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1. Introduction: 

 

Educational Data Mining (EDM), and Learning Analytics have grown in popularity as alternative to standard frequentist, 

Bayesian methods (BM) to analyze educational data. DM, also known as ‘Knowledge Discovery in Databases’ (KDD), is the 

processes of examining enormous educational databases in order to identify novel and generalizable patterns and insights, 

rather than validating pre-existing views. With an ongoing expansion of data at universities due to advances in technology and 

decreasing IT expenses, the necessity for competent data assessment is essential. Using statistics, artificial intelligence (AI), 

neural networks (NN), machine learning(ML) and other techniques, data mining (DM) tools, approaches, and tactics can find 

hidden patterns and important information. It is an interdisciplinary science that focuses on making informed judgements by 

uncovering critical connections, patterns, and trends in massive datasets [1]. 

Data Mining has numerous uses in a variety of sectors. In finance, it analyses customer behavior data for greater client loyalty 

and reveals hidden linkages between financial indicators to detect fraudulent and non-fraudulent activity. It identifies links 

between diseases and their treatment outcomes in healthcare, which aids in the detection of healthcare insurance fraud. Mining 

data is utilized by law enforcement to identify illegal behaviors such as laundering funds and drug trafficking. Through 
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demographic research and behavior prediction, telecommunications enterprises use it to deliver personalized services, reduce 

customer, and increase profitability. Data mining in marketing and sales identifies trends in purchasing data, allowing market 

basket research and forecasting of future purchasing behaviors. Data mining is used in the banking industry for predicting 

client attrition and identify fraud and bankruptcy threats [2]. 

 

Although data mining may offer useful data, it additionally comes with several significant downsides, specifically with regard 

to user privacy and security. Information use and sharing procedures must be open and clear. Due to the processing of large 

datasets, selecting the most effective methods for analysis and competent IT skills for data preparation make data mining 

expensive to implement. Furthermore, since data mining (DM) is not perfect, errors could have adverse consequences and 

cost money. Figure 1 illustrates the users of educational data mining to examine the results of instructional methods. While 

students participate individually or in groups, lecturers plan and present lessons using a variety of techniques. Data mining 

offers helpful insights for educational development by classifying, spotting trends, and connecting concept with the data. [3] 

 

 

    

 
 

Figure 1: DM for identification of the SPL ‘Student’s Learning Pattern 

 

 

 

2. Related Work 

 

Previous evaluations on the topic have shown that academic research on data mining applications in education has achieved 

notable success. In these research, different methods of data mining have been used to support various educational tasks. 

These applications include anticipating student cognitive abilities in a classroom setting, locating at risk for students and 

slow learners, estimating courses &career choice, managing retention of student, predicting overall performance of student 

or learners. Predicting student success stands out among these element’s as one of the most important and beneficial parts of 

educational data mining (EDM). 

Estimating an unknown value, such as the students grades and marks, is required to be able to predicting a student’s 

performance [4]. The use of this predictive skill by teachers and educational institutions can be very advantageous. Targeted 

interventions and individualized support can be given learners who are at risk of falling behind or becoming underperforming 

in order to enhance their learning outcomes. Predicting student performance can also help with curriculum design, method 

of instruction modification, and resource allocation optimization. 

In the final analysis, the use of data mining in education facilitates evidence-based decision-making and provides educators 

with crucial insights into the development and needs of their learners. The field has a lot of promise for improving the total 

educational experience while promoting pupils to succeed as it progresses. 
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3. Educational Data Mining (EDM) 

 

The necessity to manage significant educational data collections that are too large for manual analysis gave rise to the 

burgeoning discipline of EDM. It is an example of an interdisciplinary research area that uses data mining technologies to 

look at data gathered through education and learning activities. To be able to gain a deeper understanding of educational 

dynamics, EDM employs techniques from machine learning, statistics, and data analysis. The aim is to glean useful insights, 

previously undisclosed data, patterns from big/large data repositories [5]. 

 

3.1 EDM (Educational Data Mining Process) 

 

There are four essential steps in the EDM process. First, problem definition entails defining research goals and themes along 

with converting a particular concern into an info mining issue. Second, most time-consuming stage, preparing data and 

gathering, focuses on making sure data quality by properly acquiring, cleaning, and formatting data. Thirdly, choosing the 

best parameters and using different methods of modelling are part of the modelling and evaluation step. Finally, during the 

deployment phase, data is arranged and shown in the form of graphs and reports. Because data mining is an iterative process, 

implementing one solution could prompt the use of new data sources and further data mining strategies [6]. 

 

 

3.2 Methods  

 
The most often utilized applications of educational data mining consist of classification, clustering, prediction, association, which 

makes use of a variety of tools, algorithms, and methodologies. Among the techniques applied to data mining, decision trees, neural 

networks, regression analysis, & cluster analysis represent a few of the more widely utilized. Data inside dataset are categorized into 

distinct classes or categories by classification, a crucial step in data mining. It helps with data analysis and result forecasting by 

enabling the accurate prediction of target classes for each data case. Classification is commonly used in the educational industry 

to categories pupils according to a variety of criteria, age, gender, grades, educational achievements, knowledge, behavior, 

demography, or geographic characteristics [7]. 

 

A. Clustering Techniques 

A technique for classifying a collection of abstract objects into groups of related components is to use clustering algorithms. 

These algorithms are useful for data analysis, pattern recognition, and image processing because they uncover patterns, 

similarities, or structures within data. Clustering makes it easier to find underlying structures or links in large datasets by 

gathering comparable data points together. Numerous industries use this method, including data analysis to identify client 

groups, machine learning to identify patterns, and image processing to classify pixels with comparable traits. Clustering is 

essential for gaining insightful understanding and streamlining the interpretation of intricate data patterns [7]. 

 
B. Decision Trees 

Decision tree for understanding and quickly locating the most promising aspects, decision tree procedures are more reliable. 

To ascertain the relativity of two or more variables, it can also be used. The most popular algorithms used in decision trees 

are CHIAD, ID-3, CART, C4.5 and random tree. 

 

 

C. Neural Networks 

The capability of neural networks to find intricate patterns and connections in data based on given training data or prior 

knowledge is one of their main advantages. Neural networks are able to automatically learn and recognize complex 

connections between variables and predictors, in contrast to standard algorithms. They are excellent at detecting non-linear 

relationships and can modify their internal models to incorporate different aspects of the data. Because of this capabilities, 

neural networks are very effective at handling a variety of problems, including as speech and picture recognition, natural 

language processing, and predictive modelling. They are effective instruments for resolving difficult and complex problems 

in a variety of sectors because of their ability for detecting intricate patterns [7]. 

 
D. Bayesian Classifier 

To calculate the parameters, it is an accurately straightforward process, minimal preparation of data is required. A Bayesian 

classifier makes obvious the class conditional connections between subsets of variables. It will be easier to learn if causal 

relationships are displayed graphically. 
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P(X∣C) ⋅P(C) 

                                    P(C∣X) =  

P(X) 
                                         
Here's a breakdown of the terms in this equation: 

• P(C∣X) is the posterior probability of class C given the observed features X. 

• P(X∣C) is the likelihood, representing the probability of observing the features X given the class C. 

• P(C) is the prior probability of class C, representing our initial belief about the distribution of classes. 

• P(X) is the marginal likelihood or evidence, representing the overall probability of observing the features X across 

all possible classes. 

 

 

E. Naive Bayes. 

The conditional independence assumption is used in one simplification of the naive Bayes technique, supervised classifier, 

whereas the denominator is ignored in the other. The basis for it is the Bayes theorem while making strong naive assumption 

on the autonomy of the explanatory variables. 

The Bayes rule of conditional probability is the foundation of the newly suggested Bayes categorization. The Bayes rule, 

often known as the Bayes theorem, is an approach for evaluating the probability of a property given a set of data as evidence 

or input. 

                                                                                                  P (xi | hi) P (hi)  

                                          P (hi | xi) =  

                                                                                        P (xi | hi) + P (xi | h2) P (h2) 

 

 

F. K - nearest neighbor 

K-nearest-neighbor classifiers are algorithms that depend on analogies gain knowledge by evaluating their performance with 

test training tuples that have comparable properties. The techniques can be applied to a tuple of unidentified numerical 

forecasts to generate a real-valued forecast. As a result, the method recovers the reasonable value related to the k-

nearest neighbor (KNN) of the un-identified tuples. When used for predicting student’s achievement, k-nearest neighbor 

worked well. Institutional investigators can better grasp how data mining can benefit them by looking at the tasks carried out 

and the technologies used. The various categories of data mining tasks include segmentation, estimation, classification, and 

description. The tasks and associated tools are listed in Table 1. 

Mathematically, for a binary classification problem (two classes, 0 and 1), you can represent this as: 

 

                                                       y^=argmaxc∑i=1kI(yi=c) 
Where: 

• y^ is the predicted class label for the new data point. 

• k is the number of nearest neighbors to consider. 

• yi is the class label of the i -th nearest neighbor. 

• I (yi = c) is an indicator function that equals 1 if yi is equal to class c and 0 otherwise. 

 

                             Table 1: Classifications various data mining tasks and tools  

 

Task Unsupervised Data Mining Supervised Data Mining 

Classifications  Kohonen nets Memory based reasoning(MBR), genetic 

algorithm(GA), C&RT, link analysis, C5.0 and 

ANN 

Estimations -- C&RT and ANN 

Segmentations Cluster detection, K-

means, generalized rule 

induction and APRIORI 

Market basket analysis, memory based 

reasoning(MBR), link analysis and rule 

induction 

Descriptions Spatial visualization Rule induction and 

market basket analysis 
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Some different methods for predicting student’s retention at various institutions or organizations throughout the world have 

been identified in the recent literature. These include SVM, NB, RF, LR, ANN, DT, EM, KNN, CLU, NN and C-45, along 

with CART. 

 

3.3 Powerful EDM Tools 

 

The following techniques have also been mentioned: - RF, NB, CLU, SVM (Support vector machine), LR, DT, EM, KNN 

(k-nearest neighbor), NN, ANN, C-45, and CART. Data mining has several uses, incorporating product marketing and 

promotion, services, products, study of artificial intelligence (AI), biological sciences, homicide investigation, high-level 

government intelligence (GI). Data mining technology have been developed over the due to its widespread use and the 

obstacles associated with establishing data mining applications. According to the most recent research for predicting student 

retention/dropout at various institutions/organizations universities throughout the world, each instrument has its own set of 

benefits and drawbacks [8]. 

 
A. Rapid Miner (YALE) 

‘Machine learning’ (ML), ‘Data mining’ (DM), predictive analytics & business analytics are all compressed into one software 

platform named Rapid Miner. It supports every step of the data mining process and is used for commercial and industrial 

applications, research and education, training, fast prototyping or application development. A 

client/server programmed called Rapid Miner can be used using cloud infrastructures or as a SaaS. 

Unlike most other data mining programmers, Rapid Miner's graphical programming language is more robust and has an 

extensive list of user-defined features. For instance, the Batch Cross Validation operator in Rapid Miner can perform cross-

validation at several layers. This feature is an important leap above the graphical languages used by a majority of other 

software for data mining and is extremely useful for generalizability assessments. In order to aid in the evaluation of model 

fit, Rapid Miner additionally offers a set of metrics for model evaluations and visuals like Receiver-Operating Curves. Model 

can be exported as xml files, mathematical model which can be utilized in Rapid Miner code for applying the model to new 

data. A variety of task that the graphical programming languages could not perform can be handled using Rapid Miner 

Application Programmer Interface, which programmers using prefer Python or Java may utilise [9]. 

The subsequent list of Weka algorithms appears in Rapid Miner. Rapid Miner's latest versions include algorithm and 

parameter recommendations from the general public. You can use the multiple lessons included in Rapid Miner to help you 

learn the graphical programming language's use. For educational uses, Rapid Miner is free, whereas Rapid-I provides 

commercial licenses. 
 

B. WEKA 

Waikato Environment for Knowledge Analysis is referred to as Weka. It’s collection of data mining (DM), machine 

learning(ML) techniques. Data mining (ML) experts utilize primarily for fact analysis and predictive modelling, this highly 

useful tool. It has a variety of advantages over quick miner and supports well-known (educational data mining) EDM tasks 

like: - selection, visualization, regression, and classification, clustering etc. These products can be performed directly upon 

data source and used in Java programmers. This Weka workbench is a collection of tool and techniques for visualizing, data 

analytics, predictive modelling, graphical user interfaces that make things simpler to use these features are offered as well. 

[10].  

Various classification, clustering, and association mining methods are included with Weka and can be utilized individually, 

combination with strategies like boosting, stacking etc. GUI, Java API, or the command line may all be employed to access 

data mining algorithms. The GUI, which prevents users from making use of every one of extra features, is less powerful than 

the CLI and API’s. Weka has the ability to generate Predictive Modelling Markup Language (PMML) file or mathematical 

models, which can be utilized with Weka scoring plug-in to run the model on fresh data [11]. 

 

C. Orange. 

A Python-based open-source tool for EDM researchers is known as The Orange. The machine learning approach and the 

restricted bioinformatics and text mining functions offered by the orange tool are its primary benefits. It’s a component-

based software package for exploratory data analysis and visualization, and also for data mining and machine learning. It 

comes with Python binding’s and modules. The programmer includes preparation of data, feature scoring & filtering, 

modelling, model evaluation, exploration approaches. [12] 

 

 

D. KNIME 

The Java-based ‘KNIME’ utility was built with Eclipse. This programmed did a good job of handling the key components 

of data beforehand strategy, transformation, extraction, and loading. Its tool will let creation of nodes for data processing 

through use of a GUI concept. BI (Business intelligence), financial analysis and reporting, an integration platform, and data 

analytics (DA) all were included in open-source plan. It also has numerous specialized algorithms, particularly many for 
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sentiment analysis and social network analysis. 

 

E. Spark - MLlib 

It’s a distributed data processing architecture which enables for the processing of massive amounts of data over multiple 

processors. Java, Python, and SQL may all be used for distributed processing thanks to Spark's API, which connects to an 

extensive number of programming languages. The MLlib machine learning framework for Spark implements several of 

common ML and DL techniques. Although MLlib is still a rigorously coded tool with limited capabilities, it is a rapid and 

efficient alternative due to its distributed architecture. 

 

3.3 Visualizations Tools  

 

A. Tableau 

‘Tableau’ is a set of interactive visualizations of data analysis tools. It’s often utilized in education/educational circumstances 

to evaluate student’s data, create useful insights, enhance teaching/tutoring methods, expedite education reporting, although 

primary focus on ‘business intelligence’ (BI). The fundamental benefit of Tableau is that it can evaluate enormous volumes 

of data from numerous sources with requiring for programming knowledge, opening providing a variety of visualizations to 

a wider audience. User may connect or import data from a variety of established format’s (such as data warehouses, log data, 

etc.) using it. Users of Tableau may also create sophisticated, interactive dashboards that give users dynamic, real-time 

representations of data. On the other hand, Tableau has several restrictions, such as the inability to conduct relational data 

mining or analytics that are predictive. It’s also not versatile, and since it is an industrial /commercial product, it doesn’t 

support software platform interface. 

 

B. D3js 

The assistance of the JavaScript framework D3.js, researchers and professionals can make changes to create intricate, 

dynamic data visualization’s and data-driven document’s that are optimized for modern web browsers and require data 

processing. D3.js has many benefits namely the flexibility to reuse code, the ability to create an extensive range for 

visualizations of data without having to wait for installation’s, the fact that it is open source (OS). On the other hand, greater 

implementation of educational research is fraught with challenges. The D3.js technology has a lots of compatibility issue’s, 

limitation’s on speed for huge collection of data, and requires substantial programming skills. Finally, pre-processing of data 

is necessary to protect ‘privacy & security’ because There is no way to keep data secret from users of visualization. [13]. 

 

3.4 Specialized Educational Data Mining and LA Applications 

 

We covered some of the general-purpose EDM modelling and analysis tools in the article before. On the other hand, certain 

data and analysis objectives could call for the usage of additional specialized algorithm which are absent from this 

multipurpose equipment. 

 

A. BKT (‘Bayesian Knowledge Tracing’) Tools. 

A popular method to identify latent knowledge is called Bayesian Knowledge Tracing (BKT), which involves assessing the 

comprehension of students as they are taking an online course. The knowledge is evaluated while it has been learned online, 

compared to the testing-based educational measurement that's usually employed. This predicts, an intelligent tutoring systems 

or similar various applications, if a student has attained or not attained master in a certain talent. The two technique of brute 

force grid search (BFGS) and expectation maximization (EM) are frequently used to fit BKT models. 

 

B. Text Mining(TM) 

With several available programmers and API’s for processing, tagging, recognizing textual data or text analysis is a quickly 

developing area of DM. Text analysis software can process word meaning, sentence structure, and word parts of speech. 

 

 

4. Performance prediction from Classification Techniques 

 

In order illustrate how the most commonly used educational performance prediction methods differ in their overall prediction 

precision from 2013 to 2023, the findings have been examined and displayed on a graph. In Figure 1, the schematic is shown. 
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Accuracy of performance prediction for classification techniques 
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Figure 2: Accuracy of performance prediction (2013-2023)  

 

The graph in Figure-2 shows the outcomes following the most frequently used strategies for forecasting student performance 

in earlier studies were examined and their results contrasted to see which approach had the highest accuracy. The general 

accuracy of the student method of estimation employed compared to conventional prediction methods. 

 

The Figure illustrates the performance that the writers of this study looked into from 2013 to 2023, all organized by their 

algorithms. Figure-2 demonstrates the decision tree method's excellent prediction’s and accuracy of 98.00 percent in 

compared to all other approaches. ‘Naive Bayes’ with a 97 percent accuracy rate, was the second-best approach. Then 

accompanied the SVM and KNN techniques, both of which had an accuracy rate of 94.00%. The accuracy of the ‘artificial 

neural network’ (ANN) in predicting student achievement is the lowest (93%) [14]. 

 

5. Parametric Attributes distribution in proposed architecture 

 

   This study yields the analysis as presented in Table 2 using the various student parameters. The parameters include the total 

of 22 attributes categorized in nominal and categorical data type with different values.  

 

Table 2: Student’s parametric attributes distribution 

S.No. Attributes Data type Values 

1 Gender Nominal Male, Female 

2 Percentage Nominal  Poor, Good, Very good, Excellent 

3 Stream Nominal Science, Commerce, Art, Design etc. 

4 Qualification Categorical No formal education, HSC, HSC, 

Graduation, Masters, PhD 

5 Flocculation Categorical Government worker, Private, Self-

employed, NA 

6 M_qulification Categorical No formal education, HSC, HSC, 

Graduation, Masters, PhD 

7 M_occupation Categorical Government worker, Private, Self-

employed, NA 



31 
 

8 No_of_sublings Categorical One, Two, Three, Four 

9 Overall attendance Nominal Poor, Good, Very good, Excellent 

10 Internal marks Nominal Poor, Good, Very good, Excellent 

11 Assignment_ marks Nominal Poor, Good, Very good, Excellent 

12 Practical knowledge Nominal Poor, Good, Very good, Excellent 

13 Theory marks Nominal Poor, Good, Very good, Excellent 

14 Internet_uses_learning Nominal Poor, Good, Very good, Excellent 

15 Previous_sem_marks Nominal Poor, Good, Very good, Excellent 

16 Subject Name Nominal Poor, Good, Very good, Excellent 

17 Internal_Th_Marks Nominal Poor, Good, Very good, Excellent 

18 Internal_Pr_Marks Nominal Poor, Good, Very good, Excellent 

19 External_Th_Marks Nominal Poor, Good, Very good, Excellent 

20 External_Pr_Marks Nominal Poor, Good, Very good, Excellent 

21 Subject Result Nominal Poor, Good, Very good, Excellent 

22 Semester_wise_result Nominal Poor, Good, Very good, Excellent 

 

 

6. Experimental analysis using Weka 

 

The semester-by-semester comparative result is described as per the following table. In this WEKA experimental analysis, 

we used a number of classification algorithms, including J48, Bayes Net, Decision Stump, Logistic Regression, Multi-layer 

Perception, the Naive Bayes algorithm, One R, Rep Tree, and Sequential Minimal Optimization. 

 

Table 3: Time spent by each classifier in developing the model upon a semester-by-semester basis. 

Semesters J-48 BN DS LS MLP NB 1R RT SMO 

I 0.02 0.8 0.9 2.41 56.43 0.09 0.18 0.11 2.25 

II 0.0502 0.120 0.920 3.4302 66.4502 0.1002 0.1402 0.1202 1.2702 

III 0.0625 0.1325 0.9325 3.4425 66.462 0.1125 0.152 0.1325 1.2825 

IV 0.059 0.1299 0.9299 3.439 66.4599 0.109 0.1499 0.1299 1.2799 

V 0.0573 0.1273 0.9273 3.437 66.457 0.1073 0.147 0.1273 1.2773 

VI 0.03 0.1 0.9 3.41 66.43 0.08 0.12 0.1 1.25 

Mean 

Value 
 

0.046 

 

0.234 

 

0.9183 

 

3.2616 

 

64.781 

 

0.0999 

 

0.14832 

 

0.1199 

 

1.4349 
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Figure 3: Time spent by each classifier in developing the model upon a semester-by-semester basis 

 

 

Table 4: Through the use of several classifiers, semester-wise effectively categorized instances. 

Semesters J-48 BN DS LS MLP NB 1R RT SMO 

I 99.434 97.422 60.876 97.528 87.157 97.482 78.29 97.391 87.1 

II 99.12 96.4265 69.8764 97.3141 92.2976 97.3984 82.29 95.348 92.325 

III 99.129 97.4365 71.886 97.8241 93.8976 98.8984 84.29 96.448 93.525 

IV 99.269 97.536 71.986 98.0241 93.907 98.9184 84.59 97.438 94.025 

V 99.325 97.6565 72.026 98.4241 94.7076 98.9284 84.75 97.458 94.125 

VI 99.07 98.4827 59.8764 98.5389 89.157 98.482 79.29 98.391 89.1 

Mean 

Value 
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Figure 4: Through the use of several classifiers, semester-wise effectively categorized instances 
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      Table 5: Through the use of several classifiers, semester-wise  accurately categorized examples. 

Semesters J-48 BN DS LS MLP NB 1R RT SMO 

I 0.3658 2.5173 39.1236 2.4611 12.8429 2.517 12.708 2.2082 12.899 

II 0.88 3.5735 30.1236 2.6859 7.7024 2.601 17.7081 4.652 7.6743 

III 0.871 2.5635 28.1136 2.1759 6.1024 1.101 15.7081 3.552 6.4743 

IV 0.7305 2.4635 28.0136 1.9759 6.0924 1.081 15.4081 2.562 5.9743 

V 0.6743 2.3435 27.9736 1.5759 5.2924 1.071 15.2481 2.542 5.8743 

VI 0.92 1.5173 40.1236 1.4611 0.8429 1.517 20.708 1.2082 0.899 

Mean 

Value 
0.7402 2.4964 32.245 2.0559 6.47923 1.648 16.2481 2.7874 6.6325 

 

 

                     Figure 5: Through the use of several classifiers, semester-wise accurately categorized examples 

 

Table 6: Kappa statistics are evaluated semester by semester using multiple classifiers. 

Semesters J-48 BN DS LS MLP NB 1R RT SMO 

I 0.9752 0.9695 0.296 0.9680 0.9686 0.9695 0.6175 0.9737 0.97 

II 0.9489 0.9219 0.65646 0.9308 0.8806 0.93168 0.7806 0.9111 0.88 

III 0.9489 0.9320 0.67656 0.9359 0.8966 0.9466 0.8006 0.9221 0.89 

IV 0.9503 0.9330 0.67756 0.9379 0.8967 0.94688 0.8036 0.9320 0.89 

V 0.9509 0.9342 0.67796 0.9419 0.904 0.94698 0.805 0.9322 0.89 

VI 0.98 0.9795 0.396 0.9702 0.9786 0.9795 0.7175 0.9737 0.977 

Mean 

Value 
0.9590 0.9450 0.5634 0.9474 0.9210 0.9535 0.7541 0.94085 0.92 
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Figure 6: Kappa statistics are evaluated semester by semester using multiple classifiers 

 

 

 

 

Table 7: Mean absolute Error (MAE) using different classifiers, semester-by-semester. 

Semesters J-48 BN DS LS MLP NB 1R RT SMO 

I 0.0173 0.021 0.299 0.0256 0.1146 0.021 0.092 0.0256 0.14 

II 0.0093 0.013 0.201 0.0076 0.0066 0.013 0.084 0.0076 0.2424 

III 0.0103 0.014 0.202 0.0086 0.0076 0.014 0.085 0.0086 0.2434 

IV 0.0113 0.015 0.203 0.0096 0.0086 0.015 0.086 0.0096 0.2444 

V 0.0123 0.016 0.204 0.0106 0.0096 0.016 0.087 0.0106 0.2454 

VI 0.005 0.011 0.199 0.0066 0.0069 0.011 0.082 0.0056 0.24 

Mean 

Value 
0.0109 0.0155 0.2189 0.01143 0.0256 0.0158 0.086 0.01126 0.2259 

 

 

 

                                 Figure 7: Mean absolute Error (MAE) using different classifiers, semester-by-semester 
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Table 8: Root Mean Squared Error Rate (RMSE) by multiple classifiers during the semester. 

Semesters J-48 BN DS LS MLP NB 1R RT SMO 

I 0.0541 0.0667 0.2162 0.0634 0.0607 0.0672 0.1878 0.168 0.216 

II 0.084 0.0967 0.3362 0.0934 0.0707 0.0972 0.3078 0.088 0.3364 

III 0.0941 0.1067 0.346 0.1034 0.0807 0.1072 0.3178 0.098 0.3464 

IV 0.104 0.1167 0.3562 0.1134 0.0907 0.117 0.3278 0.106 0.3564 

V 0.1141 0.1267 0.3662 0.1234 0.1007 0.1272 0.3378 0.118 0.3664 

VI 0.05 0.0767 0.3162 0.0734 0.0607 0.0772 0.2878 0.068 0.316 

Mean 

Value 
0.0834 0.0983 0.3228 0.0950 0.0773 0.0988 0.2944 0.108 0.3229 

 
 
  

 

 

                                Figure 8: Root Mean Squared Error Rate (RMSE) by multiple classifiers during the semester 

 

 Used Abbreviation in above tables are: 

 

  BN - Bayes Net, DS - Decision stump, LS - Logistic Regression, MLP - Multi layer perception, NB - Naïve Bayes,  

  IR - One R, RT - Rep Tree, SMO - sequential minimal optimization. 

 

7. Result Analysis 

 

This work  integrates the EDM student parametric data and experimented with the tool weka that uses classification algorithms, 

including J48, Bayes Net, Decision Stump, Logistic Regression, Multi-Layer Perception, Naive Bayesian, One R, Rep Tree, 

and Sequential Minimal Optimization, were utilized and applied to the WEKA tool in this experiment analysis to obtain the 

semester-by-semester performance of the defined algorithm in regard to the used accuracy measured and error measured    

parameters. We used time to create the model, correctly identified instances, and incorrectly categorized instances as accuracy 

assessment metrics in the present investigation. In our research, we used kappa research, mean absolute error (MAE), and root 

mean square error (RMSE) as error measuring metrics. And this study concludes that J48 algorithm provides the most accurate 

result out of all the classification algorithms. 
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                Figure 8: Percentage of predictions within a point of the actual grade. 

  

 

8. Conclusion  

 

All those involved in the process of learning can benefit greatly from the relatively recent discipline of ‘educational data 

mining’ (EDM). The methods of (DM) data mining have been developed automatically extracts hidden knowledge & 

pattern’s in data. To be able to categories and forecast student performance, dropout rates, and instructor or educator 

performance, educational data mining can be employed. It may help both students in choosing courses and managing their 

education, as well as teachers in tracking student achievement to enhance the teaching process. EDM can be used to draw in, 

keep, and retain students, which is essential for a university to be profitable. Figuring out, recognizing, and understanding 

whether educational practices are effective requires analyzing student data. In this research study, we examined the 

advantages and uses of DM methods in various educational contexts. The main or primary objective of this research is to 

encourage others to use educational data mining techniques by demonstrating the advantages they offer. A significant 

problem in all educational institutions maintains the standard of guidance while evaluating students' performance. Data 

mining techniques are frequently used for analyzing the data that is already accessible and to extract knowledge and 

information to aid in decision-making. In this research study, various data mining classification techniques are employed to 

create a data mining model to predict student success based on their unique demographic and academic data. WEKA tool is 

used to conduct this analysis. The accuracy of the classifiers and the classifiers' error rate are the results. These findings are 

compared in order to figure out which algorithm is most appropriate for this kind of dataset. As an outcome of observation, 

it was determined that the J48 approach for both models provide better precision and less error.  Only a few types of strategies 

were selected for this analysis; subsequent work will explore additional algorithms and the further research will explores the 

new dimensions of EDM via Augmented and Virtual Reality in Online learning environment.  
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