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Abstract: An early prediction of students' academic performance helps to identify at-risk students and enables management 
to take corrective actions to prevent them from going astray. Most of the research works in this field have used supervised 
machine learning approaches to their crafted datasets having numerous attributes or features. Since these datasets are not 
publicly available, it is hard to understand and compare the significance of the chosen features and the efficacy of the 
different machine learning models employed in the classification task. In this work, we analyzed 27 research papers 
published in the last ten tears (2011- 2021) that used machine learning models for predicting students' performance. We 
identify the most frequently used features in the private datasets, their interrelationships, and abstraction levels. We also 
explored three popular public datasets and performed statistical analysis like the Chi-square test and Person's correlation on 
its features. A minimal set of essential features is prepared by fusing the frequent features and the statistically significant 
features. We propose an algorithm for selecting a minimal set of features from any dataset with a given set of features. We 
compared the performance of different machine learning models on the three public datasets in two experimental setups- 
one with the complete feature set and the other with a minimal set of features. Compared to using the complete feature set, it 
is observed that most supervised models perform nearly identically and, in some cases, even better with the reduced feature 
set. The proposed method is capable of identifying the most essential feature set from any new dataset for predicting 
students' performance. 
 
Index Terms: Educational Data Mining, Machine Learning, Students performance prediction, Feature analysis, Feature 
selection, Decision Support System. 
 
 

1. Introduction 

Educational data mining (EDM) is the application of data mining and machine learning methods to aid education 
technology. EDM is used to find out interesting patterns and knowledge from students' data with an aim to support decision-
makers at educational institutions in better understanding students' academic progress and achievements, identifying 
customized learning priorities for various student groups, and developing learning strategies accordingly. 

There has been a significant growth of interest among researchers in the last decade in the field of predicting students' 
future performance using supervised machine learning (ML) models. Most of the researchers have conducted classification 
tasks like selecting a student's future grade (multiclass) or detecting whether students will pass or not (binary). On the other 
hand, some of the researchers have performed regression tasks like predicting overall numbers or grade points. In either 
case, the most crucial factor is identifying the proper attributes or features from the student-related information. In the rest 
of the paper, we use the terms' attribute' and 'feature' interchangeably.  

The prediction accuracy of a machine learning model highly depends on the features of the dataset on which it is 
trained. However, most of the researchers in this field have reported their work performed on private datasets having 
numerous attributes. The datasets are prepared from institutional LMS, college/university students' information consists 
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primarily of demographic and academic data. Therefore, it is challenging to analyze the influence of different predictive 
features and performances of different predictive models used in different works.  

Traditionally educational institutions collect large volumes of student-related data according to organizational and 
management policy, often without any specific objective. On the other hand, Learning Management System (LMS) software 
tracks different student information throughout the learning sessions, including grades, attendance, activities, engagements, 
etc. Therefore, appropriate feature selection is vital in designing and predicting models for students' future performance. ML 
algorithms like Logistic Regression (LR), Decision Tree (DT), Support vector Machine (SVM), K-Nearest Neighbor (KNN), 
Naïve Bayes (NB), Random Forest (RF), Adaptive Boosting (Adaboost) are widely used by the researchers for predicting 
students' future academic performance. 

This objective of this work is to develop a methodology for identifying the minimal set of features from student-related 
information that could be used for ML based prediction of students’ performance. The methodology should be able to 
perform generalized feature selection across diverse type datasets. This minimal set of features could be used as a baseline 
to test any performance improvement by the ML model on the inclusion of any unique feature. 

The rest of the paper is organized as follows. Section 2 describes the review of related works. Section 3 depicts the 
methodology in detail. The results and analysis of the empirical study is narrated in section 4. Finally, section 5 concludes 
the paper. 

2. Reviewed Works 

Many researchers have used ML models for predicting students' academic performance from different student-related 
information with or without feature analysis. Han et al. [1] compared the performance of different ML models in predicting 
the GPA grades of undergraduate students in Chinese Universities. They created a dataset with records of 123 
undergraduate students in four-year programs with a total of 20 professional core courses. They analyzed correlation and 
association among the courses for feature selection and observed the highest prediction accuracy of 91.67 % by the 
AdaBoost classifier. Anuradha et al. [2] created a dataset from students' records of three private colleges in the Tamil Nadu 
state of India. They tried to predict the end-semester performance of the students from the previous semester's marks as well 
as the demographic and pre-collegiate characteristics of the students. The authors tested multiple ML models on the Weka 
platform and observed the highest accuracy of 68.3% by the KNN classifier. Osmanbegović et al. [4] tried to determine 
dominant factors in students' performance prediction. They prepared a private dataset of 1210 students' records with 19 
attributes collected from secondary-level schools in Bucharest. They achieved the highest accuracy of 73.2% with the RF 
classifier. Acharya et al. [5] prepared a dataset of 403 students data with 14 attributes collected from undergraduate colleges 
in Kolkata, India. They used chi-square and Information Gain for feature selection. The best classification accuracy is 
reported as 66% by SVM with Sequential Minimal Optimization (SMO) algorithm. Amra et al. [6] presented a student 
performance prediction model using KNN and NB classifier. This work is based on a dataset prepared from students' 
records of secondary schools in the Gaza Strip. The authors performed manual preprocessing by eliminating some of the 
attributes. In the prediction job, the NB model achieved the highest accuracy of 93.6%. Jalota et al. [8] performed two types 
of feature selection- wrapper-based and correlation-based. The dataset is prepared from the users-log of an institutional 
LMS, consisting of 480 records with 14 attributes. The authors reported that SVM and DT worked better with a correlation-
based filter, whereas NB performed well with wrapper-based feature selection. 

On the other hand, some of the predictive models used all the features of the dataset without any feature selection. 
Kabra et al. [7] presented a dataset of 346 students from one Indian institute running an engineering program that includes 
demographic data like category, gender, and past performances at 10th and 12th standards. The prediction is performed with 
a single DT classifier, which achieved 69.94 % accuracy. Devasia et al. [9] worked with a dataset prepared from records of 
700 students and 19 attributes with data collected from Indian Universities. This work reported that the NB classifier 
worked better than the other models in predicting students' performance. Bhardwaj et al. [10] prepared a dataset of 300 
students' with data collected from different degree colleges in India. It recorded the highest prediction accuracy of 86.25% 
by the NB classifier. Pandey et al. [11] integrated three ML classifiers in predicting students' performance from students' 
social and educational background information. A dataset of 600 students' records was collected from different colleges in 
India. A voted aggregation of predictive models achieved the highest accuracy of 87.03%. Abdullah et al. [12] proposed 
students' performance prediction using multi-agent data mining. The authors used a tiny dataset containing 155 students' 
records on a single course. They compared the performance of DT with AdaBoost and observed that the ensemble method 
with 80% accuracy worked better than the single classifier that obtained 74% accuracy.  

Although most of the works in predicting students' performance are classification jobs, some researchers tried to 
predict numeric marks or grade points of the student, which are considered as a regression problem. Arsad et al. [13] 
presented a study on ANN-based prediction of the academic performance of engineering students. The dataset is prepared 
from the students' records from a technical university in Malaysia. The ML model was trained on students' scores on the 
fundamental courses in the first semester to predict the CGPA of the final semester. The best performance is recorded as a 



Towards Finding a Minimal Set of Features for Predicting Students' Performance Using Educational Data Mining 

46                                                                                                                                                                              Volume 15 (2023), Issue 3 

mean squared error (MSE) of 0.0409. Sharma et al. [14] tried to predict students' academic performance based on parental 
influences. The parental factors, like educational background, job, family size, etc., are included in the dataset [15, 16]. A 
linear regression model was used for marks prediction and achieved a root mean squared error (RMSE) score of 3.31.   

Table 1.  Summary of some of the reviewed works 

Study by Country of 
source data 

No. of samples No. of features Attribute types Best predictive 
model 

Highest 
accuracy % 

Han et al. [1] China 123 20 Course performances Adaboost 91.67 
Anuradha et al. [2] India 180 19 Demographic, social, 

family, and academic 
KNN 68.3 

Osmanbegović et 
al [4] 

Romania 1210  19 Demographic,  family, 
and academic 

RF 99.0 

Acharya et al. [5] India 403 14 Demographic and 
activity data 

SVM 66.0 

Amra et al. [6] Palestine 500 8 Course enrollment 
data 

NB 93.6 

Kabra et al. [7] India 346 17 Demographic,  family, 
and academic 

DT 69.94 

Jalota et al [8] India 480 14 Academic 
performances 

SVM 85.8 

Bhardwaj et al. 
[10] 

India 300 17 Demographic, social, 
family, and academic 

NB 86.42 

Pandey et al. [11] India 960 18 Demographic  and 
academic 

DT 98.96 

Abdullah et al. 
[12] 

Saudi Arabia 175 9 LMS data Adaboost 80.0 

Ketui et al [22] Thailand 483 9 Course performances GradientBoost 92.62 
Marbouti et al. 
[24] 

USA 1560 14 Course-related 
assignments and 
quizzes  

Ensemble of 
seven classifiers 

84.6 

Hussain et al. [25] India 300 24 Demographic, 
academic, and 
socioeconomic 

RF 99.0 

Goga et al. [26] Nigeria 5100 9 Demographic and 
educational data 

RF 99.82 

Miguéis et al [27]  Portugal 2459 15 Demographic, 
socioeconomic, and 
educational 
background data 

RF 96.1 

Kotsiantis et al. 
[28] 

Greece 1347 4 Assignment 
performance 

Ensemble of six 
classifiers 

78.95 

 
All the above-discussed works used private datasets in predicting students' performance using ML models. However, 

some of the research works have used public datasets available in Kaggle and UCI for the same task. This work explored 
three popular academic performance datasets; two are available in UCI Repository, and one in Kaggle. Two UCI 
repositories are i) the students' academic performance dataset – Portuguese [29], ii) the students' academic performance 
dataset – Math [29], both having 33 features, and 649 and 395  records, respectively. The other one, iii) student academic 
performance dataset – xAPI [30], is available in Kaggle Repository that has 480 records and 16 features. Nabil et al. [17] 
employed classical ML methods and deep learning algorithm for predicting students' academic performance on the xAPI 
public datasets. They used label encoding to convert categorical data into a numerical features and SMOTE for 
oversampling. They recoded an accuracy of 89%, 76%, and 75% with DL, SVM, and KNN models respectively. In a similar 
work, Ismail et al. [3] presented a comparative analysis of different ML models on the student-por and xAPI datasets with 
an information gain-based feature selection method. They recorded the highest accuracy of 75% and 73% on the Portuguese 
dataset, with RF and DT models, respectively. Similarly, SVM classifiers recorded 70% and 72% accuracy on the xAPI 
dataset, with and without feature selection [18,19,20,21]. 

Researchers have relied on diverse attributes in predicting students' performance; some are very common, and some are 
unique. Selection of attributes ranging from the dataset consisting of only previous exams' marks to the dataset that includes 
accounts in social media, smoking/drinking habits, number of friends, parents' feedback, etc. Since none of the reviewed 
works with private datasets has performed any detailed analysis or ablation study on the used features, it is hard to 
understand their impact and justification for using them in ML-based predictive models. On the other hand, features used in 
the different public datasets also vary significantly, and different researchers have reported different accuracy ranges while 
applying predictive models to them. Therefore, it is important to identify the essential core attributes of student-related 
information that should be used as an optimized feature set for any predictive model. Table 1 represents a summary of some 
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of the reviewed works on private datasets, detailing the origin of the dataset, numbers and types of the attributes, numbers of 
records, best performing ML model, and highest recorded accuracy.  It can be observed that, in general ensemble methods 
performed better than single models. While Adaboost achieved good accuracy with smaller dataset [1,12], RandomForest 
showed better performance both in smaller [25] and larger dataset [26,27]. Naïve Bayes performed better than other single 
models like Support Vector Machine and Decision Tree while working mostly on demographic data [6,10]. Although 
correlation among the attributes is not reported in these works, the success of Naïve Bayes indicates that most of the 
attributes are mutually independent [31].   

3. Methodology 

In this paper, we try to address the problem of finding a minimal set of features that can cover the original feature set 
and predict students' performances with equally good accuracy as using a superset of features.   

 

 
Fig. 1. Framework of the proposed work 

Figure 1 represents the framework of the proposed work. It is composed of three components, namely feature selection, 
predicting students' performance with the entire feature set, and predicting students' performance with the minimal set of 
features. In the feature selection phase, we prepare two feature lists - common features (CF) and significant features (SF). 
CF is prepared by identifying frequently used features in the literature with more than 40% participation in all the reviewed 
works. From the reviewed literature, it is observed that some of these features are unique and can be found only in that 
particular work, e.g., no. of friends and vehicle type. On the flip side, it is also observed that certain personal details are very 
commonly considered, like age, gender, father's education, mother's education, father's occupation, mother's occupation, 
and family income. Academic details like tenth standard grade and twelve standard grade, and CGPA of the previous 
semesters are also commonly used. Some common social factors are identified as locality, wealth, and category. However, 
the same attributes may appear with different names, like the father's qualification in place of the father's education or the 
mother's job instead of the mother's occupation. In addition, two semantically same attributes could appear in different 
forms like age and DoB, marks and grade, country, and nationality.   

Some of the attributes are culture-dependent. For example, parents' marital status in the USA, and Africa, smoking 
habit in Asia and Latin America, drinking habit in Europe and America, category/caste/religion, and family type in India. 
On the other hand, attributes like marital status, scholarship, number of friends, number of siblings, and vehicle type are 
some of the infrequent features used by the researchers. It is also observed that all these wide ranges of attributes used in 
different works are not at the same abstraction level, some are generic, and some are specific. Therefore, this work presents 
an attribute tree that represents levels of abstraction and interrelationships within the attributes. Figure 3 depicts the attribute 
tree where the attributes are categorized into biological, social, family, and academic attributes at the first abstraction level. 
Two further detailed layers are created where the leaf nodes represent the CF used in the reviewed datasets. 

On the other hand, SF is selected from statistical analysis of the features of the three public datasets. The features 
available in the three public datasets are analyzed with Pearson Correlation and Chi-square tests. Pearson correlation 
measures the strength of the linear relationship between two numerical attributes, whereas, Chi-square measures the degree 
of association between two categorical attributes using the null hypothesis testing. The relationship between a feature and 
the target variable is estimated by p-value. A lesser p-value (preferably less than equals to 0.05) indicates the strong 
significance of the attributes. The categorical features are converted into numerical features using label encoding to measure 
correlation coefficients. A high correlation between two features implies linear dependency, i.e., two features would have 
almost the same impact on the dependent variable. Therefore, dropping one of them does not affect the prediction 
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performance of the model. After eliminating highly correlated features and features with higher p-values, we map the rest of 
the features with the already obtained set of commonly used features, CF. We then fuse the two lists, discarding the 
redundant features by semantic analysis, to form a minimal set of selected features (SLF). The proposed algorithm for 
preparing and selecting SLF from any dataset is narrated below.  

 
Algorithm1 Algorithm for selecting a minimal set of features 
Intialization let U ={all the attributes in all the reviewed works} 

let SF={} 
let CF={} 
let SLF={} 
let thres_corr=0.7 
let thresh_sig=0.05 
let sigma= 0.4 

1.  for each reviewed paper R 
2.  for each attribute A reported in R 
3.  A+= {all semantic equivalents of A} 
4.  for all a in A+ 
5.  if a ∉ CF then 
6.  CF= CF ∪ A 
7.  endif 
8.  for each public dataset D 
9.  for each attribute A reported in D 
10.    p-value= chi-square (D, A) 
11.  if p-value ≤ thresh_sig then 
12.   SF= SF ∪ A 
13.  endif 
14.   for each attribute B in {SF-A} 
15.  corr-value= pearson-correlation (D,A,B) 
16.  if corr-value ≥ thres_corr then 
17.   SF= SF- B 
18.  endif 
19.  for each attribute T in a new dataset S 
20.   T+ = {all semantic equivalents of T}  
21.   for any attribute t in T+  
22.  if t ∈ CF or t ∈ SF then 
23.   SLF= SLF ∪ T 
24.  endif 

 
Finally, an empirical study is performed with different ML models tested on three public datasets in two experimental 

setups - first with all the features and then with SLF. The model's efficiency in predicting student's performance is evaluated 
in terms of four evaluation metrices, namely, accuracy (AC), precision (PR), recall (RC), and F1-score (F1). All these 
metrices are calculated using four fundamental measures- true positive (TP), true negative (TN), false positive (FP), and 
false negative (FN).  
 

𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴(𝐴𝐴𝐴𝐴) = 𝑇𝑇𝑇𝑇+𝑇𝑇𝑇𝑇
𝑇𝑇𝑇𝑇+𝐹𝐹𝐹𝐹+𝑇𝑇𝑇𝑇+𝐹𝐹𝐹𝐹

                                                                     (1) 
 

𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃(𝑃𝑃𝑃𝑃) = 𝑇𝑇𝑇𝑇
𝑇𝑇𝑇𝑇+𝐹𝐹𝐹𝐹

                                                                           (2) 
 

𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅(𝑅𝑅𝑅𝑅) = 𝑇𝑇𝑇𝑇
𝑇𝑇𝑇𝑇+𝐹𝐹𝐹𝐹

                                                                              (3) 
 

𝐹𝐹1 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠(𝐹𝐹1) = 2 ∗ 𝑃𝑃𝑃𝑃∗𝑅𝑅𝑅𝑅
𝑃𝑃𝑃𝑃+𝑅𝑅𝑅𝑅

                                                                         (4) 
 

The choice of the ML models as Logistic Regression (LR), K-Nearest Neighbor (KNN), Naive Bayes (NB), Decision 
Tree (DT), Support Vector Machine (SVM), and Artificial Neural Network (ANN), and ensemble methods as Random 
Forest (RF), and Adaptive Boosting (AdaBoost) is based on the most commonly used models in the reviewed works.    
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Logistic Regression: LR is a basic ML algorithm frequently used in classification tasks in education technology. The 
logistic function is used in the model's core to estimate the probability of a target class based on a linear combination of 
predictor variables or features. This work employs a cost function called Cross-Entropy, called Log Loss, to estimate 
prediction error. The average cost of all the predictions is referred to as the loss function (equation 5). 
 

𝐽𝐽(𝜃𝜃)  = 1
𝑛𝑛
∑ 𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶(ℎ𝜃𝜃�𝑥𝑥(𝑖𝑖)�,𝑦𝑦(𝑖𝑖))𝑛𝑛
𝑖𝑖=1                                                                    (5) 

𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶(ℎ𝜃𝜃(𝑥𝑥),𝑦𝑦) = −𝑙𝑙𝑙𝑙𝑙𝑙�ℎ𝜃𝜃(𝑥𝑥)�        𝑖𝑖𝑖𝑖 𝑦𝑦 = 1 
𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶(ℎ𝜃𝜃(𝑥𝑥), 𝑦𝑦) = −𝑙𝑙𝑙𝑙𝑙𝑙�1− ℎ𝜃𝜃(𝑥𝑥)�        𝑖𝑖𝑖𝑖 𝑦𝑦 = 0 

 
K-Nearest Neighbor: KNN uses distance between all data points and searches for k nearest data point which are 

having minimum distance. The majority of class present in these k instances is labeled as the class of the test instance. 
Although KNN is the simplest ML algorithm for classification, it is called as lazy learner and has high memory cost. 
Proximity between the data points can be measured using Euclidean distance, Manhattan distance, and Minkowski distance.  
Euclidean distance is the most commonly used method (equation 6). 

 
𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑(𝑝𝑝, 𝑞𝑞) = �∑ (𝑝𝑝𝑖𝑖2 − 𝑞𝑞𝑖𝑖2)𝑛𝑛

𝑖𝑖=1                                                                       (6) 
 

Naive Bayes: NB is a probabilistic model for classification tasks . The Bayes theorem serves as the fundamental 
principle for this classifier. P(d|h) is the prior probability of the hypothesis h, P(d) is the probability of the data, and P(h|d) is 
the posterior probability. A Naive Bayes classifier assumes that the features are conditionally independent of one another. 
Equation 2 represents the joint probability of observing a certain combination of contextual features is expressed as equation 
7.  
 

𝑃𝑃(ℎ|𝑑𝑑) = 𝑃𝑃�𝑑𝑑�ℎ�∗𝑃𝑃(ℎ)

𝑃𝑃(𝑑𝑑)                                                                               (7) 

𝑝𝑝(𝐹𝐹1,𝐹𝐹2, …𝐹𝐹𝑛𝑛 ,𝑆𝑆) = 𝑝𝑝(𝑆𝑆)� 𝑝𝑝(𝐹𝐹𝑖𝑖|𝑆𝑆)
𝑛𝑛

𝑖𝑖=1
 

 
Decision Tree: DT uses a set of decisions rules to make classification. It creates a tree structure, where each internal 

node denotes a feature of the dataset, branches represent an outcome of a splitting criteria, and each leaf node represents a 
labeled class object.  In every splitting it tries to minimize the Entropy (S) based on equation 8, where  𝑝𝑝𝑖𝑖 is the probability 
of an element in the ith class.  

 
𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸(𝑆𝑆) = ∑−𝑝𝑝𝑖𝑖 𝑙𝑙𝑙𝑙𝑙𝑙 𝑝𝑝𝑖𝑖                                                                        (8) 

 
Support Vector Machine:  SVM maximizes the margins for a hyperplane in a high-dimensional feature space to 

separate data points into different target classes. In general a larger margin increases generalization of the classifier. The 
hyperplane is constructed using a kernel function, which determines the linear or non-linear characteristics of the 
hyperplane. The cost function of SVM with regularization parameter is shown in the equation 9. 

 
𝑚𝑚𝑚𝑚𝑚𝑚λ‖𝑤𝑤‖2 + ∑ �1− 𝑦𝑦𝑖𝑖(𝑥𝑥𝑖𝑖 ,𝑤𝑤)�𝑛𝑛

𝑖𝑖=1                                                                       (9) 

𝐶𝐶�𝑥𝑥, 𝑓𝑓(𝑦𝑦)� = �0                       𝑖𝑖𝑖𝑖 𝑦𝑦 ∗ 𝑓𝑓(𝑥𝑥) ≥ 0
1 − 𝑦𝑦 ∗ 𝑓𝑓(𝑥𝑥)                      𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒   

 
Artificial Neural Network: ANN is the most popular and widely used for classification of non-linearlyseparable data 

items. A multilayer perceptron (MLP) is a fully connected feed forward ANN. The back-propagation algorithm updates the 
weights of the connected neurons using stochastic gradient descent (SGD) in contrast performs a parameter update for each 
training example 𝑥𝑥(i) and label 𝑦𝑦(i). (equation 10): 

All the above-discussed works used private datasets in predicting students' performance using ML models. However, 
some of the research works have used public datasets available in Kaggle and UCI for the same task. This work explored 
three popular academic performance datasets; two are available in UCI Repository, and one in Kaggle. Two UCI 
repositories are i) the students' academic performance dataset – Portuguese [29], ii) the students' academic performance 
dataset – Math [29], both having 33 features, and 649 and 395  records, respectively. The other one, iii) student academic 
performance dataset – xAPI [30], is available in Kaggle Repository that has 480 records and 16 features. Nabil et al. [17] 
employed classical ML methods and deep learning algorithm for predicting students' academic performance on the xAPI 
public datasets. They used label encoding to convert categorical data into a numerical features and SMOTE for 
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oversampling. They recoded an accuracy of 89%, 76%, and 75% with DL, SVM, and KNN models respectively. In a similar 
work, Ismail et al. [3] presented a comparative analysis of different ML models on the student-por and xAPI datasets with 
an information gain-based feature selection method. They recorded the highest accuracy of 75% and 73% on the Portuguese 
dataset, with RF and DT models, respectively. Similarly, SVM classifiers recorded 70% and 72% accuracy on the xAPI 
dataset, with and without feature selection. 

 
𝜃𝜃 = 𝜃𝜃 − 𝜂𝜂∇𝜃𝜃𝐽𝐽�𝜃𝜃; 𝑥𝑥(i);𝑦𝑦(i)�                                                                        (10) 

 
Random forest: RF is composed of multiple decision trees. Each tree is trained on randomly selected subset of data. It 

also may not consider all of the features available in dataset. The final prediction of the model is a voting average of 
predictions of each tree. 

Adaptive Boost: AdaBoost is another ensemble algorithm for classification tasks. It combines many weak classifiers 
(decision trees) and leverages bagging and boosting methods to create one strong classifier. Unlike RF, AdaBoost creates a 
forest of stumps rather than trees. 

4. Result Analysis 

In feature extraction, we reviewed 27 research works in the last ten years (2011-2021). Figure 2 shows the frequency 
distribution of CF having support greater than 40%. Figure 3 depicts the attribute tree prepared from the CF list. It helps in 
understanding the abstraction level of the attributes and also the interrelationships among them.  

 

 
Fig. 2. Frequency distribution of commonly used features 

We explored three public datasets, student-por [29], student-math [29], and xAPI [30].  
The xAPI dataset is composed of 480 records and 16 features. This educational data set is collected from the log of a 

learning management system (LMS) using an activity tracker tool called experience API (xAPI). The target class has three 
values, low (score in the range of 0 to 69), medium (score in the range of 70 to 89), and high (score in the range of 90 to 
100). 

After applying the SLF algorithm on xAPI features, four attributes, Gender, PlaceofBirth, Nationality, and 
StudentAbsenceDays are selected from mapping with the CF. The Chi-square test yields five more attributes: Raisedhands, 
VisitedResources, Discussion, ParentAnsweringSurvey, and ParentschoolSatisfaction. Figure 4 depicts the correlation 
among the xAPI attributes. From correlation analysis, we discarded PlaceofBirth and ParentAnsweringSurvey as they are 
highly correlated with Nationality and ParentschoolSatisfaction. Finally, 7 attributes out of 16 are grouped as SF. 
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Fig. 3. Attribute tree of the commonly used features 

 
Fig. 4. Correlation among features in xAPI 

The other two datasets, student-por and student-mat, are collections of students' performance in secondary education at 
Portuguese schools in two distinct subjects, mathematics (student-mat) and Portuguese language (student-por). Both 
datasets use the same set of 32 attributes, while student-mat has 395 and student-por has 650 records. On applying the SLF 
algorithm on student-mat, we selected 14 attributes. From mapping with the CF list, we obtained - sex, age, address, Medu, 
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Fedu, Mjob, Fjob, StudentAbsenceDays, walc, absences, G1, and G2. From the p-value analysis, we added schoolsup, 
reason, and failures. The target attribute G3 is the final grade that shows a strong correlation with previous grades G1 and 
G2. However, as this is a trivial correlation, as mentioned in the original documentation of the dataset, they are not 
considered. Therefore, a total of 14 features are kept as SLF from the original list of 32. Similarly, for the students-por 
dataset, applying the SLF algorithm yields all the features of student-mat along with two new attributes, schools and dalc, 
being included and address being discarded. Therefore, a total of 15 features are selected as SLF for this dataset.  

Performances of the ML models on the three public datasets are depicted in Table 2. Six single models and two 
ensemble models are tested in two experimental setups. As the performances of ML models are highly dependent on the 
appropriate choice of their hyper-parameters, we used GridSearchCV to find out the best combination of hyper-parameters 
for each model. It is the process of tuning different values of the hyper-parameters to obtain the optimal accuracy for a 
given model. We used 5-fold cross-validation for all the setups. The best results are obtained with - (penalty='l2', 
solver=’lbfgs') for LR, (n_neighbors=3, metric='minkowski') for KNN, (kernel='rbf') for SVM, (solver='adam', 
learning_rate='0.001', activation='relu') for ANN (GaussianNB) for NB, (criterion='entropy') for DT. In ensemble models, 
(n_estimators=50, criterion='gini') for RF, and (n_estimators=50, learning_rate=0.1) for AdaBoost, produced best results. It 
is observed from the results that LR performed best in the xAPI dataset, whereas SVM outperformed other models in both 
student-por and student-mat datasets. Among ensemble methods, RF performed better than AdaBoost in almost all cases. 
RF also outperformed all the single models in all the experimental setups. All the best-obtained accuracies are highlighted in 
bold. Interestingly, in 29.16% of the total cases, the models with the selected feature set performed better than those using 
the entire feature set (cases underlined). It is observed from table 2 that the average performance increase is 2.36%. In 19.04% 
of the total cases, there is no change in the performance. For the rest of the cases, the performance drop is 1.92%, which is 
insignificant considering the fact that only 45% of the average original features are used. It proves that our proposed 
approach is capable of extracting the minimal set of features from any new dataset, which can be used as a baseline to 
understand the significance of adding any other feature to the dataset. 

Table 2. Performance Analysis of ML models 

Model Evaluation 
Metrics 

xAPI dataset Student-Portuguese dataset Student-Math dataset 
Full Feature 
set 

Selected 
feature set 

Full Feature 
set 

Selected 
feature set 

Full Feature 
set 

Selected 
feature set 

LR AC 0.7917  0.7722 0.7692 0.7641 0.7983 0.7731 
PR 0.8102  0.7847 0.7776 0.7676 0.8032 0.7762 
RC 0.7795 0.7551 0.7722 0.7761 0.8006 0.7774 
F1 0.7915 0.7785 0.7745 0.7711 0.8010 0.7767 

KNN AC 0.6250 0.6250 0.7385 0.7744 0.8151 0.7731 
PR 0.6618 0.6460 0.7363 0.7767 0.8190 0.7762 
RC 0.6169   0.6133 0.7530 0.7812 0.8207 0.7847 
F1 0.6285 0.6246 0.7427 0.7778 0.8181 0.7780 

NB AC 0.7639 0.7453 0.5692 0.5385 0.7731 0.7983 
PR 0.8125 0.7955 0.6094 0.5822 0.7762 0.8000 
RC 0.7582 0.7393 0.6330 0.6005 0.7767 0.8063 
F1 0.7707 0.7542 0.5535 0.5161 0.7762 0.8019 

DT AC 0.7083 0.6806 0.7692 0.7641 0.8067 0.7983 
PR 0.7609 0.7375 0.7766 0.7688 0.8063 0.7984 
RC 0.7085  0.6811 0.7739 0.7690 0.8325 0.8209 
F1 0.7172 0.6839 0.7748 0.7689 0.8116 0.8034 

SVM AC 0.7014 0.6828 0.8308 0.8256 0.8151 0.8235 
PR 0.7468  0.7252 0.8297 0.8229 0.8159 0.8222 
RC 0.6934 0.6716 0.8410 0.8383 0.8186 0.8317 
F1 0.7079  0.6852 0.8338 0.8275 0.8167 0.8255 

ANN AC 0.7569 0.7236 0.7231 0.7333 0.7731 0.8151 
PR 0.7773  0.7571 0.7287 0.7425 0.7794 0.8175 
RC 0.7463 0.7267 0.7259 0.7351 0.7703 0.8121 
F1 0.7588 0.7216 0.7272 0.7381 0.7727 0.8125 

RF AC 0.8472  0.8100 0.8410 0.8513 0.8067 0.8403 
PR 0.8602 0.8274 0.8430 0.8484 0.8079 0.8429 
RC 0.8374 0.8103 0.8487 0.8671 0.8105 0.8451 
F1 0.8472 0.8035 0.8444 0.8544 0.8080 0.8419 

AdaBoost AC 0.6944 0.6750 0.7538 0.7231 0.8151 0.8151 
PR 0.7370 0.7016 0.7640 0.7354 0.8175 0.8175 
RC 0.7023 0.6898 0.7573 0.7271 0.8133 0.8133 
F1 0.7077 0.6792 0.7602 0.7280 0.8136 0.8136 
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5. Conclusions 

In this work, an endeavor is made towards finding the minimal set of features essential for predicting students' future 
performance using machine learning models. More than 27 research papers have been investigated to find out the most 
frequent features used in the private datasets used by contemporary works. Features of three public data repositories are also 
analyzed to find out the correlation and dependency among the features of these datasets. A novel algorithm for finding a 
minimal set of features from the fusion of frequent feature lists and statistically selected features list is also proposed. Six 
single ML models and two ensemble models are tested in predicting students' performance on three public datasets in two 
experimental setups- first with the complete feature set and then with the selected feature set. It is observed from the 
experimental results that, even with discarding more than half of the original features, the difference in performance 
accuracy in the two experimental setups is insignificant in most of the cases, whereas it is improved in almost one-third of 
the cases. Therefore, using this proposed methodology, an essential feature set can be extracted from any new dataset and 
used as a baseline to evaluate the impact of any additional feature to be included in the dataset. It would be helpful for 
future researchers to identify the correct attributes for preparing their dataset for predicting students' academic performance.  
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