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Abstract:  
 

In the contemporary educational landscape, the exponential growth of data from 

Learning Management Systems (LMS), student information systems, and assessment 

portals presents both a challenge and an opportunity. This review paper critically 

examines the integration of Educational Data Warehousing (EDW) with Educational 

Data Mining (EDM) to foster data-driven decision-making in higher education. We 

explore the architectural requirements for a scalable EDW, focusing on hybrid cloud 

infrastructures that ensure security and accessibility. Furthermore, the review analyzes 

the efficacy of advanced data mining techniques—specifically clustering, classification, 

and predictive modeling using algorithms like Decision Trees, Neural Networks, and 

Naïve Bayes—in identifying at-risk students and optimizing curriculum effectiveness. 

By synthesizing findings from recent high-impact literature (2021–2025), we identify a 

critical gap in the real-time processing capabilities of current systems and propose a 

unified framework that couples robust warehousing with intelligent AI-driven 

dashboards. This research contributes to the strategic alignment of institutional goals 

with student outcomes, offering a roadmap for administrators to implement precision 

education. 

 

1. Introduction 
 

The paradigm of higher education is undergoing a 

seismic shift, driven by the digitization of academic 

processes and the consequent explosion of 

educational data [1]. Educational institutions today 

function as data-rich environments, continuously 

generating vast datasets comprising student 

demographics, academic records, interaction logs 

from Learning Management Systems (LMS), and 

financial data [2]. However, this data often resides 

in siloed, heterogeneous repositories, rendering it 

inaccessible for holistic analysis. The primary 

challenge facing administrators and educators is not 

the scarcity of data, but the inability to effectively 

organize, integrate, and mine this data to derive 

actionable insights [3].Data-Informed Decision-

Making (DIDM) has emerged as a crucial strategy 

to enhance institutional efficiency and student 

success. To realize DIDM, institutions require a 

robust Educational Data Warehouse (EDW)—a 

centralized repository that consolidates data from 

disparate sources through Extract, Transform, and 

Load (ETL) processes [4]. Unlike traditional 

operational databases optimized for transaction 

processing, an EDW is designed for query and 

analysis, providing a "single source of truth" that 

supports historical reporting and longitudinal 

tracking of learner behavior [5]. 

However, a data warehouse alone is insufficient. To 

move from descriptive analytics (what happened) to 

predictive analytics (what will happen), 

Educational Data Mining (EDM) techniques must 

be applied atop the warehouse infrastructure [6]. 

http://dergipark.org.tr/en/pub/ijcesen
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Recent advancements in Artificial Intelligence (AI) 

and Machine Learning (ML) have enabled the 

development of predictive models that can identify 

students at risk of dropping out, personalize 

learning paths, and forecast enrollment trends with 

high accuracy [7]. 

This review paper aims to bridge the gap between 

data infrastructure and advanced analytics. We 

examine the structural components of modern 

EDWs, including Hybrid Cloud Architectures 

that balance the scalability of public clouds with the 

security of on-premise data centers [8]. 

Simultaneously, we analyze the application of 

specific mining algorithms—such as Decision 

Trees (C4.5), Neural Networks, and Naïve 

Bayes—in predicting student performance [9]. By 

integrating these domains, this review proposes a 

comprehensive framework for a next-generation 

decision support system in academia. 

 

2: Related work and literature survey 

 

The integration of Data Warehousing and Data 

Mining in education has evolved significantly. 

Early research focused primarily on the storage of 

historical records. However, recent studies (2021-

2025) emphasize the "intelligence" aspect, where 

the warehouse serves as the foundation for real-

time analytics. 

Ismaili and Besimi (2024) proposed a data 

warehousing framework specifically for identifying 

at-risk students. Their work demonstrated that 

integrating demographics, grades, and attendance 

into a Star Schema architecture significantly 

improved the accuracy of predictive models [4]. 

Similarly, Saraswat and Raj (2022) highlighted 

the importance of Business Intelligence (BI) in 

education, comparing Inmon and Kimball 

approaches to DW design and advocating for a 

bottom-up data mart strategy for specific academic 

departments [2]. 

On the infrastructure side, Almotiry et al. (2021) 

addressed the security and scalability concerns of 

EDWs by proposing a Hybrid Cloud Architecture. 

Their research suggests that while sensitive student 

data should remain on-premise, heavy 

computational tasks (like training ML models) can 

be offloaded to the cloud [8]. 

In the realm of EDM, Triayudi et al. (2024) 

introduced a new framework for predicting learning 

performance. Their comparative analysis of 

algorithms revealed that while Naïve Bayes and 

Neural Networks offer high accuracy, Decision 

Trees provide better interpretability for academic 

advisors [9]. Furthermore, El Mahmoudi et al. 

(2025) utilized machine learning to identify dropout 

factors, finding that socio-economic variables and 

early academic performance are critical predictors 

[10]. 

The following figure 1 shows the proposed star 

schema for Educational Data Warehousing  

 

3: Methods incorporated 

 

The reviewed literature converges on a three-tiered 

methodological approach for developing a 

comprehensive decision support system: Data 

Warehousing Architecture, ETL Processes, and 

Advanced Data Mining. 

1. Educational Data Warehouse (EDW) 

Architecture: 
The foundation of the proposed system is the Star 

Schema, as recommended by Ismaili and Besimi 

[4]. This design features a central Fact Table (e.g., 

Fact_StudentPerformance) containing measurable 

metrics like GPA, attendance percentage, and 

assessment scores. Surrounding this are Dimension 

Tables (e.g., Dim_Student, Dim_Course, 

Dim_Time) that provide context. This structure 

optimizes query performance for aggregation and 

reporting. 

To ensure scalability and security, the Hybrid 

Cloud Architecture proposed by Almotiry et al. 

[8] is adopted. In this model, sensitive PII 

(Personally Identifiable Information) resides in a 

private on-premise cloud, while anonymized 

datasets are synchronized to a public cloud (e.g., 

AWS VPC) for intensive processing. This utilizes 

services like Amazon RDS for structured data and 

Amazon S3 for unstructured data lakes. The 

following figure 2 depicts the secure : Secure 

Hybrid Cloud Framework connecting On-

Premise Data Centers with Public Cloud 

Services. 

2. ETL (Extract, Transform, Load) Pipeline: 
Data integration is achieved through rigorous ETL 

pipelines. As described by Saraswat and Raj [2], 

data is extracted from heterogeneous sources (SQL 

databases, CSV files, API endpoints). The 

Transformation phase is critical; it involves data 

cleaning (handling missing values), normalization, 

and anonymization to comply with privacy 

regulations. Tools like KNIME or Apache Spark 

are employed to automate these workflows, 

ensuring that the warehouse is populated with high-

quality, consistent data [4]. The following figure 3 

shows the ETL pipeline and Data Mining 

Workflow for student Performance Prediction. 

3. Educational Data Mining (EDM) Techniques: 
Once data is warehoused, advanced mining 

algorithms are applied: 

 Classification: Algorithms such as C4.5 

Decision Trees and Naïve Bayes are used 

to classify students into performance 
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categories (e.g., High Achiever, At-Risk, 

Dropout) [9]. Decision trees are 

particularly valued for generating human-

readable rules (e.g., "IF Attendance < 70% 

AND Midterm < 50 THEN Risk = High"). 

 Clustering: Unsupervised learning 

techniques like K-Means or Hierarchical 

Clustering are used to group students 

based on behavioral patterns (e.g., "Passive 

Learner" vs. "Active Contributor") derived 

from LMS interaction logs [9]. 

 Prediction: Neural Networks are employed 

for non-linear predictive modeling, 

estimating future outcomes based on 

historical trends [10]. 

 

4: Discussion  

 

Advantages & problems 

Advantages: The primary advantage of an 

integrated EDW-EDM system is the shift from 

reactive to proactive intervention. By identifying 

at-risk students early in the semester (e.g., by the 

3rd week), institutions can offer targeted 

counseling, significantly improving retention rates 

[4]. Furthermore, the Hybrid Cloud approach offers 

cost efficiency and scalability, allowing 

institutions to pay only for the compute resources 

they use during peak grading periods [8]. 

Problems: A significant problem is Data 

Heterogeneity. Educational data comes in various 

formats—structured grades, semi-structured logs, 

and unstructured text (feedback). Integrating these 

into a unified schema is complex and prone to 

errors. Additionally, Model Overfitting is a risk 

where predictive models perform well on historical 

data but fail to generalize to new student cohorts 

[9]. 

Challenges 

Data Privacy and Security: Storing student 

records involves strict legal and ethical obligations 

(e.g., GDPR). Ensuring that data mining does not 

violate student privacy, especially when using 

cloud resources, is a paramount challenge. The 

hybrid architecture mitigates this but requires 

complex network configuration (VPNs, VPCs) [8]. 

Latency: Traditional ETL processes are batch-

oriented (running nightly). However, modern 

"Real-Time" dashboards require streaming data. 

Reducing the latency between a student's action 

(e.g., missing a quiz) and the system's alert is a 

technical hurdle [4]. 

Limitations 

Current frameworks often rely on Quantifiable 

Metrics (grades, attendance) and overlook 

Qualitative Factors (student motivation, mental 

health, socio-economic stressors) which are harder 

to capture in a warehouse [10]. Furthermore, many 

models suffer from a "Cold Start" problem—they 

cannot accurately predict performance for first-year 

students who lack a historical academic footprint 

within the institution [6]. 

Research gap and future directions 

Research Gap: There is a distinct lack of 

frameworks that seamlessly integrate 

Unstructured Data (e.g., forum discussion text, 

assignment essays) into the structured EDW 

environment for mining. Most current systems are 

strictly relational. 

Future Directions: Future research must focus on 

Multimodal Learning Analytics, combining text 

mining (NLP) with traditional structured data. 

Additionally, the development of Explainable AI 

(XAI) is crucial; educators need to understand why 

a student is flagged as at-risk, not just that they are 

at risk, to provide appropriate support [9]. 

Recommendations 

Based on this review, the following research phases 

are recommended for the implementation of the 

proposed system: 

Phase 1: Construction of a Cloud-Based EDW 

Infrastructure. 
Focus on deploying a Hybrid Cloud Data 

Warehouse. Implement a Star Schema that 

integrates data from the Student Information 

System (SIS) and LMS. Establish a secure ETL 

pipeline that anonymizes data before moving it to 

the cloud layer for processing. 

Phase 2: Development of an Intelligent Analytics 

Dashboard. 
Develop and deploy Predictive Models (Decision 

Tree and Naïve Bayes) on the warehoused data. 

Integrate these models into a real-time dashboard 

for faculty, providing visualizations of student 

clusters and "Early Warning" alerts for at-risk 

students. 

 
Table 1: Literature Survey of Recent EDW and EDM Frameworks (2021–2025) 

Author & Year Methodology / 

Framework 

Key Contribution Limitations / Research Gap 

Ismaili & 

Besimi (2024) 

Star Schema DW + 

Predictive Analytics 

Developed a specific schema for 

"At-Risk" identification using 

attendance and GPA. 

Focused heavily on structured 

data; limited handling of 

unstructured LMS logs. 

Triayudi et al. 

(2024) 

EDM Framework 

(Decision Tree, NN, 

Compared algorithms for predicting 

student performance; introduced 

Did not address the underlying 

data warehousing infrastructure 
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Naïve Bayes) psychological clustering. or ETL latency. 

Almotiry et al. 

(2021) 

Hybrid Cloud 

Architecture (AWS) 

Proposed a secure hybrid cloud 

model for sharing resources among 

universities. 

Focused on infrastructure (IaaS) 

rather than the application layer 

of data mining. 

El Mahmoudi et 

al. (2025) 

ML Predictive Analytics Identified key dropout factors 

(socio-economic, academic) using 

ML. 

Dataset was limited to specific 

regions; lacked integration with 

a live EDW. 

Saraswat & Raj 

(2022) 

BI & Knowledge 

Management Framework 

Detailed the schema deliberations 

and ETL processes for Educational 

BI. 

Theoretical framework with 

limited empirical validation on 

large datasets. 

Kartik & 

Manhas (2024) 

Qualitative Analysis of 

DW & DM 

Analyzed practical applications of 

DW/DM in enhancing decision-

making. 

Lacked a proposed technical 

architecture or algorithm 

comparison. 

Nowakowski et 

al. (2021) 

Hierarchical Mining & 

Security 

Explored network security within 

data mining environments. 

Focus was on security channels 

rather than pedagogical 

outcomes. 

Owolabi & 

Obadaki (2024) 

Decision Tree 

Implementation 

Visualized decision-making 

processes for student success. 

Limited to a single algorithm; 

lacked hybrid model 

comparison. 

Gupta et al. 

(2022) 

Ensemble Learning 

Models 

Used ensemble models for early 

identification of at-risk students. 

High computational cost not 

addressed in the context of real-

time dashboards. 

Vasconcelos et 

al. (2023) 

Relational Models Advanced early warning systems 

using relational data models. 

Did not fully integrate with 

modern cloud-based data lakes. 

 

 
Figure 1: Proposed Star Schema Design for Educational Data Warehousing. 

 

 
Figure 2: Secure Hybrid Cloud Framework connecting On-Premise Data Centers with Public Cloud Services. 
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Figure 3: ETL Pipeline & Data Mining Workflow for Student Performance Prediction. 

 

 
Figure 4: Hierarchical Clustering of Student Behavioural Profiles. 

 

5. Conclusions 

 
The convergence of Data Warehousing and Data 

Mining represents the future of higher education 

governance. This review has established that a 

well-architected Educational Data Warehouse 

(EDW) acts as the backbone for advanced 

analytics, enabling institutions to harness their data 

assets for strategic advantage. The proposed 

integration of Hybrid Cloud infrastructure ensures 

that this system is both scalable and secure, 

addressing the critical needs of modern universities. 

By applying Advanced Mining Techniques, 

institutions can move beyond simple reporting to 

true Predictive Intelligence. The ability to 

categorize learning behaviors and forecast 

academic outcomes empowers educators to 

intervene precisely when needed, fostering a 

supportive learning environment. While challenges 

regarding data privacy and integration persist, the 

potential benefits—ranging from improved 

graduation rates to optimized resource allocation—

are transformative. Implementing the recommended 

phases will not only modernize institutional 

infrastructure but also fundamentally enhance the 

quality of education through data-driven insight. 
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