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Abstract

Early identification of students at risk of discontinuing their studies requires integrated

analysis of academic and student-related characteristics. This research introduces the concept

of AI-Based Student Dropout Risk and Intervention System (ADSIRS) that is based on a

multi-class classification of the outcome, risk stratification, intervention suggestion, and

role-based surveillance in a single architecture. The pre-processed data about students are

applied for Machine Learning (ML)-based classification, and the obtained classifications are

further mapped to low, medium, and high-risk categories in order to prioritize the intervention

process. Testing showed that the accuracy of ADSIRS was 92.0%, and its multiclass ROC-AUC

value was 0.94. This system uses a Python-powered web application that incorporates MySQL

to link prediction results with role-based dashboards and intervention alerts. This approach

creates an effective computing workflow from the processing of student data and outcomes

prediction to risk assessment and interventions, which can be used as a method for student

retention management.
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1. Introduction

Student retention has been a major concern for educational institutions due to the potential

impact that discontinuation of education might have on the academic success of the students as

well as the institution’s performance. Early detection of students at risk of dropout is therefore

very essential for academic assistance. Traditional methods of monitoring students usually

focus on examination results, attendance, observation by the lecturers, and manual monitoring.

The methods might be insufficient to detect complicated trends in the various attributes of the

student.

Machine-Learning-based prediction provides an evidence-based methodology for examining the

correlation between student traits and academic success. Performance, attendance, engagement,

behaviors related to studying and many other student traits could be combined and analyzed

to detect patterns that can be linked to various educational outcomes. Therefore, predictive

analytics could help in identifying students that should be monitored more closely than the rest

whose academic trajectories are stable enough. Nevertheless, a prediction model alone does not

represent the full solution to the problem of student retention as risk needs to be categorized

and linked to interventions.

To address this requirement, the development of an AI-Based Student Dropout Risk and

Intervention System has been proposed. This system combines student data processing,

prediction of the result using machine learning, risk categorization, and intervention

recommendations into one. The system processes student data, determines the probability

of an unfavourable outcome, classifies it in terms of low, medium, or high risk, and then

generates intervention actions. The Python-based Web Application that uses MySQL database

supports customized dashboards that can help in monitoring student data, predictions and risk

factors. This way, the proposed system creates an end-to-end process from data collection

and pre-processing to prediction, risk assessment, intervention and monitoring, creating a real

foundation for data-driven support of students’ retention.
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2. Related Works

2.1 Machine-Learning-Based Student Dropout Prediction

The recent researches have indicated the use of machine learning approaches for predicting

student dropout and attrition. ML and statistical approaches have been used for early university

dropout prediction [1]. The ML approach has also been used for estimating student attrition

risk [2]. Prediction of dropout during all the year has also been considered in order to

consider the changes in student risk during the academic phases [4]. The various machine

learning approaches have been compared for university dropout prediction [5] and ensemble

classification approaches for early course dropout prediction have been studied [6].

2.2 Academic and Behavioural Risk Factors

The prediction of student dropouts has included more academic and behavioral data to achieve

better identification of risks at an early stage. There were several studies examining the features

of students through the academic period [4] and various characteristics of students for the

purpose of attrition prediction [1], [2], [5]. Another approach that was studied is the application

of digital footprints of students, which included the use of clustering techniques for learning

activity data to improve early dropout prediction [9].

2.3 Explainable and Intervention-Oriented Prediction

Interpretable ML and intervention-focused techniques have been developed to predict students'

dropouts. An interpretable machine learning algorithm has been designed to facilitate dropout

prevention [3]. The application of explainable ML for identifying predictors for individual

student’s dropout predictions has also been conducted [7]. Furthermore, a local explainability

framework has been developed that links freshman dropout prediction with prevention methods

[8]. Machine-Learning algorithms have also been used for student risk identification [10].

2.4 Research Gap

Existing studies have already proven the suitability of machine learning algorithms for

predicting student dropouts; however, these techniques have not been able to integrate

themselves into the process of risk assessment, risk level classification, intervention, and

monitoring. The proposed research will fill this gap as the system will consist of these

processes.
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3. Proposed Methodology

3.1 System Architecture and Overall Workflow

Figure 1. Random forest-based student outcome, risk, and support workflow.

The structured UCI student datasets are pre-processed and split into training and testing subsets

where the former is employed in training the Random Forest classifier while the latter is used to

derive the stated performance measures for classification. In the prediction phase, the Random

Forest classifier provides the outcome in terms of the academic state and the probability of

the Dropout class, which is converted to a risk category depending on the configured cut-off

values and then mapped to a corresponding support measure. Prediction results, risk factors, and
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warnings are shown to the users through the role-based dashboards by the Python application,

whereas MySQL database holds the student data, prediction results, classification results, and

intervention data. Feedback is stored for future reference; however, there is no evidence of

retraining, drift detection, and longitudinal analysis of intervention effects in the implementation

document. The overall architecture is presented in Figure 1.

3.2 Functional Modules

Table 1. Functional modules of the proposed system

Module Function

Data Collection Collects student information from academic records,

attendance records, surveys, and institutional sources.

Data Pre-processing and

Feature Analysis

Handles missing and inconsistent data, performs

categorical encoding and normalization, and identifies

relevant prediction attributes.

Machine Learning Model

Development

Trains the selected machine-learning model using

processed historical student records and observed

outcomes.

Dropout Risk Prediction Estimates individual dropout probability and classifies

students into low-, medium-, or high-risk categories.

Intervention and Alert

Management

Generates risk-based intervention recommendations

and alerts for appropriate academic or support actions.

Monitoring and Feedback Provides role-based dashboards and reports and

retains updated information and intervention

outcomes for later review.

The system architecture has been designed to comprise of six interlinked modules addressing

the data gathering, pre-processing and feature selection, machine learning model generation,

drop-out prediction, intervention and alerting, and monitoring with feedback. The sequence of

the modules allows gathering and processing the student data and producing predictions that
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further will be used for intervention generation and alerting. The monitoring module ensures

the role-based access to the prediction and reporting results while storing up-to-date data and the

results of interventions for future use in the model tuning. The functional modules are described

in Table 1.

3.3 Dataset Description and Data Collection

Table 2. Input features available in the UCI dataset

Feature group Input attributes

Demographic, enrolment,

and socioeconomic [21]

Marital status, Application mode, Application

order, Course, Daytime/evening attendance,

Previous qualification, Previous qualification

grade, Nationality, Mother’s qualification, Father’s

qualification, Mother’s occupation, Father’s

occupation, Admission grade, Displaced, Educational

special needs, Debtor, Tuition fees up to date, Gender,

Scholarship holder, Age at enrolment, International

student status.

First-semester curricular

attributes [6]

Credited curricular units, enrolled curricular units,

Curricular-unit evaluations, Approved curricular

units, Curricular-unit grade, Curricular units without

evaluations.

Second-semester

curricular attributes

[6]

Credited curricular units, enrolled curricular units,

Curricular-unit evaluations, Approved curricular

units, Curricular-unit grade, Curricular units without

evaluations.

Macroeconomic context

[3]

Unemployment rate, Inflation rate, Gross domestic

product (GDP).

The “Predict Students Dropout and Academic Success” data set collected from the UCI

Machine Learning Repository was adopted for prediction of students’ outcome [11]. It includes
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4,424 data instances and 36 predictors ranging from demographic, socioeconomic, enrolment,

semester curriculum and macroeconomic details. The target attribute includes three categories:

Dropout, Enrolled, and Graduate. Consequently, the problem is considered to be a multi-class

classification problem. An 80:20 training-testing split is cited in the literature for developing

and testing the models. The target categories are different from the three categories of Low,

Medium and High-Risk for intervention purposes.The dataset features are described in Table 1.

3.4 Data Pre-processing and Feature Selection

The input features were derived from the UCI Student Dropout and Academic Achievement

dataset, which is made up of 36 features that include demographics, enrolment, socioeconomic

status, academic performance on a per-semester basis, and macroeconomic features. Features

under demographic and enrolment include age at enrolment, admission score, application

method, course, prior qualification, tuition fee status, scholarship status, and other relevant

student features. Academic features include credit units, enrolled units, evaluated units,

approved units, grades, and units without evaluation in the first and second semesters.

Macroeconomic features include unemployment rate, inflation rate, and GDP.

The categorical features were converted to numeric form for ease of modeling. The numeric

features were left as numerics. Scaling was performed wherever needed according to the

pre-processing algorithm. Min–max normalization can be expressed as

𝑥′
𝑖 = 𝑥𝑖−𝑥min

𝑥max−𝑥min
(1)

where 𝑥𝑖 represents the original value of a feature, 𝑥min and 𝑥max denote its minimum and

maximum values, respectively, and 𝑥′
𝑖 represents the normalized value. When 𝑥max = 𝑥min ,

the feature requires separate handling to avoid division by zero.

The preprocessed dataset was split into training and testing datasets in the proportion of 80:20.

The training dataset was employed to build the random forest classifier whereas the testing

dataset was used to validate its prediction accuracy. The dataset splitting can be expressed

as
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𝐷 = 𝐷train ∪𝐷test , 𝐷train ∩𝐷test = ∅ (2)

where 𝐷 denotes the complete dataset, 𝐷train represents the training subset, and 𝐷test represents

the testing subset.

These features were then input into the Random Forest classifier for predicting the three classes

of student outcomes, which include Dropout, Enrolled, and Graduate. Through the use of

demographics, socioeconomic, enrollment, and academic features, the classifier is able to learn

the relationship between student features and educational outcomes.

3.5 Random Forest Classification

Random Forest was used as a classification algorithm to predict the performance of the students

from their demographic, enrollment, socio-economic, and academic attributes. The model is

built as an ensemble of decision trees created by bootstrapping samples from the training set

along with selecting random features at each split point. The architecture of this ensemble allows

building non-linear models.

For an input feature vector 𝑋, each decision tree produces a predicted class. The final prediction

is determined by majority voting across the ensemble:

̂𝑦 = 𝑚𝑜𝑑𝑒{ℎ1(𝑋),ℎ2(𝑋),…,ℎ𝑇 (𝑋)} (3)

where ℎ𝑡(𝑋) denotes the prediction of the 𝑡-th decision tree, 𝑇 represents the total number of

trees, and ̂𝑦 denotes the predicted student outcome.

During tree construction, candidate splits can be evaluated using the Gini impurity:

𝐺(𝑆) = 1−∑𝐾
𝑘=1 𝑝2

𝑘 (4)

where 𝑆 represents a node, 𝐾 denotes the number of outcome classes, and 𝑝𝑘 is the proportion

of samples belonging to class 𝑘. A split is preferred when it reduces the weighted impurity of

the resulting child nodes.
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3.6 Student Risk Classification

Classification of student risks is done through the probability of dropout that is obtained using

the Random Forest classifier. For a student 𝑖, the dropout risk score is defined as

𝑅𝑖 = 𝑃 (𝑌𝑖 = Dropout ∣ 𝑋𝑖) (5)

where 𝑋𝑖 represents the student's input attributes and 𝑌𝑖 denotes the predicted academic

outcome. The value of the risk score varies between 0 and 1. The higher the value, the greater

the probability of dropout.

Based on two decision thresholds, 𝜏𝐿 and 𝜏𝐻 , students are classified into three risk categories:

𝐶𝑖 =
⎧{{
⎨{{⎩

Low Risk, 𝑅𝑖 < 𝜏𝐿

Medium Risk, 𝜏𝐿 ≤ 𝑅𝑖 < 𝜏𝐻

High Risk, 𝑅𝑖 ≥ 𝜏𝐻

(6)

where 𝐶𝑖 denotes the assigned risk category, subject to 0 ≤ 𝜏𝐿 < 𝜏𝐻 ≤ 1. This classification

provides a structured basis for prioritising students for academic support.

3.7 Risk-Based Intervention Recommendation

The recommendations component employs a set of predetermined rules to link the particular

risk level assigned to the students into the relevant type of support measure. High-risk students

are selected for individual counseling, mentoring, and academic performance review, while

medium-risk students are recommended for academic counseling and regular performance

monitoring, while low-risk students will have their performance monitored through academic

counseling.

However, the effectiveness of these recommendations needs to be measured independently

of the prediction results achieved by the classifier. Indicators that can be considered include

shifts in attendance, course completion, advancement, and dropout rates before and after

the implementation of intervention measures. Comparison of students who have had some

intervention and a suitable control group may reveal any effect on academic performance.
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3.8 System Implementation and User Dashboards

The proposed system is developed as a Python-based web application linked to MySQL

database that contains students' records, predictions results, risk categories, intervention

details, and monitoring. The application brings together data processing and machine learning

components with the user interface to access student data and risk assessment results by roles

through dashboards.

System Home Page: The System Home Page that is presented in Figure 2 serves as the first point

of access to the student dropout risk and intervention system.Student Dashboard: As illustrated

in Figure 3, the Student Dashboard displays attendance, average marks, subject performance,

and notifications so that students can keep track of their academic progress.Faculty Dashboard:

The Faculty Dashboard as illustrated in Figure 4 is used for gathering data on students' academic

performances and monitoring.The Parent Dashboard is displayed in Figure 5 and contains

information such as students' information, attendance, average marks, and risk level.

Figure 2. Student home page
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Figure 3. Student dashboard

Figure 4. Faculty dashboard
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Figure 5. Parent dashboard

3.9 Evaluation and Feedback Mechanism

The performance of the Random Forest classifier was evaluated by means of the held-out test

data set to measure how effectively it can classify the academic outcomes of students. The

performance measures were measured in terms of accuracy, precision, recall, F1-score, and

ROC analysis for all the three classes: Dropout, Enrolled, and Graduate. The confusion matrix

was used to examine the distribution of correct and incorrect predictions for each class.

Classification accuracy was calculated as

Accuracy = 𝑇 𝑃+𝑇 𝑁
𝑇 𝑃+𝑇 𝑁+𝐹𝑃+𝐹𝑁 (7)

Precision and recall were calculated as

Precision = 𝑇 𝑃
𝑇 𝑃+𝐹𝑃 (8)
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Recall = 𝑇 𝑃
𝑇 𝑃+𝐹𝑁 (9)

The F1-score was obtained from the harmonic mean of precision and recall:

𝐹1 = 2× Precision×Recall
Precision+Recall

(10)

where 𝑇 𝑃 , 𝑇 𝑁, 𝐹𝑃 , 𝑎𝑛𝑑 𝐹𝑁 denote true positives, true negatives, false positives, and false

negatives, respectively, for the class under consideration. For the three-class classification task,

the reported precision, recall, and F1-score were calculated using weighted averaging across the

outcome classes.

ROC analysis was performed using a one-versus-rest strategy to assess the discrimination

capability for each outcome class. The area under the ROC curve (AUC) summarises

the model's ability to distinguish a given class from the remaining classes. The reported

macro-average AUC represents the arithmetic mean of the three class-wise AUC values.

4. Results and Discussion

4.1 Predictive Performance

Table 3. Predictive performance of the proposed model

Metric Performance

Accuracy 92.0%

Weighted Precision 91.8%

Weighted Recall 92.0%

Weighted F1-score 91.8%

ROC-AUC 0.94

The proposed system for predicting student dropout exhibited a uniform classification

performance on all the metrics under consideration. According to the figures given in Table 2,

the accuracy is 92.0%. The weighted precision, recall, and F1-scores are useful metrics when
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it comes to evaluating the prediction performance of the three classes of student outcomes,

considering the distribution in the data. It is evident that the measures show similar values,

indicating a good prediction performance on all the classes.

4.2 Confusion Matrix Analysis

Figure 6 illustrates class-wise prediction of the suggested model using the confusion matrix.

This matrix comprises three result classes which are; Dropout, Enrolled, and Graduate. It can

be noted from the matrix that most predictions lie on the principal diagonal, meaning that the

model accurately predicts the majority of samples belonging to each of the classes. The highest

number of correct predictions occurs in the Graduate class followed by Dropout and Enrolled

classes respectively. There is low misclassification since some Dropout and Enrolled samples

are predicted to belong to other result classes.

Figure 6. Confusion matrix of the proposed dropout prediction model

4.3 ROC-AUC Analysis

The multiclass ROC plot shown in Figure 7 is used to examine the discriminative power of the

model under discussion. It should be noted that the plots of the outcomes Dropout, Enrolled,

and Graduate significantly lie above the random classifier line, which indicates successful

discrimination of outcome classes at various classification cut-offs. The values of class-wise

AUC are as follows: 0.94 for Dropout, 0.91 for Enrolled, and 0.96 for Graduate, where the
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highest discriminative power is observed for the Graduate class.

Figure 7. Multiclass ROC curve of the proposed dropout prediction model

4.4 Risk Classification and Intervention Analysis

The three academic results that have been predicted, Dropout, Enrolled, and Graduate, are

then used to generate the risk level associated with dropouts for intervention purposes. The

probability of the Dropout result is classified into Low, Medium, and High Risk by applying the

decision levels defined. The higher risk levels students are put under close academic supervision

and counseling, while those at medium risk levels are monitored regarding their academic

performance and attendance. Those that fall within the low risk level continue to be under

normal academic supervision.

4.5 System and Dashboard Analysis

The proposed system offers role-based interfaces for the purpose of obtaining student

performance and risk of dropout information. The Home Page, as illustrated in Figure 2, acts

as the primary interface from which users can access the system for login and registration.

The Student Dashboard, as illustrated in Figure 3, provides the user with information such

as attendance, average marks, performance by each subject, and notifications. This interface

allows students to check on their academic standing. The Faculty Dashboard, as illustrated

in Figure 4, allows access to student performance and risk information for the purposes

of academic monitoring. The Parent Dashboard, as illustrated in Figure 5, offers student
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information, attendance, average marks, and associated risk information.

5. Conclusion and Future Work

The proposed AI-Based Student Dropout Risk and Intervention Management System offers a

comprehensive approach to detecting outcome patterns among students and offering effective

academic interventions in time. In this context, the system represents the combination of student

data preprocessing, outcome prediction through the use of machine learning techniques, risk

stratification, intervention recommendation, alerting mechanism, and role-based dashboards.

The integration of such elements makes it possible to use predicted outcomes as a basis for

generating actionable risks for students, teachers, and parents. In addition, this framework

ensures the connection between predictive analytics and intervention management. Future work

will focus on incorporating of longitudinal data of students, other behavioral markers, dynamic

interventions, explainable machine learning models, and real-time tracking. The evaluation of

the proposed system with more extensive institutional data will further validate its effectiveness

and scalability.
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