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Abstract 

The development of a nation's human capital is intrinsically linked to the quality of its educational systems. In Ethiopia, 

Technical and Vocational Education and Training (TVET) program is a crucial of this development. It is the source for the 

much-required middle level highly skilled oriented professionals. In this respect the Certificate of Competence (COC) 

assessment serves as a critical gateway for graduates to succeeds. This study explores the application of machine learning (ML) 

techniques to predict student performance in COC examinations. The aim of the paper is to identify key predictive factors in 

COC that helps enhance educational outcomes. The study utilizes a dataset of 19,680 student records obtained from Addis Ababa 

Occupational Competency Assessment and Certification Center. Various ML classification models employed including Random 

Forest, K-Nearest Neighbors (KNN), Neural Networks, and Support Vector Machines (SVM). The main activities of the study 

pertaining on the model are rigorous data preprocessing and feature engineering and model training and evaluation using 10-fold 

cross-validation. Regarding the result most models score a high result – on average scoring around 95% accuracy. The actual 

predication of the model involves predicting whether a student will be "Competent" or "Not Yet Competent". The feature 

Practical result is identified as the most significant predictor of success. This study demonstrates the robust potential of ML to 

transform raw educational data into actionable insights. This enables TVET institutions to implement timely interventions, 

optimize resource allocation, and ultimately improve student success rates, thereby contributing to Ethiopia's broader 

socioeconomic development goals. 
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1. Introduction 

A key factor that spur development of a country is educa-

tion. Education is the pillar of development specially for a 

country like Ethiopia where human-capital is very low. In the 

area of globalization, ICT and AI if due attention if great 

attention is not paid to Education then development in any 

aspect is unimaginable. The Technical and Vocational Educa-

tion and Training (TVET) in Ethiopia play a key role in fos-

tering education in addition to existing higher education. This 

program plays a vital role in equipping individuals with 

practical skills necessary for country development. A crucial 

component of the TVET program is its assessment, that 

measure students‘ performance. The main performance as-
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sessments used in the TVET program is the Certificate of 

Competence (COC) examination, which assesses both prac-

tical skills and knowledge theoretical knowledge of students. 

Machine learning and educational data mining are very 

useful in analyzing education data. Analyzing education data 

helps to gain useful insight that improve and enhance stu-

dents‘ performance. This is done by analyzing education data 

to uncover patterns, trends, and insights. Machine learning 

algorithms helps to determine the key factors that affect per-

formance of a students and advise interventions based on 

these key factors. By conducting continuous assessments of 

students‘ performance using ML models it possible to enhance 

students‘ performance. In summary it can be conclude that the 

application of techniques from data mining, machine learning 

and statistics in education setting such as in TVET enhance 

the overall education quality greatly [1]. Student success 

predication, early interventions, improve teaching strategies, 

curriculum optimization, resource allocation are major tangi-

ble benefits [2]. 

Employing ML and EDM for predicting students‘ academic 

and competence performance by analyzing vast amounts of 

educational data to identify patterns and trends. This provide 

data driven decision to improve student performance. For 

instance, ML this helps in identifying students who struggle 

academically and to conduct early intervention. By analyzing 

individual student behavior ML can recommend tailored 

learning strategies to improve individual performance. In 

addition, ML helps track skill development, making sure that 

students master concepts before progressing. There also other 

tangible benefit of predicating students‘ academic perfor-

mance.Educational performance prediction has been widely 

studied using machine learning techniques across various 

educational levels [11, 13]. 

COC assessments is critical for TVET graduates in Ethio-

pia. For instance, it servers as gateway to employment and 

further studies. Accurate prediction of COC results can help 

Technical and Vocational Education and Training institutes to 

provide timely interventions. It also helps these institutes to 

refine their teaching method based on the student performance 

insight. Better carrier guidance and optimized resource allo-

cation based on the predicted performance insight are other 

benefits. Thus the objective of this study is to assess the COC 

results of students in Addis Ababa in order to enhance their 

performance on COC results. By identifying patterns exists in 

the COC related data, it tries to identify factors that affect 

performance using machine learning techniques 

2. Related Works 

The availability of educational data in education institution 

which the result of automation in education institution is one 

factor that lead to emergence of EDM and the use of machine 

learning in education. Recent advancement in AI specially in 

ML and deep learning is another factor that lead interest in this 

area. In Ethiopia the introduction of automation to support 

performance recording provides an opportunity for interested 

researchers to conduct a study on students‘ performance using 

ML and EDA techniques. There are researches that are con-

ducted in this respect [5-7]. 

In this section of the paper we present a literature review 

related in to the use of ML and EDA in educational sector. We 

try to show the importance and benefits of ML and EDA 

techniques in this sector by presenting related papers. We also 

indicate the methodologies and related strategies (for instance 

the actual ML algorithm used, etc.) employed by different 

researchers. 

1) Prediction of Students Performance using Machine 

learning by J. Dhilipan et al 

The article by Dhilipan et al. (2021) [3] mentions that pre-

dicting student performance is challenging due to lack of large 

datasets and lack of established frameworks. According to the 

author the proliferation of machine learning techniques are 

crucial tools in predicting student performance [9, 14]. The 

related work section of this article talks about previous studies 

on predicting students‘ performance using decision trees, 

clustering, and other ML algorithms like Naive Bayes and 

SVM. Some studies achieved around 89-90% accuracy. 

The methodology section states data collection, feature 

transformation, model training, and deployment. Regarding to 

the data collection authors collected student marks of 10
th

 and 

12
th

 grades and previous semester. One issues that may be 

raised here is that, the authors did not specify how they col-

lected the data. Also, the features used are only academic 

marks and attendance, but other factors like socio-economic 

status or engagement weren‘t considered, which could im-

prove predictions. Then they conducted feature engineering 

which is used to transform raw data into predictive feature. 

They tested several machine learning models: Binomial Lo-

gistic Regression, Decision Tree, Entropy, and K-NN. Though 

they compare different algorithms they did not mentions how 

they split the data into training/testing. 

Regarding the result and findings, highest accuracy was for 

Binomial Logistic Regression at 97.05%, followed by K-NN 

at 93.71%, Entropy at 91.19%, and Decision Tree at 88.23%. 

Here logistic regression outperforms prior studies, this is one 

of the strengths of the paper. Another strength of the work is 

that that author has constructed a software system which make 

use of the model to predict at-risk students using low marks 

and attendance. 

The study contributes a practical framework for predicting 

student performance in academic institutions but has critical 

limitations: 

a) Small sample size (e.g., 34 samples in K-NN results) 

risks overfitting. 

b) Lack of detailed data preprocessing and validation 

steps hampers replication. 

In conclusion the article demonstrates the viability of ML in 

academic prediction, particularly with Logistic Regression. 

Nonetheless, future research should 

a) Expand datasets with demographic and behavioral 
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features. 

b) Validate models through cross-institutional studies. 

2) Prediction of Student's Performance Using Machine 

Learning by Nupur Chauha et al 

Another paper in the area of students‘ performance predi-

cation by ML is the paper by I. Nupur Chauha et al [4]. Most 

of the section on this paper focus on literature reviews and 

survey. Here is a summary of the review of the paper. 

One early pioneer in student performance predication using 

ML was a study by Paulo Cortez and Alice Silva back in 2008. 

They came up with a way to predict student performance by 

looking at how students behaved when using online learning 

systems. They found that tracking things like how students 

interact with these systems, alongside their academic records, 

was really important for predicting their success. By using 

clever methods, they were able to get over 80% accuracy in 

their predictions. They even saw a significant boost in accu-

racy, up to 25.8%, when they used "ensemble meth-

ods"—which basically means combining several ML models 

to get a better overall prediction. 

Another important contribution came from Bertram 

Haskins in 2017. Haskins explored using artificial neural 

networks (ANNs) and decision trees to spot students who 

might be struggling. Their study showed pretty good accuracy 

(over 77%) and sensitivity (over 83%). This research really 

highlighted that ML isn't just about predicting outcomes, but 

also about helping teachers take better decisions and give 

students personalized support. 

When it comes to the actual ML methods, classification and 

regression are the most common. Classification models help 

identify things like who might drop out of school. For exam-

ple, Dekker and others (2009) used classification to pinpoint 

dropout risks. Abu Amrieh and colleagues (2016) made these 

predictions even more reliable by using ensemble methods. 

Regression models, on the other hand, are great for predicting 

continuous outcomes, like a student's GPA. Thai-Nghe and 

others (2011) used multi-relational factorization models to 

predict student grades, showing how things like course diffi-

culty and student aptitude influence results. More recent 

studies, such as one by Prasad and Remya (2018), confirmed 

that linear regression and support vector machines (SVMs) 

are very effective for analyzing large academic datasets. [18, 

16] 

A recurring theme in all these studies is the importance of 

"feature engineering". Pojon (2017) showed that including 

details like historical academic records and participation in 

extracurricular activities really made a difference in predic-

tion accuracy. Cortez and Silva (2008) also found that be-

havioral data, such as how often students log in or turn in 

assignments, could boost prediction accuracy by a significant 

22–25%. 

Traditional systems often just tell you if a student will pass 

or fail, which isn't always helpful in practice. More recent 

developments are trying to offer dynamic support. Xu and 

colleagues (2015) came up with a prediction system that 

adapts as a student's performance changes. The current study 

by Chauhan et al. (2019) builds on this by using multiple 

linear regression (MLR) to predict GPA and then suggests 

targeted tutoring based on a student's specific academic 

weaknesses. They tested this approach with computer science 

students and found that internal assessment scores (like marks 

from theory exams, practicals, and vivas) were strong pre-

dictors. Their system showed very low error rates and high 

accuracy. 

In conclusion, the paper states that predicting student per-

formance is evolving. According to the paper there is a move 

away from simple pass/fail models to more sophisticated 

systems that can provide detailed insights and offer practical 

recommendations. While good ML algorithms and careful 

feature engineering are still crucial, the ability to give students 

personalized support, like tutoring, marks a significant step 

forward. Future research might explore combining insights 

from student behavior with real-time performance tracking to 

create even more effective ways to help students succeed [10, 

20]. 

Predication of students‘ performance using ML has been 

conducted by different researchers in Ethiopia. Most of these 

research focus using either data mining or machine learning 

approaches. Below we provide the review of three local re-

search papers in the area related with this. 

3) Students’ Performance Prediction based on their Aca-

demic Record by Berhanu, Fiseha et al 

This paper with a title ―Students’ Performance Prediction 

based on their Academic Record‖ [5, 20] aims to deeply un-

derstand students and their education setting in order to im-

prove academic performance. The authors take the advantage 

of the increased data in educational environment which is 

required both in data mining and machine learning. The main 

method used in the study use Educational Data mining (EDM) 

which is the application of data mining in educational setting. 

They have used 5 years (2009-2014) academic related data 

of undergraduate student from the department of Horticulture 

in Dilla University. The dataset includes two type of data. One 

of the data set is about students‘ academic performance before 

joining the Institution which has 8 attribute and the other is 

students‘ five-year academic performance in the Institution 

(49 attribute). After conducting extensive data pre-processing 

to prepare the data for EDM, they have trained their model 

using decision tree. 

Specifically, a decision tree algorithm is implemented using 

RM tool, on pre-processed 49 attributes of 199 records; a total 

of 27 rules were generated. The result of decision tree model 

reveals that specific courses, student academic status in 1st 

and 2nd year and sex are attributes that determine the per-

formance of student. [15, 19] 

Regarding the effectiveness and efficiency of the model, 

they computed it in terms of recall and precision. Based on the 

year of the students in the Institution, precision range from 60% 

to 89% while recall ranges from 79% to 100%. The overall 

accuracy of the model is also calculated to be 84.95%. 
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The main limitation of the paper is the number of datasets 

used for training. The dataset size (199) is very small for most 

machine learning algorithms. In addition, the dataset does not 

have diversity only limited to a single University student 

which reduces its generalizability. 

4) Analysis and Prediction of Students‘ Academic Perfor-

mance Using Machine Learning Approaches by Wayesa 

Fikadu et al 

Another research related on predication of academic stu-

dents‘ using machine learning approach is the research by 

Girman and Fekadu from Wachemo University, Ethiopia [4]. 

[17] Their research paper entitled ―Analysis and Prediction of 

Students’ Academic Performance Using Machine Learning 

Approaches‖ employees machine learning methods. The re-

search objective is to analyse and predict at-risk students 

using machine learning classification models (Decision Tree, 

Naive Bayes, and K-NN) to provide early warning systems 

[21, 11]. They aim to answer three research questions about 

important predictive factors, the best ML model, and how 

stakeholders can use this information. 

The paper starts by discussing how machine learning is 

transforming education through personalized learning plat-

forms. The authors highlight challenges in predicting per-

formance due to various internal and external factors affecting 

students. They position their work as using a hybrid approach 

combining both academic and non-academic data. 

The methodology section describes their process: problem 

identification with domain experts, data collection from both 

internal university systems and external questionnaires, pre-

processing (cleaning missing values, normalization), feature 

extraction, and model training/testing with an 80- 20 split. 

They used RapidMiner for preprocessing. 

The data section is quite detailed. They collected data from 

5,000 students (though only 3,200 completed questionnaires). 

The dataset combines internal academic records (CGPA, 

attendance, etc.) with external factors from questionnaires 

(demographics, habits, environment). They organized these 

into 7 classes with numerous parameters. 

For methods, they implemented three classification algo-

rithms: Decision Tree (using gain ratio), Naive Bayes, and 

K-NN. Evaluation metrics included accuracy, precision, recall, 

and F1-score. They tested models separately on academ-

ic-only, non-academic-only, and mixed data. 

The results show K-NN outperformed others significantly 

with 100% accuracy on mixed data. Decision Tree achieved 

84.34% and Naive Bayes 81.32% on mixed data. 

Key findings emphasize that mixed data (academic + 

non-academic) yields best results, with K-NN being the most 

accurate model. They note that data integration matters more 

than algorithm choice for prediction quality. The 100% K-NN 

accuracy seems unusually high - possibly due to data char-

acteristics or preprocessing. 

This paper is not without limitation. The most obvious 

limitation is the data constraints due to COVID-19 in data 

collections, which likely affected both the quantity and quality 

of data. The geographic limitation to a single Ethiopian uni-

versity (Wachemo University) is significant too - cultural, 

educational, and socioeconomic factors specific to this con-

text may limit generalizability. Technically, the exclusion of 

modern algorithms like neural networks or ensemble methods 

feels like a methodological limitation, especially since they 

cited deep learning in future work. The 80/20 train-test split 

without k-fold cross-validation might raise eyebrows for ML 

practitioners too. 

5) Analysis and Prediction of Students‘ Academic Perfor-

mance Using Machine Learning Approaches by Jewar 

Mohammed et al 

Another paper related to the use of machine learning make 

decision that checks student achievement is the paper by 

Jewar Mohammed; Amanuel Ayde; Muktar Bedaso with a 

title 

―Predicting Undergraduate Students' Achievement In 

Ethiopian Higher Learning Institutions By Employing A 

Machine Learning Approach‖ [5]. This master thesis is aimed 

at finding out the important factors that determine student 

achievement from data in electronic academic records. The 

second aim of the study is identifying the important machine 

learning algorithms for predicting students‘ academic 

achievements. 

The researcher employed the design science research (DSR) 

method for conducting the study with the following five steps 

Data Collection: Gathering data (from selected universities), 

Data Preprocessing: Cleaning the dataset by removing noisy 

profiles, completing missing information, and eliminating 

unnecessary data. The researcher also conducted feature se-

lection which involves identifying the most applicable fea-

tures to achieve optimal accuracy for the classifier model, 

using Recursive Feature Elimination (RFE) to determine 

variables that contribute most to predicting the target attribute. 

Finally, model is constructed which involves building ma-

chine learning models (Decision Tree, Logistic Regression, 

Random Forest, K-Nearest Neighbors) to predict student 

achievement, with data split into 80% for training and 20% for 

testing). The final step is model evaluation comparison. The 

model comparison findings indicated that the Random Forest 

classifier was the most appropriate for the given datasets, 

consistent with other research suggesting its reliability and 

strong predictive power. Specifically 

a) Random Forest: Achieved 100% accuracy in several 

experiments with different random state values (e.g., 

random state = 0, 4, 10). The average accuracy for 

Random Forest with 10-fold cross-validation was 

99.2%. It also showed 100% in precision, recall, and 

F1-Score. 

b) K-Nearest Neighbor (KNN): Achieved accuracies of 

93.7%, 95.5%, 94.9%, and 95.5% for experiments 

with random states 0, 10, 20, and 40 respectively. Its 

10-fold cross-validation accuracy was 93.9%. 

c) Logistic Regression: Achieved 99% accuracy with a 

random state of 4 and 98.9% with a random state of 
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10. Its 10-fold cross-validation accuracy was 78.8%. 

d) Support Vector Machine (SVM): Achieved 97% ac-

curacy with random state 0, 96% with random state 4, 

and 95.9% with random state 10. Its 10-fold 

cross-validation accuracy was 99.3%. 

e) Naïve Bayes: Achieved 94% accuracy with random 

state 0, 62% with random state 4, and 64% with 

random state 10. Its 10-fold cross-validation accuracy 

was 63.8%. 

The study also identified significant factors influencing 

student achievement. Specifically the listed out the top ten 

attributes affecting student achievement. 

Like the other previous paper this paper has also limitation 

of its own. A key limitation highlighted by the researcher is 

the absence of certain important attributes in the database that 

could significantly aid decision-making. Another limitation is 

related with the scope of the study. The study's scope was 

restricted to predicting undergraduate student achievement 

using data from the student registry systems of Bonga Uni-

versity and Mizan Tepi University. While these universities 

were chosen for their representativeness of similar institutions 

and diverse student backgrounds, the findings are assumed to 

be valid inputs for other universities. 

Student Performance Prediction Model using Machine 

Learning Approach: The Case of Wolkite University by 

Erimiyas Birihnu et Al 

This is a similar research [8, 12] to the previous research 

summarized in this study that uses similar approaches and 

similar research question only the data used is different – the 

case of Wolkite University. The purpose of the study is to 

predict student performance in college of computing student 

at Wolkite University based on students‘ previous GPA and 

course taken by students. Specifically, the objective of the 

study was 

a) Apply ML classification techniques to historical stu-

dent transcript data. 

b) Evaluate the predictive accuracy of Neural Networks 

(MLP), Naive Bayesian (NB), and Support Vector 

Machines (SMO - Sequential Minimal Optimization). 

c) Identify the most effective algorithm for this specific 

context and dataset. 

The dataset used for the study is obtained from Wolkite 

University Registrar database pertaining to college of Com-

puting and Informatics. data from the four department in the 

Computing and Informatics College for the period of 

2004-2007 is used in the study. The study uses transcript data 

from 993 students across these four departments in the Col-

lege of Computing and Informatics from 2004 to 2007 EC 

(Ethiopian Calendar) 

The researchers used three machine learning algorithms: 

Neural Networks (MLP), Naive Bayesian, and Support Vector 

Machine (SMO). They implemented these in WEKA software 

- is developed and used at the University of Waikato in New 

Zealand -and evaluated performance using 10-fold 

cross-validation. 

The key finding was that Naive Bayesian outperformed the 

other methods, achieving up to 95.7% accuracy for Infor-

mation Technology students in 2006. 

Neural Network (MLP): Achieved moderate accuracy 

(45.7% - 80.6%), but had the longest execution times (1.39 - 

11.77 seconds), scaling with data size/complexity. 

Support Vector Machine (SMO): Achieved moderate ac-

curacy (51.4% - 83.9%), with execution times faster than 

MLP but slower than NB (0.05 - 0.16 seconds). 

Limitation of the study include 

a) Limited Scope in terms data used for the study- they 

use only one college from out of seven college ex-

isting in the University 

b) Data factor: The study employed only academic 

transcript data (grades and GPS). Other important 

non-academic or psychosocial factors known to in-

fluence performance (e.g., socioeconomic back-

ground, motivation, learning environment, teaching 

quality, student engagement) is not used for the study. 

c) Algorithm Scope: Only three ML algorithms were 

evaluated. Exploring other algorithms (e.g., Random 

Forests, Gradient Boosting, Deep Learning) or en-

semble methods could potentially yield further im-

provements. 

In summary the paper as a significant case study for re-

searchers focusing on Educational Data Mining (EDM) in 

developing higher education contexts. Though the paper uses 

modest data for developing a model, it is highly recommended 

and advised to extend the research by extending the data to 

include other non-academic data and to include student rec-

ords from other colleges and department. In addition it also 

recommended to include other ML algorithms including en-

semble methods. 

Table 1. Summary of Literature Review. 

No Author and Year Feature Size Dataset Size 
Machine Learning Algo-

rithms 

Best Algo-

rithm 

Best Algorithm 

accuracy (%) 

1. 
J. Dhilipan et al 

(2021) 
Not stated Not stated 

Binomial Logistic Regression, 

Decision Tree, Entropy, and 

K-NN 

Binomial 

Logistic 

Regression 

97.05% 

2 Nupur Chauha et Not stated Not stated KNN, Decision Tree, SVM, Multiple 94% 
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No Author and Year Feature Size Dataset Size 
Machine Learning Algo-

rithms 

Best Algo-

rithm 

Best Algorithm 

accuracy (%) 

al (2019) Random Forest, Multiple 

Linear Regression 

Linear 

Regression 

3 
Berhanu, Fiseha et 

(2015) 

One of the data types 

has 8 attributes and 

the other data type has 

49 attributes 

199 

records 
Decision tree 

Decision 

tree 
84.95% 

4 
Wayesa Fikadu et 

al (2023) 

They organized fea-

tures into 7 classes 

with numerous param-

eters 

3,200 

records 

Decision Tree, Naive Bayes, 

and K-NN 
KNN 100% 

5 
Jewar Mohammed 

et al (2020) 
  

Random Forest, K-Nearest 

Neighbors (KNN), Logistic 

Regression, Support Vector 

Machines (SVM), Naive 

Bayes 

  

6 
Ermiyas Birihanu 

et al (2017) 

34 features were col-

lected and 11 features 

used for model train-

ing 

1071 record 

Neural Net (MLP), Naïve 

Bayesian, Support Vector 

Machine 

Naïve 

Bayesian 
90.21% 

 

3. Objective of the Study 

3.1. General Objective 

The general objective of this paper is to evaluate and pre-

dict the academic performance of students taking the Certif-

icate of Competence (COC) in Ethiopian TVET institutions 

by employing machine learning techniques. The dataset for 

this study is obtained from Addis Ababa Occupational Com-

petency Assessment and Certification Center (OCACC). This 

study tries to identify patterns in the dataset that is useful for 

analyzing factors affecting a students‘ performance. Specifi-

cally, this paper explores the application of ML to develop a 

predictive model for COC assessment results. The model aims 

to forecast outcomes and guide students in improving their 

performance through adaptive recommendations 

3.2. Specific Objectives 

To achieve the general objective, this study aims to: 

1) Determine important attributes that influence the com-

petence performance of students in the TVET sector. 

2) Prepare and preprocess the TVET student dataset for 

machine learning model building and training. 

3) Determine the appropriate machine learning algorithms 

for predicting student competence in the TVET context. 

4) Evaluate the performance of the developed predictive 

models for student competence. 

4. Research Methodology 

This section presents the dataset description, prepro-

cessing techniques, prediction models, and evaluation 

strategies used in this study. 

4.1. Dataset Identification and Structure 

The dataset used for the project is TVET student data. This 

data is categorized into: Training-related Information (type of 

training, mode of training, training start, training end, practi-

cal result), application and enrollment details (applied by, 

applied for, applied for uc, application), personal and demo-

graphic information (age, sex, marital status, disability, edu-

cational level), employment information (employment con-

dition, main sector) of each student. Specifically, the data used 

in this paper is data from all students registered for training in 

2019 GC in TVET education center in Addis Ababa. 
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Table 2. The following table provides descriptions for the field of the data. 

 Field Name Data Type Description 

1 Sex string gender of candidates. 

2 Age int age of the candidates. 

3 Practical result string candidates' practical result (satisfactory/ unsatisfactory). 

4 Disability string whether candidate has disability or not. 

5 type of training string 

it indicates the type of training the candidate has taken it may be formal training, 

informal training, or short-term 

training 

6 Applied for string 
whether candidates applied for practical knowledge or 

both practical & knowledge. 

7 Applied for uc string 
Describes whether the candidate applied for a Unit of 

Competency or a Qualification. 

8 Applied by string 
Indicates whether the candidate applied individually or 

through a college. 

9 Mode of training string describes how the candidates learned their education. 

10 
Employment 

condition 
string 

Indicates the employment status of the candidate 

(employed or unemployed). 

11 Education level string contains candidates' education level. 

12 Application string Specifies whether the candidate's application is new or a re-application. 

13 Status string 
Describes the final assessment result (Competent or Not 

yet competent). 

14 Marital status string candidates‘ marital status. 

15 Training start string Start date of the training. 

16 Training end string End date of the training. 

 

The actual data incorporated in the study is found from 

population datasets of all TVET institutions in Addis Ababa in 

excel format. The files were organized according to the rec-

orded month in different folders and the excel files classified 

based on sub-city. The file naming and the features/columns 

naming were inconsistent. Records for nine months in folders 

are January, February, March, JULY, AUGEST, SEPTEM-

BER, OCTOBER, NOVEMBER and DECEMBER. A total of 

40 excel files with combined size of 22.2 MB was source of 

the original data. Since the dataset includes all TVET data for 

Addis Ababa in year 2019, it could be considered as popula-

tion data for Addis Ababa year 2019. The preprocessing sec-

tion states in detail on how the preprocessing is done. The 

total number of records acquired for the study is only 19,680 

records is used for the study. 

4.2. Data Pre-processing 

The preprocessing is conducted on the 19,680 data that all 

the value for 16 features. One of the challenges encountered in 

this study was that the acquired data was not ready for im-

mediate processing. As stated in the previous section, the data 

was scattered across various Excel files. The major problems 

and difficulties with the data include the following: 

1) Sex column used different formats such as F, M, female, 

male, Male, and Female. 

2) Data inconsistency and spelling error in the field mode 

of training and type of training 

3) Various type of data inconsistency among different file 

for the field employment condition 

4) Marital status field also contained inconsistent repre-

sentations. 

5) Format inconsistency exists across different excel files 

6) High volume of missing data. For instance, fields such 

as wereda, knowledge result, city, and region had a sig-

nificant number of missing values. 

7) Typographical and spelling errors in some of the data. 

8) Some fields had completely missing values 
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The data profiling, which is part of Exploratory Data 

Analysis (EDA), serves as an initial step to provide an over-

view of the dataset. Importantly, it helps identify the prepro-

cessing tasks required. This data profiling was conducted 

using the ‗ydata-profiling‘ package in Python. We converted 

inconsistent data into standardized values. Additionally, we 

dropped some columns such as woreda, city, and region due to 

a high volume of missing data. Rows with missing values in 

critical fields were also removed from the dataset. 

One important step in preprocessing is encoding categorical 

values into numerical values. Most columns in our dataset 

contain categorical data. We encoded these into a consistent 

numerical format — for example, 'Female' = 0 and 'Male' = 

1. The remaining categorical fields were encoded in a similar 

manner. 

We also normalized the data in our dataset using ‗Stand-

ardScaler ()‘ package in python to bring all features to a sim-

ilar scale. Scaling ensures that each feature contributes 

equally to the model, prevents features with large values from 

dominating, and helps algorithms converge faster and more 

reliably. 

The result of the preprocessing and EDA (Explanatory Data 

Analysis) is expressed in the ydata result attached with this 

report. 

 
Figure 1. The result of the preprocessing and EDA. 

4.3. Prediction Models 

To predict students' academic performance, we used vari-

ous machine learning models, including Random Forest 

Classifier, Decision Tree, K-Nearest Neighbors (KNN) Clas-

sifier, Naïve Bayes Classifier, Neural Network, Support 

Vector Machine (SVM), and Logistic Regression. Random 

Forest is an ensemble learning method that builds multiple 

decision trees and merges their outputs. It works well with 

both categorical and numerical data and handles missing 

values and outliers effectively. Since we encoded our data to 

numerical data, this model can work in our case. A Decision 

Tree is a simple, tree-like structure where data is split based on 

decision rules derived from feature values. We thought that 

this model can work well in our case because the nature of our 

data is fine for this model. KNN model does not create the 

learning model instead it uses previous data (training data) to 

classify new coming data (testing data) based on the majority 

class of its 'k' nearest neighbors. It works well with 

well-structured data but can be sensitive to feature scaling and 

irrelevant features. The Naïve Bayes Classifier is a probabil-

istic machine learning algorithm based on Bayes‘ Theorem, 

which describes the probability of a class given some ob-

served features. Since our data is mostly categorical it calcu-

lates the probabilities of co-occurrences from the previous 

data, and work on that way. Neural Networks are inspired by 

the human brain and consist of interconnected layers of nodes 

(neurons). They can capture complex patterns in data but 

require more computational power and data. They perform 

well in high- dimensional and non-linear problems. SVM aims 

to find the optimal hyperplane that best separates classes in 

the feature space. It is effective in high-dimensional spaces 

and performs well even when the number of features exceeds 

the number of samples. Logistic Linear Regression is a linear 

model used for binary or multi-class classification. 

We split our dataset into training and testing sets using 

10-fold cross-validation. In this approach, the data is divided 

into 10 equal parts (folds). In each iteration, one-fold is used 

as the test set while the remaining nine folds are used for 

training. The model is trained and evaluated 10 times, each 

time with a different fold as the test set. Finally, the average 

performance across all 10 folds is calculated to provide a more 

reliable estimate of the model‘s effectiveness. 

5. Results and Discussion 

This section provides the performance result we get from 

the experimentation on each model in terms of accuracy, 

precision, recall and f1-score and we compared previous 

results with our model performance. 

Random Forest Classifier 
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Figure 2. Random Forest Classifier. 

The Random Forest Classifier achieved an overall accuracy 

of 95%. Both classes, 'Competent' and 'Incompetent', show 

strong precision, recall, and F1-scores, all around 0.94-0.96. 

This indicates a well-balanced performance in correctly 

identifying both categories of student performance. The 

macro and weighted averages further support this consistent 

performance across classes. 

KNN 

 
Figure 3. The KNN classifier. 

The KNN classifier also demonstrated a high overall ac-

curacy of 95%. For Class 0 ('Incompetent'), the recall is 

slightly lower at 0.93 compared to its precision of 0.96. 

Conversely, Class 1 ('Competent') shows a higher recall of 

0.97 with a precision of 0.94. Despite these minor variations, 

the F1-scores for both classes are identical at 0.95, indicating 

good overall effectiveness. The macro and weighted averages 

confirm this strong performance. 

Neural Network 

Neural Network is another model we used in this paper. It is 

capable of learning complex patterns from the data through 

multiple layers of interconnected neurons. After training the 

model on our dataset, we evaluated its performance and 

gained the following results: 

 

Figure 4. Neural Network 

The Neural Network model also achieved an accuracy of 

95%. It shows very high precision (0.98) for Class 0 ('In-

competent') but a slightly lower recall (0.93) for this class. For 

Class 1 ('Competent'), it has high recall (0.98) and a precision 

of 0.94. The F1-score for Class 1 is slightly higher (0.96) than 

for Class 0 (0.95). The macro and weighted averages (preci-

sion 0.96, recall 0.95, F1-score 0.95) indicate robust perfor-

mance. This model appears particularly strong at correctly 

identifying 'Competent' students (high recall for class 1) and 

ensuring that students classified as 'Incompetent' are indeed so 

(high precision for class 0). 

Naïve Bayes Classifier 

We also checked Naïve Bayes Classifier in our work and 

get the following results. 

 
Figure 5. The Naïve Bayes Classifier. 

The Naïve Bayes Classifier achieved around (95%). It 

shows high precision (98%) for Class 0 (Incompetent) but low 

recall (0.91). For Class 1 ('Competent'), it has high recall 

(0.99) and a precision of 0.92. 

SVM 
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Figure 6. SVM. 

The Support Vector Machine (SVM), achieved around 

(95%). It shows high precision (100%) for Class 0 (Incom-

petent) but low recall (0.90). For Class 1 ('Competent'), it has 

high recall (1.0) and a precision of 0.92. 

Linear Regression 

 
Figure 7. The Linear Regression. 

The Linear Regression achieved around (95%). It shows 

high precision (100%) for Class 0 (Incompetent) but low 

recall (0.90). For Class 1 ('Competent'), it has high recall (1.0) 

and a precision of 0.92. 

Decision Tree 

 
Figure 8. The Decision Tree. 

The Decision Tree achieved around (94%). It shows preci-

sion (94%) for Class 0 (Incompetent) and recall (95%). For 

Class 1 ('Competent'), it has recall (95%) and a precision of 

95. 

6. Conclusions and Recommendation 

Conclusions 

This paper aimed at conducting academic performance 

evaluation of student in the TVET program through usage of 

various ML techniques. Specifically, by using COC registra-

tion data together with the result, it predicts the COC results. 

The important conclusions drawn from the study are the fol-

lowings 

1) Strong Potential of ML for Enhancing TVET Assess-

ments 

The fact that most of the ML techniques used in the study 

achieved overall accuracies of 95% in predicting COC out-

comes ("Competent" or "Not Yet Competent"), make ML as a 

most suitable method to be used for TVET Assessments. The 

previous section clearly shows that Random Forest, 

K-Nearest Neighbors (KNN), Neural Networks, SVM, Lo-

gistic Regression, and Naïve Bayes have scored around 95% 

in Accuracy, Precision, Recall and F-score. 

2) Critical Predictive Features: 

Practical results ("satisfactory/unsatisfactory") emerged as 

the most influential predictor of COC performance. Other 

significant attributes included training type (formal/informal), 

application mode (individual/college), applied for (practical 

knowledge or both), and demographics (age, sex). 

3) The need of Data pre-processing 

The raw data obtained for the study is highly fragmented 

(the data exist in more than 40 excel files organized in 

sub-city and months- has inconsistency in file naming). In 

addition, there are noises in the data. Inconsistencies in dif-

ferent way and missing data are main problem in the data. 

This necessitate conducting a rigorous data pre-processing 

before conducting any useful model training. 

4) Model Robustness 

Random Forest and KNN exhibited balanced preci-

sion-recall metrics across both classes. This make them ideal 

for identifying at-risk students. SVM and Logistic Regression 

depicts near- perfect recall result for "Competent" students but 

lower recall for "Not Yet Competent," suggesting a trade-off 

between false positives and false negatives 

5) Generalizability 

Despite the high accuracy observed for all of the models 

and despite a large volume of data is used to train the model 

(2012 records), the data and ultimately the model represent a 

single year data -the data from the year 2019. The model must 

include data from other years to make it more generalizable. 

Based on the finding from the study the following recom-

mendation is are made 
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7. Recommendations 

Based on the finding from the study the following recom-

mendation is are made 

The dataset used for study only include training related 

data, very limited demographic data and partial employment 

data, in order to get better insight about students‘ performance 

other data that represent different features need to be incor-

porated. For instance, data that represent socioeconomic, 

behavioral, and past educational achievement such in high 

school are highly recommended to be incorporate. If feasible 

including a real-time engagement data highly enhance the 

performance of the model greatly. 

One limitation of this study is that the data used to train the 

model is only a single year data. This often limit the general-

izability the model. In addition, the data employed is only for 

Addis Ababa. To increase the robustness and generalizability 

of the model, validating the model using multi-year, mul-

ti-regional datasets across the country and spanning different 

time period is recommended for future work 

The literature review mentioned ensemble methods boost-

ing accuracy by 25.8% in Cortez & Silva's study [4], but the 

current research only tested base classifiers without stacking 

or boosting approaches. For future work it is highly recom-

mended to test ensemble methods (e.g., XGBoost) and deep 

learning architectures to address class imbalance (A model 

with 95% accuracy but 90% recall still misses 10% of failing 

students.) and further optimize recall for "Not Yet Competent" 

students. 

In summary this study confirms that ML significantly en-

hance the evaluation and predication of student performance 

in Ethiopian TVET systems. It shows that ML models can 

empower institutions to proactively enhance students‘ out-

come outcomes, optimize resource allocation, and contribute 

to Ethiopia‘s broader socioeconomic development goals. This 

is done by transforming raw educational data into actionable 

insights. Future work should focus on scalable implementa-

tion and continuous model refinement to maximize impact. 
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