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ABSTRACT 
 

 Existing research on student retention mainly focuses on risk prediction, with few studies 
implementing advisory processes that translate predictions into timely, personalized interventions. This study 
develops and evaluates the intelligent advisory system with cognitive technology (referred to as the IAS-CT 
system) to improve student retention in higher education. The persisting gap in the literature is that most 
retention studies stop at risk prediction and rarely operationalize a closed-loop advisory workflow that 
converts predictions into timely, personalized interventions. Using de-identified institutional records of 2,973 
undergraduates from academic years 2019–2022 with 25 academic and socio-demographic features, we 
trained and compared Decision Trees, Logistic Regression, Random Forest, K-Nearest Neighbors, and Naive 
Bayes. Preprocessing comprised imputation, normalization, and categorical encoding/selection; evaluation 
used a stratified split and standard metrics (accuracy, precision, recall, and F1) with confusion matrices. 
Correlation analysis indicated that GPA (r = 0.55), absenteeism (r = 0.48), father’s income (r = 0.45), year of 
study (r = 0.38), and field of study (r = 0.20) were the most associated factors with retention. Decision Trees 
achieved the best predictive performance (accuracy = 98.90%), exceeding Logistic Regression (97.40%), 
Random Forest (86.10%), K-Nearest Neighbors (85.90%), and Naive Bayes (85.80%). The selected model 
was integrated into an advisory architecture that issues early-warning alerts, generates personalized study 
recommendations, and supports advisor–student communication. An expert panel rated the system’s 
suitability at an overall high level. Consequently, the system operationalizes prediction into intervention, 
providing actionable retention support with practical implications for data governance and institutional 
scaling. 

Keywords: Cognitive Computing, Educational Data Mining, LINE Official Account, Machine Learning,  
 
1. INTRODUCTION  
 
 The number of educational institutions is 
increasing due to public and private initiatives, 
intensifying competition for university admissions. 
As applicant volumes grow, universities face 
pressure to differentiate and attract top candidates, 
making academic quality and standards central to  

 

institutional positioning. Leveraging educational 
data mining (EDM) allows institutions to gain 
evidence-based insights into academic performance 
and student success trajectories to inform 
curriculum enhancement and retention management 
[1]–[3]. Retaining students not only advances 
educational goals but also sustains institutional 
reputation and financial stability. Nevertheless, 
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dropout rates remain a persistent challenge across 
many contexts. Understanding drivers of retention 
and designing strategies that both predict risk and 
enable timely support is therefore critical.  

EDM is defined as the application of data 
mining and learning analytics techniques to 
educational data to uncover patterns that can inform 
decision-making and improve outcomes [4]–[7]. 
Prior work has modeled academic performance and 
developed retention prediction models; however, 
the practical translation of predictions into 
operational advising workflows remains limited. A 
student’s early withdrawal reduces tuition revenue 
and may signal unmet academic or psychosocial 
needs; predictive insights should thus be coupled 
with targeted advisory actions that support at-risk 
students, minimize losses, and improve completion. 

In northern Thailand—where students 
choose among multiple universities, including large 
regional institutions—competition for new entrants 
is high and retention is strategically consequential. 
For Phibunsongkhram Rajabhat University, 
understanding the factors that contribute to student 
retention can guide policy, resource allocation, and 
student services. High dropout rates can erode 
institutional reputation and perceived 
supportiveness, affecting attractiveness to 
prospective students, faculty, and funders. 
Cognitively enabled advising—that is, advisory 
processes enhanced by cognitive technology (e.g., 
pattern recognition, natural-language interaction, 
and decision support)—offers a promising path to 
proactive retention services when integrated with 
predictive analytics and sound data governance [8]. 

Previous studies emphasize data-driven 
decision-making in educational management [9], 
[10] and apply machine learning to dropout 
prediction in higher education and K-12 settings 
[11]. However, most studies predominantly report 
predictive accuracy while providing limited 
mechanisms to operationalize closed-loop advisory 
interventions. This leaves an actionable gap 
between risk detection and personalized, timely 
support (e.g., early warnings, tailored study 
recommendations, advisor–student follow-up) [12]. 
Accordingly, we position this study to contribute a 
retention approach that combines prediction with an 
implementable advisory workflow. 

Our conceptualization integrates academic 
integration, social integration, student–advisor 
bonding, and institutional engagement as 
antecedents of student retention, aligning with 
classical retention perspectives while incorporating 

cognitive technology as an enabling layer for insight 
generation, case triage, and decision support. In this 
framing, prediction is necessary but not sufficient; 
institutions require mechanisms that transform 
model outputs into interventions within routine 
advising practice. 

Existing retention research in our context 
provides accurate predictions but lacks a closed-
loop advisory process that converts predictions into 
individualized, timely interventions within routine 
institutional workflows. This problem constrains 
the practical impact of EDM on day-to-day advising 
and campus-wide retention outcomes. 

This study aims to develop and evaluate 
the intelligent advisory system with cognitive 
technology (referred to as the IAS-CT system) for 
undergraduate retention by linking predictive 
analytics to implementable advisory workflows, 
with four research objectives as follows: 1) To 
analyze the factors that predict the student retention 
of undergraduates; 2) To benchmark and develop 
the predictive models for student retention—
integrated into the intelligent advisory system with 
cognitive technology; 3) To design and develop the 
IAS-CT system that operationalizes early-warning 
alerts, personalized study recommendations, and 
advisor-student communication; and 4) To evaluate 
the developed system’s suitability through expert 
review. 

The contribution of this study is twofold. 
Theoretically, it frames student retention as a 
closed-loop prediction-to-intervention model that 
layers cognitive technology onto established 
constructs (academic/social integration, student-
advisor bonding, and institutional engagement). 
Practically, it presents an implementable IAS-CT 
system that operationalizes early-warning alerts, 
personalized study recommendations, and advisor-
student communication within routine institutional 
workflows. 

2.    RESEARCH HYPOTHESIS 
 

2.1 Under a pre-specified evaluation protocol 
(stratified train–test split on the training set), the 
IAS-CT system attains test-set accuracy ≥ 85%, 
with corroborating precision, recall, and F1-score. 
2.2 An expert panel rates the system’s overall 
suitability at a high level, defined as a mean Likert 
score ≥ 3.50/5.00. 
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3. THEORETICAL BACKGROUND 
 
3.1 Intelligent Advisory System  

The advisory system refers to a group of 
teachers officially appointed by a higher education 
institution to provide advice so that students can 
succeed in their studies [13]–[15]. In this study, the 
IAS-CT system is defined as an advising 
mechanism that not only identifies students at risk 
but also links risk detection to actionable support 
through early warnings, personalized study 
recommendations, and advisor–student 
communication. The consultation process with 
students aims to reduce the exit rate and is 
commonly described in stages—separation, 
transition, and incorporation—consistent with the 
student transition perspective [16]. Changes occur 
naturally with age and due to environmental factors 
[17]. Environmental impacts on student 
development include (1) clarity of institutional 
purpose, policies, practices, and activities; (2) 
institutional size; and (3) curriculum and teaching 
evaluations (e.g., course flexibility, evaluable 
programs, and modes of instruction). Other 
influential conditions include (4) residential 
arrangements that foster close relationships 
between students and institutional personnel; (5) 
faculty attention to student care and management; 
and (6) peer groups that effectively support 
academic life [18], [19]. Accordingly, prediction is 
necessary but not sufficient; the system must 
translate predictive outputs into timely, routine 
advising interventions intended to lower dropout 
and support student retention. 
 
3.2 Data Mining  
 Data mining is the process of discovering 
patterns, correlations, and trends from large datasets 
using statistical, mathematical, and machine-
learning techniques. It involves extracting valuable 
information to support decision-making and 
prediction. Key aspects include data cleaning 
(removing noise and inconsistencies), data 
integration (combining sources into a unified 
dataset), data selection (choosing relevant 
variables/records), data transformation (e.g., 
normalization or aggregation), pattern evaluation 
(identifying genuinely informative patterns), and 
knowledge representation (visualization and 
presentation for end-users). Common techniques 
include classification (assigning items to predefined 
classes), regression (predicting continuous values), 
clustering (grouping similar instances), association-
rule learning (discovering relationships among 
variables), and anomaly detection (identifying 

outliers) [20]. In this study, educational data mining 
is applied to institutional undergraduate records to 
identify factors associated with retention and to 
train classification models whose outputs are 
integrated into the intelligent advisory system with 
cognitive technology. 
3.3 Machine Learning (ML) 

Machine learning is a subset of artificial 
intelligence (AI) that develops algorithms and 
statistical models that learn patterns from data and 
make predictions without explicit rule-based 
instructions [21]–[23]. Core paradigms include 
supervised learning (classification, regression), 
unsupervised learning (clustering, association), 
semi-supervised learning, reinforcement learning 
[24], and deep learning. Common techniques and 
algorithms include Logistic Regression (binary 
classification), Decision Trees, Random Forest, K-
Nearest Neighbors (KNN), Support Vector 
Machines (SVM), and Neural Networks [25]–[27]. 
In supervised settings, models are trained on 
labelled examples to learn mappings from inputs to 
outputs; performance is then assessed on unseen 
data using standard metrics (e.g., accuracy, 
precision, recall, F1) and confusion matrices. 

In this study, we focus on supervised 
classification for retention prediction and 
benchmark five classifiers consistent with our 
objectives—Decision Trees, Logistic Regression, 
Random Forest, K-Nearest Neighbors, and Naive 
Bayes—on institutional undergraduate records 
(Academic Years 2019–2022; n = 2,973; 25 
features). Preprocessing (e.g., imputation, 
encoding, normalization) is applied within the 
modelling pipeline, and evaluation follows a 
stratified train–test split with cross-validation on the 
training set to ensure fair comparison and guard 
against data leakage. Outputs from the best-
performing model are then integrated into the IAS-
CT system to support early warnings, personalised 
study recommendations, and advisor–student 
communication. 
 
3.4 Student Retention  

Student retention refers to an institution’s 
ability to keep enrolled students engaged and 
progressing to degree completion, preventing 
premature withdrawal from courses or programmes. 
It encompasses academic success, student 
satisfaction, institutional support, financial 
resources, and personal circumstances [20], [28]. In 
simpler terms, retention indicates how effectively a 
university sustains students’ enrolment and active 
participation until educational objectives are 
achieved [29], [30]. In this study, retention is 
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operationalized as a binary outcome (retained vs. 
not retained) to enable supervised prediction on 
institutional records and to inform targeted advisory 
actions within the intelligent advisory system with 
cognitive technology. 
 
3.5  Cognitive Computing 

Cognitive computing is an advanced 
technology that aims to simulate human thought 
processes in computerized systems, leveraging 
artificial intelligence (AI), machine learning, 
natural language processing, and data mining to 
create systems that can interact, learn, and support 
decisions [31]–[34]. Such systems are designed to 
handle complex, unstructured data and can 
understand context, reason over evidence, and 
respond in a human-like manner. They exhibit 
adaptability (learning from new data and experience 
over time), interactivity (natural-language 
engagement with users), context-awareness 
(considering time, location, preferences, and history 
to personalize outputs), and statefulness 
(remembering prior interactions to inform 
subsequent decisions). Cognitive computing has 
been applied across sectors such as healthcare, 
finance, and customer service—for example, to 
analyze large medical datasets or to support risk 
management [35], [36]. Overall, it enhances 
efficiency, decision-making, and user experience in 
tasks that typically require human intelligence [11], 
[37]. In this study, cognitive technology serves as 
the enabling layer of the intelligent advisory 
system: it provides pattern recognition from 
institutional records, natural-language interaction 
for advisor–student workflows, and decision 
support that translates predictive outputs into 
timely, personalized advising actions within 
institutional processes. 

 

4. METHODOLOGY 

This study adopts a design and 
development research (DDR) approach and 
proceeds through four interlinked phases: (1) Factor 
Analysis, (2) Model Benchmarking, (3) System 
Development, and (4) System Evaluation. DDR 
emphasizes iterative refinement of an 
implementable artifact—here, an intelligent 
advisory system with cognitive technology—
grounded in empirical evidence and embedded 
within routine institutional workflows.  
 
4.1 Phase 1: Factor Analysis 

De-identified undergraduate records from 
Pibulsongkram Rajabhat University (PSRU), 
Phitsanulok, Thailand (n = 2,973; Academic Years 

2019–2022) comprising 2 5  academic and socio-
demographic features were assembled with a binary 
target (retained vs. not retained). A reproducible 
preprocessing pipeline—imputation, categorical 
encoding, and normalization—was employed; all 
transformations were fit on training data only and 
applied to validation/test partitions to prevent data 
leakage. Pearson’s correlation (r) was computed for 
all 2 5  features against the student retention 
outcome; for brevity, we report the five strongest 
associations—GPA, absence from school, father’s 
income, year of study, and field of study—which 
were used to prioritize variables for subsequent 
modeling. 
 
4.2 Phase 2: Model Benchmarking 

Findings from Phase 1 informed feature 
handling in Phase 2. Supervised classifiers—
Decision Trees, Logistic Regression, Random 
Forest, K-Nearest Neighbors, and Naive Bayes—
were developed and compared under a stratified 
80/20 train–test split. The same preprocessing 
pipeline was applied across models to ensure parity 
and guard against leakage; hyperparameters were 
tuned on the training partition using internal 
validation. Performance on the held-out test set was 
reported using accuracy, precision, recall, F1-score, 
and confusion matrices. The best-performing model 
identified by this protocol was selected for system 
integration. 
 
4.3 Phase 3: System Development 

The IAS-CT system was developed as a 
digital intervention and embedded into routine 
advising practice through the following sequence:  

1 )  co-design and requirements gathering 
with advisors and students to map advising journeys 
(risk awareness, study planning, follow-up), define 
roles/permissions, privacy needs, and 
communication tone;  

2 )  data mapping and model handoff, 
aligning institutional sources (student information, 
grades/attendance, activity and advising records) to 
application services and specifying the model 
service contract (inputs/outputs and rationale fields) 
for the best model from Phase 2;  

3 )  architecture and interaction design, 
specifying a modular application with institutional 
data connections and a RESTful model endpoint, 
and outlining the primary LINE Official Account 
(LINE OA) interaction alongside a secondary web-
portal flow;  

4 )  interface implementation, developing 
the LINE OA Rich Menu with five entries—(1 ) 
Evaluate Retention, (2 )  Academic Development, 
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(3 )  Social Development, (4 )  Contact Advisor, (5 ) 
Activities to Enhance—each bound to its service 
and relevant databases to enable immediate 
retrieval, logging, and context-aware 
recommendations;  

5 )  personalization and advising content, 
composing rule-based advising notifications and 
micro-recommendations (e.g., study tips, 
attendance nudges) that translate model outputs into 
supportive actions and advisor prompts;  

6 )  identity and access configuration via 
Single Sign-On (SSO) using institutional 
credentials and LINE Login, with Facebook and 
Google enabled only as additional SSO identity 
providers (not as communication channels); and  

7 )  privacy-by-design controls, including 
de-identification at rest, consent/opt-out 
management, role-based access, interaction 
logging, and message-rate limiting to protect 
privacy and avoid notification fatigue. Standards-
based, vendor-neutral technologies (HTTPS/TLS, 
OAuth 2.0/OpenID Connect, and REST APIs) were 
used to ensure portability and reproducibility while 
keeping advisor workload lightweight and student 
access seamless on everyday channels. 
 
4.4 Phase 4: System Evaluation 

Seven experts (n = 7 )  evaluate system 
suitability on a 5 - point Likert scale across unified 
dimensions (implementation quality, data 
management, user–system interaction, 
responsiveness, retention-risk forecasting 
performance, reporting and explainability, data 
security), with a priori thresholds (e.g., mean ≥ 
3 .5 0 /5 . 00  =  High). Open-ended comments were 
collected to capture qualitative feedback for 
refinement. 
 
5.    RESULTS  
 
5.1 Factor Analysis for Student Retention 
Prediction 
 To analyze the factors influencing student 
retention in higher education, this section presents 
the experimental setup and results obtained from 
various classification algorithms. The dataset, 
derived from the Pibulsongkram Rajabhat 
University Education Services Division, consisted 
of 2,973 undergraduate records collected between 
Academic Years 2019 and 2022, containing 25 
academic and socio-demographic attributes. The 
dataset was split into training and testing sets using 
an 80:20 stratified partition, ensuring balanced 
representation of both retained and non-retained 
students. All features were preprocessed through 

normalization and categorical encoding to ensure 
data consistency and prevent bias. 

Figure 1 illustrates the workflow of the 
student retention prediction process, which is 
embedded in the intelligent advisory system with 
cognitive technology. This framework is designed 
to assist higher education institutions in monitoring 
and supporting student retention. It applies artificial 
intelligence–based analytics to identify students at 
risk of attrition and provides timely, data-driven 
advisory interventions. The system’s predictive 
insights are subsequently used to design and deliver 
personalized recommendations and early-warning 
alerts for at-risk students. 

 

 
 

Figure 1: The Workflow of the Student Retention 
Prediction Process 

 

 
Figure 2: Correlation Analysis of Key Factors Related 

to Student Retention 
 

Figure 2 presents the correlation analysis 
among the dataset’s key factors, indicating the 
degree to which each variable is linearly associated 
with student retention. The correlation coefficient 
(r) ranges from –1 to +1, where a positive value (+1) 
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represents a perfect direct relationship and a 
negative value (–1) represents a perfect inverse 
relationship. A value near 0 indicates a weak or 
negligible association. This analysis helps identify 
features that exhibit the strongest relationships with 
student retention and are therefore prioritized in 
model training. 
Table 1: Correlation Coefficients of the Top Five 
Predictive Factors 

Order Algorithm Weights Correlation 
1 Grade Point 

Average (GPA) 
0.550 

2 Absence from 
school 

0.480 

3 Father’s income 0.450 
4 Year of study 0.380 
5 Field of study 0.200 

 
Table 1 shows that the most influential 

predictors of student retention are, in descending 
order, GPA, absenteeism, father’s income, year of 
study, and field of study. These findings confirm 
that academic performance and attendance behavior 
are the most significant indicators of student 
retention, while socioeconomic and program-
related factors exert moderate influence. 
 
5.2  Development and Evaluation of Predictive 
Models 
 To develop the predictive model for the 
intelligent advisory system with cognitive 
technology, five supervised machine learning 
algorithms—Decision Trees, Logistic Regression, 
Random Forest, K-Nearest Neighbors (KNN), and 
Naive Bayes—were trained and evaluated. The 
evaluation metrics included Accuracy, Precision, 
Recall, and F1-Score, all of which were computed 
from the confusion matrix, as illustrated in Table 2. 
 
Table 2: Confusion Matrix Structure and Evaluation 
Metrics 

 
 

In predictive analytics, the confusion 
matrix provides a detailed breakdown of 
classification outcomes, including True Positives 
(TP), False Positives (FP), True Negatives (TN), 

and False Negatives (FN). This enables deeper 
analysis beyond overall accuracy by revealing both 
correct and incorrect classifications across 
categories. The following equations were used to 
compute performance metrics: 
 
Accuracy  =      (1) 
 
 
Precision  =        (2) 
   
 
Recall  =          (3) 
 
 
F1 Score  =      (4) 
  
Accuracy represents the overall proportion of 
correctly predicted cases; Precision indicates how 
many of the predicted positive instances were truly 
positive; Recall (also known as Sensitivity or True 
Positive Rate) measures how many actual positives 
were correctly identified; and F1 Score provides a 
harmonic mean between Precision and Recall, 
balancing both measures. 
 
Table 3: Comparative Performance of Machine Learning 
Algorithms 
 

 
Table 3 shows that the Decision Tree 

algorithm achieved the highest predictive 
performance, with an accuracy of 98.90%, followed 
by Logistic Regression (97.40%), Random Forest 
(86.10%), K-Nearest Neighbors (85.90%), and 
Naive Bayes (85.80%). This indicates that Decision 
Trees outperformed all other models in correctly 
classifying student retention outcomes. 

The Decision Tree model was therefore 
selected as the core predictive component of the 
intelligent advisory system with cognitive 
technology. Its interpretability, ability to handle 
mixed data types, and robustness to missing values 
made it ideal for educational data mining contexts. 

Model performance was further validated 
through cross-validation on the training set to 
ensure generalizability and to prevent overfitting. 

 

Order 
 

Algorithm Accuracy  
(%) 

Precision  
(%) 

Recall  
(%) 

F1 Score 
 (%) 

1 Decision 
Trees 

98.90 99.50 94.00 96.90 

2 Logistic 
Regression 

97.40 91.50 93.50  92.50 

3 Random 
Forest 

86.10 89.10  77.50  85.70  

4 K-Nearest 
Neighbor 

85.90  89.10  77.10  85.60 

5 Naive 
Bayes 

85.80  89.10  77.70  85.60  

𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝐹𝑃 + 𝐹𝑁 + 𝑇𝑁
 

𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 

𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 

2 ∗ 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ∗ 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
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The consistent results across folds confirmed that 
the model’s predictive power was stable and 
reliable. 

Consequently, the Decision Tree classifier 
was integrated into the advisory workflow to enable 
real-time early-warning alerts, personalized study 
recommendations, and automated advisor–student 
interactions. These outputs were used to support 
institutional decision-making and to guide targeted 
interventions for at-risk students. 
5.3 The IAS-CT System 

This section describes the architectural 
design of an intelligent advisory system that uses 
cognitive technology to support student retention in 
higher education. The architecture integrates 
machine learning–based prediction, cognitive 
interaction, and personalized advisory services 
within a unified workflow that facilitates early 
intervention for at-risk students. 
 

 
 

Figure 3: The System Architecture of the Intelligent 
Advisory System with Cognitive Technology 

 
 Figure 3 illustrates the architecture of the 
IAS-CT system for student retention can be 
explained as follows.  

This section provides a detailed 
description of the architectural design and 
operational workflow of the developed IAS-CT 
system, as illustrated in Figure 3. The architecture 
is strategically centered around a Chatbot Software 
engine, which serves as the core processor that 
intelligently mediates all interactions between the 
user and the system's diverse functionalities. 

The user's journey begins within the LINE 
Official Account (LINE OA), which functions as 
the primary, highly accessible user interface. Rather 
than a simple command-line chat, the user 
experience is guided by a graphical Rich Menu 
permanently displayed at the bottom of the chat 
screen. This menu presents the five core 
functionalities as distinct, tappable buttons: (1) 
Evaluate Retention, (2) Academic Development, 
(3) Social Development, (4) Contact Advisor, and 

(5) Activities to Enhance. When a user taps one of 
these buttons, a pre-defined command is 
transmitted to the Chatbot Software, initiating a 
systematic four-step internal process: 

1)  Command Reception and Inspection: 
The process starts as the system receives the user's 
command (Enter Information). It immediately 
proceeds to the Inspection phase, a critical step for 
validation and security. This involves two key 
actions: first, it validates the incoming command to 
understand the user's intent. Second, it authenticates 
the user’s identity by leveraging a Single Sign-On 
(SSO) protocol that interfaces with external Web 
services like Google and Facebook, ensuring that 
only authorized users access the system; 

 2)  Predictive Estimation: Once the user 
and their request are validated, the system moves to 
the Estimate phase. This is the analytical core of the 
system, where the high-performance Decision Tree 
model is invoked. Based on the specific function 
requested by the user, the model analyzes relevant 
data to calculate a predictive outcome. For instance, 
if "Evaluate Retention" is selected, the model 
computes the student's real-time retention risk 
score; 

3) Data Processing and Response 
Formulation: The raw output from the estimation 
phase (e.g., a risk score) is then passed to the 
Processing module. This component does more 
than just relay the prediction; it enriches it by 
fetching relevant contextual information from the 
institutional Database. For example, it might 
combine a high-risk score with the student's recent 
course performance data to formulate a more 
comprehensive insight;   

 4) Answer Generation and Delivery: 
Finally, the system generates a user-friendly 
Answer. This is not merely data but a constructed 
response, which could be a clear summary of their 
risk status, a set of personalized recommendations, 
resource links, or a direct prompt to connect with an 
advisor. This complete, actionable response is then 
delivered back to the user through the LINE OA 
interface, effectively closing the interaction loop. 
This entire workflow demonstrates how the IAS-CT 
system seamlessly translates a simple tap on a Rich 
Menu into a data-driven, personalized, and 
actionable intervention, directly bridging the gap 
between predictive analytics and practical student 
support. 
 
5.4 The Developed System’s Suitability 

The IAS-CT system was evaluated by a 
panel of seven experts in educational technology 
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and higher education management. The evaluation 
covered implementation quality, data management, 
user–system interaction, response speed, 
forecasting performance, reporting capability, and 
data security. 

The overall suitability score was high (M 
= 4.48, SD = 0.67). Experts rated data management 
and reporting capability at a very high level (M = 
4.80), indicating that the system efficiently handled 
institutional data and presented clear, actionable 
information. Implementation quality (M = 4.70) 
was also rated very high, confirming the system’s 
readiness for integration into institutional 
workflows. 

Experts further observed that the LINE 
Official Account interface enhanced 
communication and accessibility, allowing real-
time alerts and personalized recommendations 
between advisors and students. Qualitative 
feedback suggested minor improvements, such as 
refining dashboard visualization and adding 
longitudinal tracking for ongoing monitoring. 
 
Table 4: The Suitability of the Intelligent Advisory System 
with Cognitive Technology 
 

Assessment Items M SD 
Suitability 

Level 
1. Implementation of the 
developed system. 4.70 0.62 Very High 

2. The developed system's 
data management 
capability. 

4.80 0.67 Very High 

3. User–system 
interaction of the 
developed system. 

4.43 0.62 High 

4. The response speed of 
the developed system. 

4.40 0.61 High 

5. The retention-risk 
forecasting performance 
of the developed system. 

4.10 0.73 High 

6. The reporting 
capability of the 
developed system. 

4.80 0.67 Very High 

7. The developed system's 
data security. 

3.80 0.72 High 

8. Accuracy and 
consistency of results 
reporting by the 
developed system. 

4.80 0.71 Very High 

Overall 4.48 0.67 High 
 
6.    DISCUSSION  

This study aimed to develop and evaluate 
the IAS-CT system that improves student retention 
in higher education through predictive analytics and 
real-time advisory support. The system combines 
data-driven modeling with cognitive interaction, 

creating a closed feedback loop between prediction 
and intervention. This integration enables early 
identification of at-risk students and the delivery of 
timely, personalized guidance within institutional 
workflows. 

The model benchmarking phase 
demonstrated that among five algorithms—
Decision Trees, Logistic Regression, Random 
Forest, K-Nearest Neighbors, and Naive Bayes—
the Decision Tree achieved the highest accuracy 
(98.90%). Its interpretability and efficiency make it 
particularly suitable for educational contexts, where 
transparency and explainability are critical. This 
result aligns with Cardona et al. [38], who 
emphasized that interpretable models are essential 
for administrative decision-making and advisor 
trust in data-driven systems. 

The correlation analysis identified GPA, 
absenteeism, father’s income, year of study, and 
field of study as the most influential predictors of 
student retention. These findings support Tinto’s 
Student Integration Theory [29], which highlights 
academic and social engagement as the primary 
factors influencing student retention. The 
dominance of academic performance variables 
suggests that learning motivation, attendance, and 
academic discipline remain fundamental indicators 
of student retention, even in technologically 
mediated environments. 

The system architecture operationalized 
these insights by incorporating five functional 
components—retention assessment, academic and 
cognitive development, social development, 
advisor communication, and extracurricular 
engagement. The integration of the LINE Official 
Account interface provided an accessible, 
interactive environment for students and advisors, 
enabling seamless real-time communication. This 
feature reflects a paradigm shift from reactive 
advising toward proactive, continuous, and data-
informed educational support. Expert evaluation 
yielded an overall high suitability rating (M = 4.48, 
SD = 0.67), particularly in the dimensions of data 
management and reporting capabilities. These 
results validate the system’s technical stability and 
pedagogical alignment. The evaluation also 
affirmed that the cognitive design enhanced 
usability, allowing advisors to engage efficiently 
with predictive insights and manage student risk 
dynamically. 

A comparative analysis between prior 
research and the proposed intelligent advisory 
system highlights significant advancements in both 
predictive accuracy and advisory functionalities. 
Traditional retention studies have largely focused 
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on statistical or standalone machine learning 
models that predict dropout risk without embedding 
real-time, adaptive advisory mechanisms [11]. In 
contrast, the proposed system integrates cognitive 
technology to personalize recommendations, 
automate academic alerts, and foster adaptive 
intervention. This marks a shift from static analytics 
to interactive educational intelligence, providing 
immediate, context-aware responses that strengthen 
advisor–student engagement. 

The improvement in advisory 
functionality demonstrates how cognitive 
computing bridges human and machine decision-
making. Unlike earlier EDM-based systems that 
treated predictions as final outputs, the proposed 
system positions them as triggers for intelligent 
intervention, thereby enhancing institutional 
responsiveness. The system’s adaptive behavior—
learning from student interactions and advisor 
feedback—illustrates the evolution of predictive 
analytics into a self-improving advisory ecosystem. 

When compared with the current state-of-
the-art, the IAS-CT system offers a distinct 
contribution. Contemporary retention solutions 
often follow one of two paths: (1) predictive 
dashboards that present risk scores to administrators 
but lack automated intervention mechanisms, or (2) 
complex, "black-box" AI models like deep neural 
networks that may achieve high accuracy but lack 
the interpretability needed for stakeholder trust and 
adoption. In contrast, the IAS-CT system uniquely 
synthesizes three critical elements: first, 
interpretable accuracy through the use of a 
Decision Tree model; second, actionable 
intervention by translating predictions into concrete 
recommendations delivered through a familiar 
channel; and third, an accessible interface (LINE 
OA) that reduces adoption barriers and seamlessly 
integrates into the daily lives of students and 
advisors. This integrated approach distinguishes our 
work from systems that focus solely on prediction 
or employ less transparent methodologies. 

The improvement in advisory 
functionality demonstrates how cognitive 
computing bridges human and machine decision-
making. Unlike earlier EDM-based systems that 
treated predictions as final outputs, the proposed 
system positions them as triggers for intelligent 
intervention, thereby enhancing institutional 
responsiveness. The system’s adaptive behavior—
learning from student interactions and advisor 
feedback—illustrates the evolution of predictive 
analytics into a self-improving advisory ecosystem. 
From a pedagogical standpoint, the system 
advances the practice of data-informed academic 

counseling. From a technological perspective, this 
study underscores the transformative potential of 
combining AI, machine learning, and cognitive 
computing in higher education management. Its 
human-centered design ensures that predictive 
analytics augment rather than replace human 
expertise. 

Thus, the developed system moves beyond 
traditional prediction models by closing the loop 
between analysis, advice, and action. It represents a 
new generation of intelligent systems that embody 
both cognitive and adaptive capabilities. The 
research contributes theoretically by extending 
retention models with cognitive layers and 
practically by providing a scalable, explainable, and 
human-interactive framework that strengthens 
student success and institutional resilience. 

 
7.    LIMITATIONS OF THE STUDY 

While this study successfully achieved its 
objectives, several limitations should be 
acknowledged to contextualize the findings and 
guide future research. 

First, the study’s scope is confined to a 
single institution (Pibulsongkram Rajabhat 
University). The predictive factors and model 
performance may be specific to this demographic 
and academic context. Consequently, the 
generalizability of the model to other institutions 
with different student populations or educational 
structures may be limited without recalibration and 
further validation. 

Second, although the Decision Tree model 
achieved a high accuracy of 98.90%, there remains 
a potential risk of overfitting, despite the use of a 
stratified train-test split methodology. The model’s 
robustness and true predictive power on entirely 
new cohorts of students from subsequent academic 
years have yet to be longitudinally confirmed. 

Third, the system’s evaluation was 
conducted by a panel of experts. While their 
feedback provides a strong validation of the 
system's technical design and suitability, this study 
did not include a user-based evaluation involving 
students and academic advisors. Future research 
should incorporate usability testing and impact 
analysis from the perspective of end-users to assess 
real-world effectiveness and satisfaction. 

Finally, the model identifies strong 
correlations between variables and student retention 
but does not establish causality. For instance, while 
GPA is a powerful predictor, it is an indicator, not 
necessarily the root cause, of a student’s decision to 
withdraw. The system is therefore best utilized as a 
decision-support tool that empowers human 
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advisors, who must still apply their professional 
judgment to understand the underlying reasons for 
a student’s risk profile. 
 
8.    CONCLUSION 

This study developed and evaluated the 
IAS-CT system to enhance student retention in 
higher education. The system integrates predictive 
analytics and cognitive interaction into a single 
process that transforms student data into 
meaningful, personalized interventions. Through its 
adaptive design, the system enables educational 
institutions to identify students at risk and provide 
timely academic and social support within existing 
advisory practices. 

The developed system demonstrated high 
predictive accuracy and usability. The Decision 
Tree model provided effective classification 
performance, while the overall system achieved 
strong expert evaluations in implementation 
quality, data management, and reporting capability. 
The inclusion of a conversational interface through 
the LINE Official Account created a familiar and 
accessible environment for students, promoting 
interaction and continuous engagement with their 
advisors. 

Beyond its technical success, the system 
contributes to a more holistic understanding of 
student retention. It shows how data-driven 
prediction, when combined with cognitive 
technologies, can extend traditional advising 
toward more proactive, personalized, and 
responsive academic support. This outcome reflects 
the evolving role of artificial intelligence in 
education as a bridge between institutional analytics 
and individual learning needs. 

In practical application, universities can 
employ the system to monitor student progress, 
provide adaptive recommendations, and reduce 
dropout rates through early intervention. The design 
is flexible and can be adapted for different academic 
programs and institutional contexts. Its capacity for 
real-time feedback also supports evidence-based 
policy decisions and continuous improvement in 
student services. 

For future development, further research 
could extend the system architecture to include 
longitudinal data tracking, counselor dashboards, 
and integration with existing learning management 
systems. Expanding the dataset and testing across 
multiple institutions would strengthen scalability 
and ensure broader applicability. Additional 
exploration of user experience and ethical 
considerations would also support the responsible 
deployment of AI-driven educational systems. 

In conclusion, the IAS-CT system 
demonstrates that predictive analytics and cognitive 
computing can be effectively merged to create 
human-centered, intelligent educational support. It 
represents a practical step toward modern, data-
informed student retention strategies, helping 
institutions foster learning continuity and long-term 
academic success. 
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