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Abstract: As educational technologies become increasingly integral to Philippine high schools, aligning digital interfaces with 

users' cognitive preferences remains a critical challenge. This study models the instructional alignment between students’ learning 

styles and teachers’ teaching styles to provide empirical data architecture for designing Adaptive Learning Systems (ALS). Utilizing 

a quantitative correlational-predictive design, data from 319 students and 77 teachers in Surigao del Sur were computationally 

analyzed using the Grasha-Riechmann frameworks. Findings revealed that students predominantly preferred a collaborative 

learning style, while teachers primarily adopted a facilitative instructional approach. Predictive modeling indicated that students' 

learning preferences did not significantly differ by sex or school type, offering a streamlined, demographic-agnostic baseline for 

machine learning algorithms. Conversely, teachers' educational background significantly predicted their instructional deployment. 

By quantitatively clustering these behavioral profiles into distinct instructional models, this research translates pedagogical 

constructs into computational parameters. The resulting data blueprints enable software engineers to develop AI-integrated 

platforms and collaborative digital workspaces that dynamically adapt to users' specific configurations, thereby optimizing human-

computer interaction and system efficiency in modern digital education. 
Keywords: adaptive learning systems, educational data analytics, human-computer interaction, learning styles, predictive 

modeling 
 

1. Introduction 
Despite the rapid proliferation of computer information systems in education, there remains a critical gap in 

modeling the alignment between students' learning preferences and teachers' instructional styles to design effective, 

learner-centered adaptive technologies in the Philippine high school context. Philippine high schools are increasingly 

heterogeneous, necessitating instructional approaches that are flexible and responsive to enhance student engagement 

and academic achievement (Abdurahim-Salain et al., 2026; Bantillo et al., 2024; Chavez et al., 2026). Relying on a 

single teaching approach or a static digital interface is no longer sufficient to address the varying ways students acquire 

and process knowledge. Therefore, integrating learning styles into adaptive e-learning systems is crucial, as this 

knowledge allows systems to offer valuable advice and instructions to students and teachers to optimise students’ 

learning process (Truong, 2016). 
Learning style refers to an individual’s relatively stable pattern of perceiving, processing, and responding to 

information during the learning process (Delina et al., 2025). Aligning pedagogical and technological instruction with 

these preferences facilitates the transfer of information into long-term memory (Wiangga, 2024). The implementation 

of differentiated, learner-centered instruction, whether delivered by a human educator or personalized through 

Artificial Intelligence (AI), significantly improves students' academic performance and classroom engagement (Bibi 
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& Bagum, 2025; Shala et al., 2024; Du Plooy et al., 2024). To achieve this within digital platforms, learner modeling 

methods are essential for system adaptation (Popescu et al., 2010). Researchers propose estimating these learning 

styles by using structured questionnaires alongside rule-based methods that track learner activity within a Learning 

Management System (LMS) (Liyanage et al., 2014). 
A mismatch between teaching styles and learning preferences is consistently associated with lower levels of 

student satisfaction and academic achievement (Asrifan et al., 2025). This discrepancy extends heavily into Human-

Computer Interaction (HCI) within educational technology. Strong evidence indicates that students who learned with 

learning style-fit versions showed significantly better learning achievement than those who learned with non-fit 

versions (Hwang et al., 2013). Critically, because student choices are often not related to their cognitive process or 

learning style, learners cannot reliably self-select appropriate interfaces, underscoring the absolute necessity for 

systems to adapt automatically (Hwang et al., 2013). Even from early childhood, cognitive styles dictate how children 

interact with educational resources and teacher guidance (Fajarwati et al., 2026; Wanmei, 2025), emphasizing that 

learning environments must be technologically and pedagogically responsive from the ground up. 
Empirical evidence on this human-to-system instructional alignment remains limited within the Philippine 

educational context. Meaningful learning requires instructional strategies adapted to varying strengths, experiences, 

and preferences (Ampong, 2026; Montecalvo, 2026; Putri, 2025; Ramadani & Inayati, 2024). Local studies show that 

Filipino secondary students often exhibit multimodal learning preferences, yet face a mismatch because teachers 

predominantly rely on visual instructional approaches (Balonda & Dollente, 2025). Certain modalities, such as visual, 

auditory, and collaborative styles, have proven vital for students developing strong digital competence (Erie, 2025). 

Similarly, students in the Mountain Province prefer visual, auditory, and tactile modalities (Casido, 2026), while 

students in Misamis Oriental demonstrate primary auditory preferences requiring tailored interventions (Paypa et al., 

2024). Teachers recognize the importance of strong instructional alignment but are frequently restricted by classroom 

constraints, limited time, and a lack of resources (Casido, 2026), limitations that the strategic deployment of adaptive 

educational technologies can alleviate. 
To construct accurate data models for educational information systems, teaching and learning styles must be 

analyzed as interrelated constructs. The Grasha–Riechmann model provides a highly relevant framework for this 

computational mapping by identifying five instructional approaches (Expert, Formal Authority, Personal Model, 

Facilitator, and Delegator) alongside six corresponding learning styles (Independent, Dependent, Collaborative, 

Participant, Avoidant, and Competitive) (Ramirez et al., 2025; Sim et al., 2022). Expanding research on these diverse 

classroom settings is essential. By exploring the teaching and learning styles of Filipino high school students and 

teachers, this study advances current knowledge on instructional alignment and provides the empirical foundation 

necessary for designing learner-centered educational technologies and data-driven interventions. 

2. Methods 
Research Design  
This study employed a quantitative, cross-sectional, non-experimental correlational-predictive research design 

to model the factors influencing teaching and learning styles. In the context of educational information systems, this 

analytical approach is crucial for establishing the foundational data architecture required to engineer adaptive learning 

technologies. By describing teaching and learning styles, examining their computational relationships, and 

determining whether selected demographic variables significantly predicted variations in these educational constructs 

without manipulating the study variables (Gómez-Tabares et al., 2022; Wahyuni et al., 2025), this study provides 

empirical data that can help align both human instruction and digital system interfaces with students’ learning 

preferences. 
Participants of the Study  
The dataset was derived from participants located in Carrascal, Cantilan, Madrid, Carmen, and Lanuza 

(CarCanMadCarLan) in Surigao del Sur, Philippines. A total of 319 students and 77 teachers were randomly selected 

through online sampling to participate in this study. The utilization of online sampling facilitated efficient digital data 

collection, enabling researchers to capture data across geographically dispersed schools while minimizing time, travel, 

and administrative costs (Mariya et al., 2023). Furthermore, it provided respondents with the flexibility to interact 

with the survey at their convenience using internet-enabled devices, yielding a robust dataset suitable for demographic 

and instructional profiling. 
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Instrumentation  
Data acquisition was conducted using two structured and validated digital questionnaires designed for user 

profiling. The Teaching Style Questionnaire, administered to teachers, consisted of 40 items adapted from the Grasha 

Teaching Style Inventory (GTSI). It measured five dimensions of teaching style (Expert, Formal Authority, Personal 

Model, Facilitator, and Delegator) to establish the instructional parameters of the educators. The Learning Style 

Questionnaire, administered to students, comprised 60 items adapted from the Grasha–Riechmann Student Learning 

Style Scales (GRSLSS). This instrument assessed six learning style dimensions for student profiling: Independent, 

Dependent, Collaborative, Participative, Avoidant, and Competitive. 
Both questionnaires utilized a 5-point Likert scale, with responses ranging from 1 (Strongly Disagree) to 5 

(Strongly Agree), allowing respondents to quantify the extent of their teaching or learning preferences. Prior to actual 

data collection, the instruments underwent content validation by subject-matter experts to establish relevance and 

clarity. A pilot test was subsequently conducted among respondents with characteristics matching the target population 

to determine instrument reliability, identify ambiguous items, and ensure the validity of the data inputs before full-

scale deployment. 
Data Collection  
Data collection was executed in coordination with the school administrators of the participating institutions. 

Strict ethical standards for data privacy and human-subject research were observed. This included obtaining necessary 

institutional approvals, securing informed consent from all participants (and parental consent where applicable), 

ensuring voluntary participation, guaranteeing the anonymity and confidentiality of the digital responses, and 

informing participants of their right to withdraw from the study at any stage. 
Data Analysis 
Following data acquisition, all completed digital questionnaires were pre-processed to check for completeness, 

coded, and encoded into statistical software for quantitative analysis. Responses to the 5-point Likert scales were 

scored and aggregated according to the respective dimensions of the GTSI and the GRSLSS. For each respondent, the 

teaching or learning style with the highest composite score was identified as the dominant style, serving as the 

categorical outcome variable in the subsequent predictive modeling. 
Descriptive statistics, specifically frequency counts and percentages, were employed to summarize the 

demographic characteristics of the respondents and to map the distribution of teaching and learning styles. To 

determine whether demographic profiles significantly influenced teaching and learning styles, multinomial logistic 

regression was performed using Likelihood Ratio Tests. Multinomial logistic regression served as the predictive data 

modeling technique for identifying significant predictors, as both the teaching and learning style frameworks consist 

of multiple nominal categories. Statistical tests were evaluated at the 0.05 level of significance. The resulting analysis 

clustered the learning and teaching styles, providing the mathematical and behavioral foundations necessary for 

integrating learner-system alignment in future educational technologies. 

3. Results 
RQ1: What are the preferred learning styles of the students? 
Table 1 presents the data distribution of preferred learning profiles based on the students’ sex (male, female). 

Out of the 319 student respondents, 137 (42.95%) were male and 182 (57.05%) were female. 
The Collaborative learning style emerged as the most prevalent profile, accounting for 36.50% of male 

respondents and 42.31% of female respondents, representing a total of 127 students (39.81%). This finding indicates 

that most students favor learning environments characterized by peer interaction and the exchange of ideas, suggesting 

that educational technologies and digital platforms should prioritize collaborative interfaces (e.g., peer-to-peer forums, 

shared digital workspaces) to maximize engagement. 
The Dependent learning style ranked second in prevalence, comprising 24.82% of male respondents and 

23.08% of female respondents, or 76 students (23.82%) overall. This was followed by the Independent learning style, 

which accounted for 16.61% of the total sample. Generally, the baseline distribution of preferred learning profiles was 

symmetric between male and female students. 
Table 1. Preferred learning styles based on students’ sex 
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Learning Styles Male Female Total 

 n % n 

Independent 24 17.52% 29 

Avoidant 9 6.57% 10 

Collaborative 50 36.50% 77 

Dependent 34 24.82% 42 

Competitive 5 3.65% 9 

Participant 15 10.95% 15 

Total 137 100.00% 182 

Table 2 delineates the distribution across school architectures, indicating that the Collaborative learning style 

was the most prevalent among public school students (39.62%), followed by the Dependent (23.90%) and Independent 

(16.67%) learning styles. In contrast, the Participant, Avoidant, and Competitive learning styles were the least 

preferred. These findings confirm that the primary end-users (students) generally favor interactive and cooperative 

system environments over highly competitive or isolated digital learning approaches. 
Table 2. Preferred learning styles based on students’ school type 

Learning Styles Public Private Total 

 n % n 

Independent 53 16.67% 0 

Avoidant 19 5.97% 0 

Collaborative 126 39.62% 1 

Dependent 76 23.90% 0 

Competitive 14 4.40% 0 

Participant 30 9.43% 0 

Total 318 100.00% 1 

RQ2: What is the distribution of teaching styles of teachers? 
Table 3 models the distribution of teaching styles according to the sex of the teachers, acting as a baseline for 

instructor profiling. The Facilitator teaching style was the most prevalent among both male (47.06%) and female 

(36.67%) teachers, suggesting that teachers favor learner-centered instructional approaches that promote active 

knowledge construction. 
The Expert teaching style ranked second and was more frequently observed among female teachers (35.00%) 

than male teachers (17.65%), indicating a greater tendency among female respondents to emphasize subject matter 

expertise and knowledge transmission. In contrast, male teachers exhibited a higher proportion of the Facilitator style. 

Meanwhile, the Formal Authority and Personal Model teaching styles were the least represented among both 

demographic groups. 
Table 3. Teaching styles based on teachers’ sex 

Teaching Styles Male Female Total 

 n % n 
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Expert 3 17.65% 21 

Formal Authority 1 5.88% 6 

Personal Model 5 29.41% 11 

Facilitator 8 47.06% 22 

Total 17 100.00% 60 

Table 4 presents the distribution of teaching styles correlated with teachers’ highest educational attainment. 

Teachers holding a bachelor’s degree predominantly exhibited the Facilitator teaching style (40.63%), whereas 

master’s degree holders most frequently demonstrated the Expert teaching style (50.00%), reflecting a structured shift 

toward knowledge transmission in highly educated cohorts. 
Table 4. Teaching styles based on teachers’ educational attainment 

Teaching Styles Bachelor Masters Doctor Total 

 n % n % 

Expert 18 28.13% 6 50.00% 

Formal Authority 6 9.38% 0 0.00% 

Personal Model 14 21.88% 2 16.67% 

Facilitator 26 40.63% 4 33.33% 

Total 64 100.00% 12 100.00% 

Table 5 tracks instructional variations against teachers’ length of service. Novice educators (less than one year 

of experience) exclusively exhibited the Expert teaching style (100%). Among mid-career professionals (1–10 years 

and 11–20 years), the Facilitator style became predominant (47.62% and 36.36%, respectively). Conversely, veteran 

teachers (31 years or more) reverted to the Expert style (57.14%), indicating dynamic shifts in instructional 

deployment over a professional lifecycle. 
Table 5. Teaching styles based on teachers’ length of service 

Teaching 

Styles 
<1 

year 
1 – 10 

years 
11 – 20 

years 
21 – 30 

years 
>31 

years 
Total 

 n % n % n % 

Expert 2 100% 11 26.19% 5 22.73% 

Formal 

Authority 
0 0% 3 7.14% 2 9.09% 

Personal 

Model 
0 0% 8 19.05% 7 31.82% 

Facilitator 0 0% 20 47.62% 8 36.36% 

Total 2 100% 42 100% 22 100% 

RQ3: Does students’ demographic profile influence their learning style? 
Table 6 presents the predictive modeling results utilizing likelihood ratio tests to examine the effects of sex and 

school type on students' learning styles. The statistical outcomes indicate that sex did not have a statistically significant 

effect on learning profiles (χ² = 1.824, p = 0.873). Similarly, school type was not a significant predictor (χ² = 1.728, p 

= 0.885). From a systems design perspective, these findings suggest that a unified algorithmic approach to learning 
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style identification can be deployed across these demographic variables without requiring sex- or school-specific 

branching logic. 
Table 6. Influence of students’ demographic profile to their preferred learning style 

Effect -2 Log Likelihood χ2 Sig. 

Intercept 44.169 0.000 - 

Sex 45.993 1.824 0.873 

School Type 45.897 1.728 0.885 

RQ4: Does teachers’ demographic profile influence their teaching style? 
Table 7 details the predictive analysis regarding teachers’ demographic characteristics. Sex did not significantly 

influence teaching style (χ² = 5.022, p = 0.170), and years in teaching was not a statistically significant predictor (χ² = 

17.467, p = 0.133). In contrast, educational background significantly influenced teaching style (χ² = 13.355, p = 0.038). 

This implies that adaptive systems aiming to assist educators might require personalized configurations and interface 

adaptations strictly based on the user's academic preparation level rather than their age, tenure, or sex. 
Table 7. Influence of teachers’ demographic profile to their teaching style 

Effect -2 Log Likelihood χ2 Sig. 

Intercept 48.899 0.000 - 

Sex 53.921 5.022 0.170 

Educational Background 62.254 13.355 0.038 

Years in Teaching 66.366 17.467 0.133 

RQ5: How are learning styles and teaching styles clustered? 
Table 8 presents the data clustering of dominant instructional and learner profiles, serving as the architectural 

blueprint for mapping human-to-system instructional alignment. 
Cluster 1 models a rigid, teacher-directed profile (40.26% instructional dominance), aligning Expert/Formal 

Authority approaches with Dependent/Participant/Competitive learners (37.61%). This maps to environments 

requiring highly structured, centralized content delivery. Cluster 2 mirrors this but integrates the Personal Model, 

catering to demonstrative learning experiences. 
Conversely, Clusters 3 and 4 represent decentralized, learner-centered profiles. Cluster 3 exhibits the highest 

instructional prevalence (90.91% cumulative), successfully mapping Facilitator models with 

Collaborative/Independent learners (65.82%). This cluster provides the strongest empirical evidence for designing 

adaptive learning networks that promote distributed knowledge construction and self-directed user interactions. 
Table 8. Different clusters of learning styles and teaching styles 

Cluster Dominant 

Teaching 

Style(s) 

Teaching 

Style 

(%) 

Dominant 

Learning 

Style(s) 

Learning 

Style (%) 
Description of the 

Cluster 

1 Expert, 

Formal 

Authority 

40.26 Dependent, 

Participant, 

Competitive 

37.61 Teacher-directed 

instructional 

cluster. This cluster 

represents 

classrooms where 

teachers primarily 

emphasize subject 

expertise and 

instructional 
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authority, while 

students exhibit 

structured, teacher-

guided, and 

achievement-

oriented learning 

preferences. 

2 Personal 

Model, 

Expert, 

Formal 

Authority 

61.04 Participant, 

Dependent, 

Competitive 

37.61 Demonstrative and 

structured learning 

cluster. Teachers 

combine subject 

expertise with 

modeling of skills 

and authoritative 

instruction, whereas 

students 

demonstrate 

preferences for 

guided participation, 

structured learning, 

and moderate 

academic 

competition. 

3 Facilitator, 

Personal 

Model, 

Expert 

90.91 Collaborative, 

Participant, 

Independent 

65.82 Learner-centered 

collaborative 

cluster. Teachers 

predominantly 

employ facilitative 

and modeling 

approaches while 

maintaining content 

expertise, creating 

learning 

environments that 

encourage 

collaboration, active 

participation, and 

independent 

learning among 

students. 

4 Facilitator, 

Expert 
70.13 Independent, 

Collaborative, 

Participant 

65.82 Balanced 

facilitative–expert 

cluster. Teachers 

integrate learner-

centered facilitation 

with strong content 

knowledge, 

supporting students 

who prefer 

independent 

learning while also 

valuing 

collaboration and 
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active classroom 

participation. 

4. Discussion 
The primary contribution of this study lies in translating pedagogical constructs into computational parameters 

for Information and Communications Technology (ICT). While previous research has largely treated teaching and 

learning styles as abstract educational concepts, this study provides the empirical data architecture required to engineer 

learner-centered adaptive technologies and AI-integrated educational systems. 
Primary findings revealed that students’ learning styles did not differ based on their sex and type of school. 

Similarly, teachers’ teaching styles did not differ based on their sex and years in teaching but did differ based on their 

educational background. From a systems engineering perspective, this is a highly novel contribution. It establishes 

that predictive algorithms within an Adaptive Learning System (ALS) do not require complex, branching demographic 

logic to accommodate sex or school type. Instead, software developers can utilize streamlined, rule-based methods to 

estimate learning styles based on user activity (Liyanage et al., 2014), creating demographic-agnostic baseline 

algorithms that reduce computational overhead while maximizing system efficiency. Furthermore, knowing that 

educational background influences teaching styles allows for the creation of tailored digital dashboards that 

automatically adapt to an educator’s academic profile.  
The predominance of the collaborative learning style among students suggests that learners benefit most from 

instructional environments that promote interaction, cooperation, and shared knowledge construction. For Human-

Computer Interaction (HCI) and educational platform design, this mandates a shift away from isolated, static digital 

modules. Modern intelligent Learning Management Systems (LMS) must prioritize collaborative interfaces, such as 

AI-moderated peer-to-peer forums, synchronized digital workspaces, and interactive project-based environments. 

Evidence strictly dictates that students cannot reliably self-select the digital interfaces that best fit their cognitive 

processes (Hwang et al., 2013). Therefore, embedding these identified learning preferences into the system’s core 

logic allows the technology itself to automatically offer valuable advice and optimized instructions to the student 

(Truong, 2016), bypassing the risk of user-selection error.  
The predominance of the facilitator teaching style among teachers reflects an instructional orientation that 

aligns well with students’ collaborative learning preferences. When designing intelligent tutoring systems, the AI agent 

must mirror this facilitative approach, acting as a guide that encourages inquiry and digital discussion rather than 

merely operating as a rigid, authoritative data repository. However, the presence of teachers who predominantly 

employ the expert, formal authority, and personal model teaching styles highlights the need for instructional flexibility. 

To be truly effective, an adaptive educational system must accommodate these varying instructional styles through 

continuous learner modeling (Popescu et al., 2010), dynamically shifting the AI's teaching persona based on real-time 

data inputs and the specific lesson objectives.  
The most significant technological contribution of this research is the quantitative clustering of teaching and 

learning styles. The identification of distinct behavioral profiles, such as the teacher-directed instructional profile in 

Cluster 1 or the learner-centered collaborative profile in Cluster 3, provides a direct, data-driven blueprint for training 

machine learning algorithms. Instead of relying on randomized digital interventions, AI models can utilize these 

established clusters to automatically align the system’s instructional delivery with the user's precise learning profile. 

Deploying this learning style-fit version of instruction directly eliminates the digital mismatches that historically lead 

to lower academic achievement and poor user engagement (Asrifan et al., 2025; Hwang et al., 2013). By bridging the 

Grasha-Riechmann framework with computational clustering, this study establishes a robust foundational framework 

for the next generation of intelligent, responsive educational technologies. 

5. Conclusion 
The translation of pedagogical profiles into computational data architectures is a necessary foundational step 

for engineering intelligent, learner-centered educational technologies. By utilizing established instructional clusters as 

training blueprints for machine learning algorithms, educational platforms can bypass the limitations of static digital 

interfaces and user-selection errors. The demographic-agnostic nature of student learning preferences significantly 

reduces computational overhead, allowing software developers to deploy streamlined, universally applicable adaptive 

logic across diverse digital learning environments. 
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To operationalize these architectural models, developers of Learning Management Systems (LMS) must 

integrate automated, rule-based profiling algorithms that continuously assess user activity to dynamically adapt the 

system's instructional delivery mechanics. Furthermore, user interfaces should prioritize collaborative and interactive 

digital workspaces, such as AI-moderated peer-to-peer forums, to directly accommodate the predominant collaborative 

learning preferences of system end-users. Educational IT administrators should also utilize the mapped instructional 

clusters to procure and deploy adaptive software capable of manifesting flexible teaching personas, ranging from 

facilitative to expert models, ensuring digital infrastructure aligns seamlessly with classroom behavioral dynamics. 
Advancing this domain requires future research to focus on programming and deploying a prototype Adaptive 

Learning System (ALS) that explicitly utilizes the identified teaching-learning clusters to structure its underlying 

Artificial Intelligence architecture. Empirical studies must conduct real-time algorithmic validation through A/B 

testing of learning style-fit versus non-fit digital interfaces within Philippine high schools to precisely quantify the 

impact of algorithmic alignment on digital engagement and knowledge retention. Finally, subsequent investigations 

should employ Educational Data Mining (EDM) over extended academic periods to track how users' digital learning 

profiles evolve in response to sustained interaction with AI-integrated educational platforms. 
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