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Abstract:  
The present study aimed to explore the academic, socioeconomic, demographic, and behavioral determinants of the 

academic performance of university students through an integrated multivariate statistical and machine learning 

approach. Data from 493 university students and 16 variables were analysed with the continuous outcome being overall 

academic performance. Using seven supervised regression algorithms, R2, MAE, MSE, and RMSE were calculated to 

find significant relationships, which were then identified by descriptive statistics, correlation analysis, and group 

comparisons. Overall performance was most highly correlated with previous academic performance (r = 0.925, p < .001) 

and attendance (ρ = 0.664, p < .001), and moderately negatively associated with gaming (ρ = −0.412, p < .001). All of 

the variance in academic performance was accounted for by the multivariate regression model, and previous performance 

and preparation continued to be significant. For the machine-learning models, Support Vector Regression (SVR) gave the 

highest overall performance (R² = 0.909; RMSE = 0.184) followed by Random Forest (R2 = 0.908). Previous academic 

performance was also the most important predictor, as evidenced by the feature-importance analysis. From all these 

results, it is concluded that using hybrid of statistical inference and machine learning is an effective and interpretable 

method to predict student achievement and for early identification of academically at-risk students. 

 

Keywords: Academic performance; Machine learning; Multivariate analysis; Support Vector Regression; Educational 

data mining 
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1. Introduction: 

Student academic achievement is a key measure of success in a university or college since it demonstrates achievement 

of learning objectives, advancement, retention, and readiness for the next phase of employment. Reliable methods for 

understanding why some students perform better than others and methods for determining learners who might need to be 

provided with timely academic help are increasingly sought after by universities. Previous studies indicate that a student's 

academic performance is affected by academic history, the student's demographic characteristics, socioeconomic status, 

attendance, engagement, learning behavior, and extracurricular activities. Academic achievement, therefore, needs to be 

viewed as a multi-faceted phenomenon rather than the effect of a single determinant. Predictive models have also been 

shown to be useful for identifying students who are at risk of poor performance and for helping to inform more 

personalized educational interventions (Adejo & Connolly, 2018; Akçapınar et al., 2019). 

Learning analytics, educational data mining and machine learning are increasingly being used in higher education, as more 

data becomes available for education. Machine-learning methods can uncover both nonlinear patterns and complex 

interactions that could be hard to recognize using only traditional statistical methods (Alsariera et al., 2022; Alshabandar 

et al., 2020). Academic-success prediction reviews acknowledged that applying correct data preprocessing, selecting the 

right predictors, evaluating the models, and providing transparency of the method are at the heart of achieving reliable 

results (Alyahyan & Düştegör, 2020; Cui et al., 2019). More recent applications also suggest that machine-learning models 

can be helpful in predicting student performance in a variety of educational contexts (Balcioğlu & Artar, 2025). The focus 

of data mining in education has thus shifted to exploring meaningful patterns in student data and guiding evidence-based 

academic decisions (Batool et al., 2023; Chaka, 2021). 

Various analytical approaches are suggested to offer student outcome predictions. Associative classification has been 

effective for uncovering interpretable relationships between student characteristics and academic outcomes and traditional 

supervised algorithms have been found to be effective in predicting academic outcomes in educational datasets (Cagliero 

et al., 2021; Dabhade et al., 2021). Meta-analytic evidence also indicates that the use of machine learning can be a useful 

tool in predicting academic performance, student risk, and student attrition in higher education, albeit with performance 

varying based on the characteristics of the data, choice of machine learning algorithm and evaluation strategy (Fahd et al., 

2022). Beyond the formal academic record, there are other factors that might also play a role in student achievement. For 

instance, extracurricular involvement can help foster students' overall growth and academic engagement and early 

indicators of involvement can offer useful insights into future academic performance (Ginosyan et al., 2020; Gray & 

Perkins, 2019). In a higher education context, too, learning analytics based on digital learning activities have been applied 

to predict students' results (R. Hasan et al., 2020). 

Although there have been significant advances in predicting student performance, determining what factors are most 

important is still difficult because academic success is determined by multiple, interacting academic, socioeconomic, 

demographic, and behavioral factors. In many studies, emphasis is placed on prediction while failing to incorporate a 

proper statistical inference and machine-learning interpretation. This can hinder the ability to determine if a variable is 

statistically significant, practically significant or just for prediction purposes. Thus a combined multivariate statistical and 

machine-learning solution is required to analyse the correlations between student features, statistically determine the 

effects, compare prediction algorithms, and determine the most important student features affecting the academic 

performance of a university. 

The purpose of this study is to explore some academic, socioeconomic, demographic and behavioral factors that are 

correlated with academic performance of university students. Specifically, it aims to use multivariate statistical methods 

to find statistically significant predictors, develop and compare machine-learning models that predict overall academic 

performance, use meaningful metrics to assess the performance of the models, and use model-based feature importance 

analysis to identify predictors that have the strongest influence. The study will combine statistical inference and predictive 

modeling to enable a more complete and interpretable understanding of the factors that affect student academic 

achievement. 

 

2. Materials and Methods 

2.1 Research Design 

The study design used a quantitative data design using multivariate statistical analysis together with an assisted machine-

learning approach. The integrated methodology was applied to determine factors that are linked to the academic 

performance of university students and also to assess predictive power of various algorithms. The overall academic 

performance was assumed to be a continuous outcome variable. 

2.2 Dataset and Variables 

There were 493 university students and 16 variables in the dataset (T. Hasan et al., 2024). The dependent variable was 

Overall which was the measure of overall academic performance. Gender, HSC, SSC, Income, Hometown, Computer 

Skills, Preparation, Gaming, Attendance, Job, English Skills, Extra Activities, Semester, Department, and previous 

academic performance were used as predictors (Last). These variables were demographic, socioeconomic, academic, skill-

related and behavioral variables that were applicable to student achievement. 

2.3 Data Preprocessing 

This dataset was filtered for missing values, duplicates, inconsistent category labels and invalid values. No missing data 

or records were found. Irregularity in formatting in categorical variables, especially Income, was normalized. Binary and 

nominal variables were coded numerically whereas ordered categories were stored as per their logical order. Standardised 

numerical predictors were used where necessary where scale-sensitive algorithms including Support Vector Regression 
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and K-Nearest Neighbors, were used. Descriptive statistics and graphical inspection were used to examine potential 

outliers. 

2.4 Descriptive and Exploratory Analysis 

The nature of the sample was summarized using descriptive statistics. The description of continuous variables was 

presented as a mean, standard deviation, minimum, and maximum, and the description of categorical variables was 

presented as frequencies and percentages. The graphical techniques that were applied to analyze the distribution of Overall 

performance were the relevant techniques. Correlation analysis was used to initially examine relationships between 

numerical predictors and academic performance with performance differences across the demographic and behavioral 

groups of interest also evaluated. 

2.5 Multivariate Statistical Analysis 

Pearson correlation was used when the variables were continuous and numerical, and Spearman correlation when the 

variables were ordinal and suitable. The comparisons of the academic performance of binary and multi-category groups 

were conducted through independent-samples t-tests and one-way ANOVA. This was followed by multiple linear 

regression to establish the independent contribution of the predictors to the overall academic performance. The measure 

of multicollinearity was done with the help of variance inflation factors, and the level of statistical significance was set at 

p < 0.05. The special focus was on Last due to the close connection with the Overall. 

2.6 Machine-Learning Model Development 

A number of supervised regression algorithms with supervision were designed to predict total academic performance. 

These were Linear Regression, Decision Tree Regression, Random Forest Regression, Gradient Boosting Regression, 

XGBoost Regression, Support Vector Regression and K-Nearest Neighbors Regression. A baseline model was Linear 

Regression, and tree-based and nonlinear algorithms were also considered to be able to capture more complicated 

interactions between student characteristics. 

2.7 Model Training and Evaluation 

The dataset was divided into approximately 80% training data and 20% testing data. The training set was cross-validated 

to enhance stability of the model and minimize overfitting. The coefficient of determination (R2), mean absolute error 

(MAE), mean squared error (MSE) and root mean squared error (RMSE) were used to assess predictive performance. The 

most successful model was selected with reference to the higher R and lower values of the prediction error. 

2.8 Feature Importance and Model Interpretation 

The feature-importance analysis was conducted to find out the most significant predictors of student academic 

performance. Random Forest and boosting-based model importance scores were checked and SHAP analysis of the best-

performing model was taken into consideration to find the direction and the intensity of predictor impacts. Academic, 

socioeconomic and behavioral variables were then ranked based on their predictive contribution. 

2.9 Robustness and Reproducibility 

To enhance robustness, the development of all models was based on the same cleaned dataset and the same train-test 

partitions. Reproducibility was supported using cross-validation and fixed random seeds. Since the previous academic 

performance (Last) was significantly correlated with Overall, additional models were used that included this variable and 

the absence of it to determine whether it overshadowed the effect of other variables or not. The results of the departments 

were viewed with caution due to the significant imbalance in the dataset with regard to academic departments. 

 

3. Results 

3.1 Characteristics of the Student Sample 

A total of 493 university students were analyzed. The sample was 66.5% male and 33.5% female. The majority of students 

were village residents (56.8%), 93.1% were not employed and 41.6% indicated their involvement in extracurricular 

activities. In terms of study behavior, 46.2% of them said that they prepared for between 2 and 3 hours, and 61.3% had 

more than three hours of gameplay. The attendance was also fairly high with 40.0% indicating 80-100% attendance and 

44.0% indicating 60-79. The sample was also very concentrated in Computer Science and Engineering (89.9%), which 

means that comparisons based on departments should be viewed with care. The mean overall academic performance was 

3.188/0.592 and the mean past academic performance (Last) was 3.164/0.641 shown in Table 1. 

 

Table 1. Demographic, Academic, Socioeconomic, and Behavioral Characteristics of Students 

Characteristic Category/Statistic n (%) or Mean ± SD 

Sample size Total 493 

Gender Male 328 (66.5%) 

 Female 165 (33.5%) 

Hometown Village 280 (56.8%) 

 City 213 (43.2%) 

Income Low 74 (15.0%) 

 Lower middle 180 (36.5%) 

 Upper middle 110 (22.3%) 

 High 129 (26.2%) 

Attendance 80–100% 197 (40.0%) 

 60–79% 217 (44.0%) 

Employment Yes 34 (6.9%) 
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 No 459 (93.1%) 

Extra activities Yes 205 (41.6%) 

Preparation 2–3 hours 228 (46.2%) 

Gaming >3 hours 302 (61.3%) 

HSC Mean ± SD 4.157 ± 0.547 

SSC Mean ± SD 4.768 ± 0.350 

Previous performance (Last) Mean ± SD 3.164 ± 0.641 

Overall performance Mean ± SD 3.188 ± 0.592 

 

3.2 Distribution of Overall Academic Performance 

The overall academic performance was between 1.00 and 4.00 with a mean of 3.188 and standard deviation of 0.592. As 

shown in Figure 1, the focus of observations was largely towards the top middle range of the performance scale, but also 

included lower-performing students. The distribution allowed for adequate variation to perform multivariate regression 

and continuous-outcome machine learning analysis. 

 
Figure 1. Distribution of Overall Academic Performance 

 

3.3 Correlation and Group-Based Analysis 

Several important relationships emerged with overall academic performance in bivariate analysis. The strongest positive 

correlation was with Overall (r = 0.925, p < .001), whereas previous academic performance had the highest positive 

correlation. Performance was also strongly positively associated with attendance (ρ = 0.664, p < .001) and preparation 

was moderately positively associated (ρ = 0.377, p < .001). The association between gaming and other measures was 

moderate and negative (ρ = −0.412, p < .001). A positive relation emerged between HSC and overall performance as well 

as between SSC and overall performance, but with considerably less strength than for previous academic performance. 

There was a higher mean score for females than males (3.322 vs. 3.121; p < .001), and a higher mean score for students 

involved in extra-curricular activities than those who were not (3.408 vs. 3.032; p < .001). There was no significant 

association of overall performance with hometown or employment or income status. There were significant differences 

found between attendance, preparation and gaming categories shown in Table 2. 

 

Table 2. Associations Between Student Factors and Overall Academic Performance 

Predictor Statistical Test Statistic p-value 

HSC Pearson r 0.252 <.001 

SSC Pearson r 0.099 .028 

Previous performance (Last) Pearson r 0.925 <.001 

Computer skills Pearson r 0.178 <.001 

English skills Pearson r 0.030 .506 

Income Spearman ρ −0.021 .643 

Preparation Spearman ρ 0.377 <.001 
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Gaming Spearman ρ −0.412 <.001 

Attendance Spearman ρ 0.664 <.001 

Semester Spearman ρ −0.024 .591 

Gender Welch t −3.879 <.001 

Hometown Welch t −1.164 .245 

Employment Welch t 0.503 .618 

Extra activities Welch t 7.385 <.001 

 

3.4 Multivariate Correlation Structure 

The multivariate correlation structure of the significant numerical and ordinal predictors is shown in Figure 2. Previous 

academic performance and overall academic performance had the strongest relationship ( 0.93). There were positive 

correlations between attendance and past and total performance but gaming had negative correlations with performance. 

Academic achievement and attendance had positive relationships with preparation. Conversely, the direct relationships 

between income, semester, and English skill and overall performance were also weak. 

 
Figure 2. Correlation Matrix of Academic and Behavioral Variables 

 

3.5 Multivariate Regression Results 

The multiple linear regression model was able to explain 86.6 percent of the variance in overall academic performance 

(R2 = 0.866; adjusted R2 = 0.859). Previous academic performance turned out to be the most powerful independent 

predictor (B = 0.812, p < .001), meaning that a one-unit increase in previous academic performance was linked to an 

average improvement of about 0.81 units in overall performance after holding the rest of the variables constant. The 

preparation time was found to be statistically significant (B = 0.040, p = .032). 

HSC, SSC, computer skills, English skills, income, gaming, attendance, semester, gender, hometown, employment, and 

extracurricular participation failed to maintain independent statistical significance after the previous performance and the 

other variables were adjusted. This result indicates that a number of the robust bivariate relationships, especially 

attendance and gaming, were overlapping each other significantly with students' previous academic success. The 

multicollinearity was tolerated among the key predictors, and VIF values were mostly lower than 2.5 shows in Table 3. 

 

 

Table 3. Multiple Linear Regression Predicting Overall Academic Performance 

Predictor B SE 95% CI p-value 
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HSC 0.023 0.023 −0.022, 0.069 .318 

SSC −0.008 0.039 −0.084, 0.069 .843 

Computer skills 0.012 0.009 −0.005, 0.029 .174 

English skills −0.008 0.015 −0.037, 0.022 .614 

Previous performance (Last) 0.812 0.049 0.716, 0.908 <.001 

Income 0.005 0.009 −0.012, 0.023 .561 

Preparation 0.040 0.019 0.003, 0.077 .032 

Gaming 0.005 0.020 −0.034, 0.043 .812 

Attendance 0.017 0.028 −0.038, 0.072 .550 

Semester −0.001 0.004 −0.008, 0.006 .760 

Female gender 0.030 0.023 −0.015, 0.075 .197 

City hometown −0.015 0.024 −0.061, 0.032 .533 

Employment 0.046 0.068 −0.087, 0.179 .496 

Extra activities 0.026 0.027 −0.026, 0.078 .335 

Model R² = 0.866; adjusted R² = 0.859. Department indicators were included as control variables. 

 

3.6 Predicted Versus Actual Academic Performance 

A comparison of the predicted and actual results of the best machine learning model is shown in Figure 3. The predictions 

of Support Vector Regression (SVR) were very close to the line of perfect agreement over the range of observed 

performances. The fact that observations were grouped near the line of agreement suggests that the predictive agreement 

was strong; however, there were a few instances of students at the extremes of the academic-performance distribution. 

 
Figure 3. Predicted Versus Actual Overall Academic Performance Using Support Vector Regression 

 

3.7 Machine-Learning Model Performance 

All seven regression algorithms could be shown to have varying predictive accuracy. The model with the highest R2 value 

(0.909) and the lowest RMSE value (0.184) was the SVR model, which means that SVR was the best model overall. 

Random Forest has an almost similar R2 of 0.908 and the lowest MAE of 0.114. Gradient Boosting also did well with an 

R² of 0.901. The R² values for XGBoost and Decision Tree models were close at around 0.887, while Linear Regression 

and KNN models had relatively lower predictive power shown in Table 4. 

 

Table 4. Comparative Performance of Machine-Learning Models 
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Model R² MAE MSE RMSE 

Support Vector Regression 0.909 0.130 0.034 0.184 

Random Forest 0.908 0.114 0.035 0.186 

Gradient Boosting 0.901 0.140 0.037 0.192 

XGBoost 0.887 0.143 0.042 0.205 

Decision Tree 0.887 0.145 0.042 0.205 

Linear Regression 0.851 0.172 0.056 0.236 

K-Nearest Neighbors 0.803 0.205 0.074 0.272 

 

The very similar performance of SVR and Random Forest indicates that both nonlinear approaches effectively captured 

the predictive structure of the dataset, although SVR provided the best overall R² and RMSE. 

 

3.8 Important Predictors and Model Interpretation 

The variables that were the most important predictors from the best-performing SVR model were confirmed by the 

permutation-based interpretation of the model. Attendance was the second most important item, followed by semester, 

SSC, computer skills, HSC, and gaming, although they weren't as large as Last's. The regression results are thus confirmed 

in Figure 4, which also indicates that the variables that were not a significant factor in the linear model may add value to 

the prediction in a non-linear model. 

Overall, the results of the statistical analysis combined with the results of the machine learning analysis suggest that 

academic history was the main factor in terms of performance. Other variables such as attendance, preparation, gaming 

behavior, prior school performance, and computer skills added more information, while income, employment, hometown, 

and English skills added relatively little once other variables were taken into account. The results highlight the importance 

of using multivariate inference along with predictive modeling in the study of academic achievement of university 

students. 

 
Figure 4. Feature Importance for Prediction of Overall Academic Performance 

 

4. Discussion 

The study revealed that a combined multivariate statistical and machine learning approach can be used to effectively 

analyze university student academic performance. Overall performance was most strongly predicted by previous academic 

performance (Last) and attendance, preparation, HSC, SSC, gaming, and selected behavioral characteristics were found 

to be significant. The regression model accounted for a good amount of the variance, and of the machine-learning models 

examined Support Vector Regression performed best in terms of predictive accuracy. The results align with the increasing 
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adoption of data-driven methods in the identification of patterns of academic risk in higher education (Rastrollo-Guerrero 

et al., 2020; Tomasevic et al., 2020). 

In general, there was a strong continuity of students' academic trajectories as evidenced in the positive correlation between 

previous academic performance and overall achievement. There was also a strong positive correlation between attendance 

and performance, and a positive correlation between preparation and performance. HSC score and achievement showed a 

positive relationship, but this relationship was less pronounced when other more current measures of achievement were 

included. Similarly, SSC scores were positively related to achievement, and this relationship was weaker when other more 

recent measures of achievement were introduced. The results of similar studies indicate that past academic performances 

and learning trajectories are among the most predictive predictors of achievement in the future (Musso et al., 2020; 

Trakunphutthirak & Lee, 2022). Artificial neural-network studies have also highlighted the need to comprehensively 

analyze previous achievement variables when predicting student outcomes (Rodríguez-Hernández et al., 2021). 

At the bivariate level, gaming was negatively correlated with overall academic performance while extracurricular activities 

were positively associated with academic performance. Other variables controlled for included income, employment status 

and hometown, which had comparatively weaker effects. The findings suggest that the socioeconomic factors might have 

an indirect effect on achievement due to their relationship with learning opportunities, engagement, and academic 

resources of the student, not simply as independent variables. There is a significant, but context-specific, relationship 

between SES and higher education attainment as indicated in previous research (Rodríguez-Hernández et al., 2020; 

Selvitopu & Kaya, 2023). Behavioral and emotional factors can also impact academic outcomes, such as student 

engagement and learning interaction (Kukkar et al., 2023). 

The overall predictive performance of the model was best for Support Vector Regression with R² of 0.909 and RMSE of 

0.184, followed closely by the Random Forest model. The results showed that the nonlinear model had greater accuracy 

in depicting the complex relationships between academic and behavioral predictors than the linear model. The results of 

previous comparison studies also show that student performance prediction can significantly benefit from incorporating 

multiple interacting variables, with the help of supervised machine-learning methods (Tomasevic et al., 2020; Wang & 

Yu, 2025). Advanced neural and transfer-learning techniques have also demonstrated good potential in educational 

prediction tasks (Ljubičić & Hell, 2023; Tsiakmaki et al., 2020). 

Feature-importance analysis confirmed that previous academic performance was the most important predictor followed 

by attendance and selected academic and behavioral factors. This regression/machine-learning interpretation agreement 

further bolsters confidence in the robustness of the findings. In the educational context, explainable machine-learning 

methods can help take prediction models beyond accuracy to provide meaningful interpretations of student-risk factors 

(Jang et al., 2022). Previous prediction research using LMS data has also shown that meaningful and understandable 

measures of student engagement can aid in timely academic intervention (Santos & Henriques, 2023). 

The present results are consistent with previous research on the role of academic history, engagement patterns and 

behavioral information in predicting student performance. Machine-learning methods have shown their effectiveness in 

learning from complex relationships throughout learners' education and in early prediction of learners' outcomes (Musso 

et al., 2020; Rastrollo-Guerrero et al., 2020). This evidence is further developed in the present study by introducing 

multivariate statistical inference and predictive modeling within the same analytical framework. 

The results are of practical significance for the university that wants to detect students at academic risk. Targeted 

monitoring can be done based on previous performance and attendance, and preparation and behavioral variables can 

provide for personalized academic counselling. Explainable predictive systems can be useful for facilitating proper 

allocation of academic-support resources and for creating interventions that can be implemented in time, before a 

significant decrease in performance occurs (Jang et al., 2022; Santos & Henriques, 2023). 

The study has limitations due to the relatively small sample size, moderate departmental imbalance, Data design, and the 

lack of detailed psychological, institutional, and learning environment variables. Such limitations might limit 

generalizability. Larger multi-university datasets and a holistic integration of psychological and digital-learning indicators 

would benefit future research, as would model validation in other institutional environments. Higher-order machine 

learning techniques, such as explainable models, and longitudinal techniques could enhance the reliability and 

applicability of the predictions. 

 

5. Conclusion 

Multivariate statistical analysis together with machine-learning methods were found to be effective tools for the analysis 

of the academic performance of the university students in this study. The results revealed that previous academic 

performance was the most significant factor in overall achievement with attendance, preparation, HSC, SSC, gaming 

behaviour, and selected student characteristics also accounting for differences in achievement. Multivariate regression 

model accounted for a significant amount of variance in academic performance, indicating the significance of prior 

achievement and preparation given the other variables. The machine-learning algorithms evaluated were Support Vector 

Regression (SVR) and Random Forest (RF), with SVR performing best overall in predicting the machine's 

performance.Support Vector Regression (SVR) and Random Forest (RF) had comparable predictive performance among 

the machine-learning algorithms evaluated, and both algorithms performed the best overall predictions of the machine's 

performance. The results of the feature importance analysis also showed that previous academic performance was the 

most important feature with the remaining academic and behavioral features having a lesser impact. Other factors such as 

income, employment status, hometown, and some skill-related factors had relatively less independent effect. Combining 

statistical inference with predictive modelling gave an overall perspective on the significance and predictive role of 

student-level factors. The results of this research can also help universities to identify students who are at risk of poor 
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performance and to design their academic-support measures accordingly. These results need to be confirmed in future 

studies with larger, more balanced, multi-institutional datasets, incorporating psychological and institutional and digital-

learning variables. 
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