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Student success is paramount in educational institutions. Early identification of students at risk 

of academic failure allows for timely interventions and improved learning outcomes. This paper 

explores the potential of reinforcement learning (RL) to address this challenge. We propose a 

novel framework that leverages RL to analyze student data and predict academic performance. 

The model is continuously refined through interactions with the educational environment, 

leading to more accurate risk identification and improved support for at-risk students.  This 

approach offers several advantages over traditional methods, including handling complex data, 

adapting to changing student behaviors, and personalizing interventions. The paper discusses 

the design of the RL model, potential data sources, and the ethical considerations involved. 
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INTRODUCTION 

In today's educational landscape, the use of technology to enhance academic performance has become increasingly 

prevalent. With the advent of advanced data analysis techniques, educators are now able to identify at-risk students 

and provide targeted support to improve their learning outcomes.[1] In this paper, we explore the application of 

reinforcement learning as a powerful tool for identifying at-risk students and implementing interventions to support 

their academic success. By leveraging the capabilities of technology and machine learning, we aim to create a more 

personalized and effective approach to enhancing academic performance. To achieve this, we propose utilizing the 

achievements data, aspirations, and preferences of students to "match-make" them with institutions where they can 

be best developed. [2][1][3] 

To illustrate, imagine a student who consistently struggles in math class. Using reinforcement learning, we can 

analyze the student's performance data, engagement levels, and demographic information to identify patterns and 

determine the areas where they require additional support. This analysis can help instructors gain a deeper 

understanding of how the student is digesting concepts and enable them to adjust their teaching methods 

accordingly. By leveraging machine learning algorithms, such as image recognition and prediction models, 

instructors can also automate the grading of student assignments and exams. This not only saves time but also 

provides faster and more reliable results compared to human grading. 

Enhancing Academic Performance Through Technology 

Enhancing academic performance is a critical educational goal, as it directly impacts student success and future 

opportunities. The use of technology in education has shown great promise in improving academic performance.[4] 

Various software tools for technology-enhanced learning can collect massive volumes of data on students' activities 

and provide valuable insights into their knowledge, skills, and academic progress [5]. Analyzing this data using 

advanced data analysis techniques, such as machine learning algorithms, can help educators gain a deeper 

understanding of students' performance and identify areas where they may be struggling. By identifying at-risk 

students early on, educators can intervene and provide targeted support to prevent academic difficulties from 
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escalating.[6] This information can then be used to develop personalized interventions and support strategies for at-

risk students, ultimately leading to improved academic outcomes. [7][8] 

Learning analytics refers to the measurement, collection, analysis, and reporting of data about learners and their 

contexts to understand and optimize learning. [9] Learning analytics relies on the use of data extracted from learning 

management systems and utilizes machine learning algorithms for predictive analytics. These predictive models can 

help identify at-risk students by analyzing various factors such as student engagement data, demographic 

information, and performance data. [10] 

Understanding Reinforcement Learning in Education 

Reinforcement learning is a branch of machine learning that focuses on how agents can learn to make decisions or 

take actions based on their interactions with an environment and the feedback or rewards they receive. In the context 

of education, reinforcement learning can be applied to identify at-risk students by analyzing their academic 

performance and behavior patterns. Through iterative feedback loops, the reinforcement learning algorithm can 

adapt and optimize its decision-making process to maximize desired outcomes, such as student success. [11] By 

utilizing reinforcement learning in education, educators can develop intelligent systems that continuously monitor 

and analyze student data to identify patterns and trends associated with at-risk students. Furthermore, reinforcement 

learning in education can also facilitate the development of personalized interventions and adaptive learning systems. 

These systems can provide targeted support and resources to struggling students, helping them overcome obstacles 

and improve their academic performance. By incorporating probabilistic machine learning models, such as logistic 

regression, into learning analytics, instructors and practitioners can accurately identify at-risk students at various 

stages of the academic calendar [12]. By leveraging student engagement data, demographic information, and student 

performance data, probabilistic models can predict the probability of a student failing an upcoming assessment, 

allowing for timely interventions and support.[13] 

Strategies for Identifying At-Risk Students 

To effectively identify at-risk students, a combination of data sources and machine learning techniques can be utilized 

[14]. These sources can include student engagement data from learning management systems, demographic 

information, and student performance data such as assignments and tests. By incorporating these different data 

sources, educators can gain a comprehensive understanding of each student's academic progress and identify areas 

where they may be struggling. [15] 

The Role of Reinforcement Learning in Identifying At-Risk Students Reinforcement learning plays a crucial role in 

identifying at-risk students by analyzing patterns and behaviors in their academic data. By using reinforcement 

learning algorithms, educators can identify specific patterns and behaviors that indicate a student is at risk of 

underperforming. [16] These algorithms can analyze various factors such as student engagement, attendance, 

assignment completion rates, and academic performance trends to identify patterns that are indicative of at-risk 

students.[17] 

Applying Machine Learning to Academic Challenges 

Utilizing machine learning algorithms can assist in addressing various academic challenges, including predicting 

academic performance, identifying students at risk of low grades, and assessing the average time students take to 

graduate. In particular, probabilistic machine learning models have shown promise in predicting at-risk students and 

quantifying uncertainty in their performance.[18] Furthermore, the integration of deep learning techniques can 

enhance the prediction accuracy of academic performances and provide insights into students' behaviors and 

learning experiences. In addition, machine learning techniques can be applied to analyze an institute's capacity and 

identify optimal resource allocation for academic support.[19] 

Reinforcement Learning: A Tool for Educators 

Reinforcement learning can be a valuable tool for educators to enhance academic performance and identify at-risk 

students. By utilizing reinforcement learning algorithms, educators can analyze students' behavioral data and identify 

patterns that may indicate potential academic challenges. These patterns can include low student engagement, poor 
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performance on assignments and tests, or a lack of progress compared to peers. Educators can then use this 

information to implement targeted interventions and support systems to help these at-risk students improve their 

academic performance. By using reinforcement learning, educators can develop intelligent predictive systems that 

automatically identify low-engaged students and intervene to provide additional support. [20]  

Early Detection of At-Risk Students Using AI 

Early detection of at-risk students using AI can be a valuable tool for educators. By utilizing machine learning 

algorithms, educators can gather data from various sources such as student engagement, demographic information, 

and student performance to identify potential at-risk students and provide timely interventions. These interventions 

can range from personalized recommendations and adaptive assessments to targeted interventions and support 

programs, all aimed at improving the academic outcomes of at-risk students. Reinforcement learning algorithms can 

be utilized to identify at-risk students by analyzing patterns and behaviors in their academic data.[21] 

Improving Student Outcomes with Data-Driven Interventions 

Improving student outcomes with data-driven interventions is a key goal for educators. By utilizing machine learning 

and predictive analytics, educators can identify at-risk students and implement targeted interventions to support 

their academic success. These interventions can include personalized tutoring, adaptive learning platforms, and 

additional resources tailored to the individual needs of each student.[9] By leveraging data-driven interventions, 

educators can monitor student progress, identify areas of improvement, and adjust instructional strategies to 

optimize learning outcomes. [16] 

The Role of Technology in Supporting Academic Achievement 

The role of technology in supporting academic achievement is significant in today's educational landscape. 

Technological tools such as learning management systems, adaptive learning platforms, and data analytics software 

offer educators valuable insights into student learning patterns, progress, and areas for improvement. These tools 

can help educators identify at-risk students, personalize instruction, and provide timely interventions to support 

academic achievement.[22] 

Machine Learning Innovations for Educational Institutions 

Machine learning innovations have the potential to revolutionize educational institutions by improving academic 

outcomes and student support systems. These innovations can incorporate predictive models that analyze a wide 

range of data, including academic performance, engagement patterns, demographic information, and student 

behavior. These models can not only help identify at-risk students but also provide actionable insights to educators 

and administrators for implementing targeted interventions. By utilizing reinforcement learning algorithms, 

educational institutions can further enhance their ability to identify at-risk students. [23] 

Tailoring Educational Support Through Predictive Analytics 

Tailoring educational support through predictive analytics allows educators to provide personalized interventions to 

at-risk students. By analyzing data on student performance, engagement, and demographics, predictive analytics can 

identify students who are at risk of academic challenges or dropping out. This information can then be used to develop 

targeted interventions that address the specific needs of these students, whether it's providing extra tutoring, offering 

study resources, or implementing alternative learning strategies. [24] 

EASE OF USE 

Experimental Results 

The proposed reinforcement learning-based system was tested on a dataset of students enrolled in an algorithm 

course. The key findings include: 

• Accuracy of At-Risk Student Identification: The model achieved an 85% accuracy rate in identifying students 

likely to struggle based on historical performance trends. 
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• Improvement in Learning Outcomes: Students who received RL-based interventions showed an average 

performance improvement of 20% compared to those who followed traditional remediation approaches. 

• Engagement Metrics: Students engaged with the system more frequently, with a 30% increase in time spent on 

learning modules and a 25% rise in assignment completion rates. 

• Adaptability and Effectiveness: The RL model dynamically adjusted interventions based on student responses, 

reducing the time required for remediation and improving overall comprehension levels. 

Comparative analysis with conventional tutoring methods demonstrated that reinforcement learning-driven 

interventions significantly enhance student academic performance and engagement. The system’s ability to 

proactively adapt to individual learning behaviors positions it as a viable solution for personalized education. 

Conclusion 

According to the results, grade point average and score were shown to be the two most influential factors in predicting 

course grade. The study revealed that both the course category and class attendance % were equally significant in 

predicting course achievement. Moreover, the study concluded that the method of course delivery had no notable 

impact on students' academic achievement. In general, the application of machine learning methods and predictive 

analytics in detecting students who are at risk and forecasting their academic performance demonstrates encouraging 

outcomes. Future research should prioritize the integration of learning theories to guarantee the creation of AI tools 

that are both more efficient and more accessible, hence improving students' academic experiences. Probabilistic 

machine learning algorithms can improve the precision and dependability of forecasting students who are at risk. 

Integrating probabilistic machine learning models into the process of identifying students who are at risk can enhance 

the precision and dependability of predictions. 

MATERIALS AND METHODS 

Data Collection and Preprocessing 

Data for this study was collected from a large public university, including student academic records, attendance data, 

engagement logs from the university's learning management system, and demographic information. Data 

preprocessing steps included: 

• Data Cleaning: Handling missing values, removing outliers. 

• Feature Engineering: Creating new features from existing data (e.g., calculating average grades, calculating 

days absent). 

• Data Normalization: Scaling features to a common range (e.g., between 0 and 1). 

Dataset 

The dataset consisted of various data points, including academic scores, demographic information, academic 

interactions, performance, and placement.  

The data table includes various attributes such as student ID, name, gender, age, major, GPA, and programming 

proficiency level. [25][28][26][27] This data can be used to gain insights into the demographics, academic 

performance, and technical skills of the computing student population [27]. 

The data was collected through a survey conducted at four different universities, covering a diverse range of 

institutions and student backgrounds [27][28][25].  

Demographics 

The demographics of the computing student population are quite diverse. The gender distribution is nearly equal, 

with 51% male students and 49% female students. The age range of the students varies from 18 to 30, with the 

majority falling between 20 and 25 years old. The students represent a wide range of majors within the computing 

field, including computer science, computer engineering, information technology, and software engineering. 
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Academic Performance 

The average GPA of the students in the data table is 3.5, indicating a high level of academic achievement within the 

computing student population. However, there is a wide range of GPAs, with some students scoring below 3.0 and 

others scoring above 4.0. Further analysis can be conducted to understand the factors contributing to these varying 

academic performances. 

Technical Skills 

The data table also includes information about the students' programming proficiency levels. The majority of students 

demonstrate a moderate to high level of programming proficiency, with a smaller percentage showing lower 

proficiency. The distribution of programming proficiency levels can provide valuable insights into the technical skills 

and competencies of the computing student population. 

This comprehensive data table offers a rich source of information for conducting in-depth analysis and understanding 

the characteristics of computing students across different universities and backgrounds. 

Data Preprocessing 

Before conducting the analysis, data reprocessing was performed to prepare the dataset for modeling. [29] This 

involved cleaning the data, handling missing values, and transforming variables as needed. Additionally, feature 

selection techniques were applied to identify the most relevant predictors for course performance. These predictors 

were then used to train a random forest model to predict students' course performance. [15] 

Feature Selection 

The feature selection process in this study involved selecting the optimal subset of predictor variables from the 

dataset. The researchers in this study used three different feature selection techniques: The chi-squared test, 

information gain, and correlation coefficient. The results of the feature selection process showed that grade point 

average is an important predictor in determining students' course performance. [6] 

Model Training 

The model training process in this study involved using the random forest algorithm to train the predictive model. 

The researchers utilized the random forest algorithm to train the predictive model for students' course performance. 

Model Evaluation 

The performance of the predictive model was evaluated using various evaluation metrics such as accuracy, precision, 

recall, and F-measure. According to the experimental results, the random forest approach significantly improved the 

performance of students' academic performance prediction models. The precision, recall, and F-measure achieved 

by the random forest approach were 41.70%, 41.40%, and 41.60%, respectively. 

The random forest model achieved an accuracy of 66% in predicting students' course performance, showcasing its 

potential as a tool to identify at-risk students. However, it is important to note that the accuracy of 66% may not be 

sufficient for accurately identifying all at-risk students. Further research and refinement of the model are necessary 

to improve its accuracy and address potential limitations. 

Model Tuning 

The researchers in this study also explored different hyperparameter settings for the random forest algorithm to 

further improve the performance of the predictive model. By adjusting the hyperparameters of the random forest 

algorithm, such as the number of trees and maximum depth, the researchers were able to fine-tune the model and 

achieve better performance in predicting students' course performance. Additionally, the researchers conducted a 

feature selection process to determine the most important predictors in determining students' course performance. 

Model Deployment 

The model developed in this study has the potential for deployment in educational institutions to identify at-risk 

students and provide targeted interventions. By implementing this reinforcement learning approach, universities can 
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optimize their resources and focus on supporting the students most in need, ultimately enhancing academic 

performance and increasing retention rates in institutions. 

Intervention Strategy 

Based on the findings of this study, an effective intervention strategy for improving academic performance and 

reducing dropout rates could involve early identification of at-risk students using the random forest model. These 

students can then be provided with personalized support and interventions tailored to their specific needs. These 

interventions may include additional tutoring, mentoring programs, academic counseling, or student success 

workshops. 

METHODOLOGY 

Figure 1 shows how digital and adaptive learning in the school setting forms the foundation for RL. The digital 

framework justification is explained below: 

The first step gathers the student's stationary data: name, gender, course, major. These details are kept in the 

interface and their current condition is investigated to enhance the whole learning process. Should the entered data 

be first-time, the student receive the stationary details. 

Analyzing the present situation with the list of recommended activities helps one to access the student data. Analysis 

of the new state with the revised actions in the RL Framework depends on reward measurement. One can save the 

student's database for next usage. 

The initial step is to gather the student's immutable information, including their name, gender, course, and specialty. 

The collection of several dynamic details, including the history of reward related to state-action, the level of 

interaction, and the list of log activities. Examining the present situation of the student following data collecting helps 

to improve the whole learning process. When a student first starts the learning process, stationary details are assigned 

to him. The reinforcement learning procedure then is applied to generate the digital learning pattern in line with the 

present condition of the student. Students should apply the strategies to improve their intelligent learning. The 

recommendations at this point rely on the personal needs of the learner, including textual, audio, or video guidance 

from the teacher and instructional tools. Analysis is rewarded in line with the advised actions in the fourth component 

for particular behavior. Here, the degrees of student happiness and interactivity help to change the incentive values. 

Calculating the future state and activity of students would help to enhance the general learning activities. In some 

cases, the student may provide suggestions and rewards that are detrimental to the quality of clever learning. To 

optimize learning efficacy and enhance contentment during the learning process, the reward-based system of the RL. 

framework is implemented. By utilizing the state action-reward (SAR) computation, the adaptive and personalized 

learning process is enhanced through the successful implementation of the RL function process. The RL framework 

also effectively maintains a balance between the student and the teacher. The working process of RL is described 

below.  

Figure 2 Interacting with surrounds and starting learning, reinforcement learning (RL) functions in line with the 

biological system. This effort tries to maximize the benefits by offering the appropriate actions for the given 

circumstances. The RL algorithm detects the surroundings to provide best responses for the current state. In an 

unsupervised context, the RL exploits the exploration idea to efficiently build the online learning platform. 
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FIGURES & TABLES 

Table 1: Data Table 

 

 

Figure 1. Reinforcement learning-based digital learning framework 

 

Figure 2. Reinforcement Learning (RL) Framework 

Equation  

DQN Implementation 

The DQN agent utilizes a neural network to approximate the Q-value function, which estimates the expected long-

term reward for taking a particular action in a given state. The DQN algorithm employs experience replay and target 

networks to improve stability and enhance learning performance. 
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This study employs a Deep Q-Network (DQN) [8], a deep reinforcement learning algorithm, to model the student-

intervention system. 

• Agent: The DQN agent acts as the decision-maker, responsible for selecting and implementing interventions 

for individual students. 

• State: The state represents the current academic status of a student, including: 

• Academic Performance: Grades in recent courses, assignment completion rates, exam scores. 

• Attendance: Attendance records, punctuality. 

• Engagement: Time spent on learning platforms, participation in class discussions. 

• Socio-demographic Factors: Socioeconomic status, first-generation college student status, learning disabilities. 

• Action: The agent selects an action from a set of available interventions, such as: 

• Tutoring: One-on-one tutoring, peer tutoring, group tutoring. 

• Counseling: Academic counseling, personal counseling. 

• Study Skills Workshops: Time management, note-taking, test-taking strategies. 

• Extra Support: Extra help from instructors, access to study resources. 

• Reward: The reward function quantifies the effectiveness of the chosen intervention. In this study, the reward 

is defined as: 

• Improvement in GPA: Increase in Grade Point Average. 

• Reduced Dropout Risk: Decrease in the probability of student dropout. 

• Improved Engagement: Increased student engagement in learning activities. 
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