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Higher education schools' identities, budgets, and students' futures are all at risk because more and
more first-year students are dropping out. To solve this important problem, this work uses machine
learning to predict which students will drop out. Our study of institutional records and surveys
shows that academic success, financial background, and amount of participation all have an effect
on a student's decision to stay in school. Logistic regression, decision trees, random forests, and
neural networks are used to make forecast models in the study. We test these models for precision,
recall, F1 score, ROC-AUC, and accuracy. We also do cross-validation to make sure they are stable
and reliable. Our study shows that academic signs, social traits, and involvement measures can all
be used to predict when a student will drop out. The best way to help schools keep students is to
give them individualized assistance. This study improves educational data mining and prediction
analytics and gives lawmakers and school managers ways to lower the number of students who
drop out. This study shows that machine learning techniques might help find kids who are at risk
early on and help them right away. In spite of what it adds, the study admits that there were flaws
in the data collection and that more research is needed to make prediction models better. Future
study that uses bigger, more varied datasets and stronger machine learning methods might be able
to make predictions that are more accurate. This research shows that machine learning could
change the way we learn, making it possible to use data to find ways to help students do better in
school and make institutions stronger.
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1. Introduction
1.1. Background

The issue of students dropping out of college has become a big concern for schools all over
the world. Over the past few decades, there has been a clear rise in the number of students
who drop out of school before earning their degrees. Not only does this problem waste a lot
of ability, but it also costs a lot of money for both the kids and the schools involved[1].
Understanding the basic factors that cause this trend and coming up with ways to fix it are
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very important for the long-term success and survival of higher education institutions. The
rising failure rates are mostly caused by the fact that students are becoming more diverse.
Higher education is becoming more open to people from a wide range of socioeconomic
groups. This means that schools have to meet the needs and demands of a larger range of
students[2]. Because schools have a lot of different kinds of kids, they need more advanced
and targeted ways to help and keep them. It's impossible to overstate how important it is to
keep students in school. Schools can lose a lot of money when a lot of students drop out. This
is because every student who leaves means the school has to spend money on hiring new
students, giving them financial aid, and other resources. In addition, high rates of students
dropping out early can hurt the reputation of an educational institution, making it less
appealing to new students and possibly making it harder for the institution to get money and
other kinds of help. In addition to the problems they cause for schools, student dropouts have
big effects on the people who do them[3]. When compared to people who finish their degrees,
those who stop going to school too soon often have fewer job possibilities, lower income
potential, and less total life satisfaction. Not only is it important for schools to deal with the
problem of keeping students, it's also important for supporting social justice and economic
growth.

1.2. Problem Statement

Even though everyone knows how important it is to keep students in school, there is still a big
problem with being able to correctly predict early on which undergraduates will drop out.
Methods that are usually used to find students who are at risk, like academic advice and
mentoring, rest on biased judgments and are more reactive than proactive. It's possible that
this way will cause delays in providing the needed help, which will make it less effective and
increase the chance of students dropping out [4]. There are many things that make it hard for
schools to predict and stop students from leaving. One problem that comes up naturally is that
the things that help keep students is very complicated. These factors can be loosely put into
three groups: the academic, the socio-economic, and the societal. Academic traits include
doing well in school, going to class regularly, and being actively involved in academic
activities. Some socioeconomic factors are a person's family background, their level of
financial protection, and their own unique circumstances. Some institutional factors are the
quality of the learning environment, the ease of access to support services, and the overall
happiness of the students[5]. It's hard to come up with a uniform plan to identify and stop
losses because these factors are all linked. Also, because students' experiences are always
changing, support systems need to be constantly checked on and changed because risk factors
can change.

1.3.  Significance of the Research

There are big economic and social effects of the high failure rates. Looking at it from a
business point of view, kids who drop out of school before finishing take away a lot of potential
workers. This could make it hard for different businesses to find skilled workers, which would
slow down progress and economic growth[6]. Also, people who don't finish their degrees may
be burdened by student loan debt, which could cause the economy to stay unstable for a long
time and consumers to spend less. From a cultural point of view, high failure rates could make
inequality problems worse and make it harder to move up in society. Most people agree that
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education is an important driver of social growth because it gives people the skills and
knowledge they need to make their lives better[7]. When students drop out of school, they
often give up these chances, which keeps them in loops of poverty and disadvantage. The
accuracy of predictions could have a big effect on strategies for keeping kids. By precisely
identifying students who are most likely to drop out, schools can plan and carry out targeted
programs that best meet the needs of these people. Adopting this proactive approach could
help lower the number of students who drop out, improve student performance, and make
schools more effective overall.

1.4. Research Objectives

The main goal of this study is to create a machine learning model that can correctly predict
how many first-year college students will drop out [8]. When looking at large datasets and
finding complex trends that might not be obvious using traditional methods, machine learning
is a powerful tool. Using these skills, the study aims to give a more accurate and timely
prediction of student dropout, allowing schools to take proactive steps to help students who
are at risk[9]. To reach this objective, the study will focus on finding important factors that
have an effect on keeping students. This means looking closely at a number of academic,
socioeconomic, and social factors to see how important they are in predicting student dropout.
Understanding these factors is important for coming up with effective ways to help kids who
are at risk and for making sure that support services are tailored to each child's specific
needs[9]. Model predictions for educational institutions are also used to come up with useful
and doable suggestions as another main goal of the study. In this case, the machine learning
model's results need to be turned into ideas that managers, teachers, and support staff can use.
The ideas will be made to directly target the risk factors that have been found and to improve
student retention overall[10]. By reaching these goals, the study hopes to add to what is
already known about educational data mining and predictive analytics. The study results will
help us understand how difficult it is to keep students and suggest a way to deal with this
important issue that is based on facts. The main goal of the study is to improve the
effectiveness of student support services, lower the number of students who drop out, and
encourage undergraduates to keep doing well.

2. Literature Review
2.1. Theoretical Framework

Keeping students in school and dropping them off have been looked at in depth from a number
of different theoretical points of view. According to Tinto's (2023) Student Integration Model,
both academic and social integration are very important for students to stay in school. Tinto
says that students are more likely to stay in school if they feel like they are being challenged
academically and are a part of a strong social community at their school. The 2019 Bean
Student Attrition Model shows that outside factors like work, money, and social support, along
with academic factors, play a big role in a person’s decision to drop out. Educational data
mining (EDM), a new area, has recently brought more advanced analysis tools to the study of
keeping students. More and more, guided learning methods like decision trees, logistic
regression, support vector machines, and neural networks are being used in machine learning
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(ML) to predict how well students will do in school[11]. These techniques make it easier to
look at big, complicated datasets and find trends that regular statistical methods might miss.
Neural networks can show how data is connected in ways that aren't linear, while decision
trees can handle categorical data and take into account how variables interact with each
other[12]. Because they are flexible and can make accurate guesses, these methods are good
for dealing with the complicated issue of student losses.

2.2. Previous Research

In the past, traditional statistics methods were used to predict which students would drop out
of school. Researchers using logistic regression and linear models have found a lot of things,
like GPA, attendance, and socioeconomic status, that can help us guess which students will
drop out (Pascarella & Terenzini, 2015). Still, these methods often assume that relationships
are straight, and they might not take into account how the many factors that affect loss rates
interact with each other. Even though traditional methods have some flaws, they have built a
strong foundation for understanding what makes students stay in school[13]. A lot of recent
study has been done on how to use machine learning to make predictions more accurate. For
example, Luan and Zhao (2022) used a random forest algorithm to predict which students
would drop out of school, which was more accurate than other methods. Their study showed
how important it is to use a wide range of traits, such as personal information, school success,
and engagement measures, to get better results when making predictions. According to Xie
and Fang (2023), neural networks were used to predict when students would stop taking online
classes. This shows how deep learning can be used in educational settings. The fact that their
model did better than logistic regression shows how useful machine learning is for dealing
with complex and high-dimensional data. Smith and White's (2019) interesting study used a
mix of machine learning techniques, like logistic regression, decision trees, and gradient
boosting machines, to guess how likely it was that first-year college students would drop
out[14]. Their results showed how important early school success and participation are for
predicting recall. By contrasting various algorithms, researchers were able to find the pros
and cons of each method, which led to useful insights into the best methods for predicting
failure.

2.3. Primary Factors Affecting Dropout Rates

Several factors have been identified as important markers of the number of students who drop
out. There are three main groups of factors that affect success: measures of academic
performance, financial background, and societal factors such as student involvement.
Academic success measures are often seen as good ways to tell if a student will stay in
school[15]. Academic signs like a student's GPA, attendance records, and participation in
schoolwork like tests and projects are good ways to tell if they are likely to drop out (Thomas,
2022). Not doing well in school could lead to academic probation and eventually being kicked
out of school, which shows how important it is to use early remediation strategies. Astin
(2023) also says that study has shown a positive link between academic involvement
(measured by class activity and touch with teachers) and student retention. People's social
background also has a big effect on the number of dropouts. Unfortunately, students from
low-income families often face financial problems that make it impossible for them to continue
their education (Haveman & Smeeding, 2016). People who are unstable financially may feel
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more stressed and have to balance work and school, which can hurt their academic success.
According to Paccarella et al. (2024), first-generation college students may not have as many
social and cultural tools that are necessary to succeed in college, which makes them more
likely to drop out. When it comes to keeping students, official factors and student participation
are both very important[16]. The quality of the learning setting, which includes services like
academic guidance, coaching, and therapy, has a big effect on how well students do in school
(Kuh et al., 2008). Schools that make their campuses more friendly and open to everyone tend
to have higher return rates. Additionally, taking part in campus groups and events outside of
school has been linked to more engaged and persistent students (Tinto, 1993). Students who
are interested in their studies are more likely to feel connected to their school and be more
motivated to do well in their classes. Recent studies have also shown how important
psychological factors like drive, self-efficacy, and resilience are in keeping students in school.
It was found by Robbins et al. (2024) that students who have higher levels of academic self-
efficacy and innate drive are more likely to keep studying[17]. Based on these numbers,
programs that aim to improve students' psychological resources might be able to lower the
number of students who drop out. Using big data analytics and machine learning in
educational study has opened up new ways to understand and predict why students drop out
of school. By looking at a lot of data, researchers may find trends and connections between
variables that they hadn't seen before. This all-around method helps us learn more about the
factors that affect student retention and lets us provide more targeted and effective treatments.

To sum up, the theory framework and previous study on keeping students in school and
preventing them from dropping out stress how complicated and varied this situation is.
Machine learning techniques have made it much easier to predict how students will do in
school, going beyond the useful information that traditional statistical methods gave us. The
main things that affect dropout rates are academic success measures, social background,
problems with the school, and student involvement. Schools can use these observations to
come up with data-driven strategies to help students stay in school and do better in school by
using these observations. The continued use of complex analysis methods in educational
research could help us better understand how to keep students in school and lead to the creation
of more effective and welcoming teaching methods.

3. Methodology
3.1. Experimental Methodology

Based on machine learning methods, the study uses a quantitative research method, which is
a great way to predict which college students will drop out. This method makes it possible to
collect and analyze quantitative data in a planned way, which makes it easier to find trends
and connections in large datasets[18]. The main purpose of the study is to develop a predictive
model that can accurately find kids who are very likely to drop out of school. A quantitative
approach is good because it lets you use statistical and computer methods to look at the data,
which makes sure that the results are solid and can be repeated. In this case, it makes sense to
use quantitative research because it can handle big numbers and give fair views based on
data[18]. When compared to qualitative methods, which focus on personal feelings and views,
guantitative methods can be used to look at factors across a large group, which leads to more
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general findings. This method works really well in educational study because it lets a lot of
information about students' backgrounds, how well they do in school, and how they act be
analyzed in a planned way. This study can help find important factors that can help identify
dropping out [19].

3.2. Data Collection

The information for this study comes from university records, which have a lot of specific
information about students' personal lives, academic performance, and financial situations.
Surveys can also be used to get information about a person's socioeconomic situation, their
parents' schooling and work, and other relevant behavioral factors[20]. The information
includes things like marriage status, country, gender, age at registration, and foreign status. It
also has academic variables like how people applied, the order in which they applied, the type
of course, and attendance rates. It also has information about previous credentials, family
skills and jobs, being moved, having special educational needs, being in debt, paying school
fees, and scholarships. The dataset includes data for a large group of students, which ensures
that the statistical analysis will be strong and reliable. For instance, the collection might have
information about 10,000 kids, such as different parts of their school lives[21]. Some of the
things that show academic success are the grades and the number of units taken, tested, and
passed in both semesters. The study uses economic data like the jobless rate, inflation rate,
and GDP to give an overview of outside factors that might have an effect on keeping students.

3.3. Data Preprocessing

Preprocessing the data is an important step in getting the information ready for analysis. There
are many steps to this process. The first step is to clean up the data to get rid of any errors or
missing numbers[22]. There are many reasons why data might be missing, such as records
that aren't full or mistakes made when entering the data. To make sure the information is
complete and reliable, methods like estimation (using mean, median, or mode values) or
getting rid of records that are missing important data are employed. Preparing data includes
important steps like choosing the right features and tech. Feature selection is the process of
picking the factors that are most useful for the predictive model[23]. This helps cut down on
the number of variables and makes the model work better. To find the most important traits,
people use techniques like association analysis and feature importance ranking, which uses
algorithms like random forests. Feature engineering is the process of making new factors or
changing old ones to make them better at predicting what will happen [24]. For example, a
person's age at enrollment can be broken down into age groups, while a continuous measure
like GPA can be split up into ranges of categories. It is necessary to normalize and scale
numerical factors to make sure that all of them have the same effect on the model. Using
methods like one-hot encoding or label encoding, categorical variables are turned into a
number form that can be used by machine learning algorithms. This step of getting the data
ready makes sure that it is in the best shape for training the forecast models.
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Fig 1. EDA of Data
3.4.  Techniques for Machine Learning

The study uses a number of machine learning techniques to create prediction models for
student dropout rates. The right methods are chosen based on how well they work with the
type of data and the specific needs of the study. Logistic regression, decision trees, random
forests, and neural networks are some of the most important algorithms that are being thought
about. It was decided to use the logistic regression method because it is simple and easy to
understand. It works really well for jobs that can only be answered in two ways, like guessing
how many students will drop out [25]. Logistic regression is a useful way to find out how
separate factors relate to the chance of dropping out. People use decision trees because they
can handle and examine data that has both number and categorical factors. By showing
decision rules through feature breaks, they make the model clear and easy to understand.
Because of this, they are useful for finding important factors that lead to loss. Random Forest
is an ensemble method that builds several decision trees and then joins their results to make
them more accurate and less likely to be overfit [26]. Random forests are very good at
handling big datasets with lots of features. They can also rank the importance of features,
putting more weight on the most important ones. One reason neural networks, especially deep
learning models, are useful is that they can find complex, non-linear relationships in data.
These models are very good at dealing with large datasets with complicated patterns. It is true
that these models take more computer power and are harder to understand than basic models.
In order to build a model, the information is split into two parts: the training subset and the
testing subset. Usually, a set number, like 70:30 or 80:20, is used to divide this way. Different
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types of cross-validation, like k-fold cross-validation, are used to make sure that the model
works well with data that it hasn't been trained on [27]. Partitioning the training set into k
subgroups, training the model on k-1 subsets, and testing its success on the last subset are all
parts of this process. The process is repeated k times, with one use of each group as the test
set, to make sure that the model's performance is stable and reliable. To get the best results
from the chosen algorithms[28], hyperparameters are changed. This means fine-tuning things
like the number of trees in a random forest, the highest depth of decision trees, and the learning
rate for neural networks. There are different ways to find the best hyperparameter settings,
like grid search and random search.

3.5. Evaluation Metrics

The success of the forecast models is judged by a number of different criteria, which
guarantees a full examination. Some important factors for evaluation are F1 score, accuracy,
precision, memory, and the area under the receiver operating characteristic curve (ROC-AUC)
[29]. This number shows how many correctly predicted cases there were out of all the cases
that happened. It includes both quitter and graduate cases. While accuracy is a good way to
judge how well a model is working, it can be misleading when dealing with datasets that aren't
fair and have a lot of one class, like graduates. Precision is a number that measures the
proportion of correctly identified dropouts (true positive predictions) to all events that were
expected to be dropouts (all positive predictions) [30]. A model with a low rate of false
positives is said to have high accuracy. This is very important when false alarms (wrong
predictions of dropout) have big effects. Remember that recall, which is also called sensitivity
or true positive rate, is a number that shows how many correctly forecast positive cases there
are compared to the total number of real positive cases (including dropouts)[30]. A high
memory score means that the model can correctly identify most of the real losers, which is
important for starting early intervention programs. Using their harmonic mean, the F1 score
is a way to measure both accuracy and memory. Both fake positives and false negatives are
taken into account, so the review is fair.
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It's especially helpful when you need to find a balance between being correct and remembering
things. The ROC-AUC figure checks the balance between the rates of correctly identifying
positive cases and wrongly identifying negative cases at different levels of significance [31].
A larger Receiver Operating Characteristic Area Under the Curve (ROC-AUC) number means
the model works better, and values close to 1.0 mean the model can make very accurate
predictions. Cross-validation is a way to make sure that assessment tools are reliable and to
keep them from relying too much on a small group of data[32]. By figuring out the average
performance metrics over several rounds, cross-validation makes it more accurate to guess
how well the model can generalize. In the last step, the evaluation factors are used to choose
the best model, which is then checked using a different test set. This makes sure that the
model's performance is stable and that it can be used regularly with new data that hasn't been
seen before. Using what was learned from the example, real ideas are made for schools to
keep more students and lower the number of students who drop out. To sum up, this method
uses machine learning to provide a complete and well-organized way to predict which college
students will drop out [33]. The project aims to provide important insights and useful
suggestions for keeping students in college by using a large dataset and advanced analysis
techniques.Results and Analysis

3.6. Descriptive Statistics

The set of data used to predict the loss of college students includes a wide range of social,
academic, behavioral, financial, and economic markers. There are both personal and numeric
facts in these factors, which give a full picture of each student's past and current academic
progress[34]. To explain the dataset, descriptive statistics were calculated. These gave
information on the data’s central tendency, variability, and general distribution. The collection
has 4391 records for students, and each record has 38 different characteristics. Status as a
married person, country, gender, age at registration, and foreign status are all important social
factors. Some of the things that can affect academic variables are how and when the
applications are sent in, the types of classes taken, how often they are attended, and both
parents' educational background. Behavior and money issues can help explain things like
being homeless, having special educational needs, being in debt, paying for school, and getting
a grant [35]. Grades from both the first and second quarters, as well as recognized, registered,
reviewed, and approved instructional units, are used to measure academic success. Statistics
about the economy, like the jobless rate, inflation rate, and GDP, help us understand the kids'
school setting. Visualization was used to look at the ranges and relationships of these major
factors. Histograms and box plots, which showed normal and skewed distributions, were used
to look at continuous factors like age at registration and academic grades [36]. The
classification data, like gender, marital status, and funding status, were shown clearly with bar
charts that showed how often each group came up. It was easier to see patterns and possible
outliers in the data with these images, which laid the groundwork for further research.

3.7. Evaluation of Model Performance

Logistic Regression, Decision Tree, Random Forest, and Neural Network are the four machine
learning models that were created and tested in order to identify which students would drop
out of school. Accuracy, precision, recall, F1 score, and ROC-AUC were some of the metrics
used to judge how well each model worked. Logistic Regression, which is known for being
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easy to understand and use, got an accuracy score of 0.80, a precision score of 0.79, a recall
score of 0.81, an F1 score of 0.80, and a ROC-AUC score of 0.82. The Decision Tree model,
which can find non-linear relationships, got an F1 score of 0.78, an accuracy of 0.78, a
precision of 0.76, a recall of 0.80, and a ROC-AUC of 0.79. The Random Forest model, which
is a group method, did better than the other models that had been used before it. An F1 score
of 0.85, a recall of 0.87, an accuracy of 0.85, and a ROC-AUC of 0.88 were all reached. With
complex patterns, the Neural Network model got an accuracy score of 0.84, a precision score
of 0.82, a recall score of 0.86, an F1 score of 0.84, and a ROC-AUC score of 0.87. The KNN
model, which is a group method, did better than the other models that had been used before it.
The ROC-AUC was 0.78, the F1 score was 0.75, the recall was 0.77, and the accuracy was
0.79. When compared to the previous models, the SVM model, which is a group method, did
better. It had a recall of 0.87, an F1 score of 0.85, an accuracy of 0.85, and a ROC-AUC of
0.88. Among these models, the Random Forest model stood out as the best-performing one
because it got the highest scores in every test. Its greatness comes from the fact that it can
handle large amounts of data well and avoid overfitting by using ensemble learning methods.
The model's durability and ability to work in a variety of school settings make it a great choice
for predicting student dropout.
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—e— Precision 0’87 0.87 87
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0.80
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Logistic Regression Decision Tree Random Forest Neural Network KNN SVM
Model

Fig 4. Accuracy Comparison
3.8. Importance of Features

Figuring out what each factor means in predicting student exits is important for both
understanding what the model means and getting useful information. The Random Forest
model's intrinsic feature importance scores were looked at to find the most important
predictors[37]. The academic success traits, such as the number of school units taken and the
marks earned, were the most important in predicting failure. These signs show how involved
and successful a student is in school, so they can be used to accurately guess whether the
student will stay in school or drop out. Things related to money, like the amount of school
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fees and grants available, also had a big effect. Maintaining current school payments and
receiving grants made students less likely to drop out, highlighting the importance of financial
stability in academic persistence[38]. Some demographic factors, like the age and gender of
the people who signed up, also had a big effect. Studies on schools have shown that older
students and guys were more likely to drop out. Parental schooling and job status are important
socioeconomic indicators that show the larger social and cultural environment that impacts a
student's decision to stay in school. More information was gathered from behavioral traits like
homeless status and schooling special needs. Students with special needs or who have recently
moved are more likely to drop out of school, which shows how important it is to offer
individualized help and interventions[39]. Looking at feature importance not only proved
what we already knew about how to keep students, but it also gave us new information about
factors that weren't so obvious. For example, the order and method in which students apply
might reveal details about the parts of the admissions process that affect retention. This says
that early entry processes and choices may show how dedicated and ready a student is. By
looking at the model's results, it's clear that we need a broad plan to deal with the issue of
students dropping out[40]. To successfully lower the number of students who drop out,
schools need to offer a variety of services, such as academic support, financial aid, help with
social and economic problems, and individualized solutions. The model's results could be
used to create targeted solutions, like academic and financial help for students who are at risk,
as well as personalized support programs[41].

In general, the results of this study make it possible to better understand and predict why
college students drop out using machine learning techniques. A close study of model success
and the importance of features gives educational professionals and lawmakers useful
information that helps them come up with better ways to keep students. Schools can use these
forecast models to find kids who are at risk and help them right away so they do better in
school and stay in school.

4, Discussion

The main finding of the study suggests that machine learning models can correctly predict how
many first-year college students will drop out by looking at a number of academic, behavioral,
financial, and economic factors. The Random Forest model did the best across all performance
factors that were looked at, earning the highest score. There is a lot of information out there
that says ensemble methods like Random Forest are great at handling large amounts of data
and being resilient [42]. This result fits with what we could have predicted. Even though the
Logistic Regression model was simple, it worked well enough to show how important linear
relationships are in the data. The Neural Network model, which finds complicated patterns,
did about as well as Random Forest. This shows how useful deep learning techniques could
be in the area of educational data mining. Even though the Decision Tree model wasn't as
good as ensemble methods, it did give helpful information because it was easy to understand.
The findings of this study back up what other research has found: measures of academic
success, like grades and finishing units, are very good at showing failure rates[43]. In addition,
the study found that financial factors like tuition prices and having a grant had a big effect on
a student's decision to stay in school. This is in line with other research that has shown how
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important it is to be financially stable. Socioeconomic theories of education explain the
importance of population factors like age and family education. This proves that the model's
results are correct.

Several real-world effects on educational organizations are caused by the results of this study.
First and foremost, being able to predict student dropout allows for effective measures.
Institutions can set up early warning systems by using machine learning models to find
students who are more likely to have problems based on their academic performance, financial
situation, and socio-demographic background. Educational organizations should think about
starting targeted help programs for students who are seen as being at high risk. Academic
advice, coaching, and mentoring programs can be made to fit the needs of each student who is
having trouble [44]. Financial aid and guidance programs may help ease the financial
problems that make dropping out more likely. Furthermore, knowing how important family
education and socioeconomic status are means that schools should create a safe and welcoming
environment for students from all walks of life. Implementing marketing programs that
include parents and provide extra tools for first-generation college students could increase the
number of students who stay in school. In the end, the results show how important it is to keep
an eye on and evaluate students' participation and progress all the time. By using prediction
analytics in their student support systems, schools may be able to improve their plans and
make the best use of their resources to help students do well [45].

Even though the study gives us important new information, it is important to know what it
can't do. One big problem is that the data comes from the past, so it doesn't fully show how
patterns are changing or what effects recent changes in policies and practices have had. Also,
even though the dataset used is very big, it might not include all the important factors that
affect student retention, like health and psychological factors. The chance of model bias is
another limitation. The machine learning methods that were used in this study were taught on
data from the past, which could include biases that are built into the school system. To make
sure that predictions are fair and accurate, the models must be regularly reviewed and updated.
Future studies should try to get around these problems by using a bigger range of up-to-date
and different kinds of information, such as qualitative data to show how complex students'
experiences really are[46]. If researchers watch students over time in continuous studies, they
might learn more about the factors that affect the rates of students staying in school and
dropping out. It might also help to look into how to include social and health-related factors
in the equation for understanding student retention.

Furthermore, looking at the results of some projects using model projections would help
confirm whether or not the results are actually possible in real life. Through trying and
improving these solutions in real schools, institutions may come up with better ways to keep
students in school and help them do better [47]. In the end, this work shows how machine
learning techniques can be used to predict how many first-year college students will drop out,
and it also gives educational institutions useful information. By solving the limits and adding
to the results, future research may help us learn more about how to keep students and help
make better support systems.
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5. Conclusion

This research shows that group machine learning methods like Random Forest may be able to
accurately predict which college students will drop out. To do this, demographics, education,
behavior, money, and economy are all looked at. The results show that measures of academic
success, financial variables, and socio-demographic factors all play a role in deciding which
students stay in school. The success of the Random Forest and Neural Network models shows
that advanced machine learning can be used to mine school data. This study shows that
machine learning models can predict which students will drop out, which makes educational
data mining better. This comment shows how important it is to use multiple data sources and
advanced analytics to learn how to keep students. This study adds to and builds on earlier
research by focusing on the academic and economic factors that affect predicting loss. The
real effects of the results help schools keep students by using data-driven strategies. To fix
the problems with this work, future studies should use more up-to-date data, preferably
gualitative data that can show the complex experiences of students. Longitudinal studies of
students would show what makes students stay in school or drop out. Including mental and
physical health problems may help explain why students stay in school. Targeted treatments
can be proven to work and made better by looking at how they work in real life using
expectations from models. To make sure that predictions are fair and correct, more research
needs to be done on forecasting model bias and model review. This study could help us figure
out how to keep students and make support systems better for future studies.
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