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Abstract: Student engagement has become an important issue in higher education because it is closely
related to academic achievement, learning effectiveness, and student retention. In digital learning envi-
ronments, institutions requite a systematic and data-driven approach to evaluate student engagement
and support strategic academic decision-making. However, most previous studies still focus on de-
scriptive and predictive analysis without providing structured decision support mechanisms integrated
with relationship management strategies. Therefore, this study aims to develop an integrated Decision
Support System (DSS) by combining the Analytical Hierarchy Process (AHP) and Technique for Order
Preference by Similarity to Ideal Solution (TOPSIS) methods within a Customer Relationship Manage-
ment (CRM) approach to analyze and enhance student engagement. The study was conducted at
Politeknik AKBARA Surakarta involving 47 students as respondents. The evaluation criteria consisted
of Behavioral Engagement, Emotional Engagement, Cognitive Engagement, LMS Interaction, and Ac-
ademic Participation. The AHP method was applied to determine the priority weights of the criteria,
while TOPSIS was used to rank and classify student engagement levels. The results showed that the
proposed framework successfully classified students into high, medium, and low engagement catego-
ries objectively and systematically. The CRM approach further translated these classifications into stra-
tegic academic actions such as retention programs, engagement improvement, and intensive interven-
tion strategies. The integration of AHP-TOPSIS and CRM provides a comprehensive framework for
transforming student engagement data into actionable academic decision support, enabling institutions

to implement more personalized, adaptive, and data-driven student engagement management.

Keywords: Student Engagement; Decision Support System; AHP; TOPSIS; Customer Relationship

Management.

1. Introduction

Student engagement in higher education has become a major issue because it’s closely
related to academic achievement, learning effectiveness, and student retention. In the digital
transformation context, student engagement extends beyond classroom participation and in-
cludes interactions through Learning Management Systems (LMS), online discussions, and
technology-based academic collaboration activities. This condition encourages higher educa-
tion institutions to adopt data-driven approaches to monitor and enhance student engage-
ment systematically.

Student engagement is a multidimensional term consisting of behavioral, emotional, and
cognitive dimensions. Previous research shows that student engagement is influenced by
teaching methods, technological infrastructure, academic interaction quality, and a supportive
learning environment. The development of learning analytics allows institutions to analyze
student engagement patterns through data collected from digital learning platforms. How-
ever, most existing research still focuses on descriptive and predictive analysis, which has not
been able yet to systematically support strategic decision-making.
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To solve these restrictions, Customer Relationship Management (CRM) has been
adopted in higher education as a strategic method to managing relationship between institu-
tions and students. CRM enables institutions to provide personalized services, enhance stu-
dent satisfaction, and strengthen student retention. Additionally, CRM helps institutions iden-
tify students with low engagement levels and supports targeted intervention strategies. Nev-
ertheless, CRM implementation in higher education remains largely administrative and has
not been integrated with analytical decision-making models capable of handling multi-criteria
data objectively.

Decision Support Systems (DSS) have been widely used to assist in decision-making
including multiple criteria and alternatives. In education, DSS is used for student evaluation,
academic performance analysis, and learning systems optimization. Among Multi-Criteria De-
cision Making (MCDM) method, the Analytical Hierarchy Process (AHP) and the Technique
for Order Preference by Similarity to Ideal Solution (TOPSIS) are widely used due to their
ability to handle complex decision structures.

The AHP method is effective in determining the relative importance of criteria through
pairwise comparison [16], while TOPSIS ranks alternatives according to their distance from
the positive and negative ideal solution. The integration of AHP and TOPSIS has proven
capable of improving decision-making accuracy and consistency in various domains, includ-
ing higher education. However, previous research generally applied these methods without
integrating CRM as part of student engagement management strategy [20], [21].

Although there has been significant progress in student engagement and DSS research,
there remains a research gap in integrating CRM with multi-criteria decision-making methods
to analyze and enhance student engagement. Most previous studies have only focused on
analyzing student engagement using learning analytics or applying DSS without considering
the relational aspects in student management. This gap indicates the need for a comprehen-
sive framework that integrates analytical decision-making with strategic student relationship
management.

Furthermore, modern learning approaches such as hyflex learning and LMS gamification
have shown positive impact on student engagement in digital learning environments. Evective
utilization of digital learning technologies can create a more interactive, flexible, and student-
oriented learning experience. Therefore, a decision-making model capable of integrating en-
gagement factors, learning technology, and student relationship management strategies into a
single integrated framework is required.

In order to examine and improve student engagement, this research proposes an inte-
grated model combining the AHP-TOPSIS method with a CRM approach to analyze and
enhance student engagement. The research was conducted at Politeknik AKBARA Surakarta
with 47 students participated. The purpose of this research is to provide a systematic and
data-driven approach to identify the level of student engagement and support strategic deci-
sion-making in the higher education environment.

The main contribution of this research is to develops a CRM-based decision support
system for a more objective and structured student engagement analysis. Additionally, this
research integrates AHP and TOPSIS methods to handle multi-criteria decision-making,
providing a ranking-based classification of student engagement levels, and bridging the gap
between DSS and CRM approaches in higher education.

2. Related Work

Student Engagement

Student engagement is a fundamental concept in higher education because it is related
to academic achievement, learning effectiveness, and student retention. Theoretically, student
engagement consist of behavioral, emotional, and cognitive dimensions. Behavioral engage-
ment reflects patticipation in academic activities, emotional engagement relates to students'
affective responses to learning, while cognitive engagement represents the level of investment
in understanding complex concepts.

Recent studies emphasize the role of learning analytics in identifying student engagement
through digital footprints. Johar et al. demonstrate engagement data obtained from learning
systems can be used to predict academic performance, while Bergdahl et al. explain the im-
portance of integrating engagement dimensions to achieve a comprehensive understanding.
However, despite the availability of extensive data on student engagement, most studies
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remain descriptive and predictive, lacking a structured framework for prioritized decision-
making.

Digital Learning Environment and Engagement Measurement

The rapid utilization of digital learning platforms has transformed the way student en-
gagement is measured and analysed. Learning Management Systems (LMS) provide facilities
for interaction, collaboration, and access to learning resources. Empirical findings show that
the use of LMS positively affects the level of student participation and engagement.

Recent learning approaches such as hyflex learning contribute to improving flexibility
and student engagement in digital learning environments. On the other hand, LMS with gam-
ification framework can enhance student motivation and interaction more actively [24]. Fur-
thermore, Sharma et al. explain that modern technology-based LMS creates adaptive and stu-
dent-centric learning environment.

The effectiveness of LMS depends not only on system availability but also on how data
are utilized for institutional decision-making. Previous research has focused on system evalu-
ation and usage patterns rather than transforming student engagement data into actionable
insights. This creates a gap between the availability of data and the decision-making capability
in Educational Institutions.

Customer Relationship Management in Higher Education

In higher education, CRM is used as a strategic approach to build long-term relationships
between institutions and students. CRM supports decision-making, loyalty, and student re-
tention through personalized and data-driven services. Additionally, CRM helps institutions
identify students with low engagement risk so that academic interventions can be more pre-
cisely targeted.

Despite its strategic role, the CRM implementation in higher education is still largerly
operational and administrative. Most systems focus on communication and service delivery,
without integrating analytical decision support mechanisms. As a result, CRM lacks the ability
to process complex multi-criteria data, such as student engagement indicators, objectly and
systematically.

Multi-Criteria Decision Making using AHP-TOPSIS

Decision Support System are designed to support decision-making involving complex
problems with multiple criteria. Among Multi-Criteria Decision Making (MCDM) methods,
AHP and TOPSIS are widely used because of their ability to systematically handle complex
decision structures.

The AHP method determines criteria importance through pairwise comparison and im-
proves decision consistency [16]. While, TOPSIS ranks alternatives according to their distance
to positive and negative ideal solution. The combination of these two methods has proven
effective in improving decision-making accuracy in various domains.

Previous studies by Wang et al. and Sharmin et al. demonstrated that the AHP-TOPSIS
hybrid approach enhances evaluation capabilities in complex systems. Hermansyah et al. em-
phasized its application in ranking alternatives in educational context.

However, existing application of AHP-TOPSIS are still limited to domains such as em-
ployee selection, system evaluation, or institutional ranking. Its application for student en-
gagement analysis, particularly when combined with CRM, remains underexplored.

State of the Art and Research Positioning

Several relevant previous studies were taken as references for this research. To better
understand the overview of the conducted research, a summary of these studies is presented
in Table 1.

Table 1. Relevant previous research as a reference in determining the State of the Art.
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Study Domain Methodological Ap- Key Contribution Critical Limitation
proach
Shafiq et al. (2022) Engagement/Reten- Predictive analytics Predicts student dropout No prescriptive decision
tion model
Johar et al. (2023) Engagement Learning analytics Identifies engagement pat-  No ranking mechanism

Bergdabhl et al. (2024)

Engagement theory

Systematic review

terns

Defines engagement di-

No implementation

mensions
Sanchez et al. (2024) LMS Comparative analysis Evaluates LMS effective- No decision framework
ness
Shalihati et al. (2025) CRM Bibliometric Maps CRM trends No analytical integration
Akbar et al. (2025) CRM Literature review Improves customer loyalty ~ Not engagement-oriented
Wang et al. (2022) DSS AHP-TOPSIS hybrid ~ Improves evaluation accu- Not applied to engage-
racy ment
Hermansyah et al. DSS AHP-TOPSIS Effective ranking model Limited scope
(2025)
Sharmin et al. (2025) DSS AHP-TOPSIS Accurate decision-making Context-specific
Ikhsan (2023) CRM + DSS TOPSIS Integrates CRM with DSS  Not in education domain

Table 1 shows that studies on student engagement focus on analysis and prediction,
without providing a structured decision-making mechanism. This method is helpful in dis-
covering trends of student engagement but does not support ranking.

Research on LMS and digital learning shows the importance of technology in enhancing
student engagement. Unfortunately, those studies do not provide an analytical model to trans-
form engagement data into strategic decisions.

CRM-related studies emphasize relationship management and student retention but they
are not integrated with quantitative decision-making methods. This can limit their ability to
support data-driven strategy development.

The AHP-TOPSIS method has proven to be effective in supporting decision-making.
However, its application in analysing student engagement in learning has not been widely
discussed. Including how it integrates with the CRM approach.

Research Gap and Contribution

Recent studies emphasize the significance of student engagement as a critical factor in
determining academic achievement and retention in higher education. Advance in learning
analytics enable institutions to capture and analyze engagement data across behavioral, emo-
tional, and cognitive dimensions. However, most existing approaches are still descriptive and
predictive, focusing on identifying patterns and projecting results rather than supporting
structured and actionable decision-making. At the same time, CRM implementation in higher
education has improved student interactions and service quality, but its implementation re-
mains operational and lacks analytical capabilities for processing multi-criteria engagement
data.

These limitations reveal a fundamental gap in the absence of an integrated framework
connecting engagement analytics, decision-making models, and strategic implementation.
Therefore, this study proposes an integrated AHP-TOPSIS model within a CRM framework
to transform student engagement data into structured, objective, and actionable decision sup-
portt, enabling more effective and data-driven engagement management in higher education.
To understand the research gaps and contributions of this study, please refer to Figure 1.
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Figure 1. Research gap between learning analytics, CRM, and AHP-TOPSIS method for student
engagement analysis in higher education.

3. Proposed Method

This study proposes an integrated Decision Support System (DSS) that combines the
Analytical Hierarchy Process (AHP) and the Technique for Order Preference by Similarity to
Ideal Solution (TOPSIS) with a Customer Relationship Management (CRM) approach to
evaluate and enhance student engagement. The integration of AHP and TOPSIS has been
popular for its effectiveness in multi-criteria decision-making problems, while CRM provides
a strategic layer for implementing data-driven decisions. Figure 2 presents the research flow
framework as a diagram
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Figure 2. Research framework AHP-TOPSIS integration with CRM approach to analyzed and en-
hanced Student Engagement.

The research framework describes a systematic process for developing a decision sup-
port system to enhance student engagement in higher education. The first step in this study
begins with the identification of the research problem which is the lack of organized decision-
making processes and poor student engagement. This issue was then explored through liter-
ature review analysis three main domains: student engagement, Customer Relationship Man-
agement (CRM), and Decision Support Systems (DSS) using the AHP-TOPSIS method.
Based on the latest analysis, previous studies tended to focus on these domains separately,
creating a research gap due to the lack of an integrated framework connecting engagement
analysis, decision-making models, and strategic implementation. This study proposes an inte-
grated model that combines the dimensions of student engagement, AHP-TOPSIS as a deci-
sion support method, and CRM as a strategic framework. A systematic questionnaire is used
to gather data from 47 students at Politeknik AKBARA Surakarta at the first step. The
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collected data is then transformed into evaluation criteria consisting of behavioral engage-
ment, emotional engagement, cognitive engagement, LMS interaction, and academic partici-
pation. The AHP method is applied to determine the weight of each criterion through pair-
wise comparisons and consistency testing, ensuring reliable weights. Next, the TOPSIS
method is used to rank students according to how close they are to the ideal solution, gener-
ating preference scores for each student.

The ranking results are then classified into three categories: high, moderate, and low
engagement. These categories are further mapped into CRM-based strategies, where highly
engaged students are retained through retention strategies, moderately engaged students are
supported through improvement strategies, and targeted intervention techniques for low en-
gaged students. Finally, the results are analysed to determine the effectiveness and robustness
of the proposed model. This framework provides a structured and data-driven strategy that
transforms student engagement data into actionable decisions, contributing to better engage-
ment management and institutional decision-making.

Data Collection

The primary data used in this study obtained from questionnaire responses by students
of Politeknik AKBARA Surakarta. The questionnaire distributed using Google Form tools,
making it easier to gather the answers. The list of incoming responses is then saved in Mi-
crosoft Excel format (*.xlIs) for further analysis. Several questionnaire items based on a Link-
ert scare from 1 (strongly disagree) to 5 (strongly agree) are used to measure each criterion.

The research dataset consisted of 47 respondents in total. The collected dataset includes
demographics data and student engagement variables that were taken from relevant academic
publications on student engagement and learning analytics. The criteria used in this study are
shown in Table 2.

Table 2. Criteria of student engagement used in this study.

Code Criteria Description
C1 Behavioral Student participation and academic behavior
C2 Emotional Student motivation and emotional involvement
C3 Cognitive Student learning effort and critical thinking
C4 LMS Student interaction with LMS
C5 Academic Student participation in academic activities

Data Preprocessing

Data preprocessing plays an important role in ensuring the reliability, consistency, and
analytical validity of the proposed AHP-TOPSIS method. Because the raw questionnaire data
is collected in Microsoft Excel format (*.xls) through Google Form, preprocessing is used to
transform the unstructured data into a standardized decision matrix suitable for multi-criteria
decision analysis. Previous research has explained that preprocessing is essential for improv-
ing data quality and reducing analytical bias in educational analytics and decision support sys-
tems. The preprocessing phase in this research consists of four processes: data cleaning, data
transformation, criteria aggregation, and decision matrix construction.

Data Cleaning

Data cleaning is performed to improve the quality of the dataset by identifying and ad-
dressing incomplete responses, data duplication, or inconsistent data. In order to maintain
data integrity and minimize noise in the analysis process, responses that show invalid patterns
in their completion are eliminated.

Additionally, a consistent check of demographic data is conducted to validate respond-
ents' information such as semester and study program. This process is catried out to ensure
that the dataset represents the target population of respondents and to minimize the risk of
biased decision-making. Data cleaning holds a crucial position because inaccurate educational
data mining can affect the weighting and ranking results in multi-criteria decision-making
models.

Data Transformation

After the data cleaning process, the qualitative questionnaire responses were converted
into quantitative numerical values using a 5-point Likert scale. The AHP-TOPSIS method of
statistical processing and mathematical computations are made possible by this conversion
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The numerical conversion process standardizes respondents’ perceptions into measurble
engagement indicators. The same approach is widely used in the creation of engagement anal-
ysis and decision support systems in the education domain because it enables objective com-
parisons between alternatives.

Criteria Aggregation

Each dimension of engagement consists of several questionnaire indicators that repre-
sent similar behavioral constructs. In order to generate a representative engagement value for
each student, aggregation is performed by computing the average score of all indicators within
the same criteria. The aggregation process can reduce dimensional complexity and maintain
the essential characteristics of each engagement dimension. The constructed criteria are pre-
sented in the table 3.

Table 3. the constructed criteria description used for to aggregation process of this study.

Criteria Engagement Dimension Questionnaire Indicator
Code

Class attendance consistency

Assignment submission discipline

C1 Behavioral Engagement . . . .
Participation during learning activities

Participation in academic discussions

Learning motivation

Interest in coutrse materials

C2 Emotional E t
rotional Bhgagemen Sense of belonging to the institution

Satisfaction with learning process

Critical thinking during learning

Independent learning effort

C3 Cognitive E
ognitive ngagement Problem-solving capability

Understanding of learning materials

Frequency of LMS access

Participation in online discussions

C4 LMS Interaction T .
Utilization of LMS learning resources

Online assighment interaction

Participation in seminars/workshops

Participation in collaborative learning

C5 Academic Participation R -
Participation in campus academic programs

Communication with lecturers

This procedure makes the AHP-TOPSIS model easier to apply and improve computa-
tional efficiency. The simplification of indicator values used in the data aggregation stage in
this study was performed using equation (1).

Z;"” (1

n

Ci=

Where :

C; = aggregated value of the 1 criterion.

X = value of the j indicator in the i criterion.
n = number of indicators within one criterion

Decision Matrix Construction

The primary input for the AHP-TOPSIS computation process is the decision matrix
construction. Equation (2) represents the decision matrix as follows :

X = [x;] 2
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Where:

Xj = the engagement score of student i on criterion j.

The aggregate engagement values from all respondents across all engagement categories
are included in the final matrix. In the ensuring AHP-TOPSIS stage, this matrix facilities a
methodical evaluation procedure, weighting, normalization, and ranking [16], [19].

Formatting of Mathematical Components

In quantitative research, mathematical formulas serve as the core analytical foundation
of the AHP-TOPSIS-based decision framework. The mathematical formulas in this study are
divided into two computational steps : criteria weighting using AHP, and alternative ranking
using TOPSIS. These formulations are adopted from MCDM models that have been widely

applied in educational analysis and previous decision support systems [15], [16], [19] .
The formula used in this study presented in table 4.

Table 4. The formula used in this study with AHP-TOPSIS method

Step | Formula | Explain
L . A = pairwise compatison matrix
Pairwise compati- . L
i A= [al- j] 3) ajj = relative importance of critetion i com-
son matrix o
pared to criterion j.
a;

Pairwise compari-

son normalization

Criteria weighting

©)) nj = normalized comparison value

w; = the weight of the priority of criterion i,

1
o w; = —Z n;; (5) n = indicates the number of criteria.
AHP priority n =
Weightin: _ . .
ghtng Consistency Index ol = Az — N ©) Amax = the maxm.lurn elger.lvalue of the
. n—1 comparison mattix.
(CI) & Consistancy cI RI = th dom ind !
= the random index value
Ration (CR) CR = i @)
1 = the normalized value of alternative cri-
Decision matrix ) terion i on j
normalization xjj = represents the value of the original de-
cision matrix.
Normalized matrix _ vij = weighted normalized value
) ) vij = Wj . rij (9) . . . .
weighting wj = criterion weight obtained from AHP
Ideal positive & At = {maX(Ui j) lje] } (10) A+ = optimal alternative condition
negative solution A" = {min(vi j) ljEe]J } (11) A- = least desirable alternative condition
TOPSIS D" = az _ .
. Distance value data Di+ = distance to the positive ideal solution
alternative ] o ) ) o i
. from ideal positive Di- = distance to the negative ideal solution
ranking ) )
& negative solution
D = (13)
Final P Vi = final preference value
inal preference i
p v, = — T (14) The larger the value of Vi, the higher the
Value Di + Di
level of student engagement.
Algorithm Pseudocode

The algorithm presented in this study provides an overview of the sequence of compu-

tational processes in evaluating student engagement and generating CRM-based strategy rec-
ommendations. This algorithm integrates three main analysis stages: data preprocessing, cri-
terion weighting using AHP, and alternative ranking using TOPSIS. The application of similar
algorithms has been widely used in MCDM research to enhance computational transparency
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and facilitate system implementation. The computational flow of the proposed framework is
presented in Algorithm 1.

Algorithm 1. AHP-TOPSIS Based on Student Engagement Evaluation
INPUT:

Student engagement dataset Respondent (*xlsx)
Criteria C = {C1, C2, C3, C4, C5}

OUTPUT:
Begin
1:  Import dataset Responden.xlsx
2:  Data Preprocessing :
e  Remove incomplete and duplicate data
e Transform Likert responses into numerical values
o Aggregate indicators into engagement criteria
e  Construct decision matrix X
3:  Apply AHP weighting:
e  Construct pairwise comparison matrix A
e  Normalize comparison matrix
e  Calculate criteria weights W
¢  Compute consistency ratio CR
4:  Validate consistency :

if CR > 0.1
then revise comparison matrix
else continue process

5: Apply TOPSIS ranking :
e  Normalize decision matrix X
e  Calculate weighted normalized matrix V
e Determine positive ideal solution A*
e  Determine negative ideal solution A-
e  Calculate separation distances
e  Compute preference value V;
Rank student based on V;
7:  Classify engagement level
it Vi> 0.8
then high engagement
else if 0.5 <V; <0.79
then  moderate engagement
else low engagement
8: Map engagement level into CRM strategy
e High = retention strategy
e Moderate = improvement strategy
e Low = intervention strategy

9:  Generate final decision support output
End

@

4. Results and Discussion

Data Collected Result and Data Characteristic Analysis

This study used primary data collected through questionnaire distribution to students of
AKBARA Surakarta using Google Forms. After the data cleaning process as described in the
proposed method section, a total of 47 valid respondent data were obtained and used in the
analysis process. The respondent data consisted of students from different study programs
and semesters, enabling the dataset to represent the condition of student engagement within
the digital learning environment.

The questionnaire used in this study measured five main dimensions of student engage-
ment, namely Behavioral Engagement, Emotional Engagement, Cognitive Engagement, LMS
Interaction, and Academic Participation. Each dimension was measured using several indica-
tors based on 5 point Likert scale. This approach was selected because that Likert scale is
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capable of quantitatively representing respondents’ perceptions and experiences, allowing the
data to pro be processed using the AHP-TOPSIS method.

Based on the preprocessing results, all data were successfully transformed into a decision
matrix that was ready to be used in the weighting and ranking process. This stage is important
because data quality greatly influence the final results of the decision support system, espe-
cially in Multi-Criteria Decision Making (MCDM) models that rely on data consistency and
objectivity.

This study also collected demographic information from respondents. The respondents
consisted of 59.6% male and 40.4% female. In term of semester level, 36% of respondents
were from second semester, 48.9% from fourth semester, 12.8% from sixth semester, and
2.1% from eighth semester. Furthermore, the respondents came from several study programs,
namely D3 Teknologi Bank Darah (14.9%), D4 Manajemen Penanggulangan Bencana
(38.3%), D4 Bisnis Digital (46.8%).

Based on the demographic information, the respondent distribution was highly diverse.
This indicates that the research dataset was able to represent student characteristics from
different gender groups, semester levels, and study programs proportionally. The diversity of
respondents is important in this study because the level of student engagement may be influ-
enced by difference in academic experience, semester level, and learning environment within
each study program.

Data Preprocessing
Data Cleaning

Data cleaning was conducted to obtain a consistent dataset. Several processes were pet-
formed, including removing incomplete data, eliminating duplicate records, validating the
consistency of respondents’ answers, and standardizing the data format into numerical values
so that it could be computationally processed using the AHP-TOPSIS method.

From the data cleaning process, a total of 47 respondent record were considered valid
and suitable to be used as the dataset in this study. The dataset used in this study is presented
in the table 5.

Table 5. The respondent data were collected using Google Forms. R = Respondent, G = Gender, M = Male, I = Female, MPB =
Manajemen Penanggulangan Bencana, BD = Bisnis Digital, TBD = Teknologi Bank Darah, BE = Behavioral Engagement, EE =

Emotional Engagement, CE = Cognitive Engagement, LI = LMS Interaction, and AP = Academic Participation.

R G Smt Study BE BE BE BE EE EE EE EE CE CE CE CE LI LI LI LI AP AP AP AP

Program 1 2 3 4 1 2 3 4 1 2 3 1 2 3 4 1 2 3 4
Ml M 4 D4MPB 5 5 4 5 4 5 4 5 5 5 5 4 4 4 5 5 4 4 4 5
M2 M 2 D4MPB 5 5 5 4 5 5 5 5 5 5 5 5 5 3 5 4 4 3 5 4
M3 M 2 D4MPB 5 5 4 5 5 4 3 3 5 4 4 4 3 3 3 3 5 5 5 4
M4 M 4 D4BD 5 5 3 5 5 5 5 5 4 4 3 5 5 5 5 4 3 5 4 3
M5 M 6 D4BD 4 4 3 4 4 4 4 4 4 4 4 4 3 4 4 2 4 4 4 3
M6 M 4 D4BD 2 3 3 3 3 3 3 3 3 2 2 2 3 3 3 3 2 3 3 2
M7 F 2 D4BD 4 4 4 5 4 4 5 5 5 4 5 2 3 5 4 3 4 5 5 5
M8 M 2 D4BD 4 4 4 4 4 4 4 4 4 4 4 4 4 4 4 3 4 4 3 3
M9 M 4 D4MPB 5 5 5 4 5 5 5 5 5 5 5 5 5 5 4 3 3 3 3 3
M10 F 6 D4MPB 4 5 4 5 4 4 4 4 5 5 4 4 2 4 4 4 5 5 5 5

Data Transformation

Data transformation was conducted to convert qualitative questionnaire data into nu-
merical data so that it could be processed using the AHP-TOPSIS method in the Decision
Support System.

This study used a 5-point Likert scale to measure the level of student engagement. The
use of Likert scale transformation has been widely applied in educational analytics and en-
gagement evaluation studies because it allows quantitative perceptions to be converted into
measurable quantitative values. The data conversion using the Likert scale is presented in the
table 6.
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Table 6. Likert scale for converting qualitative data to quantitative data.

Response Score
Strongly Disagree 1
Disagree 2
Neutral 3
Agree 4
Strongly Agtree 5

Criteria Aggregation

This study used multiple indicators for each established criterion. To simplify the large
number of indicators within each criterion, an aggregation process was performed for each
criterion. The criteria aggregation was calculated using equation (1). An example of the aggre-
gation calculation for respondent M1 is presented as follows :

BE=$=4.750
44+54+4+5
E=—— ~ =4500
4
5+5+5+4
CE=—" "  —=4750
4
44+44+54+5
[=—— =  ~ =4500
4
44+4+44+5
BEzlel-.ZSO

Decision Matrix Construction

The final stage in data preprocessing is the construction of decision matrix. The decision
matrix was formed based on the results of the criteria aggregation calculations, as presented
in the table 7.

Table 7. The result of criteria aggregation for each criterion

R BE EE CE LI AP
M1 475 450 475 450 425
M2 475 500 500 425 400
M3 475 375 425 300 475
M4 450 500 400 475 375
M5 375 400 400 325 375
M6 275 300 225 300 250
M7 425 450 400 375 475
M8 400 400 400 375 350
M9 475 500 500 425 3,00
M10 450 400 450 350 5,00

AHP Weighting Analysis

The AHP method was used to determine the relative importance level among the di-
mensions of student engagement so that the decision-making process could be conducted in
a more systematic and objective manner. In this study, the AHP method was applied to gen-
erate the priority weights of the criteria used, including Behavioral Engagement, Emotional
Engagement, Cognitive Engagement, LMS Interaction, and Academic Participation.

Pairwise Comparison Matrix

The first stage of the AHP method is constructing the pairwise comparison matrix. This
process is carried out to determine the relative importance level among criteria using the Saaty
scale. The table 8 shows the Saaty scale values used in this study.
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Table 8. Saaty scale used in this pairwise comparison matrix

Scale Value Definition

Equal Importance
Moderate Importance
Strong Importance

N S B SR

Very Strong Importance
9 Extreme Importance
2,4,6,8 Intermediate Values

The Saaty scale is used in the AHP method to determine the relative importance between
criteria through pairwise comparison. A scale value of 1 indicates that two criteria have equal
importance in the decision-making process. A value of 3 represents moderate importance,
where one criterion is considered slightly more important than another. A value of 5 indicates
strong importance, meaning that one criterion has a significantly greater influence compared
to another criterion. Furthermore, a value of 7 represents very strong importance, while a
value of 9 indicate extreme importance, where one criterion is considered absolutely domi-
nant over other. Intermediate values such 2, 4, 6, and 8 are used when the decision maket’s
judgement falls between two adjacent levels of importance. The use of the Saaty scale enables
decision makers to systematically and consistently quantify adjective judgments into numeri-
cal values for further analysis in the AHP process.

Behavioral engagement has the highest level of importance because it is considered to
most directly represent student engagement through learning activities, attendance, and as-
signment completion. Emotional engagement and Cognitive Engagement are also considered
important because they are related to students’ learning motivation and their ability to under-
stand learning materials. Meanwhile, LMS Interaction is considered a supporting factor in
digital learning; therefore, it has a lower level of importance compared to the other criteria.

Based on these considerations, the pairwise comparison matrix used in this study is pre-
sented in the table 9.

Table 9. Pairwise comparison matrix among criteria.

Criterion BE EE CE LI AP
BE 1 3 5 5 7
EE 0,33 1 3 5 5
CE 0,20 0,33 1 3 5
LI 0,20 0,20 0,33 1 3
AP 0,14 0,20 0,20 0,33 1

Total 1,88 473 9,53 14,33 21,00

Normalization of the Pairwise Comparison Matrix

The result of the pairwise comparison matrix were then normalized into a proportional
scale to determine the priority weights of each criterion. The normalization process was cat-
ried out using calculations based on equation (4).

1 033 020 _ 020 _ 014
ny= — = Mo = —— = iny = —— S = 4 = Cpe = 22—
1= 188 » 121 T g8 2131 T8 » B4 T8 » 151 T g8
0.53 0.18 0.11 0.11 0.08

The normalization results are presented in the table 10.

Table 10. Normalization results of the pairwise comparison matrix.

Criteria BE EE CE LI AP
BE 0,53 0,63 0,52 0,35 0,33
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EE 0,18 0,21 0,31 0,35 0,24
CE 0,11 0,07 0,10 0,21 0,24
LI 0,11 0,04 0,03 0,07 0,14
AP 0,08 0,04 0,02 0,02 0,05

Total 1 1 1 1 1

Criteria Priority Weighting
The next stage is calculating the priority weight of each criterion by computing the av-

erage value of each row in the normalized matrix. Table 11 presents the results of the criteria
priority weight calculation.

Table 11. Criteria priority weighting of normalization result.

Criteria BE EE CE LI AP Priotity
weighting
BE 0,53 0,63 0,52 0,35 0,33 0,475
EE 0,18 0,21 0,31 0,35 0,24 0,258
CE 0,11 0,07 0,10 0,21 0,24 0,146
LI 0,11 0,04 0,03 0,07 0,14 0,079
AP 0,08 0,04 0,02 0,02 0,05 0,042

Consistency Index and Consistency Ratio

The final stage in the AHP method is the consistency index (CI) and consistency ratio
(CR) testing. The purpose of this stage is to ensure that the pairwise comparison results are
consistent and valid for use in the decision-making process. In the calculation process, the
maximum eighen value obtained was 5.362. this value is considered consistent because it is
close to the total number of criteria used, which is 5. Furthermore, this value was used to
calculate the consistency index based on the formula (6) and consistency ratio using formula

(-

CI — 5.362-5 — 009
5-1
CR=22_0.08
1.12

From the consistency ratio calculation results, a value of CR<0.1 was obtained, indicat-
ing that the constructed matrix is consistent and acceptable for further analysis in the deci-
sion-making process.

TOPSIS Ranking Result

After obtaining the criteria priority weights from the AHP process, the next step was
performing alternative ranking using the Technique for Order Preference by Similarity to
Ideal Solution (TOPSIS) method. This method was used to determine the level of student
engagement based on the closeness of each alternative to the positive ideal solution and neg-
ative ideal solution. The decision matrix used in the TOPSIS process was derived from the
aggregated criteria values obtained during the data preprocessing stage.

Calculating the Normalized Matrix

The normalization process was conducted to standardize the scale among criteria so that
all criteria could be compared proportionally. This normalization calculation was performed
using equation (8) based on the previously aggregated criteria data. An example of the nor-
malization calculation is presented as follow :

_ X11 475 016
METeg 2972
Zi=1x11
X192 4.50
12 2916 01°

47
Z i=1 x122
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_ X13 475 017
T 2795
Zi=1x13
X14 4.50
= = =0.17
e e, 2665
Zi:l 14
X135 4.25
= = 0.16
s e, 2718
Zi=1 15

Based on these calculations, the resulting normalized aggregation matrix is presented in
the table 12.

Table 12. normalized matrix of aggregated respondent data.

R BE EE CE LI AP
M1 0,16 0,15 0,17 0,17 0,16
M2 0,16 0,17 0,18 0,16 0,15
M3 0,16 0,13 0,15 0,11 0,17
M4 0,15 0,17 0,14 0,18 0,14
M5 0,13 0,14 0,14 0,12 0,14
Mé6 0,09 0,10 0,08 0,11 0,09
M7 0,14 0,15 0,14 0,14 0,17
M8 0,13 0,14 0,14 0,14 0,13
M9 0,16 0,17 0,18 0,16 0,11
M10 0,15 0,14 0,16 0,13 0,18

Weighting the Normalized Matrix

The next step is weighting the normalized matrix by multiplying each normalized values
of every respondent with the corresponding priority weights obtained from the AHP process.
The weighting process produces a weighted normalized matrix that represents the contribu-
tion level of each criterion in determining the final TOPSIS ranking result. The corresponding
priority weights obtained from the AHP process were Behavioral Engagement (0.475), Emo-
tional Engagement (0.258), Cognitive Engagement (0.146), LMS Interaction (0.079), and Ac-
ademic Participation (0.042). The weighting process was calculated using equation (9) with
the calculation details presented as follow :

v, = 0.475-0.16 = 0.076
v;, = 0.258 - 0.15 = 0.040
V5 = 0.146 - 0.17 = 0.025
v, = 0.079-0.17 = 0.013
vy, = 0.042-0.16 = 0.007

Based on the calculations, the weighted normalized matrix was obtained, as presented in
table 13.

Table 13. Weighted matrix based on normalized respondent data.

R BE EE CE LI AP
M1 0,076 0,040 0,025 0,013 0,007
M2 0,076 0,044 0,026 0,013 0,006
M3 0,076 0,033 0,022 0,009 0,007
M4 0,072 0,044 0,021 0,014 0,006
M5 0,060 0,035 0,021 0,010 0,006
M6 0,044 0,027 0,012 0,009 0,004

M7 0,068 0,040 0,021 0,011 0,007
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M8 0,064 0,035 0,021 0,011 0,005
M9 0,076 0,044 0,026 0,013 0,005
M10 0,072 0,035 0,023 0,010 0,008

Determination of Positive and Negative Ideal Solutions.

The positive ideal solution (A*) represents the best value for each criterion, while the
negative ideal solution (A-) represents the worst value for each criterion. Using equation (10)
and (11), the calculations are performed as follows :

Ideal positive solution : Ideal negative solution :
At = {max (vgg) | j €]} = 0.08 A~ = {min (vgg) | j € J} = 0.032
A" = {max(vgg) | j € J} = 0.044 A~ ={min (vgg) | j € J} = 0.009
At = {max(vcg) | j €]} = 0.026 A~ = {min (v¢g) | j €]} = 0.005
A* = {max(v;;) | j € J} = 0.015 A~ = {min (v;;) | j € J} = 0.003
A" = {max (vyp) | j € J} = 0.008 A~ ={min (vyp) | j € J} = 0.002

Measurement of Relative Separation Distance of Alternatives

The next step is calculating the separation distance of each alternative from the positive
ideal solution and the negative ideal solution using equation (12) and (13). An example of the
weighting calculation for each respondent based on the corresponding AHP priority weights
is presented as follow :

Distance from the positive ideal solution :

D} =/(0.076 — 0.080)2 + (0.040 — 0.044)2 + (0.025 — 0.026)2 + (0.013 — 0.015)% + (0.007 — 0.008)2

Distance from the negative ideal solution :

Dy =+/(0.076 — 0.032)2 + (0.040 — 0.009)% + (0.025 — 0.005)2 + (0.013 — 0.003)2 + (0.007 — 0.002)2

Final Preference Value Measurement

The final step of the TOPSIS method is measuring the final preference value of each
alternative. The calculation was performed using equation (14). An example of the alternative
preference value calculation is presented as follows :

Dy 0.058
= 0.901

Vv, = = -
Y7 Dy +D; 0.058+0.006

The result of the calculation are presented in table 14.

Table 14. Final preference value calculation results for each respondent.

R D+ D- A
M1 0,006 0,058 0,901
M2 0,005 0,061 0,927
M3 0,014 0,054 0,796
M4 0,010 0,057 0,853
M5 0,023 0,042 0,646
M6 0,043 0,023 0,349
M7 0,014 0,051 0,781
M8 0,019 0,045 0,699
M9 0,006 0,061 0,917

M10 0,013 0,052 0,800
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CRM-Based Student Engagement Strategy Mapping

After obtaining the final preference value from TOPSIS calculation process, the next
step was mapping the student engagement levels using a Customer Relationship Management
(CRM) approach. This process aims to help higher education institutions understand stu-
dents’ engagement levels so that they can determine appropriate strategies for student ap-
proaches, academic services, and retention improvement.

In this study, the TOPSIS ranking results were used to classify students based on their
engagement levels into three main categories : high engagement, medium engagement, and
low engagement.

Determination of Engagement Levels

The determination of engagement levels was carried out using the interval values of the
final preference scores obtained from the TOPSIS calculation, as presented in table 15.

Table 15. The determination of engagement levels using interval values from TOPSIS calculation

Preference Value Engagement Level

0.80 — 1.00 High Engagement
0.50 - 0.79 Medium Engagement
0.00 — 0.49 Low Engagement

The establishment of these engagement level categories was intended to simplify the
institution’s process of identifying student engagement conditions based on the results of the
multi-criteria evaluation. Based on the preference value calculations using the TOPSIS
method, the student engagement levels obtained are presented in table 16.

Table 16. The level of student engagement was determined based on the final preference value calcu-
lation results using the TOPSIS method

R A% Level
M1 0,901 High
M2 0,927 High
M3 0,796 High
M4 0,853 High
M5 0,646 Medium
Mo6 0,349 Low
M7 0,781 Medium
M8 0,699 Medium
M9 0,917 High

M10 0,800 High

The results indicate that the students categorized as having high engagement demon-
strated very strong academic involvement across behavioral engagement to academic partici-
pation aspect. Student in this category tended to actively participate in learning activities, pos-
sess high learning motivation, maintain consistency in academic activities, and actively use the
LMS.

Meanwhile, students categorized as having medium engagement showed relatively good
involvement but still required improvement in several engagement dimensions. On the other
hand, students categorized as having low engagement demonstrated low levels of academic
participation, which may potentially lead to decreased academic performance and lower stu-
dent retention rate.

CRM Approach Based on Engagement Levels

The engagement mapping results were then used as the basic for implementing educa-
tional CRM strategies. Each engagement level has a different academic service approach ac-
cording to student’s needs and engagement characteristics.

Students categorized as having engagement shown strong academic participation, active
in use of the Learning Management System (LMS), and active engage in learning activities.
Therefore, the CRM-based strategy implemented for this category focuses on retention and
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relationship strengthening, institutions can develop academic achievement recognition pro-
grams, provide rewards, offer opportunities for leadership involvement, monitoring activities,
and participation in institutional academic programs. These strategies are expected to main-
tain student innovation and encourage sustainable academic performance.

Students with moderate engagement tend to demonstrate stable participation; however,
several criteria still show variations in their level of engagement. The strategies implemented
for this category focus on improvement and engagement enhancement. Institutions can pro-
vide personalized academic guidance, more interactive learning activities, collaborative learn-
ing programs, periodic academic monitoring, and motivational support through academic
counseling services.

Meanwhile, students categorized having low engagement demonstrate limited participa-
tion in learning activities, low motivation, and insufficient academic interaction. This condi-
tion may negatively affect academic performance and increase the risk of student dropout.
The CRM approach for this category focuses on intensive intervention and personalized sup-
port. Institutions can implement early warning system, academic counseling, personal moni-
toring, as well as psychological or motivational assistance programs.

Table 17 presents the CRM strategies based on students’ engagement levels.

Table 17. CRM-based academic and institutional approaches according to student engagement levels determined from TOPSIS
preference value classification.

Engagement Student Characteristics Recommended Institutional Actions
Level
High En- Students demonstrate strong academic participa-  Academic achievement recognition programs, rewards and ap-
gagement tion, high learning motivation, active LMS us-  preciation, student leadership opportunities, academic mentor-
age, consistent assignment completion, and ac-  ing, participation in institutional programs, and continuous en-
tive involvement in learning activities. gagement monitoring.
Medium En-  Students show relatively stable participation, but ~ Personalized academic guidance, interactive learning activities,
gagement several engagement dimensions still fluctuate collaborative learning programs, petiodic academic monitor-
and require improvement. ing, mentoring sessions, and motivational support through ac-
ademic counseling services.
Low Engage- Students demonstrate limited participation in Early warning systems, academic counseling, personal moni-
ment learning activities, low motivation, weak aca- toring, psychological and motivational assistance programs,

demic interaction, and inconsistent LMS partici-  remedial learning support, and intensive lecturer-student com-

pation, potentially increasing dropout risk. munication.

5. Comparison

The study proposes a Decision Support System framework for analyzing student en-
gagement in higher education by integrating the AHP and TOPSIS method. Enabling more
objective and accurate results. Additionally, the framework adopts a Customer Relationship
Management (CRM) approach to support personalized academic service strategies based on
students’ engagement characteristics. As a result, the management of student engagement
becomes more adaptive, individualized, and data-driven.

Previous study on student engagement have generally focuses on descriptive and predic-
tive analysis. Shafiq et al. studied educational data mining technique to predict potential stu-
dent dropout risk, while Johar et al. applied learning analytics to explore student engagement
patterns. Unfortunately, these studies did not provide a structured mechanism for classifying
engagement levels or formulating strategic actions based on the identified engagement cate-
gories.

Research on the topic of Customer Relationship Management in higher education mostly
focuses on relationship management and student retention. Shalihati et al. mapped the re-
search trends of CRM in higher education, while Akbar et al. analyzed the effectiveness of
CRM in improving customer loyalty. However, these studies were still limited to CRM imple-
mentation from a managerial perspective and did not integrate analytical decision support
mechanisms capable of processing student engagement data.
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Several previous studies have combined the AHP and TOPSIS methods and demon-
strated their effectiveness in improving decision-making accuracy. Research using the combi-
nation of AHP-TOPSIS methods in the various educational contexts has been conducted by
Wang et al.; Hermansyah et al.; and Sharmin et al.. However, these research did not focused
on student engagement management and the implementation of CRM-based academic set-
vice strategies.

Compared with previous study, this research combines multiple approaches previously
applied separately by integrating the AHP-TOPSIS method within CRM-based decision sup-
port framework to analyze student engagement in a more systematic, objective, and person-
alized manner. The proposed model not only measures and classifies engagement levels but
also translates the analytical outcomes into strategic recommendations for personalized aca-
demic services. Unlike previous studies that mainly stopped at engagement analysis or predic-
tion, this research extends the framework toward CRM-based intervention strategies to sup-
port retention improvement and student-centered academic management. The framework
developed contributes by providing a more comprehensive approach to transforming student
engagement data into a strategic and data-driven academic decision-making process.

6. Conclusions

This study proposes an integrated Decision Support System framework that combines
the AHP and TOPSIS methods with a Customer Relationship Management (CRM) approach
to analyse and enhance student engagement in higher education. The proposed framework
was developed to address the limitations of previous studies that primarily focused on de-
scriptive and predictive engagement analysis without providing structured and actionable de-
cision-making mechanisms.

The results demonstrate that the integration of AHP and TOPSIS successfully supports
multi-criteria evaluation by determining the relative importance of engagement dimensions
and ranking students based on their engagement levels objectively and systematically. The
criteria used in this study include Behavioral Engagement, Emotional Engagement, Cognitive
Engagement, LMS Interaction, and Academic Participation. The AHP method produced con-
sistent priority weights, while TOPSIS effectively classified students into high, medium, and
low engagement categories based on their preference values.

Furthermore, the CRM approach enabled the transformation of analytical results into
strategic academic actions. Students with high engagement were directed toward retention
and achievement development programs, students with moderate engagement received im-
provement and mentoring strategies, while students with low engagement were identified for
intensive intervention and personalized academic support. This integration demonstrates that
student engagement management can be implemented in a more adaptive, personalized, and
data-driven mannet.

The main contribution of this research lies in providing a comprehensive framework
that bridges learning analytics, multi-critetia decision-making, and CRM-based academic strat-
egies within a single integrated model. The proposed framework can assist higher education
institutions in improving student engagement monitoring, supporting academic decision-
making, and enhancing student retention strategies. Future research may expand this frame-
work by integrating larger datasets, real-time LMS analytics, machine learning approaches,
and broader institutional contexts to improve the scalability and predictive capabilities of the
proposed system.
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