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1. Introduction        

The value of education in any country cannot be overstated. In a country with a strong economy, the quality of 

education is essential to promoting global economic progress (Aceredo-Dugue, 2023). A key measure of educational 

progress is students' academic achievement, which is impacted by various factors including age, gender, the 

composition of the teaching team, and learning. Predicting academic success has drawn more attention in terms of 

teaching and learning in education. Data mining (DM) is the process of extracting knowledge from enormous volumes 

of historical data. DM is a technique for getting important and useful information out of a database that may be used 

in the classroom and other settings. Educational data mining is used to build techniques for knowledge extraction from 

data in educational environments. In today's Nigeria educational system bases a large portion of students' success on 

test assessments, homework, attendance, assignments, practical’s, and quizzes which are categorized as Continuous 

Assessment (CA) and their final examination. A minimum threshold for promotion is reached after these activities; as 

a result, it is critical to pinpoint the causes of success or failure. This will allow teachers to provide more focused 

counselling that addresses these factors rather than mere grades, as these factors impact the minimum criteria for 

promotion. Hence, a model for forecasting student's academic performance is of great importance, therefore, data 

mining techniques for classification and clustering are employed in this research study to anticipate the academic 

performance of students. A solid academic record boosts a university's reputation and increases job prospects for 

students because administrators may consider it to be a critical component (Alsariera et al., 2022). Academic records 

are a means of evaluating students' accomplishments as well as the quality of the schools they attended. In the fiercely 

competitive world of academia, excellence in student performance is important for higher education institutions. 

(Ghorbani and Ghosi, 2020) defined student performance as assessed by comparing a certain student learning 
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 A B S T R A C T 

A student's performance is a victory statistic in higher education. The university's 

exceptional academic record strengthens its position as one of the prerequisites for 

a prestigious university. Teachers need to forecast and analyze student performance 

to pinpoint areas of weakness and improve academic standing. In academic settings, 

Coordination of computational tactics to improve workforce management and 

academic attainment is achieved through Educational Data Mining (EDM), a 

theory-based approach. Classification is a broadly connected technique in 

forecasting student performance based on diverse criteria. Machine learning 

algorithms are fundamental to knowledge disclosures, permitting precise 

performance projection and early student-identifiable proof. This study examines 

how well students perform academically using the Naïve Bayes classifier (NBC) 

model and the K-Means clustering approach. From supervised and unsupervised 

machine learning, two (2) algorithms with comparable operational capacity were 

selected. The labeled classes in the classifier correspond to the grades in the dataset. 

Records were gathered from 178 students (400 levels) in Adamawa State University 

Mubi's computer science departments in the 2022–2023 academic sessions. The 

training and testing sets of the dataset are divided into two groups, each with a 

percentage ratio of 30% and 70%. According to the results, the Naïve Bayes model 

has an accuracy of 92.6%, while the K-Means model has an accuracy of 38.9%. 
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evaluation to Ponder instructional modules, Grade Point Average (CGPA), or the final scores, while (Nachouki and 

Abou, 2022) defined the students' academic success as the likelihood of gaining a long-term degree. 

Weak student performance in the classroom is one of the biggest problems facing universities worldwide. The 

fact that a few factors affect students' achievement is one reason why it has become difficult to address this issue. Five 

components are noted by (Tejedor and Garcña-Valcñrcel, 2007): mental, scholastic, educational, socio-family, and 

identifiable proof. Different outcomes of penniless academic execution are likewise possible, even when accounting 

for scholastic consistent loss. According to (Vicerrectorado AcadÃmico, 2017), a major contributing factor to academic 

desertion is substandard performance in the classroom. According to (Viale, 2014), in similar circumstances, the 

proportion of students who do not pass classes at the beginning of the academic year is often high; yet, many students 

decide to drop out of college when they retake a lesson and fail it again. Additionally, the evaluation of these institutions 

and the success rates of their students are vital because they are regarded as quality indicators for instructional 

education. 

Technological advancements have enabled educators to employ information mining as well as explanatory 

methods to analyse massive databases pertaining to designs relating to the behaviour and learning of their students 

(Shah, 2022). Data mining is essential for sorting through an enormous amount of data to discover significant data, 

which supports decision-making. Data mining has numerous critical applications within the field of instruction 

(Delavari et al., 2008). One strategy that educational institutions might employ to identify hidden patterns in 

educational data, broaden their understanding, as well set expectations for future student accomplishments is 

educational data mining (EDM) (Baashar et al., 2021). 

Machine learning (ML) techniques provide the tools for information extraction from data, while EDM is used 

to locate information within data. Generally speaking, machine learning (ML) looks at calculations that result from 

cases that are provided remotely (the input set) to develop common theories that predict future occurrences (Fly et al., 

2017). To identify patterns in data and apply those patterns to forecast outcomes, machine learning examines data. By 

utilizing ML in the classroom, educators will be able to identify the fundamental elements that impact a student's 

success. Additionally, machine learning (ML) will enable educators to identify kids who are not performing up to par, 

enabling them to make informed decisions. 

Limitations of traditional method of learning  

i. The traditional method of learning is often limited to geographical and physical constraints making 

it difficult to reach a large number of students it's not scalable in terms of population size which 

can hamper the performance of students. 

ii. The human error element can lead to inaccuracy in result compilation due to population size. 

iii. Manual processing can be slow during teaching and also the complying results of students 

Potential Benefit of a proposed system using machine learning techniques  

i. Machine Learning can handle large datasets of students and performance analysis can be carried 

out in other to predict their performance. 

ii. Automated processing enables rapid analysis and decision-making of their performance. 

iii. Machine learning can identify complex patterns and relationships in students' data leading to new 

insight on how to engage the students. 

In this paper, we primarily focus on utilizing student data to predict academic achievement. This student 

dataset includes the response of Adamawa State University Mubi students to inquiries on their demographics, 

behavioural traits, and academic performance for the 2022–2023 academic sessions. In this paper, K-Means (KM) and 

Naïve Bayes (NB), machine learning methods were compared.  

2. Literature Review 

(Yauri et al., 2023) researched predicting students' performance with artificial neural networks (ANN). By using 

Artificial intelligence (AI) techniques, the study produced a demonstration that forecasts student success and failure 

rates. In Adamawa State, Nigeria, the study looked at 720 students from three selected postsecondary institutions. From 

Adamawa State Polytechnic one hundred (120) students were chosen, from Adamawa State University three hundred 

(300) students were chosen, and from Modibbo Adama University, Yola three hundred (300) students were chosen. 

Descriptive measurements are used in the research to determine the elements that most likely influence students' 
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academic achievement. Jupyter Notebook, a Python Anaconda development environment, was used to pre-process, 

clean, and model the acquired data to develop a model that will forecast students' academic performance. Twelve (12) 

input elements in the neural network model consist of one yield layer and two hidden neuronal layers. The dataset is 

prepared using the back-propagation learning algorithm. 

The neural network's performance is assessed through the application of cross-validation using k-fold. The 

neural network has an impressive 97.36% accuracy. To better prepare students for universities, (Kumar et al., 2020) 

examined their performance on specialized exams used for university applications. The approach to the problem was 

to predict whether or not students would pass a specialized exam based on how well they performed in particular course 

subjects. Data about 200 K L University students were used in the study between 2013 and 2017. The two unique 

methods utilized were hierarchical clustering and K-means clustering to sort and classify the students. The authors 

employed the Naïve Bayes method to forecast with 72% accuracy after classifying the data. Daud et al. (2017) 

examined the causes of many students' career dropouts in their research. To determine whether a particular student 

would finish their education, the study took into account the individual, family, and economic factors that have the 

most effects on student achievement. The dataset is cleansed before testing to extract 50 students who completed their 

coursework and 50 who did not. The F1 score for the Naïve Bayes method was 84.8% as part of its results. A machine 

learning-based algorithm was presented by Ahmad and Shahzadi (2018) to determine whether or not students' academic 

performance was random. Making use of the students' study habits, learning aptitudes, and academic interaction traits, 

they were able to classify the data with 85% accuracy. The analysis concludes that the proposed model can be used to 

determine academically unsuccessful students. 

Bernacki et al. (2020) conducted research to determine if the learning administration framework's log records 

alone could accurately predict achievement. He concluded that 75% of the people who would need to repeat a course 

were accurately predicted by the behaviour-based forecast. Furthermore, he expressed that students who will struggle 

academically wise the following semesters might be identified and assisted with the help of this approach a model 

utilizing an artificial neural network built by Waheed et al. (2020) in light of student records about their path through 

the LMS. It seems that student clickstream behaviours and demographics have a significant impact on academic 

success. Pupils who participated in course exploration outperformed others. There was no correlation between the 

cooperation of students in the classroom and their performance. Regardless, he concluded that a deep learning model 

could be a crucial instrument in forecasting students' academic performance. 

According to Hasan et al. (2019), using artificial intelligence to predict student performance can help students 

avoid poor grades and prepare them for upcoming tests. Teachers can provide students with appropriate guidance by 

differentiating between circumstances and course prerequisites. Teachers can use the framework to screen students and 

provide individualized assistance to help reduce students' laziness. With a 94.88% accuracy rate, the research benefits 

teachers and students alike. According to Alamri et al. (2020), a variety of factors could influence the performance of 

students in the most recent exam. The study predicts final grades in scientific and Portuguese linguistic courses using 

the Support Vector Machine (SVM) and Irregular Woodland (RF) algorithms. It appears that a 93% accuracy rate is 

achieved by twofold classification, whereas In Random Forest (RF), regression has the lowest RMSE (1.13). Early 

preparation can assist educational establishments in creating strategies for students who perform well, by further 

improving their academic outcomes. The study recommends that informative organizations operate more effectively.  

There are many prediction models available today with different approaches to students' performance; the 

reviews of the literature reveal that most prediction models are based mainly on continuous assessment and final 

examinations and a few on behavioural factors. The Data Mining Techniques that are chosen in most of the reviews 

are from supervised and unsupervised learning with no similar operational properties to obtain an accuracy level. This 

study will design a predictive model that factors the relationships between students' behavioural factors, social factors, 

family factors, and academic factors, the model will be developed using the k-mean clustering method and Naïve Bayes 

classifier in Python Jupyter notebook as Data Mining Techniques to analyse, this is to show that behavioural factors as 

independent variables while the grades as dependent variables. 

The Data Mining Techniques chosen for this study have similar operational properties to see if based on their 

similar operational properties there will be less bias between both algorithms in terms of performance and the accuracy 

level will increase by close merge. The result obtained from the study is validated using a cross-validation technique 

to show which algorithm is more accurate and efficient. 

3. Materials and Method 
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The purpose of this research is to forecast students' academic success using K-means and Naïve Bayes. The result 

of this work will help the educators/faculty to improve the teaching approach constructively. In addition, the teachers 

could observe students' achievements and also have an idea of how to help the weak ones. The data Normalized are 

data consisting of rows and columns. There are thirty-one (31) columns of attributes and one hundred and seventy-

eight (178) rows of instances in the dataset used. The 31 columns of attributes are gender, Age, Address, State, 

Occupation, Parent marital status, Mother education level, Mother job, Father education, Father job, Sponsor, Family 

size, family relationship, Reason for choosing school, Time taken to class, Study time, Past failure, Believe, School 

support, Family support, Extracurricular activities, Internet usage, Romantic relation, Free time, Class absence, Outing, 

Course understanding, Course Interest, Lecturer relation, Grade 1 and Grade 2. Emphases are given to attributes that 

are classroom-related during analysis. K-mean clustering method and Naïve Bayes classifier are used on all 178 

instances grouping them into classes. 

All necessary libraries in Python were used to solve the Naïve Bayes and K-mean algorithms based on the instances 

in the dataset and the results are used to compare the performance of each in WEKA. 

K-mean mode of operation  

i. Choose k of cluster 

ii. Select at random k points that will be the centroid (not necessary from the data points). 

iii. Assign each data point to the closest centroid that forms k clusters. 

iv. Compute and place a new centroid of each cluster. 

v. Reassign each data point to the new closest centroid. If any reassignment takes place, go to step 

(iv) otherwise go to finish. 

 
Figure 1: Flowchart of k-mean Clustering Operation. 

Naïve Bayes mode of operation 

Naïve Bayes is a simple and powerful algorithm for predictive analysis; it is a classification technique that uses 

Bayes theorem with an assumption of independence among predictors. In simple terms Naïve Bayes classifier assumes 

that the presence of a particular feature in a class is unrelated to any other feature even if these feature depends on each 

other or upon the existence of the other feature, all of these properties independently contribute to the probability. The 

Naïve Bayes model is easy to build and very useful to large datasets. Naïve Bayes classifier works on the principles of 

conditional probability as given by Bayes theorem.  

Given a hypothesis c and evidence, Bayes theorem states that the relationship between the probability of the 

hypothesis before getting the evidence P(c) and the probability of the hypothesis after getting the evidence P(c/) is 

( )
)(

)()(

xP

cPcxP
xcP = , 0)( xP

         (1)
 

where, 

=)( xcP  Conditional probability of c given x  

=)( cxP  Conditional probability of x given c  

=)(cP  Probability of c  

=)(xP  Probability of x  
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3.1 Study area  

This study is conducted at Adamawa State University, Mubi, Nigeria. The dataset was gathered at Adamawa 

State University, Mubi, and attributes include student behavior demographic, family demographic, social demographic, 

and academic demographic. All the data are obtained from student interviews and questionnaires. During data 

collection, a dataset with one hundred and seventy-eight (178) instances was generated 

 

3.2 Method of data collection 

In this study, a structured questionnaire is used to collect data, copies of the questionnaire are distributed (online) 

directly to respondents of the Computer Science department and enough time was given to the respondents to fill the 

questionnaires administered to them online. Primary as well as secondary sources are used, and the primary data is 

sourced through structured questionnaires. The questionnaire is broken down into several sections that are pertinent to 

the following: grades of the student, family support system of a student, engaged time by the student, interest of the 

student, and study habits of the student. The questionnaire comprises four (4) sections. 

3.3 Method of data analysis 

This study develops a model in Python to help analyze data in the Naïve Bayes classifier and K-mean algorithm 

in other to develop patterns for a predictive model.  

3.4 Data preprocessing  

The sample data, which has numerous columns, numerous rows, and some missing values, is presented as an 

Excel or CSV file. The most important step in developing a data culture and leveraging data to generate precise 

projections is cleaning the data. Information is preprocessed and sanitized. To prepare data for use, data cleaning 

involves deleting or altering information that is inaccurate, missing, unnecessary, duplicated, or formatted wrongly. 

Another critical stage in the creation of deep machine learning or machine learning algorithms is preprocessing data. 

Both the quality and quantity of data are increased and the noise decreased. 

Procedure for the proposed model 

Data Identification: Finding the relevant data required for the model is the first stage in data identification. 

This entails comprehending the issue that needs to be resolved, locating pertinent data sources, and gathering or 

gaining access to the required data. Ensuring the data collected is both large enough and of high enough quality for 

the modeling assignment is essential.  

Data Preprocessing: To clean up and substitute meaningful values for missing values, data preprocessing is 

necessary. The next step after obtaining the data is preprocessing. The data is cleansed and ready for modeling in this 

place. This includes encoding categorical data, adjusting or scaling features, addressing missing values, and handling 

outliers. Making sure the data is in a format that is appropriate for training the machine learning model is the aim. 

Training Set: The model is trained using a subset of the dataset, known as the training set. It is a portion of 

the data that the model is trained on. The model uses the training set, which typically comprises of target values 

(dependent variables) and input features (independent variables), to identify patterns and correlations in the data. 

70% of the dataset was utilized in this instance. 

Train Model: The training procedure begins after the model and training set are in place. The model learns 

from the input data during training by modifying its parameters to minimize a selected loss function. By identifying 

underlying patterns in the training data, the objective is to improve the model's performance. 

Testing Set: A different subset of the dataset apart from the training data is the testing set. It is employed to 

assess the trained model's ability to generalize to fresh, untested data. The testing set aids in evaluating the model's 

efficacy and its capacity to forecast correctly on data that was not used in training. Here, thirty percent of the data 

were utilized. 

Prediction: After training and testing, the model is used for new, untested data to draw conclusions or make 

predictions. When fresh data is added to the trained model, it will make predictions based on the lessons it has 

learned during training. 
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Figure 2: Model of the Proposed System 

 

Step 1:   Extraction of Students Data from the institution Database (DB) 

Step 2: Data cleaning, feature selection, and normalization are carried out on the data extracted. 

Step 3: Create a Dataset based on students’ behavioural and grade evaluation for existing students and new 

intake students. 

Step 4: Evaluate new student’s based on just behavioural factors while existing students on both behavioural 

factors and grades in Step 3. 

Step 5:    Apply Algorithms to Step 4. 

Step 6:    Validate results 

Step7:     Predict output 

 

3.4 Dataset 

A dataset is a collection of data organized into a table, with each column representing a different variable. It is 

primarily used for analysis.  

 
Figure 3: Screenshot of the Dataset for Students 

 

The figure above displays a screenshot of the student's dataset utilized for this study. The data are stored in an 

Excel sheet with a. CSV file (C|omma-Separated Values) format. A total of one hundred and seventy-eight (178) 

respondents with thirty-one (31) attributes helped determine students’ academic performance. 
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4. Results 

Table 1 Pre-processing dataset  

 

Table 1 show all the data in the dataset has been converted to a usable format, which is an integer, to obtain an 

accurate output. Some columns that have little or no effect on student academic performance are dropped using the 

syntax “df=df.drop (["column_name], axis=1). Those attributes that were not classroom-related and would not affect 

the activities of the classroom, like relationship, state, address, belief, school choice, and extracurricular activities, 

were dropped because they were insignificant to the outcome of a student's performance. 

4.1 Training and testing set  

The training and testing sets of the dataset are divided into percentage ratios of 70% and 30%, respectively. The 

data with a large percentage of 70% is used as a training set (124 respondent’s data), while a lower percentage ratio of 

30% is used as a testing set (54 respondent’s data), and a holdout/cross-validation of k-fold is employed. "x_train, 

x_test, y_train, y_test=train_test_split(x, y, test_size=0.3, random_state=10)" is the syntax for the training and testing 

sets. 

 
Figure 4: Screenshot of x_train 

 

 
Figure 5: Screenshot of x_test 

 

 
Figure 6: Screenshot of y_train and y_test (class) 
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4.2 Naïve Bayes and K-means analysis on dataset 

On the dataset, the following is the result of the accuracy of the Naïve Bayes classifier: 

 
Figure 7: Screenshot of Naïve Bayes accuracy and F-measure of the dataset 

 
Figure 8: Screenshot of Naïve Bayes Precision and Recall of the prediction 

 
Figure 9: Screenshot the Mean Absolute Error of the prediction 

 
Figure 10: Screenshot RootMean Square Error of the prediction 

Table 2:  Bayes Result 

Algorithm Accuracy F1 Precision  Recall 

Naïve Bayes  0.926 0.926 0.893 0.962 

Percentage (%) 92.6% 92.6% 89.3% 96.2% 

     

Table 2 above shows that the Naïve Bayes algorithm has an accuracy of 92.6%, an F1 of 92.6%, a precision of 

89.3%, and a recall of 96.2%. The Naïve Bayes algorithm model will make approximately 93% correct instances 

prediction and 7% incorrect instances prediction, which means it predicts 165 respondents on the dataset have a 

CGPA greater than 2, while 13 respondents will have a CGPA less or equal to 2. 

 
Figure 11: Different representation of a confusion matrix outcome 
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The F1 offers a balance between recall and precision since it is the harmonic mean of both. 

F1=
2 × 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛∗𝑅𝑒𝑐𝑎𝑙𝑙 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
         (2) 

where,  

F1 = F measure score 

Precision tells how much of the correctly predicted outcome turned out positive, and it’s obtained by dividing 

the proportion of instances that are true of a class by the total instances of the class. 

Precision=
𝑇𝑟𝑢𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒 (𝑇𝑝)

𝑡𝑟𝑢𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒(𝑡𝑝)+𝑓𝑎𝑙𝑠𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒(𝑓𝑝)
       (3) 

where, 

Tp = True positive of the prediction outcome 

Fp = False positive of the prediction outcome 

Recall tells how much the actual positive cases were able to be predicted correctly by the model, and it is obtained 

by dividing the proportion of instances that are true of a class by the actual total and false negative of the class. 

Recall=
𝑇𝑟𝑢𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒(𝑇𝑝)

𝑡𝑟𝑢𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒(𝑇𝑝)+𝑓𝑎𝑙𝑠𝑒 𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒(𝐹𝑛)
       (4) 

where, 

Tp= True positive of the predicted outcome 

Fn = False negative of the predicted outcome 

Accuracy =
𝑇𝑟𝑢𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒(𝑇𝑝)+𝑇𝑟𝑢𝑒 𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒(𝑇𝑛)

𝑇𝑟𝑢𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒 (𝑇𝑝)+𝑓𝑎𝑙𝑠𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒(𝐹𝑝)+ 𝑇𝑟𝑢𝑒 𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒(𝑇𝑛)+𝑓𝑎𝑙𝑠𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒(𝑓𝑛)
    (5) 

where, 

Tp = True positive of the predicted outcome 

Tn= True negative of the predicted outcome 

Fp= False positive of the predicted outcome 

Fn = False negative of the predicted outcome 

 
Figure 12: Screenshot of the confusion matrix 

The information for the confusion matrix predicted label is given as follows: 

True positive (Tp)= 25 

False positive (Fp)= 3 

False negative (Fn)= 1 

True negative (TN)= 25 

The above means 25 true positives means 25 cases in the model correctly predicted that the students had GT2 
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(> 2) grades in their academic performance, 3 false positives means 3 cases where the model incorrectly predicted the 

students had GT2 (>2) grades in their academic performance; 25 true negatives means 25 cases where the model 

correctly predicted that the students had LE2 (<= 2) grades in their academic performance; and 1 false negative means 

1 case where the model incorrectly predicted that the students had LE2 (<=2) grades in their academic performance. 

The outcome of the accuracy of K-means clustering on the dataset is observed as follows: 

 
Figure 13: Screenshot of K-means accuracy and F-measure of the dataset 

 

 

 

 

 

Figure 14: Screenshot of K-means Precision and Recall of the prediction 

 
Figure 15: Screenshot the Mean Absolute Error of the prediction 

 
Figure 16: Screenshot RootMean Square Error of the Prediction. 

Table 3: K-means Result 

Algorithm Accuracy F1 Precision  Recall 

K-means 0.389 0.389 0.389 0.389 

Table: 3. above shows that the K-means algorithm has an accuracy of 38.9%, an F1 of 38.9%, a precision of 

38.9%, and a recall of 38.9%. 

The K-means algorithm model will make approximately 39% correct instances prediction and 61% incorrect 

instances prediction, which means it predicts that 69 respondents on the dataset have a CGPA greater than 2, while 109 

respondents will have a CGPA less or equal to 2. Based on this, the K-mean model will be a weak algorithm for 

predicting students’ academic performance. 

4.3 Comparison between Naïve Bayes and K-means  

The results of both algorithms were compared to determine which was more accurate and efficient in predicting 

students’ academic performance. 
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Table 4: Comparison of Naïve Bayes and K-means Result 

Algorithm Accuracy 

correct 

instances 

Incorrect 

instances 

Percentage 

(%) correct 

instances 

Percentage 

(%) 

incorrect 

instances 

Total No, of 

Respondents 

with correct 

instance 

Total No, of 

Respondents 

with incorrect 

instance 

Naïve 

Bayes  

0.926 0.074 92.6% 7.4% 165 13 

K-means 0.389 0.611 38.9% 61.1% 69 109 

Table 4 above shows that the Naïve Bayes algorithm is more accurate and efficient compared to the K-means 

algorithm because, for every prediction made by the K-means model, more than half of it will be incorrect. 

 
Figure 17: Screenshot Graphical Representation of the Comparison between Naïve Bayes and K-means. 

5. Discussion 

This paper proposes a machine learning algorithm-based application to forecast the academic success of students 

in the computer science department at Adamawa State University Mubi's. To predict students' academic achievements, 

the algorithms K-Means and Naive Bayes were computed and compared in display form. This investigation focused 

on two factors. The anticipation of academic success based on the data gathered on the students was the main parameter. 

The second involved comparing the machine learning calculations' execution markers. 

In data mining, performance analysis of results based on learning is a system that aims for excellence at several 

levels and in various dimensions. This study explores students’ academic performance using both the Naïve Bayes 

classifier and the K-means cluster. The grades in the dataset are the labelled classes in the classifier. The dataset is split 

into training and testing sets; the two parts have a percentage ratio of 70% and 30%, respectively. Python Jupyter 

notebook and Weka were used to evaluate both Naïve Bayes and K-means, and in both validations, the Naïve Bayes 

showed more accuracy and efficiency in predicting students’ academic performance. The results shows that Naïve 

Bayes has an accuracy of 92.6%, an incorrect instances of 7.4%, a total number of respondents with correct instances 

of 165 (predicted students with CGPA greater than 2) and a total number of respondents with incorrect instances of 13 

(predicted students with CGPA Less or equal to 2), with a Recall of 96.2%, F1 value of 92.6% and a Precision 89.3% 

while for K-means the model showed an accuracy of 38.9%, an incorrect instances of 61.1%, a total number of 

respondents with correct instances of 69 (predicted students with CGPA greater than 2) and a total number of 

respondents with incorrect instances of 109 (predicted students with CGPA Less or equal to 2), with a Recall of 38.9%, 

F1 value of 38.9% and a Precision 38.9%  while Weka showed that Naïve Bayes has an accuracy of 83.1%, an incorrect 

instances of 16.9%, a total number of respondents with correct instances of 148 (predicted students with CGPA greater 

than 2) and a total number of respondents with incorrect instances of 30 (predicted students with CGPA Less or equal 

to 2), with a Recall of 92.8%, F1 value of 89.5% and a Precision 86.5%  while for K-means Weka showed an accuracy 

of 48%, an incorrect instances of 52%, a total number of respondents with correct instances of 85 (predicted students 

with CGPA greater than 2) and a total number of respondents with incorrect instances of 93 (predicted students with 

CGPA Less or equal to 2), with a Recall of 48%, F1 value of 48% and a Precision 48%  
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6. Conclusion 

The study investigates two (2) algorithms of different categories, one a classifier algorithm (Naïve Bayes) and 

the other a clustering algorithm (K-means). The idea is to help all stakeholders in the educational sector improve the 

outcome of students’ academic performance and also help lecturers improve the way they teach by adapting new 

methods of tutoring their students to improve the outcome of students’ performance. Weka and Python Jupyter 

notebook was used to evaluate both Naïve Bayes and K-means on the dataset, and in both validations, the Naïve Bayes 

showed more accuracy and efficiency in predicting the students’ academic performance. It was found that Naïve Bayes 

gives a better accuracy level for the training and testing set of the dataset than K-means. It is found that the Naïve 

Bayes algorithm is best suited for the model based on the lower mean absolute error and root mean square error than 

k-means. The management of the institution can benefit from analysing and evaluating the results of the model for the 

decision-making process. 
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