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Abstract—Student dropout rates are concerning problem as it 

affecting educational institutions globally, leading to both 

academic and financial challenges. This proposed system 

introduces an AI-driven software that leverages machine 

learning calculations to anticipate understudy dropout 

probabilities early in the academic journey. By analyzing an 

extensive range of student data, including demographic, academic 

performance, attendance, and socioeconomic factors, the system 

identifies patterns and risk factors associated with dropout 

behavior. The proposed model integrates supervised learning 

techniques, allowing educators to take proactive interventions 

based on the predictive insights. The system continuously learns 

and improves by adapting to new data, thus enhancing its 

accuracy over time. Through early assessment of students at risk , 

the software aims to significantly cut down on dropout rates, 

improve academic outcomes, and foster long-term student success. 

This innovative solution provides educational institutions with a 

robust tool to make data-driven decisions, optimizing student 

retention strategies 

 
Keywords— Educational management plat-form; Learning 

achievements; Machine learning applications in teaching; 

Predictive modeling 

I. INTRODUCTION 

HIS study tackles the pressing issue of student dropout in 

higher education, A challenge that has profound 

implications not just for the students themselves as well as for 

academic institutions and the larger societal context.. High 

dropout rates contribute to reduced career opportunities for 

students, diminished institutional reputation, and a less skilled 

workforce. To address this, the proposed system investigates 

the usage of machine learning (ML) and 

deep learnings (DL) strategies to predict at-risk students early, 

thereby enabling timely interventions that can improve student 

retention and success. 

Unlike traditional approaches that focus primarily on academic 

performance as a predictor of dropout, this study expands the 

scope to include a variety of psychosocial and non-academic 

factors. These factors include mental health status, financial 

challenges, communication barriers with faculty, personal 

confidence, and engagement with course material—elements 

that are often overlooked in conventional retention studies. By 

understanding the broader array of factors influencing student 

persistence, the study plans to offer a more 

expanscomprehensive model for predicting and for addressing 

dropout risk. 

 
 

The proposed system begins with the design and deployment of 

a comprehensive survey aimed at collecting detailed data on 

these factors. Students from various departments will 

participate in the survey, ensuring the dataset reflects a broad 

spectrum of experiences. After gathering the data, it will 

undergo cleaning and preprocessing to convert responses into a 

well-organized structure conducive to analysis. This procedure 

ensures that the data is both manageable and of high quality, 

making it ready to use in machine learning applications. 

The core objective of the system involves developing a 

predictive model that uses the cleaned data to detect students 

who are at risk of leaving school. By applying a combination of 

supervised machine learning methods (including classification 

algorithms) and deep learning models, the system aims to build 

a robust model capable of making accurate predictions. 

Exploratory data analysis (EDA) will be performed to identify 

trends and associations within the dataset, ensuring it is reliable 

and complete before model training begins. 

The predictive model will be integrated into the institution’s 

student portal, providing both students and faculty with early 

warnings about dropout risk. This proactive system will allow 

for timely interventions, such as personalized counseling, 

academic support, or financial assistance, which can help at-

risk students overcome challenges and stay on track. The 

integration of this tool into the student portal will facilitate easy 

access to dropout predictions, making it convenient for students 

and faculty to monitor risk levels and act accordingly. 

A critical part of the study is the assessment of the model's 

effectiveness. Crucial evaluation metrics such as precision, 

recall, F1-score, and accuracy will be used to determine how 

well the model identifies at-risk students. This evaluation 

ensures the reliability of the model and its effectiveness in 

predicting dropout risk. The ultimate goal is to create a 

predictive tool that is both accurate and actionable, providing 

meaningful insights that can be used for personalized student 

interventions. 

The study’s objectives are multifaceted. They include 

identifying the key factors contributing to student dropout, 

developing a robust and reliable predictive model, ensuring data 

quality, and integrating the model into a user-friendly interface. 

The study will also generate actionable recommendations for 

institutions to implement targeted interventions, such as 

improved academic advising, mental health support, or 

financial aid programs. Additionally, the study aims to 

contribute to the academic literature by exploring factors that 
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are often overlooked in traditional dropout research, providing 

a new perspective on student retention. 

By achieving these objectives, the study aims to offer a data-

driven solution to improve student retention in higher 

education. The proposed system also seeks to inform 

institutional policies, helping schools allocate resources more 

effectively and design interventions that address the underlying 

causes of dropout. In the broader context, the research adds to 

the growing domain of educational data analytics, delivering 

insights that can be applied to other institutions and regions. 

Ultimately, this proposed system aims not just to minimize 

student attrition, but also to foster a more supportive and 

inclusive educational environment. By identifying students 

facing challenges early and offering them the necessary 

support, this framework has the potential to improve 

educational outcomes, enhance institutional effectiveness, and 

develop a more skilled and capable workforce that can 

contribute positively to society. 

This study addresses the critical issue of student dropout in 

higher education by proposing an AI-driven system that 

integrates machine learning and deep learning. By analyzing 

diverse academic and non-academic factors, the study aims to 

predict at-risk students early, enabling timely interventions to 

enhance student retention and foster a supportive educational 

environment.  

II. LITERATURE REVIEW 

Related Work 

    A study conducted by Abdelhamid Tayebi et al. [1] explores 

the economic impact of students dropping out. They highlight 

several factors influencing the motivation of students, 

particularly in the electrical and computing engineering 

disciplines in Spain. They surveyed 624 students from 8 

different Spanish universities to identify the major factors 

contributing to students’ motivation, which leads them to halt 

their pursuit of an engineering education. According to their 

findings, 23 out of the 40 factors they analyzed were found to 

correlate with low motivation, and about 46% of the surveyed 

students admitted to having considered dropping out. The main 

issues identified in their research included poor relationships 

with professors, followed by underperformance academically. 

Most of the data was gathered via questionnaires, with very few 

personal interviews conducted. 

Another study conducted by Qabil et al. [2], at the University 

of Prishtina in Kosovo, Serbia, delves deeply into student 

dropout in the Electrical and Computer Engineering (ECE) 

department. This research spanned 14 years, from 2001 to 2015, 

and discusses its impact on the industry as well as potential 

solutions. The problem is described as complex and 

multifaceted. The study surveyed 6,442 students in their first 

year, employing questionnaires and interviews. Among them, 

1,980 students graduated, while 4,408 dropped out, indicating a 

significant dropout rate. They categorized the students into four 

groups: The first group consisted of students who enrolled in 

the program but did not pass any exams. The second category 

included those who enrolled but withdrew before completing 

their first year. The third group covered students who passed all 

first-year exams but left the program before advancing to the 

second year. The final category included students who 

completed their second year but left the faculty without passing 

the exams for their third year. 

They attribute the reasons to the war-torn history of Serbia and 

poor foundation in mathematics. 

Another study by Smith et al. [3] at the University of Melbourne 

examined dropout rates among engineering students in the 

mechanical and civil departments. Conducted between 2008 

and 2016, the research analyzed the progress of 4,567 students, 

revealing that 1,980 students completed the program, while 

2,587 dropped out at various stages. The researchers classified 

students into three categories: those who left without 

completing any courses, those who completed their first year 

but dropped out after that, and those who persisted until the 

third year but eventually left without graduating. 

Smith et al. highlighted academic pressure, lack of practical 

training, and financial constraints as the primary factors 

contributing to student attrition. They recommended enhanced 

mentorship programs and industry-linked internships as 

effective methods to improve retention. The study suggested 

that by aligning academic coursework more closely with 

industry expectations, universities could reduce dropout rates 

significantly. 

A study conducted by Johnson et al. [4] at the University of 

California explored student dropout patterns in the electrical 

engineering department between 2010 and 2020. This study 

tracked 5,200 students and found that 2,900 did not complete 

their degrees. The researchers divided the students into three 

categories: those who withdrew in the first year without passing 

any courses, those who left after completing the first year but 

before the second, and those who dropped out after reaching the 

third year but failing to complete their degree. 

     Johnson et al. identified several critical factors contributing 

to the high dropout rate, including heavy academic workloads, 

insufficient support systems, and the mismatch between course 

content and student expectations. They suggested 

implementing adaptive learning technologies and early 

intervention strategies to help students vulnerable to dropping 

out. Their research emphasized the importance of offering more 

hands-on proposed systems to keep students engaged and better 

prepared for industry challenges. 

    A thorough review of related studies reveals the multifaceted 

and interconnected nature of student dropout, influenced by 

academic performance, financial limitations, mentorship 

deficiencies, and broader societal challenges. Prior research 

highlights key predictors of attrition but often overlooks the 

potential of emerging technologies. Building upon these 

insights, this study integrates advanced ML and DL techniques 

to develop a predictive framework capable of identifying 

dropout risks with greater accuracy. By addressing the gaps in 

traditional approaches, it provides educational institutions with 

actionable insights to implement proactive, personalized 

interventions that significantly reduce dropout rates 
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III. PROPOSED METHODOLOGY 

 
 

Fig. 1 : Diagram of Proposed Methodology 

 

A. Dataset 

 

Before process the dataset let's describe it briefly: 

This dataset focuses on the academic performance of secondary 

school students from two Portuguese schools. It contains 395 

observations (students) and 31 variables, including a variety of 

demographic, social, and school-related attributes. The data is 

complete, meaning there are no missing values, and therefore, 

no additional data cleaning is required.The last column 

indicates whether a student passed the final exam or not. 

 

 

B. Detailed Description of the Column 

Table 1 : Attributes used in Dataset 

 

C. Data Analysis 

We conducted a preliminary exploratory data analysis (EDA) 

using Python 3, leveraging Pandas (version 2.0.2), Scikit-

learn (version 1.2.2), and Seaborn (version 0.12.2) for 

visualization tasks. 

Tables 3.2.1 through 3.2.4 present key summary statistics for 

all attributes in the dataset. These tables include visualizations 

such as histograms to display the distribution of attribute 

values. Additionally, the tables show the central tendency of 

each attribute (mode for categorical variables and mean for 

numerical variables), the median of each attribute, measures of 

dispersion, as well as the minimum and maximum values for 

the numerical attributes. 

Table 2 :Statistics info about Demographic Data 
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Table 3 :Statistics info about Socioeconomic Data 

 
 

Table 4 :Statistics info about Marcoeconomic Data 

 
 

Table 5 :Statistics info about Academic Data at 

Enrollment 

 
 

 

The heatmap analysis, based on the Pearson correlation 

coefficient, reveals strong correlations among several feature 

pairs, indicating multicollinearity in the dataset. This occurs 

when features are highly interrelated, such as demographic 

attributes (e.g., age and parental education) or academic metrics 

(e.g., attendance and grades), leading to redundancy. 

Additionally, correlations between distinct feature groups, like 

socioeconomic factors and academic performance, highlight 

complex interdependencies. Multicollinearity can affect model 

stability and predictive accuracy, necessitating techniques like 

feature selection or dimensionality reduction to address 

redundancy and enhance model performance. 

 

 

 
Fig. 2 : Correlation Heatmap of Data 

D. Data Preprocessing 

Before training the machine learning models, several 

preprocessing steps were applied to the dataset: 

 

1) Handling Missing Values: 

 

   Missing values in the dataset were initially checked and 

addressed using appropriate techniques, such as mean 

imputation, mode imputation, or removal of instances, 

depending on the type and importance of the missing data. 

However, in this particular dataset, there were no missing 

values, so no specific handling for missing data was required 

 

2) Feature Selection: 

 

To enhance model performance and reduce computational 

complexity, feature selection techniques like correlation 

analysis, information gain, or stepwise regression were used to 

select the most relevant attributes for training the models. In this 

particular dataset all the attributes either have significant 

corelation with the target or among each other as in section 2.2 

data analysis so, all the features are taken for the model training. 

The target column contain three classes Graduate, Dropout and 

enrolled. As per our assertion we are predicting whether a 

student will dropout or not so, the number of "Enrolled" student 
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is irrelevant because it won’t give us any new information as all 

the Graduate and Dropout are also enrolled. We only need to 

know whether a student graduated or dropedout. So, we are 

dropping the "Enrolled" values and going forward with 

"Graduate" & "Dropout" values. 

 

3) Encoding: 

 

Categorical variables are encoded into numerical 

representations to enable machine learning algorithms to 

process them effectively. Techniques like one-hot encoding or 

label encoding are employed. The Target column which contain 

Text values are encoded using the label encoder in the scikit 

learn library which randomly assign numerical values to all the 

unique values. 

 

All the other attributes are already encoded in the data set as per 

the following table: 

 

Table 6 : Marital Status Values 

 
 

Table 7 : Nationality Values 

 
Table 8 : Application Mode Values 

 
 

Table 9 : Course Values 

 
 

Table 10 : Previous Qualification Values 

 
 

Table 11 :Gender Values 

 
 

 

Table 12 :Attendence Regime Values 

 
 

Table 13 : Yes/No Attributes 

 
 

Table 14 : Mother’s and Father’s Values 
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4)  Feature Scaling: 

 

To ensure that all features are on a comparable scale, feature 

scaling techniques like normalization or standardization are 

used. In this dataset, we apply the StandardScaler from the 

Sklearn library to standardize the features. This method 

transforms the features by subtracting the mean and scaling 

them to have unit variance. The standard score of a sample x is 

calculated as: 

                    z= x−μ /σ                               (1) 
where μ is the mean of the training data and σ is the standard 

deviation of the training data. 

 

5)  Data Splitting: 

 

The processed dataset is split into training and testing subsets, 

with 80% of the data used for model training and the remaining 

20% for performance evaluation. This division is performed 

using the train_test_split function from the Sklearn library. 

Data preprocessing was a pivotal step in preparing the dataset 

for machine learning applications. Techniques such as feature 

selection, encoding, and scaling enhanced the dataset’s quality 

and ensured consistency for model training. By addressing 

issues like class imbalances and standardizing features, the 

study maintained the integrity of the data while optimizing it 

for high-performance predictive modeling. This meticulous 

approach guarantees that the subsequent models operate on a 

clean, well-structured foundation, maximizing their predictive 

accuracy and relevance. 

E. Model Training and Evaluation 

 

Three Machine Learning models, such as logistic regression, 

KNN Classifier, support vector machines (SVM) are trained 

using the training dataset. Each model is trained with the goal 

of accurately predicting dropout or academic success. 

The performance of the trained models is assessed using various 

evaluation metrics, including accuracy, precision, recall, and 

F1-score. These metrics help evaluate the models' effectiveness 

and provide a comparison of their ability to predict student 

outcomes. 

 

1) Logistic Regression 
 

Logistic regression is a commonly used algorithm for binary 

classification tasks. It models the relationship between a set of 

independent variables (features) and a binary dependent 

variable (target) by applying the logistic function. Given that 

this is a binary classification problem, logistic regression is 

particularly well-suited for predicting the two possible 

outcomes of the target variable. 

The Evaluation of model is as below: 

 

 
 

Fig. 3 : confusion Matrix of Logistic Regression with 

report 

2)  Support vector Classifier 
 

The Support Vector Classifier (SVC), also referred to as 

Support Vector Machine (SVM), is a widely used machine 

learning algorithm for both binary and multi-class classification 

tasks. It is particularly effective in handling complex decision 

boundaries and high-dimensional feature spaces. In this case, 

we apply the SVC with a linear kernel to classify the data, 

aiming to create a hyperplane that best separates the different 

classes. 

The Evaluation of model is as below: 
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Fig. 4 : confusion Matrix of SVM with report 

 

 

3)  KNN Classifier 
 

The K-Nearest Neighbors (KNN) classifier is a flexible 

machine learning algorithm suitable for both classification and 

regression problems. As a non-parametric method, it makes 

predictions based on the similarity between the input instance 

and its closest data points. To determine the optimal value of ( 

K ), we use the elbow method, which helps identify the most 

effective number of neighbors for the model. In this case, the 

elbow method suggests that ( K = 3 ) yields the best 

performance, so the model was trained using this 

hyperparameter. 
 The Evaluation of model is as below: 

 

 

 

 
Fig. 4 : confusion Matrix of KNN Classifier with report 

 

The study employed three machine learning models—Logistic 

Regression, Support Vector Classifier (SVC), and K-Nearest 

Neighbors (KNN)—to predict student outcomes. Each model 

was rigorously trained and evaluated using metrics such as 

accuracy, precision, recall, and F1-score. Logistic Regression 

demonstrated balanced performance across metrics, while SVC 

excelled in recall, effectively identifying students at risk of 

dropping out. Although KNN showed limitations in handling 

imbalanced datasets, it provided useful insights into proximity-

based classifications. The comparative evaluation highlights 

the potential and challenges of each model, offering a roadmap 

for selecting the most suitable approach based on institutional 

priorities. 
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IV. RESULT AND DISCUSSION 

 

During the evaluation phase, the performance of the trained 

machine learning models in predicting student dropout and 

academic success is analyzed. The evaluation is based on 

metrics such as accuracy, precision, recall, and F1 score, which 

offer insights into how well the models perform on 

classification tasks.  

The evaluation results provide a clear picture of how each 

model performs on the dataset. By comparing these metrics, we 

can identify the most effective model for the specific task. For 

instance, the logistic regression model may show higher 

accuracy but lower recall, indicating that it is good at predicting 

non-dropout students but less effective at identifying actual 

dropouts. In contrast, the decision tree model might exhibit 

higher recall but lower precision, suggesting it successfully 

detects more dropout cases but also generates more false 

positives. 

Additionally, the real-world implications of the models' 

performance are considered, with an emphasis on how accurate 

predictions of dropout and academic success can lead to timely 

interventions and support for students at risk. The limitations of 

each model are acknowledged, and potential areas for 

improvement are explored, setting the stage for future 

advancements in predictive modeling for educational outcomes. 

The results of the predictive modeling underline the 

transformative potential of machine learning in addressing 

student dropout. By accurately identifying at-risk students, the 

models enable institutions to implement timely and targeted 

interventions, such as counseling, academic support, and 

financial assistance. However, the findings also highlight areas 

for improvement, such as reducing false positives and refining 

feature selection. These results not only validate the efficacy of 

the proposed system but also emphasize the importance of 

combining technological innovation with institutional 

strategies to create a sustainable impact on student retention. 

 

CONCLUSION AND FUTURE WORK 

In conclusion, this proposed system successfully develops and 

evaluates machine learning models for predicting student 

dropout and academic success using the provided dataset. The 

findings emphasize the potential of machine learning in the 

education sector. By accurately predicting dropout and 

academic success, institutions can take proactive steps to 

support at-risk students, ultimately improving student retention 

and outcomes. 

Looking ahead, several opportunities exist to further enhance 

the accuracy and robustness of the predictive models. One key 

area for future work is expanding the dataset by including 

additional relevant features. This could involve capturing more 

detailed aspects of students' backgrounds and experiences, such 

as socio-economic status, involvement in extracurricular 

activities, or the level of family support. Incorporating these 

factors could offer a more nuanced understanding of the 

influences on academic success and dropout. 

Additionally, exploring alternative machine learning 

algorithms or ensemble methods could lead to more accurate 

predictions. Techniques such as gradient boosting, deep 

learning, or recurrent neural networks might uncover complex 

patterns in the data that other methods could overlook. Testing 

and optimizing a variety of models would help identify the best 

approach for predicting student outcomes. 

Another promising direction is the integration of real-time data 

into the models. Implementing a feedback loop system would 

allow continuous model updates as student dynamics change 

over time. This real-time adaptability would improve prediction 

accuracy and enable timely interventions to support students 

who may be at risk of dropping out. 

By focusing on these improvements, the models could be made 

more accurate, practical, and adaptable, ultimately contributing 

to more effective strategies for preventing student dropout and 

fostering academic success in educational environments.. 

This research presents a pioneering system that combines the 

power of machine learning and deep learning to address the 

persistent issue of student dropout. By incorporating diverse 

academic, demographic, and psychosocial factors, the study 

provides a comprehensive and actionable framework for early 

intervention. The results demonstrate the feasibility and 

potential of predictive analytics in fostering a more inclusive 

and supportive academic environment. 

Looking ahead, future work will focus on expanding the dataset 

to include richer features, such as real-time student engagement 

metrics, and exploring advanced algorithms like ensemble 

methods and neural networks for enhanced predictive accuracy. 

The integration of real-time feedback loops will ensure the 

system remains adaptable to evolving student dynamics. 

Ultimately, this research aspires to empower educational 

institutions with robust tools to make informed decisions, 

optimize resource allocation, and significantly improve student 

retention and success rates, contributing to a more skilled and 

resilient global workforce. 
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