
 
 

222 

 

IJSGS FUGUSAU VOL. 10(2)                                                                           WEBSITE: https://fugus-ijsgs.com.ng 

DOI: https://doi.org/10.57233/ijsgs.v10i2.670 

 

 

ISSNp: 2488-9229; ISSNe:  3027-1118 

 

 

INTERNATIONAL JOURNAL OF SCIENCE FOR GLOBAL SUSTAINABILITY 

(A PUBLICATION OF FACULTY OF SCIENCE, FEDERAL UNIVERSITY GUSAU, NIGERIA) 

Predicting Students Academic Performance using Ridge, LASSO and 

Elastic Net with Efficient Model Selection: A Case Study of Federal 

University Gusau Nigeria 
  Kabir Bello, Olayemi Joshua Ibidoja and Yusuf Abubakar 

Department of Mathematics, Federal University Gusau, Gusau, Nigeria 

 

Corresponding Author’s Email: ojibidoja@fugusau.edu.ng     
        

Received on: April, 2024  Revised and Accepted on: May, 2024          Published on: July, 2024 

ABSTRACT 
Academic establishments function in a very demanding and competitive environment. Most of the schools’ face 

challenges in providing the students with a high-quality education, creating methods for assessing student 

achievement, analysing performance, and anticipating the needs of their students in the future. This research 

proposes a sparse regression model that solves the problem of multicollinearity among the six variables. The 

significant variables that determined the academic performance at graduation were identified, using ridge, LASSO 

and elastic net. Evaluation metrics and seven selection criteria were used to select the best model. The results 

show that the age of the student has no impact on the CGPA at graduation. For the training data, the elastic net 

using SGMASQ significantly suggests better performance in comparison to other models. For the testing data, the 

elastic net using SGMASQ significantly shows better results in comparison to other models including the training 

data. 

Keywords: Machine learning, Sparse regression, Selection criteria, Test data, Modelling. 

1.0 INTRODUCTION 

The factors that determine the academic performance 

of students at the end of an academic program are 

crucial (Issah et al., 2023a; Roy, 2023). Several 

variables, such as: educational background, gender, 

family history, state of origin, age, marital status, 

teaching staff, type of accommodation, etc., affect the 

academic performance of students (Banda et al., 2023; 

Montero et al., 2023; Vadivel et al., 2023). In 

education, there is a growing amount of interest in 

predicting undergraduate academic success (Balogun 

et al., 2020; Banda et al., 2023; Ibidoja et al., 2016; 

Roslan and Chen et al., 2023). From the standpoint of 

the student, maintaining and predicting high academic 

performance boosts the chances of finding a job, 

because companies consider excellent academic 

achievement (Alsariera et al., 2022). 

 

Regression analysis has been used to predict the 

academic performance of students (Ibrahim & Rusli, 

2007; Rajalaxmi et al., 2019; Ying & Ma, 2024). A 

multiple regression model can be in this matrix form in 

equation (1): 

              𝒚 = 𝑿𝜷 + 𝜺,                                                            (1)       

where 𝒚 represents an 𝑛 × 1 vector of response 

variables, the design matrix is 𝑿 of order 𝑛 × 𝑝, 𝜷 

means a 𝑝 × 1 vector of parameters and 𝜺 is a 𝑛 × 1 

vector of the matrix which is identically and 

independently distributed errors. Ordinary Least 

Squares (OLS) is crucial to find the unknown 

parameters in the regression model. According to 

(Gujarati and Porter 2004; Ibidoja et al., 2023; Obadina 

et al., 2021), the (OLS) estimator of 𝛽 in equation (2) 

is found as: 

   𝛽̂ = (𝑿′𝑿)−1𝑿′𝒚.                                                                    (2) 

One of the problems that can happen is when the 

explanatory variables exceed the observations (Ibidoja 

et al., 2023). Sparse regression is useful for regulating 

the coefficients of the regression and to overcome the 

problem of multicollinearity. This will lower the 

sampling error, reduce variance, and solve 

multicollinearity. Multicollinearity leads to overfitting, 

to solve this problem, ridge regression that shrinks the 

coefficients to non-zero values to prevent overfit, but 

keeps the variables., LASSO regression shrinks 

regression coefficients, with some shrunk to zero, this 

it also helps for feature selection. Elastic net is a 

mixture of ridge and LASSO. It has been used in many 

scientific disciplines (Ahrens et al., 2020; Bottmer et 

al., 2022; Friedman, 2012; Hirose et al., 2013; Vincent 

& Hansen, 2014; Yu & Liu, 2016). Sparse regression 

is used to boost predictive accuracy in a high-

dimensional circumstances (Belloni & Chernozhukov, 

2011; Ibidoja et al., 2024; Ma et al., 2016; Pun & 

Wong, 2019; Vincent & Hansen, 2014; Wang & Yin, 

2008; Zhang et al., 2021).  

 

In this research, a sparse regression model is proposed 

to model and predict the academic performance of 

students at Federal University Gusau, Nigeria, using 

seven efficient model selection criteria. Many studies 

have used features selection (Hussain and Khan 2023; 

Ibrahim and Rusli 2007; Issah et al., 2023b; Lim et al., 

2024; Rajalaxmi et al., 2019; Ravi et al., 2024; Ying 

and Ma 2024; Zaffar et al., 2018). But no study has 

been conducted to study the academic performance at 

Federal University Gusau, Nigeria. It is rare to find a 

study that incorporates the effect of age on the 

academic performance of students and the seven 

efficient models (Issah et al., 2023c). 
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2.0 MATERIALS AND METHODS 

Supervised machine learning algorithms such as: 

Ridge, LASSO and Elastic net will be used to 

determine the variables for predicting the academic 

performance of students. Evaluation metrics such as 

Mean Squared Error (MSE), Root Mean Squared Error 

(RMSE), Coefficient of Determination (RSQUARED), 

Sum of Squared Error (SSE), with seven efficient 

model selection criteria will be used for validation and 

model selection.   

 

For the data partition, a set seed was used to obtain a 

reproducible result, and two independent samples with 

sampling with replacement. The data were divided into 

70% and 30% for the train and test respectively. After 

the partitioning, the train data has 877 and the test 435 

observations. TrainControl function within the caret 

package was used to create the custom control 

parameters for the cross validation in the RStudio. For 

consistency and reproducible results, the same set seed 

was used for developing all the models. The cross 

validation used 10 folds, it was repeated 5 times, the 

training data was divided into 10 parts, each time it 

used 9 parts to create the model and 10 parts was used 

for testing the error and repeated 5 parts. Hence, the 

RMSE was based on the data that was not used for 

creating the model, for example, in the summary of the 

sample sizes of 789, out of 877, the remaining data 

points were used for calculation the RMSE.  

 

2.1 Data Description 

The data were collected from 23rd May, 2024 to 30th 

April, 2024, between the hours of 8:00 am to 5:00 pm 

at Federal University Gusau, Nigeria. The data 

contains the age and Cumulative Grade Point Average 

(CGPA) of the graduating students in 2021/2022 

academic session. It comprises a total of 6 variables of 

1312 observation, with 5 independent variables and 

one dependent variable.  Table 1 shows the 6 variables 

with the relevant information. 

Table 1:  Representation of Variables 

Symbol Variable                    Meaning 

1x  
Dependent Variable Age at entry to the University 

2x  
Dependent Variable CGPA at the end of first year 

3x  
Dependent Variable CGPA at the end of second year 

4x  
Dependent Variable CGPA at the end of third year 

5x  
Dependent Variable CGPA at the end of fourth year 

y  Independent Variable                  CGPA at graduation 

 

3.0 RESULTS AND DISCUSSION 

In this research, the assumptions of linear regression 

are checked. Figure 1 displays the scatter plot of every 

possible combination of the independent variables with 

the correlation coefficients, when the variables are 

extremely correlated, it causes multicollinearity 

problems, hence, the prediction using the regression 

model may not be precise since the estimates are 

unstable because of the multicollinearity problems.  

 

Figure 1: Scatter plot of all the independent variables 

 

Figure 2 reveals the coefficients vs log lambda plot for 

ridge, on the x-axis, there is loglambda, and the 

coefficients on the y-axis, as the log lambda is about 

6.3 or more, all the coefficients are zero. As the lambda 

is relaxed, the coefficients grow, and the sum of the 

squares of the coefficients becomes larger and larger. 

At the top, it means that at every time, there are 5 

independent variables in the model, so increasing the 

lambda will not make the coefficient grow, so 

increasing the lambda helps to reduce the size of the 

coefficients, it does not make the variables that are not 

contributing to be zero. Figure 3 is the plot of variable 

importance with ridge, it shows that 4x  is the most 

important variable to predict academic performance at 

graduation, followed by 5 3,x x  and 2.x  The variable 

1x  is not important and has no contribution to 

predicting the academic performance of the students at 

graduation. 
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Figure 2:  Coefficients vs log lambda plot for ridge 

 
Figure 3: Plot of variable importance with ridge 

 
Figure 4: Coefficients vs log lambda plot for LASSO 

 

 
Figure 5: Plot of Variable Importance with LASSO 

Figure 4 shows the coefficients vs log lambda plot for 

LASSO, on the x-axis, there is loglambda, and the 

coefficients on the y-axis, as the log lambda is -0.5, all 

the coefficients are zero. As the lambda is relaxed, the 

coefficients to grow and the sum of squares of the 

coefficient becomes larger and larger, at the top. Figure 

5 is the plot of variable importance with LASSO, it 

reveals that 4x  is the most important variable to 

predict the academic performance of the students at 

graduation, followed by 3 ,x 2x and 5.x  The variable 

1x is not important and has no contribution to 

forecasting the academic performance of the students 

at graduation.  

 

 
Figure 6: Coefficients vs log lambda plot for elastic net 

 

 

 
Figure 7: Plot of variable importance with elastic net 
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Figure 6 shows the coefficients vs log lambda plot for 

elastic net, on the x-axis, there is loglambda, and the 

coefficients on the y-axis, as the log lambda is -0.3, all 

the coefficients are zero, as the lambda is relaxed, the 

coefficients to grow and the sum of squares of the 

coefficient becomes larger and larger, at the top. Figure 

7 is the plot of variable importance with elastic net, it 

shows that 4x  is the most important variable to predict 

the academic performance at graduation, follow by 

3 2,x x  and 5.x The variable 1x  is not important and 

has no contribution for forecasting the academic 

performance of the undergraduates at graduation.  

Figure 8: Box Plot of the results of the models 

 

Figure 8 shows the box plots of ridge, LASSO and 

elastic net using the RSQUARED,  Mean Absolute 

Error (MAE) and RMSE. The differences in the models 

are small, it is not easy to know the ones that are 

substantially superior from each other. Figure 9 shows 

the scatter plot between ridge and LASSO, the points 

above the line mean that the models achieve better with 

LASSO, the points below the line mean that the models 

achieve better with ridge. Figure 10 shows the scatter 

plot between ridge and elastic net, the points above the 

line means that the models achieve better with elastic 

net, the points below the line means that the models 

achieve better with ridge. Figure 11 shows the scatter 

plot between LASSO and elastic net, the points above 

the line mean that the models perform better with 

elastic net, there is no point below the line, it means 

that the models did not perform with LASSO. 

 
Figure 9: Scatter plot between ridge and LASSO 

 
Figure 10: Scatter plot between ridge and elastic net 

 
Figure 11: Scatter plot between LASSO and elastic net 

 
Table 2: Results for the evaluation metrics for the models   

 MSE RMSE RSQUARED SSE 

Model Training Phase (70 % of the data, n= 877)  

Ridge 0.0004024048 0.02006003 0.9991548 0.352909 

LASSO 0.0004191825 0.02047395 0.9991196 0.3676231 

Elastic Net 0.0003990938 0.01997733 0.9991618 0.3500052 

 Testing Phase (30 % of the data, n=435)  

Ridge 0.0003774662 0.01942849 0.9991432 0.1641978 

LASSO 0.0003993539 0.01998384 0.9990935 0.173719 

Elastic Net 0.0003785228 0.01945566 0.9991408 0.1646574 
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Table 2 presents the assessment metrics such as: MSE, 

RMSE, RSQUARED, and SSE for the training and 

testing phases. For the training data, the MSE for ridge, 

LASSO and elastic net are 0.0004024048, 

0.0004191825 and 0.0003990938 respectively. The 

lowest MSE of the elastic net with 0.0003990938 

represents the most efficient model. This is because the 

lower the MSE, the better the prediction accuracy. For 

the RSQUARED, the ridge, LASSO and elastic net 

have 0.9991548, 0.9991196 and 0.9991618 

respectively. The higher the RSQUARED value, the 

better the model. In addition, assessment metrics with 

MSE (0.0003990938), RMSE (0.01997733), 

RQUARED (0.9991618) and SSE (0.3500052), 

indicate that significantly improved results are found 

by elastic net for the training data for forecasting the 

academic performance of the students. This also 

confirms the results of (Baradaran et al., 2023; Ibidoja 

et al., 2023b; Ogutu et al., 2012; Zou & Hastie, 2005)  

where the elastic net absolutely performed better than 

the other methods. If the error assessment metrics are 

small, it is high prediction accuracy (Ibidoja et al., 

2023; Sumari et al., 2021). The value of RSQUARED 

(0.9991618) implies that the selected variables can 

explain 99.92% of the dependent variable (CGPA at 

graduation). 

 

For the testing data, the MSE for ridge, LASSO and 

elastic net are 0.0003774662, 0.0003993539, and 

0.0003785228 respectively. The lowest MSE of the 

ridge with 0.0003774662 represents the most efficient 

model. The value R-square (0.9991432) implies that 

the selected variables can explain 99.91% of the 

dependent variable (CGPA at graduation).

 
Table 3: Results for 7 Selection Criteria for the Models 

 AIC RICE GCV SCHWAZ SGMASQ SHIBATA FPE 

  

Model Training Phase (70 % of the data) 

Ridge 0.00040701 0.00040704 0.00040703 0.00041825 0.00040471 0.00040699 0.00040701 

LASO 0.00042398 0.00042401 0.00042400 0.00043569 0.00042158 0.00042396 0.00042398 

Elastic 

Net 

0.00040367 0.00040369 0.00040368 0.00041481 0.00040138 0.00040364 0.00040367 

 Testing Phase (30% of the data) 

Ridge 0.00083015 0.00083037 0.00083026 0.00086996 0.00082071 0.00082993 0.00083015 

LASO 0.00040864 0.00040875 0.00040869 0.00042823 0.00040399 0.00040853 0.00040864 

Elastic 

Net 

0.00038732 0.00038742 0.00038737 0.00040590 0.00038292 0.00038722 0.00038732 

AIC= Akaike Information Criterion, RICE = Rice Information Criteria, GCV= Generalized Cross-Validation, 

SGMASQ= Sigma Square, FPE= Final Prediction Error 

 

Table 3 presents the seven selection criteria (7SC) such 

as AIC, RICE, GCV, SCHWARZ, SGMASQ, 

SHIBATA, and FPE. For the training data, elastic net 

has the lowest 7SC. For the training data, elastic net has 

the lowest 7SC when compared to ridge and LASSO. 

The lowest 7SC represents the most efficient model for 

modelling and predicting the academic performance of 

the students at graduation. Hence, elastic net using 

SGMASQ significantly indicates better results in 

comparison to others. For the testing data, elastic net 

also has the lowest 7SC. The lowest 7SC represents the 

most efficient model for modelling and predicting the 

academic performance of the students at graduation. 

The elastic net using SGMASQ significantly indicates 

better results in comparison to others. 

 

4.0 CONCLUSION AND FUTURE WORK 

The significant variables that determined the academic 

performance at graduation were identified, using ridge, 

LASSO and elastic net. These models are valuable for 

determining the important variables to overcome the 

problem of multicollinearity. The age of the student has 

no impact on the CGPA at graduation. For the training 

data, the elastic net using SGMASQ significantly 

indicates better performance in comparison to other 

models and selection criteria. For the testing data, the 

elastic net using SGMASQ significantly indicates 

better results in comparison to others. 

 

For further studies, the effects of interaction and higher 

order interaction among the variables can be 

investigated. The variables such as gender, educational 

background, state of origin and ethnicity can be 

investigated in conjunction with robust estimators. 
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