
 
Journal of Advanced Research in Applied Sciences and Engineering Technology 57, Issue 5 (2026) 67-81 

 

67 
 

 

Journal of Advanced Research in Applied 
Sciences and Engineering Technology 

 

Journal homepage:  

https://semarakilmujournal.com.my/index.php/araset 
ISSN: 2462-1943 

 

Predicting Student Project Performance using Machine Learning  
 
Faisal Asad ur Rehman1, Abdulkarim Kanaan Jebna1,*, Ramesh Kumar Ayyasamy1, Abdelhak 
Senadjki2 

 
1 

2 

 

Faculty of Information and Communication Technology, Universiti Tunku Abdul Rahman, 31900, Kampar, Perak, Malaysia 
Teh Hong Piow Faculty of Business and Finance, Universiti Tunku Abdul Rahman, 31900, Kampar, Perak, Malaysia 
  

ARTICLE INFO ABSTRACT 

Article history: 
Received 2 March 2026 
Received in revised form 7 March 2026 
Accepted 15 March 2026 
Available online 18 March 2026 

The transition towards Industry 4.0 and digital transformation has increased the 
demand for graduates equipped with both behavioural and technical competencies to 
execute complex tasks successfully. While the current project-based curriculum 
highlights technical proficiency, emerging evidence suggests that entrepreneurial traits 
and digital literacy significantly enhance project outcomes. However, current students 
lack these combined skills, creating a gap between industry expectations and workforce 
capabilities. This challenge reflects evolving demands and limits graduates' 
employability in advancing today's industries. Motivated by this gap, this research aims 
to investigate the influence of entrepreneurial traits and digital literacy on students' 
project performance. A machine learning based data driven framework was proposed 
in this study to capture complex and hidden relationships. The data were collected from 
691 undergraduate students. The results demonstrate that the XGBoost model 
achieved an average R² of 0.549, with an MSE of 0.444, an RMSE of 0.658, and an MAE 
of 0.457 under 5-fold cross-validation, showing good predictive capability and low 
estimation error with a limited dataset. Proactiveness, risk-taking, and digital literacy 
are the most significant factors in this context. The study recommends that universities 
redesign the competency-based curricula of their project-based courses to produce 
skilled graduates ready to work in today's industry. 
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1. Introduction 
 

The adoption of modern Industry 4.0 technologies, including artificial intelligence (AI), 
automation, and digital platforms, has advanced industrial processes and workforce skill 
requirements [1,2]. Today's industry requires a workforce that is capable of integrating technical skills 
with digital and behavioural competencies to solve complex problems. The graduates who enter 
these ecosystems often face a substantial skills gap, with a lack of basic competencies to work 
effectively in real-world projects [3-5]. 

While the university curricula are based on technical skills, emerging research indicates that a 
broader set of competencies beyond technical proficiency alone influences successful performance 
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in such environments [6]. In particular, entrepreneurial traits (ETs), including proactiveness, risk-
taking, innovativeness, autonomy, and self-efficacy, are essential skills for the modern workforce to 
perform well on complex problems and innovative tasks [7,8]. The trait theory of entrepreneurship 
(TTE) further describes how ETs' competencies influence the leveraging of opportunities, proactive 
behaviour, and adaptability in uncertain situations that closely mirror the settings of modern 
industrial-based projects [9,10]. 

Digital literacy (DL) is also an important competency in the Industry 4.0 workforce [11,12]. It 
enables individuals to learn and apply new technologies and tools in sustainable industrial systems 
[13]. Moreover, the digital competency framework (DCF) considers DL as a crucial factor that enables 
individuals to work effectively in complex technological systems [14,15]. Despite these competencies 
being frequently recognized in the framework of workforce development, their predictive potential 
for the students' project performance (PP) remains underexplored. However, the understanding of 
which competencies among ETs and DL most significantly enhance students' PP is important for both 
industry and educator stakeholders seeking to enhance learning interventions and align the skills of 
university graduates with modern industry demands.  

Meanwhile, the availability of good amounts of data has stimulated the use of machine learning 
(ML) approaches to predict and analyse performance in the student context. The traditional methods 
are centred on linear assumptions, and sometimes fail to identify the exact associations between 
variables or hidden patterns in educational datasets [16-18]. Unlike traditional methods, ML has the 
potential to capture complex, nonlinear, and hidden relationships among variables, and to smoothly 
handle high-dimensional interactions [19-21]. Therefore, it provides more reliable and effective 
predictions and interpretive insights than traditional approaches [22,23]. The existing research has 
successfully employed ML techniques to predict academic achievement and student retention, but it 
relies on conventional factors such as demographic variables and grades [21,24,25]. However, the 
integration of competency-based factors that aligned with Industry 4.0 talent development has still 
received limited attention. 

This integration of the sustainable industrial requirement, competency-focused students' 
projects, and advanced analytical capabilities reveals a significant research gap. Existing research has 
examined ETs, DL, and performance outcomes separately [7,8,11,12], but there is minimal 
exploration of their combined effects on predicting students' PP. Moreover, the potential of ML to 
capture the multidimensional relationships in predicting students' PP has also been minimally 
explored [21,24,25]. However, there is a lack of data-driven and comprehensive frameworks to help 
design the educational curricula that align with today's industry requirements to produce Industry 
4.0-ready talent. 

To address this significant gap, this study adopts an ML-driven analytical approach to examine 
the extent to which ETs and DL jointly affect students' PP. By integrating these competencies into a 
predictive modelling framework, this study seeks to provide a more realistic understanding of these 
factors affecting performance in the student context. Accordingly, the research aims of this study are 
to: 

• Examine the influence of ETs in shaping students' PP. 
• Demonstrate the applicability of the ML approach in predicting students' PP leveraging 

student competencies. 
• Identify the most significant competencies to enhance students' PP. 
Through these examinations, this research seeks to contribute to the literature in several ways. 

First, it aims to explore the influence of ETs' and DL competencies on students' PP, moving beyond 
traditional academic factors. Secondly, the study intends to propose a methodological contribution 
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by applying ML techniques to capture the true relationships between competencies and 
performance. Lastly, this study seeks to offer practical insights for universities to develop 
competency-based project curricula aligned with Industry 4.0 workforce demands. However, this 
research presents new insights through its competency-based predictive framework, which 
combines ETs and DL within an ML modelling to explore students' PP. This data-driven approach 
provides a new methodological framework for a deeper understanding of talent development in 
universities for Industry 4.0. 

This study is organized into different sections. The upcoming sections present the methodology, 
which starts by proposing a workflow for the research framework, explains the data description and 
the selected ML models for predicting students' PP, and concludes with the evaluation metrics. After 
this, the results and discussion are presented, which provide a detailed analysis and overview of how 
the study's findings relate to the existing literature. The last section concludes the study's outcomes, 
presents the significance of this work, identifies its limitations, and suggests directions for future 
research. 

2. Methodology  

This study proposes a research framework that is based on ML to generate robust predictive and 
empirical insights into the influence of ETs and DL on students' PP (as shown in Figure 1). It also 
identifies the most significant factors for the same context.  

 
Fig.  1. The workflow of the research design 

 
This approach captures the nonlinear and complex nature of relationships between the 

competencies and performance that traditional methods can not effectively capture. The process of 
data collection, data preprocessing, data splitting, model training, and model evaluation ensures the 
effectiveness and reliability of the proposed framework. The research design of this study supports 
accurate performance and empirical insights into the students' PP by integrating grounded 
competencies into data-driven ML models. 
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2.1 Dataset Description 

The data for this study were collected through a questionnaire from undergraduate students at 
different public Malaysian universities. The target audience was those enrolled in project-based 
courses focused on ETs and DL skills. The students participated in this data collection process 
voluntarily, and assurances were given that their anonymity and data confidentiality would be 
maintained. A total of 330 responses were collected. The description of each study variable is 
presented in Table 1.  

         Table 1 
                       The description of the variables 

S. 
No. 

Variable Full 
Name 

Variable 
Abbreviation 

Data Type Scale Description 

1 Project 
performance 

PP Categorical Five-point-
likert 

Students' PP 

2 Digital literacy DL Categorical Five-point-
likert 

Students' ability to 
adopt DL. 

3 Proactiveness PRA Categorical Five-point-
likert 

Students' ability to 
work proactively 
on their project 
tasks. 

4 Innovation INN Categorical Five-point-
likert 

Students' ability to 
look into new 
creativity in their 
projects. 

5 Risk-taking RT Categorical Five-point-
likert 

Students' 
willingness to take 
risks in their 
project tasks. 

6 Autonomy AUT Categorical Five-point-
likert 

Students' ability to 
take responsibility 
and independently 
manage their 
project tasks. 

7 Appearance 
self-efficacy 

ASE Categorical Five-point-
likert 

Students' 
subjective 
evaluation of their 
appearance 
values. 

8 Social self-
efficacy 

SSE Categorical Five-point-
likert 

Students' 
subjective 
evaluation of their 
social values. 

9 Gender - Categorical Binary Students' gender 
10 Hometown - Categorical Binary Students' 

hometowns: are 
they from rural or 
urban areas? 

11 Year of study - Categorical Nominal Students' study 
year 

12 GPA - Numeric Continous Students' GPA 
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2.2 Data Preprocessing and Exploratory Analysis  

All the variables in this study were categorical except GPA, which was a continuous variable. As 
shown in Table 1, the subfactors of ETs, including proactiveness, innovation, risk-taking, autonomy, 
social self-efficacy, and appearance self-efficacy, and other variables such as DL and PP, were 
measured using a five-point Likert scale (strongly agree, agree, neutral, disagree, strongly disagree). 
As Likert-scale responses are ordinal, an ordinal encoder was used to convert the categories into the 
corresponding numerical values while maintaining their inherent order [26]. While gender and 
hometown were the binary variables, a binary encoder was applied to convert the categories into 
numerical values [27]. On the other side, the year of study was a nominal variable; a one-hot encoder 
was used to convert these categories into numerical forms [27]. As ML models operate exclusively 
on numeric data, this preprocessing step is essential. Therefore, all categorical variables were 
converted to numeric forms. 

Moreover, to understand the dataset characteristics, an exploratory data analysis (EDA) was used 
in this study. It gives an overall idea of the dataset, data preprocessing, and selection of the ML 
models based on the data characteristics [28,29]. It presents the descriptive statistics to summarise 
each variable's characteristics and help to select the variables for final modelling [30,31]. It is the 
essential part of the ML workflow. This study also used a correlation analysis to assess associations 
among variables. It identifies linear interrelationships among the features and gives a clear picture of 
the selection of relevant features for the model [32,33].   

2.3 Machine Learning Models 

To capture the complex and nonlinear relationships among ETs, DL, educational factors, and PP, 
this study uses two ensemble ML models: RF and XGBoost. Both models have shown strong predictive 
power in academic research and learning analytics applications [34-36]. RF is an ensemble ML model 
based on the bagging concept, generating multiple decision trees from random subsets of training 
examples and features. In a final prediction of RF, the prediction of each tree is aggregated. It reduces 
the overfitting issue and enhances the model's reliability and stability. It also handles heterogeneous 
and noisy data, which is very common in an educational context. To provide the feature importance 
score, increase its power to enhance the interpretability. It identifies the set of best predictors for 
the outcome variable [37-40]. 

On the other hand, XGBoost is also one of the reliable models in ML. The architecture of XGBoost 
is based on sequential trees, in which each sequential tree reduces the error of the previous tree, 
resulting in robust predictions. It overcomes the chance of overfitting by incorporating a 
regularisation term and also outperforms in situations where features have different data types and 
have missing values [41,42].  

The dataset for this study was split into 80:20 for training and testing. To assess the reliability and 
unbiasedness of both the RF and XGBoost models, they were trained on the training set, and their 
performance was evaluated on the test set. In addition to that, k-fold cross-validation (CV) was 
utilized to mitigate the overfitting issue and optimize the hyperparameters [43]. 

It splits the training data into k folds. The k-1 folds were used for model training, while the 
remaining fold was used for validation purposes of the model. This study used K = 5, which means 
that performance measures were measured across all 5-folds and averaged to get the stable 
performance of the model before external evaluation on the unseen test set. It enhances the model. 
It enhances model confidence and also addresses the heterogeneity and variability concerns of the 
data [44]. To determine the most important features, the study used Shapley additive explanations 
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(SHAP). SHAP quantifies each feature's marginal contribution by calculating Shapley values. It 
represents the average contribution of a feature across all feature coalitions [45].  

2.4 Model Evaluation 

A set of evaluation measures was used to assess the ML model's performance, including 
coefficient of determination (R²), mean absolute error (MAE), mean squared error (MSE), and root 
mean squared error (RMSE). They interpret the model's predictive quality and assess its fitness [46- 
48]. These are common evaluation matrices for regression tasks in educational research [34, 49, 50]. 
The purpose of the evaluation matrices is shown in Table 2.  

Table 2 
Purpose of the evaluation measures 
Measure Purpose Interpretation 
R² It is used to measure the explained 

variance by independent variables 
(factors). 

Better explanatory 
power explains if its 
value is higher. 

MSE It highlights a larger prediction 
error to monitor the overall model 
accuracy. 

Lower value 
indicates less 
overall error. 

RMSE It offers easy-to-interpret model 
accuracy by computing the 
prediction error in the same units 
as the outcome variable. 

For better model 
performance, the 
lower value should 
be considered. 

MAE Calculating the average magnitude 
of the prediction error yields a 
good, interpretable measure of 
model performance. 

For better model 
performance, the 
lower value should 
be considered. 

       
3. Results and Discussion 

The section presents the findings of this study. First, it presents the overall insights from the 
dataset using different statistical analyses. Secondly, it compares the performance of the ML models 
and then identifies the success factors in predicting students' PP. Table 3 presents descriptive 
statistics of the numerical variables of the study. It shows the high mean values of risk-taking, 
proactiveness, innovation, and appearance self-efficacy, while social self-efficacy and autonomy 
demonstrated lower mean and higher standard deviation (SD) values among the ETs. It indicates that 
there are variations in perceived independence and social confidence in students. 

 
Table 3 
The summary of the numeric variables of the study 

Variable Count Mean Median SD Min 25% 50% 75% Max 
GPA 691 3.31 3.34 0.44 1.58 3.00 3.34 3.65 4.0 
INN 691 3.74 4.00 0.71 1.00 3.33 4.00 4.00 5.0 
RT 691 3.93 4.00 0.73 1.00 3.50 4.00 4.50 5.0 
PRA 691 3.85 4.00 0.65 1.00 3.33 4.00 4.00 5.0 
AUT 691 3.51 3.50 0.77 1.00 3.00 3.50 4.00 5.0 
ASE 691 3.67 3.67 0.76 1.00 3.00 3.67 4.00 5.0 
SSE 691 3.36 3.33 0.80 1.00 2.83 3.33 4.00 5.0 
DL 691 3.81 4.00 0.59 2.00 3.25 4.00 4.00 5.0 
PP 691 3.84 3.86 0.63 1.00 3.43 3.86 4.14 5.0 
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The academic factor (i.e., GPA) shows good performance of the students in their academics. The 
DL and PP factors also show good mean values along with low SDs. The descriptive statistics indicate 
sufficient variation across all variables, supporting the ML applicability to work well in heterogeneous 
datasets. 

The distribution of the categorical variables of the study is shown in Figure 2. It indicates that 
there are more female students than male students in the dataset. The year-wise distribution 
indicates that early-year students were engaged in the project-based courses. Regarding hometown 
background, the distribution shows that more students are from urban areas than from rural areas. 
Overall, these findings reveal that diverse student representation in the dataset supports 
generalizability across various academic and demographic backgrounds. 

 

Fig.  2. Demographic distribution of respondents by gender, year of study, and hometown 

The strength and direction of associations among quantitative study variables are illustrated in 
Figure 3. PP shows moderate positive correlations with proactiveness, risk-taking, innovation, DL, and 
appearance self-efficacy, suggesting that undergraduate students with higher entrepreneurial ability 
and digital competence achieve better project outcomes. Social self-efficacy and autonomy 
demonstrate a weaker, however positive, correlation with PP, indicating supportive but less 
important factors. GPA shows only a weak association with PP, underscoring that the traditional 
academic construct is a weak predictor of real-world, complex projects. Notably, strong 
intercorrelations between innovation, risk-taking, and proactiveness indicate conceptual relatedness 
without showing severe multicollinearity. Therefore, supporting their joint inclusion in subsequent 
ML models to capture interactive effects and nonlinearity on students' PP. 
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Fig.  3.  Correlation heatmap emphasizing the association among quantitative study variables 

Table 4 compares the prediction performance of the RF and XGBoost models across the training, 
CV, and test phases. Both models demonstrate good predictive power for PP among university 
students. The CV R² values are 0.524 and 0.549 for RF and XGBoost, respectively, showing that 
predictors explain a significant proportion of PP variance. 

Table 4 
Performance analysis of the ML models 

Measure RF Performance XGBoost Performance 
Training  CV Testing Training  CV Testing 

R² 0.780 0.524 0.589 0.731 0.549 0.598 
MSE 0.216 0.474 0.434 0.265 0.444 0.424 
RMSE 0.465 0.676 0.658 0.514 0.658 0.651 
MAE 0.326 0.459 0.450 0.368 0.457 0.448 

XGBoost exhibits slightly better generalization, as evidenced by higher CV and test R² and lower 
test errors (MSE, RMSE, and MAE) than RF. At the same time, the RF model achieves a marginally 
higher training R² value. Still, the gap between RF's training and test performance suggests a greater 
tendency toward overfitting than XGBoost. It suggests that the XGBoost model delivers better and 
more reliable results while maintaining accuracy and generalizability in predicting students' PP.  

The feature importance scores are shown in Figure 4. It shows that proactiveness is the most 
important individual factor in predicting students' PP, with almost 25% of the total importance. 
However, ETs collectively account for 63% of the significance. In which proactiveness, risk-taking, 
appearance self-efficacy, and innovation are the higher contributors, while autonomy and social self-
efficacy are the lower. Meanwhile, the DL contributes almost 15% of the total importance. So, it 
indicates that students who are proactive, take risks to add new things, have the capability to use 
digital tools, generate unique ideas, and have significant confidence in their abilities, achieve good 
performance in their projects.  
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Fig.  4. Feature importance for this study using RF 
 

However, this research examines the impact of ETs and DL on students' PP, develops a suitable 
ML model for prediction, and identifies the most significant factors, thereby proposing strategies for 
the universities to produce skilled graduates who meet the requirements of today's modern industry. 
The findings provide empirical evidence that supports the proposed framework of this study and 
extend existing research by integrating ETs and DL competencies within a data-driven analytical 
approach. 

Consistent with prior studies, the findings show that XGBoost and RF models achieved satisfactory 
predictive performance across the training, CV, and test datasets [51, 52, 53, 54]. The R² values reveal 
moderate explanatory power. At the same time, error metrics indicate low values that confirm the 
robustness of the models in predicting students' PP. These findings align with earlier research that 
found ensemble models superior at capturing the nonlinear and complex relationships among the 
educational variables [25, 55, 56, 57]. Thus, the findings support one of the objectives of this study, 
which confirms the feasibility of using ML techniques to model competency-based students' PP. 

Regarding the ETs, the feature importance analysis indicates that proactiveness, risk-taking, and 
innovation contribute to students' PP. These findings are consistent with prior studies indicating that 
proactive behaviour improves initiative and task engagement in the projects. At the same time, the 
ability to take risks facilitates problem-solving and experimentation, and the innovative behaviour is 
associated with the development of creative solutions [58-60]. 

Meanwhile, autonomy and social self-efficacy showed relatively low importance to students' PP. 
This divergence supports the prior studies that highlight the role of autonomy and self-efficacy in 
learning performance [61-63]. A promising explanation is that the projects involve technological 
problems and digital work processes, in which proactive engagement and technical competencies 
may overcome an individual's perceived autonomy and confidence. These findings emphasize the 
contextual nature of the effectiveness of ETs in the modern project context. 

Moreover, the DL emerged as a significant factor in students' PP, which has a relatively good 
feature weight. It supports the existing studies that have shown that students with high DL exhibit 
superior task management, improved problem-solving efficiency, more effective digital 
collaboration, and better learning performance [64-66]. These findings extend the research domain 
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by empirically showing the dominant role of DL within an ML-based performance model that 
highlights its centrality to achieving successful project outcomes. 

The combined inclusion of ETs and DL in predictive ML models improved performance accuracy. 
These findings are supported by previous studies showing that Industry 4.0 demands these skills in 
the workforce for sustainable manufacturing [67-70]. The findings align with theoretical perspectives 
grounded in TTE and DCF, as well as the integrated competency framework. It indicates that 
behavioural and digital skills improve performance. This joint effect has been mainly overlooked in 
previous empirical studies, which have often examined these competencies separately. 

However, the findings address all objectives of the study by showing the significant roles of ETs 
and DL competencies, validating the ML approach for competency-based predictive modelling, and 
finding the most significant factors. The dominance of ETs, including proactiveness and risk-taking 
with DL, suggests that project-based curricula should be grounded in tasks that require 
entrepreneurial mindsets and digital capabilities to support problem-solving and adaptive learning. 
Moreover, the limited influence of autonomy and self-efficacy suggests that not all ETs contribute 
equally to the students' PP. This insight helps refine competency development strategies that enable 
educators to prioritize competencies with performance relevance.  

These findings suggest that universities should incorporate entrepreneurial and digital 
competencies into project-based curricula rather than focusing solely on technical skills. By adding 
proactive approaches, risk-taking tasks, creative solutions to problems, and the use of digital tools in 
the projects, students are prepared for tasks similar to those required by today's industry.  

4. Conclusions 

This study proposed a data-driven approach to predict the students' PP. It investigates the 
importance of entrepreneurial and digital competencies through an ML approach. The findings of 
this proposed work suggest that entrepreneurial and digital capabilities should align with educational 
pathways that equip students with essential skills to work in a modern industry. 

This study reveals that ML ensemble models can predict the students' PP. It provides a meaningful 
interpretation of how ETs and DL interact to measure the students' PP. It also emphasizes how to 
assess students' readiness for today's industries. The findings suggest that academic curricula need 
to add entrepreneurial and digital capabilities to project-based courses to prepare students for the 
modern industry. 

This study has some limitations. The dataset has only 691 examples that were collected from 
university students. It may affect the generalizability of the model. This study is based solely on the 
Malaysian context; in addition, the self-reporting of the measures may introduce subjective bias. 
These limitations highlight the need for further research in the same context. Future research may 
improve this work by adding more data to enhance the reliability of the ML models. To assess the 
external validity of the model and explore the contextual differences, the data were collected from 
different countries. The longitudinal research may also be applied for a deeper understanding of how 
entrepreneurial and digital competencies develop over time in university students, which may 
provide meaningful insights into how these capabilities affect performance at different levels. 

For educators and policymakers, this work provides practical and strategic insights for bridging 
the gap between universities and the growing needs of Industry 4.0. This study concludes with 
offering an ML-based solution for redesigning a new curriculum for project-based courses that focus 
on entrepreneurial and digital competencies in individuals to produce graduates who fulfil the 
requirements for Industry 4.0.  
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