizing the 95% confidence interval
(C.1.) approach. Statistical significance was determined when the 95% C.I. of the odds ratio did not
encompass the hypothesized value of the odds ratio equal to one.

Data Preparation

Data preparation played a vital role in preparing the final dataset for modeling. This process involved
addressing missing data, aggregating latent variables for determinants, recoding categorical
determinants, integrating the dataset, and partitioning it into training and test sets utilizing appropriate
ratios. Cross-tabulation, which was employed during the data understanding phase, aided in identifying
incomplete respondents. In this study, the row deletion technique was selected to remove incomplete
respondents, prioritizing data completeness and accuracy over MCA-based imputation techniques.

For determinants such as self-efficacy, parent influence, peer influence, and teacher influence, latent
variables needed to be measured. This study aggregated these latent variables utilizing the median
operator because arithmetic mean aggregation was deemed inappropriate for ordinal-scale variables, as
highlighted in the literature review section. This aggregation process also facilitated the recording of
nominal-scale and ordinal-scale variables with k categories into kK — 1 dummy variables. This article
emphasizes that in qualitative research, failing to recode nominal-scale and ordinal-scale variables with k
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categories into kK — 1 dummy variables is inappropriate, as previously proposed and utilized in literature
(Mohamad et al., 2016; Halid & Khalid, 2022).

The qualitative determinants were then integrated into a Common-Separated Values (CSV) dataset, which
was randomly split into training and test sets. This article explored four distinct training-to-test ratios,
namely 60:40, 70:30, 80:20, and 90:10, as the ideal ratio remained unknown. These ratios were evaluated
utilizing innovative statistical techniques introduced in the modeling phase.

Modeling

In accordance with the CRISP-DM data science methodology, the modeling phase aimed to predict the
enrolment of urban upper-secondary students in Additional Mathematics within the Kuantan District. This
study explored various statistical learning-based algorithms, encompassing both probabilistic and
deterministic techniques, utilizing training sets. This study employed a probabilistic-based classification
statistical learning-based algorithm, dichotomous logistic regression (benchmarks comparison), and
deterministic-based classification algorithms, such as c-Support Vector Machine (¢-SVM), v-SVM, C5.0,
and Classification and Regression Tree (CART). Additionally, this study proposed four novel SESLAs: two
dichotomous logistic regression-c—SVM-based, and two dichotomous logistic regression-v—SVM-based,
with the principal objective of assessing their impact on classification accuracy rates, while the accuracy
rates are evaluated based on the average of the diagonal elements of confusion matrices.

In this article, the primary objective of data mining was to develop a robust statistical predictive learning-
based algorithm that not merely achieved a high accuracy rate (> 90%) (Authors, 2013; Authors, 2017;
Authors, 2023), but also provided valuable insights for real-life applications. To maintain interpretability
and manage computational cost, this article did not consider sophisticated artificial neural network (ANN)
algorithms Furthermore, ANOVA, MANOVA, MLR, panel regression, and SEM algorithms as proposed in
the literature were also not relevant, given that this research was qualitative, and the data collected lacked
time-dependent and spatial variation.

Evaluation and Deployment

In the realm of technical algorithm evaluation, the evaluation phase assumes a pivotal role, guiding the
deployment process based on specific requirements that can span from producing straightforward
reports to implementing repeatable data mining procedures across enterprises. In this study, the test set
was employed to assess the presence of overfitting, as well as to evaluate the robustness of probabilistic
and deterministic classification statistical learning-based algorithms. Consequently, this study randomly
generated 10 distinct scenarios by utilizing seeds ranging from 1 to 9999 and applied Wilcoxon’s signed
rank test to gauge the statistical significance of classification accuracy rates.

The analysis in this study aimed to determine the optimal training-to-test ratio by computing the absolute
difference in accuracy rates between the training and test sets for each of these 10 scenarios. When the
results did not demonstrate statistical significance, this indicated the robustness of the statistical
predictive learning-based algorithm and the absence of overfitting. Notably, this study refrained from
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relying on graphical techniques for assessing these issues, deeming them inadequate in providing
statistical evidence. In summary, this innovative evaluation technique served not merely to establish
optimal training-to-test ratios in cases of lacking prior knowledge but also to evaluate the robustness of
statistical predictive learning-based algorithms in identifying superior classification techniques.

During the deployment phase, the superior statistical predictive learning-based algorithm was selected
based on minimal accuracy rate differences between the training and test sets, along with an optimal
training-to-test ratio. Specifically, the optimum training-to-test ratio is identified when there is an absence
of underfitting and overfitting to ensure that the algorithm generalizes well. Nevertheless, the principal
objective of this article was to solicit valuable feedback from experts in the field of science and
mathematics education, with the aim of fostering continuous improvement in the future.

Analysis Results and Discussion

This section outlines the statistical analysis utilized to achieve the study’s principal objectives. Notably,
this study employed Microsoft Excel and R statistical software for statistical analysis presented in this
section. Additionally, the research methodology is primarily based on the CRISP-DM data science
methodology, which is structured into five key phases: data understanding, data preparation, modeling,
evaluation, and deployment.

Data Understanding and Data Preparation

Table 1 presents the results of EDA for a comprehensive research dataset. Both Fisher's exact test and the
Fisher-Freeman-Halton test revealed significant associations among several variables, including
educational discipline, ethnicity, parental education, PT3 Mathematics achievements, mathematics self-
efficacy, parental influence, peer influence, and teacher influence. These findings were specific to urban
upper-secondary students in the Kuantan District enrolled in Additional Mathematics, without accounting
for potential determinants and confounding effects.

Notably, students pursuing STEM packages were 44.32 times more likely to enroll in Additional
Mathematics than those in Humanities & Arts packages, with a significant difference supported by a 95%
C.l. of 21.87 to 89.78, excluding the hypothesized value of one. Similarly, students who achieved high
PT3 Mathematics performance (Grade A and Grade B) were 142.73 times more likely to enroll in
Additional Mathematics compared to those with low performance (Grade E and Grade F), supported by a
95% C.l. within 45.88 and 444.02. Conversely, students with average performance (Grade C and Grade D)
were 14.44 times more likely to enroll in Additional Mathematics compared to those with low
performance, with a 95% C.I. ranging from 5.02 to 41.54.

In line with previous studies, both intrinsic and extrinsic motivational determinants significantly impacted
upper-secondary students' enroliment in Additional Mathematics. Students who strongly agreed or agreed
(SAA) that mathematics self-efficacy had a strong impact were 117.14 times more likely to enroll in

Additional Mathematics compared to those who strongly disagreed or disagreed (SDD), supported by a
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95% C.l. within 38.77 and 353.93. Meanwhile, students who neither agreed nor disagreed (NAD) had a
decreased likelihood, with mathematics self-efficacy having an impact of 20.34 times compared to those
with SDD, with a 95% C.I. ranging from 11.24 to 36.80.

Additionally, parental influence, peer influence, and teacher influence are extrinsic motivational that are
statistically significant on students enrolling in Additional Mathematics. Students who SAA that parental
influence had an impact were 12.83 times more likely to enroll compared to those with SDD, with a 95%
C.1. within 6.96 and 23.62. However, those who NAD had a 5.39 times higher likelihood compared to those
with SDD, with a 95% C.I. ranging from 3.21 to 9.05. Likewise, students who SAA about the impact of peer
influence were 24.57 times more likely to enroll in Additional Mathematics compared to those with SDD,
with an interval estimate within 12.72 and 47.47. This was the most impactful extrinsic motivational
determinant impacting student enrolment. Meanwhile, the likelihood of the students whose NAD believes
the impact of peer influence has been reduced to 5.01 times more likely to enroll in Additional
Mathematics compared to those who had SDD, resulting in a 95% C.1. lies within 2.86 and 8.76.

In contrast, teacher influence yielded a 15.79 higher likelihood when students with SAA, supported by a
95% C.l. ranging from 8.15 and 30.59. However, the likelihood dropped to 3.99 times with a 95%
confidence interval within 2.34 and 6.80 when students merely NAD regarding teacher influence. Notably,
determinants such as ethnicity and parental education did not have a statistically significant impact on
students’ enrollment in Additional Mathematics, as indicated by a 95% C.I. for odds ratios that included
the hypothesized value of one. Likewise, no significant associations were found among the sub-
categories of family income and gender, except for students from considerably high-income families
(T20), who were 1.84 times more likely to enroll, supported by a 95% C.I. ranging from 1.07 and 3.16.

However, assessing the statistically significant associations and the likelihood of enrolment in Additional
Mathematics without considering determinants and confounding effects provides an incomplete picture.
Further analysis utilizing a statistical predictive learning-based algorithm revealed that the key
determinants impacting student enrolment included educational disciplines, ethnicity, gender,
mathematics self-efficacy, peer influence, and teacher influence, as detailed in the next section. As a
result, this study did not delve into the practical implications of the statistically significant determinants
presented in Table 1.
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Table 1
EDA on a Cleaned Full-scale Research Dataset

Determinant Sub-categories Symbolized  Frequency
(Percentages)

Enrolee Non-

enrolee
Educational disciplines STEM d, 168 10
a (43.19%)  (2.57%)
Humanities & ArtsR - 58 153

(14.91%)  (39.33%)

. L F* Malay d2 94 115
Ethnicity (24.16%)  (29.56%)

Chinese ds 123 40
(31.62%) (10.28%)

; R - 9 8
Indian & Others (2.31%) (2.06%)

Family income T20 dy, (60 ) (28 )
15.42% 7.20%
M40 ds 74 56
(19.02%)  (14.40%)
R - 92 79
B40 (19.02%)  (14.40%)
Gender Male ds 94 58
(24.16%)  (14.91%)
R - 132 105
Female (33.93%)  (26.99%)
Parental education ™ Tertiary d; 23357 22%) (7138 77%)
Secondary dg 83 82
(21.34%)  (21.08%)
Primary & OthersR® - ?1 54%) ?2 06%)
PT3 Mathematics High dy 145 16
Achievement F* (37.28%)  (4.11%)

Odds Ratio
(95% C.l.)

44.32
[21.87,
89.78]*

0.73[0.27,
1.96]

2.73[0.99,
7.56]

1.84[1.07,
3.16]*

1.13[0.72,
1.80]

1.29 [0.85,
1.95]

2.50 [0.84,
7.49]

1.35[0.45,
4.06]

142.73
[45.88,
444.02]*

Note. “F* indicates statistical significance to Fisher's exact test or Fisher-Freeman-Halton test at a

0.05 significance level; “*" indicates statistical significance at a 0.05 significance level.
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Mathematics Self-
efficacy F*

Parental Influence

Peer Influence

Teacher Influence

F*

Average

LowR

Strongly Agree &
Agree

Neither Agree Nor
Disagree

Strongly Disagree &
Disagree®

Strongly Agree &
Agree
Neither Agree Nor

Disagree

Strongly Disagree &
Disagree®

Strongly Agree &
Agree
Neither Agree Nor

Disagree

Strongly Disagree &
Disagree®

Strongly Agree &
Agree
Neither Agree Nor

Disagree

Strongly Disagree &
Disagree®

77
(19.79%)

4
(1.03%)
80
(20.57%)

125
(32.13%)

21
(5.40%)

97
(24.94%)

88
(22.62%)

41
(10.54%)

125
(32.13%)

75
(19.28%)

26
(6.68%)

102
(26.22%)

96
(24.68%)

28
(7.20%)

84
(21.59%)

63
(16.20%)
4
(1.03%)

36
(9.25%)

123
(31.62%)

19
(4.88%)

41
(10.54%)

103
(26.48%)

18
(4.63%)

53
(13.62%)

92
(23.65%)

18
(4.63%)

67
(17.22%)

78
(20.05%)

14.44
[5.02,
41.54]*

117.14
[38.77,
353.93]*

20.34
[11.24,
36.80]*

12.83
[6.96,
23.62]*

5.39 [3.21,
9.05]*

24.57
[12.72,
47 A7]*

5.01 [2.86,
8.76]*

15.79
[8.15,
30.59]*

3.99 [2.34,
6.80]*

Note. “F*" indicates statistical significance to Fisher's exact test or Fisher-Freeman-Halton test at a
0.05 significance level; “*” indicates statistical significance at a 0.05 significance level.

Modeling, Evaluation, and Deployment

This study undertook a robust data munging process to unveil hidden patterns within a meticulously

cleaned full-scale research. This process harnessed the power of appropriate statistical tools, culminating
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in the development of statistical predictive learning-based algorithms. The performance of these
algorithms is detailed in Table 2. This study evaluated the predictive capabilities of one statistical
probabilistic, and six statistical deterministic learning-based algorithms, in addition to four statistical
stacked ensemble learning-based algorithms. This assessment considered various training-to-test ratios
and included a benchmark comparison with the statistical probabilistic learning-based algorithm,
dichotomous logistic regression, as found in previous studies. Additionally, this study also measured the
average and standard deviation of the absolute distance between training and test accuracy rates, with
the training accuracy rates determined through internal validation. These metrics provided valuable
insights, offering a subjective gauge of the potential presence of overfitting within the employed
competent subjectively to reflect the presence of overfitting issues on statistical predictive learning-based
algorithms.

Furthermore, this article introduced an innovative approach for assessing both underfitting and
overfitting. Specifically, this study identified the absence of underfitting when average accuracy rates for
both the training and test sets exceeded 90%. This threshold holds significant recognition within the fields
of pattern recognition and machine learning applications. Additionally, this study established the absence
of overfitting when average accuracy rates for training and test sets yielded no significant differences, as
confirmed by Wilcoxon's signed-rank test. These findings contribute to a more nuanced understanding of
the robustness and generalization capabilities of statistical learning-based algorithms under
investigation.
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Table 2

Evaluating predictive performance and assessing the proposed statistical stacked ensemble learning-
based algorithms

Training-
to-test
ratio

60:40

70:30

Algorithm

Dichotomous logistic
regression®

CART
C5.0

c-SVM (RBF)

v — SVM (RBF)

c-SVM (Sigmoid)

\varvecr — SVM
(Sigmoid)

Stacked Logistic-c-SVM
(RBF)

Stacked Logistic-
v — SVM (RBF)

Stacked Logistic-c-SVM
(Sigmoid)

Stacked Logistic-
v — SVM (Sigmoid)

Dichotomous logistic
regression®

CART

C5.0

Accuracy rates

mean (s.d)
Training

92.01
(1.56)

89.57
(1.11)

92.44
(1.76)

96.24
(1.02)

93.42
(0.97)

90.04
(1.76)

90.47
(1.97)

92.52
(1.64)

90.68
(1.75)

89.10
(2.35)

89.83
(2.77)

91.83
(1.54)

90.04
(1.16)

92.68
(1.53)

Test

88.78
(2.51)

86.58
(2.73)

88.52
(3.19)

90.32
(2.49)

90.19
(1.82)

90.52
(2.90)

90.52
(2.85)

89.42
(2.47)

89.61
(2.48)

88.00
(3.33)

88.39
(3.88)

89.05
(2.90)

88.02
(3.84)

88.88
(3.78)
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Absolute

Distance mean

(s.d)

4.11 (2.46)

3.72 (2.84)
4.24 (2.94)
5.92 (3.35)

3.23 (2.50)

3.24 (2.58)

3.26 (3.02)

4.01 (2.58)

3.31 (2.04)

3.38 (3.25)

3.02 (2.90)

3.75 (3.25)

3.69 (2.54)

4.52 (3.33)

Wilcoxon signed-
rank test (P-value)

0.0322*

0.0414*
0.0144*
0.0059*

0.0020*

0.9187

0.7596

0.0488*

0.5406

0.3750

0.3223

0.1602

0.1260

0.0195*




Training-
to-test
ratio

80:20

Algorithm

c-SVM (RBF)

v — SVM (RBF)

¢c-SVM (Sigmoid)

v — SVM (Sigmoid)

Stacked Logistic-c-SVM
(RBF)

Stacked Logistic-
\varvecr — SVM
(RBF)

Stacked Logistic-c-SVM
(Sigmoid)

Stacked Logistic-
v — SVM (Sigmoid)

Dichotomous logistic
regressionR

CART
C5.0

c-SVM (RBF)
\varvecr — SVM
(RBF)

c-SVM (Sigmoid)

v — SVM (Sigmoid)

Accuracy rates

mean (s.d)
Training

95.82
(0.88)

92.64
(0.98)

90.10
(1.42)

90.70
(1.11)

92.56
(1.28)

90.88
(1.26)

89.19
(1.77)

90.62
(1.41)

91.80
(1.12)

89.97
(0.74)

92.31
(1.37)

95.77
(0.72)

92.18
(0.68)

89.74
(1.04)

90.32
(0.83)

Test

90.61
(3.19)

90.26
(2.11)

90.43
(3.05)

89.91
(2.93)

89.22
(2.48)

90.09
(2.70)

87.59
(2.99)

89.40
(3.66)

89.35
(3.71)

88.83
(2.95)

90.00
(3.07)

91.56
(2.55)

90.78
(2.07)

92.21
(2.94)

91.17
(3.11)

Page 17/25

Absolute

Distance mean

(s.d)

5.38 (3.65)

2.89 (2.35)

3.42 (2.31)

3.05 (2.05)

4.00 (2.66)

3.06 (2.10)

3.64 (2.16)

3.88 (2.76)

3.83 (3.13)

1.93 (2.16)
3.09 (2.34)
4.26 (2.97)

2.31 (1.65)

3.97 (1.99)

3.09 (1.97)

Wilcoxon signed-
rank test (P-value)
0.0098*

0.0371*

0.9219

0.5566

0.0248*

0.6250

0.3077

0.6250

0.1027

0.1525
0.0645
0.0080*

0.1309

0.0664

0.4145




Training-
to-test
ratio

90:10

Algorithm

Stacked Logistic-c-SVM
(RBF)

Stacked Logistic-
\varvecr — SVM
(RBF)

Stacked Logistic-c-SVM
(Sigmoid)

Stacked Logistic-

v — SVM (Sigmoid)
Dichotomous logistic
regression®

CART
C5.0

c-SVM (RBF)

v — SVM (RBF)

c-SVM (Sigmoid)

\varvecr — SVM
(Sigmoid)

Stacked Logistic-c-SVM
(RBF)

Stacked Logistic-
\varvecr — SVM
(RBF)

Stacked Logistic-c-SVM
(Sigmoid)

Accuracy rates

mean (s.d)
Training

92.50
(1.25)

91.09
(0.87)

88.69
(1.171)

89.90
(1.02)

91.71
(0.49)

90.91
(0.64)

92.39
(0.70)

95.81
(0.33)

91.97
(0.52)

90.03
(0.76)

90.48
(0.65)

92.65
(0.67)

91.68
(0.48)

88.92
(1.02)

Test

90.00
(3.18)

90.78
(3.27)

88.70
(3.63)

90.13
(3.31)

89.74
(5.75)

88.16
(4.85)

89.21
(5.33)

89.48
(6.33)

88.95
(5.92)

90.53
(4.51)

90.53
(4.68)

88.95
(5.09)

90.79
(4.68)

89.74
(5.18)
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Absolute

Distance mean

(s.d)

3.54 (3.25)

3.70 (1.12)

2.51 (1.67)

2.99 (1.12)

5.26 (3.14)

4.66 (3.26)
4.85 (4.33)
7.05 (5.58)

5.65 (3.97)

4.42 (2.37)

4.37 (2.55)

5.32 (3.82)

3.67 (3.15)

3.91 (3.54)

Wilcoxon signed-
rank test (P-value)

0.1260

0.9188

0.8384

0.8384

0.4142

0.1025
0.1258
0.0246*

0.2616

0.9187

0.9187

0.0526

0.9188

0.6101




Training- Algorithm Accuracy rates Absolute Wilcoxon signed-
to-test Distance mean  rank test (P-value)
ratio mean (s.d) (s.d)

Training Test

Stacked Logistic- 91.08 90.00 4.40(3.16) 0.6250
o 0.67)  (4.93)
v — SVM (Sigmoid)

In Table 2, the analysis results revealed that statistical decision-tree-based learning-based algorithms,
such as CART and C5.0, performed poorly across various training-to-test ratios. These algorithms failed
to meet the underfitting and overfitting criteria, especially at the 60:40 training-to-test ratio. As a result,
this study concluded that statistical decision-tree learning-based algorithms were not suitable for
predicting the enrolment of urban upper-secondary students in Additional Mathematics, despite their
automatic determinants selection ability.

Furthermore, when employing a 60:40 training-to-test ratio, merely c-SVM (accuracy rates-training set:
90.04%, test set: 90.52%; P-value for Wilcoxon signed-rank test: 0.9187) and v-SVM (accuracy rates-
training set: 90.47%, test set: 90.52%; P-value for Wilcoxon signed-rank test: 0.7596), both utilizing the
sigmoid kernel function, were identified as superior statistical predictive learning-based algorithms
without encountering underfitting or overfitting issues. However, these algorithms for all levels of training-
to-test ratio were not designated as superior statistical predictive learning-based algorithms due to their
lack of interpretability and inability to select statistically significant determinants. Achieving
interpretability for the determinants selected by these algorithms had proved challenging, and they had
been unable to provide statistical evidence for the determinants when compared to the benchmark
algorithm.

To address the limitations of statistical SVM-based learning-based algorithms, this study was motivated
to develop a stacked ensemble statistical learning-based algorithm by combining dichotomous logistic
regression and statistical SVM learning-based algorithms. Specifically, dichotomous logistic regression
played a crucial role in selecting a set of statistically significant determinants utilizing stepwise selection
techniques. Consequently, the selected statistically significant determinants were utilized for prediction
based on statistical SVM learning-based algorithms, resulting in a complementary stacked ensemble
statistical learning-based algorithm.

Contrarily to the SVM-based utilizing sigmoid kernel function, the analysis results revealed that the
proposed stacked ensemble statistical learning-based algorithms utilizing sigmoid kernel function,
including stacked dichotomous logistics regression-c-SVM and dichotomous logistics regression--SVM
did not meet neither underfitting nor overfitting. Despite that, Table 2 revealed that the stacked
dichotomous logistics regression--SVM utilizing the well-recognized gaussian radial basis function
(RBF) kernel function is outperformed compared to other algorithms across 70:30, 80:20, and 90:10
training-to-test ratios. This analysis results also lead to the superior statistical predictive learning-based
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algorithm in predicting the urban upper-secondary students to enroll in Additional Mathematics is stacked
dichotomous logistics regression-v—SVM algorithm with utilizing RBF kernel function, while the optimal
training-to-test ratio is 70:30, 80:20, and 90:10.

Furthermore, the analysis results revealed the absolute distance accuracy rates between training and test
sets for the 70:30, 80:20, and 90:10 ratios, based on 10 random seeds. The absolute distance accuracy
rates ranged from 0.69-6.60%, 1.50—5.30%, and 0.09-10.44%, respectively. However, the Wilcoxon
signed-ranked test revealed no statistical differences between the accuracy rates for training and test
sets. Thus, this study selected the significant determinants of the stacked ensemble algorithm, choosing
those with the least absolute distance accuracy rate between training and test sets, and which met the
underfitting and overfitting criteria. In other words, the superior significant determinants were acquired
from the stacked ensemble statistical learning algorithm trained utilizing an 80:20 training-to-test ratio,
with an absolute distance of 1.50%. These statistically significant determinants include educational
discipline, ethnicity, gender, mathematics self-efficacy, peer influence, and teacher influence. In the context
of Malaysia’s education system, Additional Mathematics is integral to the STEM educational discipline,
especially for students specializing in pure science subjects (Radhi & Arumugam, 2020). Consequently,
students pursuing STEM educational disciplines are more likely to enroll in Additional Mathematics
compared to their counterparts in Humanities & Arts educational disciplines.

Moreover, the analysis results revealed that ethnicity is a significant determinant impacting upper-
secondary students' enrolment in Additional Mathematics. Specifically, the findings indicated that Malay
ethnicity is associated with a lower likelihood of enrolling in Additional Mathematics compared to the
Indian & Others ethnic groups, while no statistically significant difference was observed for the Chinese
ethnic group. In Kuantan District, where approximately 80% of the population is of Malay ethnicity, a
substantial proportion of respondents (53.72%) in this study also identified as Malay. Notably, the distinct
enrolment patterns, with 29.56% of Malay ethnic students choosing not to enroll, compared to only 2.06%
in the Indian & Others ethnic groups, as presented in Table 1, underscore the significance of ethnicity as a
determinant within the logistic regression algorithm. These findings are consistent with international
research, such as a study by Niu (2017), and Idris and Bacotang (2023), which similarly recognized
ethnicity as a significant determinant in the context of student enrolment.

In practice, male students were found to be more likely to enroll in Additional Mathematics compared to
their female counterparts, aligning with existing literature (Niu, 2017; Bowden et al., 2018; Panizzon et al.,
2018; Kaleva et al., 2019). This observation is consistent with studies indicating that male students tend
to pursue higher-paying STEM fields such as engineering, physical sciences, mathematics, and computer
sciences, while female students exhibit lower mathematical aptitude, self-concept, and interest in STEM-
related subjects.

Similarly, the particular intrinsic and extrinsic motivational determinants as depicted in Table 1, including
mathematics self-efficacy, peer influence, and teacher influence, significantly impacted students’
decisions to enroll in Additional Mathematics. Students who SAA and NAD believed in the impact of
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mathematics self-efficacy were more likely to enroll compared to those who SDD. This aligns with the
concept of self-efficacy, reflecting students’ beliefs in their capability to perform necessary behaviors for
mathematics achievement (Bandura, 1977).

Teachers and counselors play a pivotal role in guiding students toward STEM careers and promoting
gender equality in STEM fields. This analysis results showed that students who SAA believed in the
influence of teachers and peers were more likely to enroll in Additional Mathematics than those students
who SDD. These findings emphasized the importance of empowering educators and counselors to guide
students in STEM career paths though in the digital economy and promote gender equality in STEM fields
through curriculum enhancements, adjusted teacher expectations, improved educational tracking, and
supportive peer interactions.

The study's insights are valuable for educational policymakers, highlighting the significance of STEM
education initiatives. Policymakers can focus on empowering educators and counselors to guide
students toward STEM careers and promoting gender equality in STEM fields through various measures.
This study's findings were disseminated in a research article, serving as a report to gather feedback from
experts in educational studies.

Conclusions and Future Work

In conclusion, this study has successfully identified significant determinants impacting urban upper-
secondary students' decisions to enroll in Additional Mathematics within the Kuantan District. The
determinants found to be influential include education disciplines, ethnicity, gender, mathematics self-
efficacy, peer influence, and teacher influence. Additionally, the introduction of a novel stacked ensemble
statistical learning-based algorithm has improved predictive accuracy compared to traditional
dichotomous logistic regression algorithms. These findings offered vital insights for educational policy
and practice, emphasizing the importance of promoting STEM education initiatives. The finding of this
study encourages the empowerment of educators and counselors to guide students toward STEM careers
and to work on promoting gender equality within STEM fields. Furthermore, this study suggests that
future research should include a comparative analysis between the resulting superior predictive algorithm
and stacked Bayesian-based statistical algorithms and apply post-technique of Platt scaling to the
resulting superior statistical predictive learning-based algorithm in this article, aiming to provide a more
comprehensive understanding of the determinants impacting upper-secondary students' decisions to
enroll in Additional Mathematics. This study contributes significantly to the field, offering valuable
guidance for policymakers and educators.
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Business
Understanding

e Define business
objectives.

¢ Set data mining
goals.

e Specify research
requirements.

e Assess risks and
contingencies.

e Draft research
plan.

Figure 1

Data
Understanding

Develop the
questionnaire
utilizing existing
sources as
references.
Perform a pilot
study to assess

internal reliability.

Implement the
improved and
finalized
questionnaire in a
full-scale
research.

Perform data
analysis,
including Fisher’s
exact test or
Fisher-Freeman-
Halton test, to
screen for
associations in the
collected data.
Compute the odds
ratio and test for
its statistical
significance.

Data
Preparation

Perform cross-
tabulation
analysis and apply
row deletion to
remove
incomplete data.
Aggregate latent
variables utilizing
the median
operator.

Re-code the
categorical
determinants with
k categories into
k=1 dummy
variables.
Integrate all
dummy variables
into a dataset and
save it in Comma-
Separated Values
(CSV) format.
Partition the
dataset into
training and test
sets utilizing
various training-
to-test ratios.

Train statistical
probabilistic and
deterministic
learning-based
algorithms
utilizing a training
set with various
training-to-test
ratios.

Evaluate
classification
accuracy rates by
examining the
diagonal elements
of the confusion
matrix.

Deployment

Randomly e Write a research
generate 10 article as a report
unique random to acquire

seeds ranging valuable feedback
from 1 to 9999, from experts in
with each seed the fields.

representing a
distinct scenario.
Evaluate the
classification
accuracy rates
utilizing the
training and test
sets for each of
the 10 generated
random seeds.
Assess the
absolute distance
In accuracy rates
between the
training and test
sets.

Assess the
robustness of the
statistical
learning-based
algorithms
utilizing non-
parametric tests.
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