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Abstract— Globalization and increased mobility in higher education have diversified the student
demographics, learning expectations and preferences, thereby influencing their academic
performance, motivation, and career readiness. Divergent cognitive and academic demands in
STEM and non-STEM fields further shape students’ engagement and learning approaches. As
traditional pedagogy is ineffective to address diverse needs, responsive teaching is vital to enhance
learning outcomes. However, there is notable lack of research that simultaneously explores the
diverse learning styles across multiple disciplines, highlighting the need to examine learning styles
and correlation with academic performance in STEM and non-STEM contexts. This study employs
the widely recognized Vermunt’s Inventory Learning Styles (ILS) model as a guiding framework.
By identifying and addressing learning styles, educators can design more inclusive teaching
strategies in shaping a student educational journey and foster long-term broader development in a
diverse and interdisciplinary university settings. Statistical results reveal no significant differences
in the four core learning dimensions: process strategies, regulation strategies, learning orientations
and mental model of learning across academic disciplines. However, STEM students scored
significantly higher in the directed learning sub-components: deep processing, self-regulation and
constructivist view. Statistical results showed a significant difference in the high adaptiveness sub-
category: meaning-directed learning style. Correlation analysis showed no significant positive
relationship between CGPA and learning styles among STEM and non-STEM students. Overall, the
data supports the research outcome that learning environments can influence style development, and
that promoting meaning-directed strategies across all disciplines could enhance academic
engagement and performance.

Keywords - academic disciplines, academic performance, directedness of learning patterns,
Inventory Learning Styles, learning adaptiveness.

I. INTRODUCTION

As global environment changes, educational goals must also change so as to prepare and equip students with 21
century competencies to ensure competitiveness and sustainability in a dynamic workplace. Traditional teaching
pedagogy lacks real-world experiences to prepare graduates for work readiness skills required in the new
competitive global environment. Readiness to embrace new experiences and challenges, willingness to acquire
new knowledge and ability to apply new knowledge in life, workplace and academic are essential competencies
that are in-demand by future job landscape [10].

Globalization and increased mobility in higher education have further diversified the demographic of its students
with the emergence of students of different nationalities, cultural backgrounds, their learning expectations and
ways of adopting and processing information. Students respond to different preferences and ways of learning that
influence their academic performance and preparedness for progression and employment. Academic disciplines
of STEM and non-STEM require different cognitive skills and academic demands which shape students’
motivation, engagement in studies and plan for life beyond graduation [4]. Conventional one-size-fits-all
pedagogy is ineffective to address the diverse students’ learning styles [2]. Responsive and style-sensitive
instruction can enhance learning experiences so as to promote academic performance and hence foster lifelong
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learning. Consequently, there is a powerful force driving higher education systems to employ a variety of teaching
strategies to support diverse cohorts to foster deep learning and strong academic performance [1].

In this rapidly evolving global environment and educational landscape, understanding students’ learning style has
become increasingly essential to ensure academic success, personal development and long-term professional
development. Educators in higher education have continuously researched the best teaching pedagogies and
strategies for improving students’ academic outcomes and developing students with 215 century competencies [2],
[20]. With the growing diversity in academic disciplines, it has become increasingly essential to study students in
different academic backgrounds - STEM (Science, Technology, Engineering, and Mathematics) and non-STEM
(Business and Liberal Arts) — their learning styles that may in turn influence their academic performance and
broader development [9], [19]. However, there is lack of research when considering the diversity of learning styles
across academic disciplines — particularly STEM and non-STEM fields. Therefore, it is timely and important for
this study to identify learning styles in specific academic streams and examine how learning styles correlate with
academic performance across academic disciplines. This study employs the widely recognized Vermunt’s
Inventory Learning Styles (ILS) model as a guiding framework to examine the learning styles - process strategies,
regulation strategies, learning orientations and mental model of learning among American Degree Transfer
Program (ADTP) students in STEM and non-STEM majors [19]. By identifying and addressing learning styles,
educators can design more inclusive teaching strategies in shaping students’ educational journeys and foster long-
term broader development in a diverse and interdisciplinary university settings.

II. LITERATURE REVIEW

Over decades, learning has been defined by psychologists as a process of behavioral modification resulting from
past experiences and environmental interactions [16]. Schneider employed constructive analysis to review the
concept of learning from the disciplines of psychology, educational science, and philosophy [16]. She critically
reconceptualize learning as the acquisition of knowledge by reasoning. Intentional change in cognitive framework
influencing the learners’ behavior and the application of knowledge in diverse situations.

Amoah’s framework highlights that learning is a fundamental human cognitive function that facilitates innovation
and self-improvement through experiences [3]. It is one of the most powerful features of human life and
development. Learning helps to acquire new information and ideas, to organize and retain our memory. Through
learning mechanism, it facilitates learners to retrieve and apply information over time for personal development,
problem solving, and decision making.

Kolb’s Learning Style Inventory (LSI) is grounded by his Experiential Learning Theory which emphasized that
learning is best conceived as a process, not items of outcomes [9]. Kolb’s learning model is conceptualized as a
comprehensive and integrative mechanism of adaptation to the world and whereby knowledge is created through
transformation of experience. According to Kolb’s LSI model, the learning effectiveness is facilitated through the
integration of four-stage cycle: concrete experience (feeling), abstract conceptualization (thinking), reflective
observation (watching) and active experimentation (doing) to form the basis of an individual’s learning style. In
line with the basis of individual’s learning styles, Kolb’s classify learners into four distinct learning style categories:
Diverging (feel and watch), Assimilating (think and watch), Converging (think and do) and Accommodating (feel
and do). The LSI model assists learners to gain insight into their preferred learning stages and helps learners to
develop skills across their learning cycle. Kolb’s LSI model is also instrumental in guiding educators to construct
instructional designs to tailor teaching strategies according to students’ learning styles.

Neil Fleming is an educational developer from New Zealand who is known worldwide for developing the VARK
model to assist individuals to realize their preferred learning styles for optimal learning outcomes [5]. Fleming
categorized individuals preferred mode of learning, modality preferences, into four main styles: Visual, Aural,
Read/write and Kinesthetic. The VARK model is a catalyst for educational development to align diverse learning
and teaching strategies with the individual’s learning preferences. Well-matched learning strategies with one’s
modal preferences are crucial to stimulate effective metacognition, foster deep learning and leads to improved
learning outcomes.

Zajacova’s affirmed Fleming’s VARK model in the categories of Visual, Aural and Kinesthetic but modified
Read/write to Tactile. Zajacova refers learning styles as individual approaches to perceiving and processing
information, which are mainly classified into four modalities (VAKT) — Visual, Auditory, Kinesthetic, and Tactile
learning [24]. Different groups of learners demonstrate diverse modality preferences throughout their learning
process. Visual learners effectively acquire knowledge through written texts, diagrams and images, while auditory
learners prefer listening to lectures and class discussions. Kinesthetic learners engage physical movement and
active participation in their learning process, whereas tactile learners demonstrate optimal learning outcomes by
touching and building objects, manipulating learning materials when engaging in the learning activities. Therefore,
diversity of teaching approaches and well-matched activities with students’ learning styles is vital to promote a
stimulating and engaging learning environment for optimal learning outcomes.

Vermunt’s Inventory Learning Styles (ILS) is recognized as one of the most influential models to conceptualize
how students engage in learning. This model categorizes learning into four core components: processing strategies,
regulation strategies, learning orientations, and mental learning models [19].
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1. Processing strategies are thinking activities and focus on how students learn and process information.
These strategies include deep processing (meaning-oriented learning), stepwise processing (reproduction-
oriented learning), concrete processing (application-oriented learning), and passive processing (undirected
learning).

2. Regulation strategies assess students’ activities to regulate and control the processing strategies. These
strategies are classified as self-regulation (autonomous planning, monitoring, and self-adjust learning),
external regulation (relying on structured guidance like instructors or curricula), and lack of regulation
(undirected learning).

3. Learning orientations refer to students’ enjoyment of learning, motivation and conceptions of learning.
The three scales are intrinsic motivation (personal interest in learning), extrinsic motivation (goal-oriented
learning), and ambivalent motivation (lack of direction in learning).

4. Mental models of learning assess students’ views and beliefs in active learning, constructing knowledge

and self-discovery. There are four views of beliefs about learning: constructivist view (active engagement in
learning), reproductive view (memorization and reproduction of knowledge), pragmatic view (application-
based learning), and undirected view (unstructured and uncertain learning beliefs).

Vermunt’s research finding asserted that students who exhibited strong self-directed learning tended to engage
more in deep and concrete processing information. However, undirected learners were more inclined to rely on
surface or stepwise processing strategies. The study also discovered that learning orientations and mental learning
indirectly influence learners’ regulation strategies which further impacted their processing strategies.

Prior research findings reinforce Vermunt’s Inventory Learning Styles model by demonstrating that directed
learning learners appeared more resilient and forceful when coping with stress. Through effective coping
strategies and resources, directed learning learners demonstrate academic success [8], [11], [21]. Conversely,
undirected learning learners are actively associated with higher stress and strain and report fewer coping
mechanisms. An undirected learning approaches associations with ineffective coping strategies has been identified
as a significant risk factor contributing to poor academic performance.

In contrast, research findings by Ab Manan, and Mohd Isa revealed no significant associations between learning
styles preference and academic achievement in English language diploma students and the final year accounting
students in UiTM Malaysia [1], [12]. The study by Hashim also reveals that preferred learning styles do not predict
academic success among STEM students [7]. Similarly, several studies on STEM education (nursing education in
virtual settings, medical program and science studies) found that there is no significant correlation between
learning styles and academic performance [2], [6]. The studies conclude that students’ personality, motivation,
learning environments, psychological well-being and many other factors together shape academic outcomes. They
highlighted that learner-driven factors such as motivation, self-regulation and engagement are regarded as key
drivers to consistent academic success.

Despite differing findings on statistical significance between learning styles and academic performance, the
evidence presented by various prior studies affirms Vermunt’s view that educators should identify learner’s
learning styles and to redesign curricula and assessments in pursuit of the more effective educational outcomes
[1], (8], [10], [11], [12], [20], [21]. Other domains, such as personal and cultural factors, academic environments
and discipline-specific demands (STEM and non-STEM)); epistemic tendencies of learners and their psychological
well-being are driven factors to shape and support learning approaches and should also be addressed [8], [10],
[20], [23]. Hence, optimal alignment between teaching strategies and learning styles with the specific domains
will substantially foster meaningful and sustainable learning, enhance retention, stimulate motivation, improve
student engagement and strengthen learners’ academic success.

Interestingly, several prior research findings reveal that STEM and non-STEM students displayed multimodal
learning preferences, with a combination of two or more learning preferences, indicating that they do not rely on
a single dominant style [6], [13], [14], [15], [22]. The diverse learners employ flexibility and adaptability to
process and retain information and demonstrate improved engagement, fostering cognitive development leading
to academic success. Crucially, the authors advocate for pedagogical reforms and paradigm shifts towards a more
dynamic and diversity in teaching and learning approaches. Embedding student-centered learning and experiential
learning in complex educational settings are key success factors to cater to diverse learning needs, support deeper
engagement and foster motivation that will ultimately improve learning outcomes in STEM and non-STEM
studies.

III.RESEARCH DESIGN AND FRAMEWORK

A. Problem Statement

Higher education educators continuously study and adopt the best teaching pedagogies and strategies to improve
students’ academic outcomes but fail to consider the diversity of learning styles across academic disciplines. The
American Degree Transfer Program (ADTP) at Taylor’s University comprises of students from wide range of
majors in the STEM and non-STEM fields. While the students are often taught using similar instructional
approaches, their cognitive preferences and learning strategies may differ significantly, thus potentially
influencing their academic performance.
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Prior research has shown that aligning teaching methods with students’ preferred learning styles can enhance
motivation, engagement, and academic performance. However, in Malaysia, particularly within the ADTP
settings, there has been limited studies in examining how learning styles correlate with academic performance
across different disciplines. There is also lack of empirical evidence using standardized learning style inventories
such as the Vermunt’s Inventory of Learning Styles (ILS) when assessing these relationships in multinational
education environments.

This study seeks to address the gap by investigating the relationship between learning styles and academic
performance among ADTP students in STEM and non-STEM majors. By identifying which learning styles are
more prevalent in specific academic streams, and whether they correlate with academic success, this study aims
to inform teaching practices that are more responsive to learner diversity. The findings from this study will offer
insights for educators, program coordinators, and curriculum designers seeking to enhance learning outcomes in
diverse and interdisciplinary university settings.

B. Purpose of study

Vermunt’s Inventory Learning Style model is widely employed in empirical studies within single disciplines such
as engineering, medicines, nursing, law, humanities and educational science. However, there is a lack of studies
explicitly comparing STEM and non-STEM students using Vermunt’s Inventory Learning Styles model. This
study aims to close the gap by simultaneously examining the difference in learning style preferences in cross-
disciplinary study between STEM and non-STEM students. This study also aims to examine how learning styles
correlate with academic performance across academic disciplines.

Four null hypotheses and their subsidiary null hypotheses were formulated to shape and guide the study of learning
styles in cross-disciplinary settings.

Hot: There is no significant difference in the learning style preferences between STEM and non-STEM
students.

Hoia:  There is no significant difference in the learning style between STEM and non-STEM students in the
dimension of processing strategies.

Howw: There is no significant difference in the learning style between STEM and non-STEM students in the
dimension of regulation strategies.

Hoie:  There is no significant difference in the learning style between STEM and non-STEM students in the
dimension of learning orientation.

Hoia: There is no significant difference in the learning style between STEM and non-STEM students in the
dimension of mental models of learning.

Hoa: There is no significant difference in the directedness of learning patterns between STEM and non-STEM
students.

Hos: There is no significant difference in the learning adaptiveness between STEM and non-STEM students.
Hoa: There is no significant relationship between learning styles and academic performance among STEM

and non-STEM students.
Hosa:  There is no significant relationship between learning styles and academic performance among STEM
students.

Hosv: There is no significant relationship between learning styles and academic performance among non-STEM
students.
C. Research Framework
This study uses the widely recognized Vermunt’s Inventory Learning Styles (ILS) model as a guiding framework
to examine the learning styles - process strategies, regulation strategies, learning orientations and mental model
of learning [17], [18]. These four core components of learning styles are interconnected and each influencing the
other. Effective process strategies promote strong regulation strategies, and in turn enhance the effectiveness of
learners’ process and engage learning materials. Learning orientations are influenced by learners’ regulation
strategies and correspondently learners’ motivation affects how learners regulate their learning. Learning
orientation shape learners' mental models and reciprocally the beliefs about learning reinforce learner’s motivation
and conceptions of learning.
This study focuses on two core dimensions of Vermunt’s Inventory Learning Styles: directedness of learning
patterns and learning adaptiveness. As depicted in Figure 1, directed learning styles demonstrate goal-driven and
capability in adapting effective learning strategies. Learners actively engage in purposeful, structured, intentional,
self or external regulated approaches to learning. In contrast, undirected learners are confused and uncertain of
their motive for learning. They are typically low in persistence, lack control, structure, direction, motivation and
encounter ineffective learning approaches.
The central idea of Vermunt’s Inventory Learning Styles model is the dimension of learning adaptiveness as
depicted in Figure 1. The level of learning adaptiveness assesses learner’s effectiveness to adjust their learning
strategies in diverse academic environments and domain-specific requirements. Meaning-directed learning style
is the most adaptive and effective learning style. This is typically characterized by deep processing, self-regulated
learning, intrinsic motivation and active engagement in learning. Application-directed learning style is regarded
as moderately adaptive. Learners focused on practical and application-based learning but driven by extrinsic
motivation associated with grades, rewards, and career goals. In contrast, reproductive-directed learning is
considered less effective and is associated with rigid study strategies. These learners typically rely on rote
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memorization, reproduction of knowledge, prefer direct and structured external guidance, and lack clear
motivation for learning. Undirected learning reflects least adaptive and is often associated with confusion,
uncertainty and disorganization. These characteristics lead to low motivation, lack of meaningful goals and
ineffective learning strategies.

FIGURE 1: VERMUNT’S INVENTORY LEARNING STYLES: DIRECTED/UNDIRECTED LEARNING STYLES AND
LEARNING ADAPTIVENESS
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Vermunt’s Learning Styles model provides a valuable lens for this study to examine the learning styles in the two
dimensions: directedness of leaning patterns and learning adaptiveness among STEM and non-STEM students.
The findings will offer insights for educators to design effective pedagogical approaches to foster better student
engagement and enhance learning outcomes in a diverse educational environment.

IV. METHODOLOGY

This study simultaneously explores the diversity of learning styles and academic performance across multiple
academic fields — particularly STEM (Science, Technology, Engineering, and Mathematics) and non-STEM
(Business and Liberal Arts) fields. This study employs Vermunt’s Inventory Learning Styles (ILS) model as a
guiding framework to examine the learning styles - process strategies, regulation strategies, learning orientations
and mental model of learning among American Degree Transfer Program (ADTP) students in STEM and non-
STEM major.

This study focuses on two core dimensions, directedness and adaptiveness of Vermunt’s Inventory Learning Styles.
As illustrated in Figure 1, the sub-components within each learning style category are organized into two
classifications: directed and undirected learning styles. These classifications allow more systematic comparison
between STEM and non-STEM with respect to learner’s information processing strategies, motivation and
conceptions of learning, regulation strategies in the learning process, and engagement in learning activities.

The sub-components of Vermunt’s Inventory Learning Styles are grouped according to their level of learning
adaptiveness as illustrated in Figure 1. Meaning-directed learning styles include sub-components of deep
processing, self-regulation, intrinsic motivation and constructivist view of learning are considered the most
adaptive and effective learning style. Application-directed learning style composing of the sub-components of
concrete processing, extrinsic motivation and pragmatic view are regarded as moderate adaptive and practical
learning style. In contrast, the low adaptive and less effective reproductive-directed learning style consists of
stepwise processing, external regulation, ambivalent motivation and reproductive view of learning. Undirected
learning style is least adaptive with passive processing along with lack of regulation and undirected view of
learning and is often associated with poor academic outcomes. These groupings enable the systematic comparison
of the adaptiveness of learning approaches among STEM and non-STEM students to support the discipline-
specific learning needs.

The data collected was based on Vermunt’s scoring key for the Inventory Learning Styles in higher education [17].
In addition to learning style data, participants’ Cumulative Grade Point Average (CGPA) were obtained to serve
as an indicator of academic performance. Respondents’ CGPA data were retrieved from Taylor’s University’s
Campus Management System (CMS) to ensure the accuracy of the academic performance data. A total of 100
participants responded to the online questionnaire. The respondents comprised of both local Malaysian students
and international students from various countries (Southeast Asia, East Asia, South Asia, Africa and Europe)
studying in the Taylor’s American Degree Transfer Program. The sample included male and female students across
different academic disciplines, grouped into two categories: STEM (Science, Technology, Engineering, and
Mathematics) and non-STEM (Business and Liberal Arts) fields. Total of fifty-six percent of respondents major
in STEM and forty-four percent are from non-STEM fields.

All items in the online questionnaire were responded to a Likert scale of 1-5, where 1 = Strongly Disagree and 5
= Strongly Agree. The data were tabulated, converted into CVS and analyzed using SPSS version 29. The analysis
addressed four main null hypotheses and their subsidiary null hypotheses with regards to differences in learning
styles between STEM and non-STEM students, as well as analysis in the dimensions of directedness of learning
patterns and learning adaptiveness.

The correlations between learning styles and academic performance were also examined in the statistical analysis.
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1. Independent samples t-tests were used to examine if there are significant differences in learning style
preferences between STEM and non-STEM students in the four dimensions: processing strategies, regulation
strategies, learning orientation and mental models of learning.

2. Independent samples t-tests were used to examine if there are significant differences in the directedness of
learning patterns and learning adaptiveness between STEM and non-STEM students.

3. Pearson correlation coefficients were calculated to assess the relationship between learning styles and
academic performance among STEM students as well as among non-STEM students.

4. The statistical significance level was set at p < 0.05.

V. RESULTS

A. Testing of Null Hypotheses 1 and its subsidiaries

The results from the independent t-tests are presented in Table I. Results indicated that there is no statistically
significant difference in the four learning style dimensions between STEM and non-STEM students. Null
hypothesis Hoi and all its subsidiaries (Hoia — Ho14) failed to be rejected (p > 0.05). This suggests that overall
learning style preferences are not discipline-specific in this sample.

TABLE I: STEM AND NON-STEM VS LEARNING STYLES MAIN DIMENSIONS

Main Dimension STEM Non-STEM t p-value Significance
Mean Mean

OVERALL 3.6194 3.5625 0.528 0.599 No

Processing 3.6598 3.5267 1.255 0.213 No

strategies

Regulation 3.6321 3.5129 0.960 0.339 No

strategies

Learning 3.6482 3.6795 -0.250 0.803 No

Orientation

Mental Models 3.5375 3.5307 0.057 0.954 No

B. Testing of Null Hypotheses 2

The results from the independent t-tests are presented in Table II(A) and (B). While results indicated that there is
no statistically significant difference in the directedness of learning patterns between STEM and non-STEM
students as reflected in Table I1(A), null hypothesis Ho failed to be rejected (p > 0.05), results tabled and reflected
in Table 2(B), indicated that when the 14 Inventory Learning Styles subcomponents were analyzed, STEM
students scored significantly higher in three key directed learning patterns sub-components: Deep Processing
(t=2.26, p=0.03), Self-Regulation (t=2.25, p=0.03), Constructivist View (t=2.02, p=0.05). No significant
differences were found in the other remaining sub-components.

TABLE II(A): STEM AND NON-STEM VS DIRECTEDNESS OF LEARNING PATTERNS MAIN DIMENSIONS

Main Dimension STEM Mean | Non-STEM t p-value Significance
Mean

OVERALL 3.8676 3.7075 1.379 0.171 No

Processing 3.8226 3.6288 1.681 0.096 No

strategies

Regulation 3.9259 3.6784 1.899 0.061 No

strategies

Learning 3.9455 3.8500 0.706 0.482 No

Orientation

Mental Models 3.7762 3.6727 0.803 0.424 No

TABLE II(B): STEM AND NON-STEM VS DIRECTEDNESS OF LEARNING PATTERNS SUB-COMPONENTS

Sub-components Style STEM Non-STEM t p-value Significance
Mean Mean

OVERALL 3.8676 3.7075 1.379 0.171 No

Deep processing Directed 4.0643 3.7409 2.259 0.026 Yes
Stepwise Directed 3.4107 3.3432 0.464 0.644 No
processing

Concrete Directed 3.9929 3.8023 1.178 0.242 No
processing

Passive processing | Undirected | 3.1714 3.2205 -0.301 0.764 No
Self-regulation Directed 3.8911 3.5750 2.245 0.027 Yes
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External Directed 3.9607 3.7818 1.251 0.214 No
regulation
Lack of regulation | Undirected | 3.0446 3.1818 -0.781 0.218 No
Intrinsic Directed 3.8857 3.7114 1.235 0.220 No
motivation
Extrinsic Directed 4.0054 3.9886 0.114 0.910 No
motivation
Ambivalent Undirected | 3.0536 3.3386 -1.700 0.092 No
motivation
Constructivist Directed 3.8429 3.5500 2.019 0.046 Yes
view
Reproductive view | Directed 3.6857 3.6318 0.388 0.699 No
Pragmatic view Directed 3.8000 3.8364 -0.220 0.826 No
Undirected view Undirected | 2.8214 3.1045 -1.373 0,173 No

C. Testing of Null Hypotheses 3

The results from the independent t-tests are presented in Table III. Results indicated that there is no statistically
significant difference in the learning adaptiveness between STEM and non-STEM students as reflected in Table
111, null hypothesis Hos failed to be rejected (p > 0.05). However, there is significant difference in the high learning
adaptiveness between STEM and non-STEM students (t=2.197, p=0.30). Meaning-directed learning styles include
sub-components of deep processing, self-regulation, intrinsic motivation and constructivist view of learning are
considered the most adaptive and effective learning style. No significant differences were found in moderate
learning adaptiveness (application-directed learning style), low learning adaptiveness (reproductive-directed

learning style), and very low learning adaptiveness (undirected learning style).

TABLE III: STEM AND NON-STEM VS ADAPTIVENESS

Learning Style Category Adapti | t(df) p-value | Signi | Mean 95% CI
veness (2- ficant | Differe
tailed) | ? nce

OVERALL MEAN 0.503 | 0.616 No 0.057 [-0.168,

(98) 0.282]
Meaning-Directed: High 2.197 | 0.030 Yes 0.277 [0.027,
Deep processing, Self-regulation, Intrinsic 94) 0.527]
motivation, Constructivist view
Application-Directed: Modera | 0.423 | 0.673 No 0.057 [-0.210,
Concrete processing, Extrinsic motivation, te (93) 0.324]
Pragmatic view
Reproduction-Directed: Low 0.033 | 0.974 No 0.004 [-0.225,
Stepwise processing, External regulation, (95) 0.233]
Ambivalent motivation, Reproductive view
Undirected: Very -0.979 | 0.330 No —0.156 | [-0.474,
Passive processing, Lack of regulation, Low (93) 0.161]
Undirected view

D. Testing of Null Hypotheses 4 and its subsidiaries

The results from the Pearson product-moment correlation are presented in Table IV. Results indicated that null
hypothesis Hos and all its subsidiaries (Hosa — Hosb) failed to be rejected and that there is no significant relationship
between learning styles and academic performance among STEM and non-STEM students (r(100)=0.09, p=0.40,
two-tailed). When compared among STEM students alone as well as non-STEM students alone, there was also no
significant relationship between their learning styles and academic performance (r(56)=0.10, p=0.47, two-tailed;
1(44)=0.04, p=0.80, two-tailed).

TABLE IV: PEARSON’S PRODUCT-MOMENT CORRELATION COEFFICIENT BETWEEN LEARNING STYLES AND
ACADEMIC PERFORMANCE

AMONG STEM AND NON-STEM STUDENTS
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VI. DISCUSSION AND CONCLUSION

Statistical results comparing STEM and non-STEM students reveal no significant differences in the four core
learning dimensions: process strategies, regulation strategies, learning orientations and mental model of learning.
This suggests that overall learning style preferences are not discipline-specific in this sample. This result is parallel
to several prior research which reported that STEM or non-STEM students displayed multimodal learning
preferences, with a combination of two or more learning preferences, and they do not rely on a single dominant
style [6], [13], [14], [15], [22]. This is also consistent with a study by Yu et al. which concludes that learning
environments significantly shape and support learning approaches [23].

However, results from this study found that STEM students scored significantly higher in the three key directed
learning sub-components: deep processing, self-regulation and constructivist view. Statistical results also showed
a significant difference in the high adaptiveness sub-category: meaning-directed learning style with a combination
of deep processing, self-regulation, intrinsic motivation and a constructivist view. This signifies that STEM
students have a greater tendency toward meaningful and autonomous learning strategies. This is in line with the
nature of STEM curricula that is characterized as problem-based driven, conceptual application and
experimentation which will naturally foster deeper engagement, self-regulation and promote intrinsic motivation
in their learning setting. Conversely, the lack of significant difference in low learning adaptiveness (application
or reproduction oriented learning style) indicates that these approaches are shaped more by institutional
assessment structures than by academic disciplinary factors.

Correlation analysis showed no significant positive relationship between CGPA and learning styles among STEM
and non-STEM students. This supports prior researchers who reported that learning styles preference do not
predict academic success among STEM students [6], [7]. This implies that students’ academic performance is
influenced by a multitude of factors beyond learning style preferences. Students’ personality, motivation, learning
environments, psychological well-being and many other factors are regarded as key drivers for achieving
consistent academic success.

In conclusion, this study further affirms that STEM or non-STEM students displayed multimodal learning
preferences, with a combination of two or more learning preferences. Aggregate learning styles categorizations
have limited direct value in predicting academic disciplinary learning preferences and academic performance.
However, when examining specific sub-components within each learning style category such as deep processing,
self-regulation, constructivist view and meaning-directed learning revealed discipline-specific differences. The
data supports the research outcome that learning environments can influence style development, and that
promoting meaning-directed strategies across all disciplines could enhance academic engagement and
performance. Embedding student-centered learning and experiential learning in complex educational settings are
key success factors when catering to diverse learning needs and will support deeper engagement and foster
motivation that ultimately will improve learning outcomes in STEM and non-STEM studies. Future research
should continue to explore the relationship among academic discipline, specific learning style sub-components
and discipline-specific pedagogies, using cross-longitudinal data to track changes in students’ learning patterns
and their engagement with institutional practices over time.
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