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ABSTRACT : In Malaysia Polytechnic, lecturers normally confronted with severe problem in knowing and 

analyzing the performance of the students at the beginning of the semester one. The main reason of why this 

problem is occurred is due to lack of research on current prediction in figured out the most appropriate student 

performance prediction in Malaysia Polytechnic. Therefore, a study that strived to recommend the best 

classification model to predict the performance of the students by using the best variables and machine learning 

techniques is proposed to improve student achievements.  The main objective of this study is to recommend the 

best classification model that can determine if a student is likely to fail by using the best variables and machine 

learning techniques.  The methodology of this study is followed the lifecycle of data science project except for 

the deployment of the model step. The data collection is mainly focus student’s demographics, SPM results and 

their background. The study is focus on four machine learning algorithms were applied which are Naive Bayes, 

Decision Tree, K-Nearest Neighbor and Support Vector Machine to the dataset. The result finally provided the 

best classification model from LibLINEAR of Support Vector Machine that using under-sampling method and 

fine-tuned parameter. This will encourage the proposed student performance prediction using machine learning 

to be a practical solution. Knowledge that could gain from the generated model is used to define and profile the 

students in order to determine their level of achievement at the beginning of the semester one. 
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1.INTRODUCTION 
The evaluation on students’ academic performance is important in order to maintain the effectiveness of 

learning process. By analyzing students’ performances, Polytechnics in Malaysia could provide the best 

education quality to polytechnic’s students. Most of the time, when a fresh semester begins and there are fresh 

student coming in, lecturers would like to understand from the earliest time how the first semester students 

perform in their academic. The academic performance of first semester students is hindered by students’ 

previous background. If by knowing in advance which students are likely to fail, the polytechnic’s lecturer can 

take the necessary actions e.g. increasing tuition hours per week to improve the students’ results. But most of the 

time, the polytechnic’s lecturers will face difficulty in identifying which students are likely to fail. 

Understanding this, a study driven by machine learning techniques that are oriented towards prediction is needed 

because this scenario is consider as a classification problem. This study need to understand and identified 

significant and consistent factors that related to student’s academic performance.  In order to achieve that, 

modelling students’ performance using machine learning technique and a set of attributes obtained from the 

Balik Pulau Polytechnic (PBU) are needed because it is an important tool to predict the students’ academic 

performance whether they are likely to fail. 

According to Arthur Samuel (2000), machine learning is a science of getting computer to learn without 

being explicitly programmed [1]. In short, user don’t really tell the program what to do. User just need to give 

computer with data and ask it to learn or what to do with the pattern from the data. Machine learning helps 

people scale things very quickly that human cannot do where there is a lot of data right now. Several researchers 

have used machine learning to analyze the demographic factors that have major impact on student academic 

achievement. Although very similar, many of the researchers used different features within their datasets and 

their purposes for identifying the significant demographic factors were different too. According to Amirah, 

Wahidah, and Nur’aini (2015), ultimately nearly all researchers have applied Cumulative Grade Point Average 

(CGPA) and internal evaluation assessment as datasets and in the same time, classification in machine learning 

application is often used in the field of educational data mining [2]. Neural Network and Decision Tree are the 

two most popular machine learning algorithm applied by the researchers to do student performance prediction as 

stated by Amirah, Wahidah, and Nur’aini (2015) [2]. Basically those research's aim are comparable to but 

distinct from that of prior research. However, the design and implementation of an accurate and effective model 

remains the basic objective for all. Considering the distinction between the purposes of the research and other 

related research, it is a little tricky to compare their outcomes. 
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The purpose of this study is to recommend the best classification model that can determine if a student 

is likely to fail by using the best variables and machine learning techniques. By having this objective, the best 

classification model can be used by lecturers to determine if a student is likely to fail. The prediction is very 

essential because it will provide the lecturers with more information about the students. The lecturers will know 

from the earliest time how the students of the first semester will perform in their academic. Meanwhile, students 

can use the solution as a guideline to find out more alternative way to improve their learning.  Although it is not 

feasible to change the significant factors that relate to the student background, the polytechnic can fill in the gap 

by providing some alternative from of teaching methodology and assessment to the students identified as those 

who tend to fail e.g. offering remedial classes. The generated model can serve as an aid for the lecturers to plan 

their learning materials in order to enhance efficiency of their students in academic thereby ensuring the failure 

rate will be reduced. On top of that, the prediction on students’ academic performance can be used as a guideline 

for the Department of Polytechnic Education and polytechnics lecturers to prevent students from dropout. 

 

3. METHODOLOGY 
 3.1 Proposed Solution 

The steps outlined by Nina Zumel and John Mount for the lifecycle of a data science project as shown 

in Figure 1 will be followed [3], except for the deployment of the model step. The lifecycle starts from defining 

the goal of this study and goes clockwise. However, at any given step, when there are new information or 

discrepancies found, it is still can circle backwards to further fine tune the previous steps before proceeding 

forward. 

  

Figure 1: Data Science Project Lifecycle Figure 2: The ERD for a student’s Data 

 

3.2 Data Collection and Management 

Data of student demographic and the students study information which is SPM Result are collected 

from SPMP which is Sistem Pengurusan Maklumat Pelajar. In this stage, several features that are stored in 

different table will be joined and matched using Query in Microsoft Access. Each separated result from each 

semester is combined into a single spreadsheet. Figure 2 showed the tables involve managing student’s 

information data using the Entity Relationship Diagram (ERD). The data collection and preparation step was 

conducted to enhance the quality of input data in order to generate the better and quality outcomes. This step 

comprises of three stages which are data selection & transformation, data cleaning, and data normalization. Data 

preparation and data processing are the most significant and time-consuming stages. Before the data to be used 

in modelling process, the data may consist incomplete records, corrupted records or incorrect records. Besides, 

the original data format may not suitable for modelling, so data preparation is a process to clean the incomplete 

records, filter out corrupted records and transform the data into a desired format for modelling process.  

In data selection and transformation, a few of parameters were applied to identify the variables that 

influence the academic achievement of the students. This study will focus and identified on those parameters that 

contributed to the students’ performance. Related papers have to be studied in order to find out on the suitable 

attributes selection which are useful for running this model. In data selection step, only a number of parameters 

are selected for machine learning. The parameters extracted from SPMP database are family household size, 
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family income, religion, race, student’s polytechnic entry mode, SPM result (i.e. Malay Language, English 

Language, Mathematic and History) and GPA. According to some paper review, some of the new attributes can 

be generated which are useful for running this model. By referring to Table 1, the first generated attribute is 

student’s year of entry to polytechnic. Then, by combining the identification card (IC) number and the year of 

entry, the student’s age of entry to polytechnic can be identified. Secondly, the parameter for hometown will be 

categorized into two ranges i.e. city, and rural. Here, the categorization is based the Population Distribution by 

Local Authority Areas and Mukim 2010 from Department of Statistical Malaysia [4]. In order to distinguish 

between rural or city area, population which is less than 100000 is consider as rural area while population which 

is more than or equal to 100000 is consider as city area. Meanwhile, the new attribute of gender is created base 

on the IC number. The 12th digit represents the gender of the person where the odd denote male while the even 

numbers denote female. Finally, the student’s SPM Pendidikan Islam result is combine to SPM Pendidikan 

Moral result because both subjects are the core subject of SPM for Muslim or non-Muslim student. There are 

only 14 parameters were chosen and created for the machine learning process in this data selection step. All of 

this 14 parameters which were chosen and created are referred on the literature review done on previous work. 

The reduction is done to avoid computation redundancy for developing the model. 
Table 1: Generate New Attributes 

Attribute New Attributes Description Select 

start_session year_of_entry Year of enter polytechnic  

ic_number gender The student’s gender  

ic_number + year_of _entry age_of_entry Entry age to polytechnic  

town population 
Refer: Population Distribution By Local Authority Areas 

and Mukims 2010, Department of Statistics, Malaysia [2] 
 

population city_rural Population less than 100000 consider rural.   

SPM Islam+ SPM Moral islam_moral Combine 2 attributes become 1 attribute  

 

After removed the undesirable attributes, the data pre-processing stage was followed by the data 

cleaning process which is handling of the missing values. There are only 6.15% of the overall instances has 

missing value. Normally, for nominal attributes, the missing values were replaced by modes; whereas for 

numeric attributes, the missing values were replaced by means of attributes. Here, in this dataset, the missing 

value only happen at attributes of each SPM subject. The rest attributes don’t have missing value. There is no 

meaning to replace any value to the SPM result. Furthermore, the impact of missing value is minimal and no 

significant impact to this predictive model. As such, after the cleaning process, 110 data (6.15%) were removed 

due to missing values. Finally, 1679 instances from 1789 instances data can be used for learning. 

In data normalization process, we could see that in this study, the predicted class is GPA which is a 

numeric attribute number from 0 to 4.0. The purpose of this study is to classify which students who are tend to 

fail from those who not tend to fail (pass) in first semester academic performance.  Therefore, the data type was 

converted from “numeric” to “nominal” which were more appropriate for the subsequent processes. The new 

class is converted and were called “fail” and “pass” which are the target class.  This change is necessary for two 

reasons. Firstly, WEKA software only required a categorical class data to perform the machine learning 

algorithm and secondly, it is more intuitively to understand the data and to reduce human mistakes in 

interpreting the data. Meanwhile, the SPM grades for each subjects were categories into total average grade 

(GPK). There are nine grades in GPK which are from grade 1 until 9. The normalization of the result SPM 

grades is done based on the previous SPM System Grades from year 2000 until 2008 and the current SPM 

System Grades starting from year 2009 onward [5]. Lastly, normalization is done on the family income 

attributes. Family income were categories into 6 groups from 0 until 6. There are 13 features and 1 binary class 

label in the dataset.  

In the experiment setup, the data is split into two separate set, called training set which contains 90% of 

the original dataset, and test set which contains 10% of the original dataset [6]. The splitting is done using 

Python and used stratified splitting techniques to maintain the ratio for pass and fail data. There are 1511 

instances in the train set while for the test set have 168 instances. The test set is use for validation to test the 

generalization error.  By doing this, we can be assured that the model is able to generalize well and do not over 

fit to the training data only. This dataset is highly unbalanced, where there are 1343 label as pass compared to 

168 label as fail. This represents a ratio of 88.88% versus 11.12%. Therefore, accuracy performance metric 

cannot be used in this problem to measure the success of the machine learning algorithm because it will 

consistently give out very high accuracy rate. This study focused on identifying student who is tend to fail, thus, 

recall, precision and F-Measure are used to evaluated the classification model whether it is capable to identify 

student who is tend to fail accurately. The experiments would be run in iterative manner for each parameter in 

the algorithms. The results would be plotted on a graph to determine the best performing model. By doing this, 
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this study hope that can identify which algorithm has a better performance and to determine if there is any 

statistical difference between these algorithms. Because the data is highly unbalanced, it is suggested to perform 

resampling filter. But this method will increase the minor class (oversampling) and decrease the major class 

(under-sampling) in the same time. In order to do under-sampling (decrease the major class) without 

oversampling, the SpreadSubsample filter method will be used for correct under-sampling. The 

setDistributionSpread is set to 1, in order to gain a 50%/50% balance, which will have all of minority class 

elements. Thus, a balanced dataset is obtained to perform machine learning modelling. The main motivation 

behind the need to pre-process imbalanced data before feed them into a classifier is that typically classifiers are 

more sensitive to detecting the majority class and less sensitive to the minority class. If this issue is not 

concerned, the classification output will be biased, in many cases resulting in always predicting the majority 

class. In order to perform under-sampling, 168 instances of class “pass” and retrieved all 168 instances of class 

“fail”. In total, the dataset now has 336 instances and it is balanced. 

There are 3 way of test option in WEKA i.e. percentage split, supplied test set and K-fold Cross 

Validation. In this study, there are only 336 instances in the dataset, which is consider small size dataset. The 

labelled data is limited. Therefore, it is required to use as much as data as train data and test data. K-fold cross 

validation is chosen as it is more objective way to see how model is train and tested across the entire label of 

dataset. The disadvantage of cross validation is slow in WEKA, because instead of doing in one time, it doses K 

number of time. Thus, for this study, for the test option is using K-fold cross validation which is suitable to use 

when limited available data as this test option will used all data as train data and test data in k time’s iteration. In 

k-fold cross validation, the dataset will be divided to k set with equal size, 1 set used as test data and the balance 

k-1 set used as train data. This process is followed by another 1 set as test data and k-1 as train data until all data 

being used for train and test. The overall accuracy to be calculated by averaging the accuracy obtain from each 

iteration. In k-fold cross validation, k that have reasonable data size for train and test is selected, which is 

sufficient training data to identify the pattern of data whereas the test data is not too little to make reliable 

performance evaluation. Usually we don’t do the fold lower than 5 and more than 10 because we don’t want to 

split our test set too small. Refer to Table 2, 5-fold cross validation selected as test option for machine learning 

experiment with 67 or 68 used as test data and 269 or 268 used as train data. 
 

Table 2: Selecting Suitable K-fold Cross Validation Table3: Correlation & Learner (Wrapper) Feature 

Selection 

K Train Data Test Data Accuracy (%)  

 5 269 or  268 67 or 68 70.86% 

 6 268 56 68.18% 

7 288 48 69.79% 

8 294 42 70.05% 

9 299 or 298 37 or 38 70.05% 

10 303 or 302 33 or 34 70.32% 
 

Correlation *Learner (Wrapper) 

 

 

*Use J48 as classifier and BestFirst 

with forward method. 

 

Before proceed to select the features from all 14 attributes for the experiment, the correlation of each 

attribute is checked with class label using Correlation Feature Selection method as showed in Table 3. There was 

no unrealistic attribute, hence, all 14 attributes are used to perform the subsequent experiment. One set of 

attribute from Correlation Feature Selection output is selected. There is an obvious gap between 0.197 (Englsih) 

and 0.0542 (Household_size). Hence, 0.19 is set as “cut off” and selected 7 attribute with correlation > 0.19 as 

second set of feature selection. Third set of feature selection was selected using Learner (Wrapper) Feature 

Selection method. Thus, there were 3 sets of feature selection used in the subsequent experiments which are 

using Set 1 (all attributes), Set 2 (7 attributes using Correlation Feature Selection) and Set 3 (6 attributes using 

Learner (Wrapper)) 

3.3 Building the Model 

This study will use all 4 machine learning algorithms and conduct experiments by fine-tuning their 

parameters to achieve the highest possible F-Measure, Recall and Precision. The experiments would be run in 

iterative manner for each parameter in the algorithms. While these 4 algorithm essentially have the same task, 

which is predicting a dependent variable based on independent variables, they are based on different 

mathematical methods. The results would be plotted on a graph to determine the best performing model. By 

doing this, the best algorithm that has a better performance will be identified and to determine if there is any 

statistical difference between these algorithms. Initially, this study will use all the features available in the 

dataset. Then the feature selection based on Correlation and Learner (Wrapper) methods. Because the data is 

highly unbalanced, the under-sampling is performed for the students’ fail class. The aim is to have a balanced 
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dataset to perform machine learning modelling. With all these experiments, types of modelling methods are 

compared to find out which would produce the best overall results that can be used to solve student performance 

prediction challenge.  

 

 

4.RESULT AND DISCUSSION 
All classification models in Appendix 1 are compare between before and after under-sampling using the 

best tweak parameter with 3 set of feature selection set. The largest improvement can be seen for Recall. In 

under-sampling, each algorithm saw drastic improvements, with SMO achieving 0.702 (up from 0.113, or more 

than 80% improvement). F-Measure had also seen improvements across the board, chiefly due to the huge Recall 

improvement. The best F-Measure goes to LibLINEAR with 0.713 (up from 0.193, or more than 70% 

improvement). In terms of Precision, under-sampling provided improvement across all algorithms. The best 

performing Precision went to SMO with 0.724. In conclusion, under-sampling helped in improving critical 

metrics.  

 In order to evaluate the effectiveness of a prediction model, the model must be evaluated and compare 

with the test set to test the generalization error. In other word, from the validation results, we can be assured that 

whether those models are able to generalize well and do not overfit to the training data only. Based on the 

summary of the performance result acquired, the Decision Tree, KNN, Naïve Bayes, BayesNet, SMO and 

LibSVM perform very well in training process, but the performance drops when testing the models using the 

separate validate set. Only the LibLINEAR perform better in validation phase compare in training process. This 

ensure that these type of model are able to generalize well and do not over fit to the training data. Thus, as the 

final decision, the LibLINEAR is chosen because it has a higher F-measure, Recall Precision and Accuracy 

value.  

 
Figure 3 Performance of the best models using training data and separate testing data 

 

In order to evaluate the effectiveness of a predicted values must be compared with actual values. There 

are multiple criteria for prediction effectiveness. Table 4 shows the possible results of prediction for binary 

values. 
Table 4: Possible prediction results 

 Predicted as True Predicted as False 

Actually True True Positive False Negative 

Actually False False Positive True Negative 

The matrix that shows the possible prediction results is called a confusion matrix [7]. There are 

different evaluation criteria that can be obtained from these values. One is accuracy, defined as [8]: 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
 

Accuracy is basically the ratio of correct predictions. However, accuracy has limitations in evaluating 

the prediction performance. Especially, accuracy does not show how this study of minority class are classified 

when the class distribution is imbalanced.  A crude prediction (known as the majority rule) that does not use any 

machine learning method, but instead predicts that every student will pass the exam, has 90% accuracy. The 

model should perform better than just guessing that each case belongs to the majority class. As mention from 

previous section, in this study, three other criteria are used. Two of them are precision and recall, which are 

defined as [8]: 

𝑃𝑟𝑒𝑐𝑖𝑠𝑜𝑛 =  
𝑇𝑃

𝑇𝑃+𝐹𝑃
  𝑅𝑒𝑐𝑎𝑙𝑙 =  

𝑇𝑃

𝑇𝑃+𝐹𝑁
 

Because of this study would like to pick the best performing classifier based on how good it is in classifying 

the negative class “fail”, the precision and recall should be defined as: 

𝑃𝑟𝑒𝑐𝑖𝑠𝑜𝑛 =  
𝑇𝑁

𝑇𝑁+𝐹𝑁
  𝑅𝑒𝑐𝑎𝑙𝑙 =  

𝑇𝑁

𝑇𝑁+𝐹𝑃
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Precision and recall are used together to make a better evaluation. But sometime when the precision is 

high and the recall is low (under-classify) or precision is low and recall is high (over-classify), we cannot decide 

which is more important. Here, the F-measure is used and it is defined as [7]: 

𝐹 = 2.
𝑃𝑟𝑒𝑐𝑖𝑠𝑜𝑛. 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
 

F-measure is a way of having a single value that takes both precision and recall into account. It is the 

final evaluation criteria for comparisons in this study. The best LibLINEAR classification model using all 

feature selection set from the under-sampling dataset is selected to analyse the confusion matrix. Below is the 

description of the confusion matrix with this model. 
Table 5: Confusion matrix LibLINEAR (Correlation feature, under-sampling) 

 Predicted as True Predicted as False 

Actually True 112 56 

Actually False 52 116 

True Positive (TP) means actual class of the data points was TRUE and the predicted is also TRUE (positive class). For 

example, if relate to this study, TP = 112, means 112 students are pass and the model classifying 112 students as pass. 

True Negative (TN) means actual class of the data point was FALSE and the predicted is also FALSE (negative class). For 

example, if relate to this study, TN = 116, means 116 students are fail and the model classifying 116 students as fail. 

False Positive (FP) means actual class of the data point was FALSE and the predicted is TRUE. For example, if relate to 

this study, FP = 52, means 52 students are fail and the model classifying 71 students as pass.  

False Negative (FN) means actual class of the data point was TRUE and the predicted is FALSE. For example, if relate to 

this study, 56 students are pass and the model classifying 56 students as fail. 

From above analysis, the analysis showed that False Negative is larger than False Positive, FN > FP. 

This is what this study is trying to deliver. The objective of this study is trying to find the best model with that 

could provide the False Negative is larger than False Positive, FN>FP. This is because the study aim is not to 

miss a lot of student who potentially fail and the classifier can’t detect. The goal of this study strive is to identify 

the student who tend to fail. Thus, once again, this analysis has support this LibLINEAR classification model’s 

as the best classification model. Form this study experiment, it come to conclusion that in highly unbalanced 

dataset, a fine-tuned SVM classifier (LibLINEAR) could perform just as well as the best models derived from 

feature selections, especially when compared with Recall performance. It can be picked because it has the best 

performing recall at 0.684 with Precision above 0.684. From all the experiments conducted, all of the classifiers 

used in this project were very successful in its prediction of student performance if the data is balanced where the 

under-sampling method is applied. When that happens, F-Measure, Recall and Precision can consistently be at or 

above 0.6. These are quite acceptable numbers.  

 

5.CONCLUSION 
The best result of machine learning in predicting student achievement is based on the usefulness data 

and machine learning algorithms. To obtain the best outcomes, it is essential to select the right machine learning 

technique for the right issue. Nevertheless, the algorithm itself could not provide the best prediction results 

independently. Here, the feature selection is also a significant reason in obtaining the best prediction outcomes. 

The objective of this study was to compare method selection in terms of their ability to improve the prediction 

results. The student dataset was collected and prepared and were analyzed with four different machine learning 

methods, and their results were compared using evaluation measures. Methods used were K-Nearest Neighbour, 

Decision Trees, and Naïve Bayes and Support Vector Machine classification. In the case of additional feature 

selection was done in the form of custom feature creation. Feature selection was done both with automatic 

functionality and manual interpretation of the data. The ability to do this, might help to overcome over fit issues 

and strengthen the model’s generalization capability. In addition, fine tuning of features was done with a trial 

and error approach. Highly unbalanced dataset of this study require a different set of performance metrics. The 

usual run-of-the-mill accuracy is not a good evaluator for the trained model. The results of this study indicate 

that feature selection and fine-tune parameter with under - sampling provides more improvement to prediction 

results. Despite feature selection was done in a limited capacity, it made a bigger difference in prediction 

performance. 
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