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ABSTRACT

This study investigated the potential for machine learning (ML) and educational data mining (EDM) capabilities
in predicting retention and dropout rates at Cronasia Foundation College Inc. (CFCI). Predicting student
persistence is a founding element of improving and enabling retention efforts in higher education institutions.
However, understanding what contributes to retention and dropout still presents complications. Hence, this study
crafted predictive models via the analysis of historical academic records, levels of engagement, socio-economic
level, and psychological components and examined a dataset of 9,100 student records (75% training and 25%
testing). According to the performance of the models analyzed using a total of five machine learning classifiers
(Decision Trees, Random Forest, Support Vector Machines, Neural Networks, and Logistic Regression), and the
models have been analyzed using F1-score, recall, accuracy, and precision. The accuracy from the models we
analyzed from the highest being the model that was Neural Network with 80.42%, which had precision of 0.840,
recall of 0.895, and F1-score of 0.867 for retention (Class 0); and precision of 0.692, recall of 0.582, and an F1-
score of 0.632 for dropout (Class 1). Random Forest and Decision Tree had similar accuracy with Random
Forest's accuracy being 79.90% with an Fl-score for dropout of 0.622, and Decision Tree's accuracy was
80.58%. Logistic regression performed with the lowest accuracy of 73.98%, and had poor recall associated with
dropout; inducing action for a number of academic leaders to begin intervening and take responsibility in helping
retain students prior to their exit point, or after their first semester. The study found that retention was most
strongly related to important variables such as intrinsic academic performance, attendance, and scholarship
status. The results of the study can aid in data-based decision-making in higher education by helping institutions
develop focused programs to increase retention and decrease dropout.

Keywords: Student Retention, Student Dropout, Educational Data Mining, Machine Learning, Predictive
Analytics

INTRODUCTION

The issues of student retention and dropout rates are increasingly important topics in higher education institutions
throughout the world. Student retention through graduation is not only a criterion of institutional success (or lack
thereof), but it has also been regarded as a measure of academic success for students [8][6]. There are many
factors that can affect whether a student remains in or withdrawals from education including their academic
results, financial security, mental health, and socio-economic class background [47][17]. While there are
intervention programs in place to support at-risk students, many institutions struggle to successfully identify
those who require help effectively and early enough before the situation is irreversibly damaged. This
combination of corroborated and correlative relationships shows that institutional commitment and enhanced
services are essential strategies to help students persist [6][10]. Consequently, there is an indeterminate gap
regarding proactive identification or prediction of students who drop out as a result of life challenges that could
be effectively addressed using data-driven approaches [44][11]. The advances and improvements by student
support services notwithstanding, limited use of predictive analytics in higher education limits these data
analytics methodologies usefully [11][1]. Addressing this gap in knowledge is important in supporting greater
educational success, institutional effectiveness and efficiency, as the lost goals of many students (and their
institutions) are caused by unconnected challenges they are unable to navigate [13][6].
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This research will employ educational data mining (EDM) and machine learning (ML) techniques to study
dropout and retention within Cronasia Foundation College, Inc. (CFCI). By studying past academic records or
transcripts, demographics, and behavioral data from students, we will develop models to predict when students
are at risk of dropping out. The models developed will predict student retention and dropout using different
machine learning algorithms. The research and findings of this study will be beneficial in informing
recommendations for the Institution to be able to develop an intervention for students predicted to dropout or
not persist, thus improving student success. Moreover, this research will, ultimately, contribute to the use of
predictive analytics and improve institutional decision making in a data-driven culture of retention management.

The use of machine learning in educational analytics has the potential to be disruptive by predicting and
addressing student attrition with large-scale data and algorithms uncovering subtle behaviors consistent with
disengagement and risk of failure [15]. In particular, predictive models facilitated by educational data mining
can help education institutions to identify at-risk dropouts earlier, which helps deliver timeliness and tailor
intervention to improve retention rates [18]. The research study on predicting retention and dropout rates is an
example of this way of modeling, and expired education data analytics to explore existing literature on predicting
dropout; using academic take rates, engagement rates and demographics, the research addresses historical
challenges of dealing with imbalance, and missing data in educational data sets as well as improving the
predictive accuracy using robust machine learning models [14]. This comprehensive use of machine learning
serves to highlight the valuable opportunity of developing new education systems to adaptively improve
evidence-based approaches to student learning.

Research Questions

This study aims to predict student retention and dropout rates using educational data mining and machine
learning regression techniques. Specifically, it seeks to answer the following questions.

1. What are the primary factors that predict student retention and dropout rates at CFCI in terms of:
Academic Performance

Socioeconomic Status

Student Engagement

Psychological and Behavioral Factors

2. What is the effectiveness of the various machine learning regression models in predicting student retention
and dropout rates at CFCI?

Decision Trees

Random Forest

Support Vector Machines (SVM)
Neural Networks

3. Which machine learning regression model provides the most accurate prediction of student retention and
dropout rates based on the factors?

4. How can the predicted retention and dropout rates from machine learning regression models be used to design
targeted interventions that improve student retention and reduce dropout rates at CFCI?

Significance of the Study

This study will be beneficial to the following:
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Cronasia Foundation College Inc. will benefit by acquiring data-driven insights to enhance its student retention
programs. The study will assist administrators in developing by leveraging machine learning models, the
institution can optimize student support services, improve academic performance, and increase overall
institutional effectiveness.

The students. Students will benefit from the study's findings since they shed light on the variables that affect
their perseverance and academic achievement. Students can make educated decisions about their education and
seek assistance when necessary if they are aware of the main issues influencing retention. Predictive models can
also facilitate tailored academic interventions, which will ultimately enhance students' performance and general
wellbeing.

The Teachers. Teachers will obtain a better grasp of risk factors and student retention trends as a result of this
study. Teachers can use the findings to identify and assist pupils who are at danger by putting data-driven
methods into practice. With this information, educators can implement focused teaching strategies, provide more
academic help, and foster a more encouraging learning atmosphere.

The Parents. Parents will use intervention strategies and proactive initiatives to reduce dropout rates. provides
useful details regarding the factors influencing their child's scholastic trajectory. If they understand the elements
that predict retention and dropout, they can better guide and assist their children. This study encourages more
communication between parents and the school to foster an environment where students can thrive academically
and personally.

The Researchers. This study will contribute to the growing body of research on educational data mining and
machine learning in higher education. Researchers can use the findings as a foundation for future studies that
explore new predictive models and intervention strategies. The study will also provide valuable empirical data
that can be used to improve retention prediction methodologies.

The Future Researchers. Future research in the areas of student retention and educational analytics will use
this study as a guide. The results can be expanded upon, machine learning methods can be improved, and other
variables affecting student persistence can be investigated by future researchers.

Scope and Delimitation

This study addresses student retention and dropout at Cronasia Foundation College Inc. (CFCI) through either
educational data mining or machine learning regression analysis techniques. The scope of this research involves
examining students' academic records, demographic characteristics, as well as behavioral information as an
attempt to explain relationships between these variables, from retention/dropout trends. The study will identify
different machine learning regression type models (e.g. Decision Trees, Random Forest, Support Vector
Machines, Neural Networks), to analyze their results, as it relates to students' retention and dropout.

LITERATURE REVIEW

Due to their inability to retain students until the completion of their degree, many higher education organizations
explicitly define problems relating to the issues of student drop out and student retention. Student success is
affected by a number of factors, including social engagement, socio-economic status, mental health, and
academic performance. Institutions are now researching more possibilities to predictive dropout probabilities,
due to improvements in educational data mining (EDM) and machine learning (ML) capabilities. This literature
review incorporates studies relating to EDM, retention prediction, and the applicability of ML methods for
dropout prediction.

Factors Influencing Student Retention and Dropout Rates

Student retention and drop-out rates are influenced by a host of variables including, but not limited to, academic
achievement, finance, mental health, and extracurricular participation. Academic achievement, in particular
Grade Point Average (GPA), has been demonstrated to be strongly correlated with student retention according
to a substantial body of research. The role of academic achievement in the retention equation is further evident
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due to the tendency of students with lower GPAs to have higher drop-out rates. For example, research shows
students who successfully complete first-year seminar courses have higher retention rates and improved GPAs;
some studies report retention rates as high as 98% for students in seminar courses [32]. In addition, a study found
amotivation is a significant predictor of retention in first-year college and college GPA, which indicates colleges
and universities should focus on improving retention through motivation [25].

Retention is also strongly relevant to socioeconomic status. Financial insecurity often presents difficulties for
lower-income students, magnifying stress levels and negatively affecting performance and commitment to
completion of their same-level education. When looking at ways to improve retention of economically
impoverished students, research has indicated many support strategies that can be adopted, including creating
supportive educational contexts and providing resources [23], and collectively the results identify the need to
counteract the structural barriers that low-SES students face to reduce dropping out.

It is becoming increasingly apparent that the impact mental health issues have on student retention cannot be
underestimated. Anxiety, depression, and stress can significantly affect a student's ability to engage with his/her
education, which can contribute to disengagement and ultimately increased student dropout rates [12]. Given
this evidence, educational institutions should provide mental health support services that can alleviate these
barriers and improve student well-being.

Engagement in extracurricular activities represents a key factor affecting student retention. It has been
demonstrated in many studies that students who engage in extracurricular activities gain benefits that extend far
beyond their academic experience. Improvements in social skills, development, and sense of community within
their academic communities have been shown to occur, indicating that engagement in extracurricular activities
has many potential advantages. For example, studies indicate that engagement in extracurricular activities builds
social responsibility, confidence and self-worth, and can significantly reduce dropout rates [19][20]. Engaging
in extracurricular activities has been shown to foster both skill development and peer support and can provide a
positive impact on academic and non-academic outcomes, including in studies that separate these effects
[24][46].

Student retention and dropout rates exist in a unique intersecting ecosystem of academic success, financial
circumstances, mental health, and extracurricular participation. Offering focused academic support, mental
health, and active engagement in extracurricular activities that connect students to their social and academic
surroundings can support an improved retention strategy.

Educational Data Mining and Machine Learning in Retention Prediction

Educational Data Mining (EDM) has developed using sophisticated machine learning strategies and presented
significant advances in prediction of student retention. Academic performance, engagement behaviors, and
socioeconomic status have all been recognized as student-related variables and machine learning has been used
to create nuanced insights that traditional statistical models have not identified. Recent research has shown how
multiple machine learning models, particularly ensemble models, have improved the accuracy of retention
predictions.

Utilizing decision trees and/or its variants to predict student retention has been a prevalent strategy in EDM. For
example, Hadiyanoor et al. found strong utility for the C4.5 algorithm in classifying student majors, with
implications for reducing secondary education drop-outs [4]. As demonstrated by Khalilia et al. decision trees
are valuable for parsing through academic profiles, providing useful insights into elements effecting student
performance, or consequently retention rates. Furthermore, Goundar et al. employed support vector machines
(SVM) and random forests to assess patterns of communication with students and improved the predictive power
of student retention models [41]. These works confirm the valuable contribution of decision tree algorithms like
Random Forests in parsing the complexity of educational data sets relevant to retention analytics.

Comparative studies of ensemble learning techniques, and especially Random Forests and Gradient Boosting
machines (GBM), have produced promising results in improving the accuracy of predictions in regard to student
dropout. Wong and Yip noted the important of finding a balance between data characteristics and the machine
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learning techniques we select, emphasizing that decision trees, when possible, combined with ensemble or
combined machine learning techniques demonstrate a substantial increase in model accuracy compared to other
machine learning algorithms while considering multiple predictors (e.g. GPA and engagement) [27] . Similarly,
Desfiandi and Soewito presented an ensemble model that effectively combined multiple classifiers that they
showed was superior to other techniques in prediction time-to-graduation, also an important measure of retention
[3]. The ensemble methods take advantage of the strengths of individual classifiers, giving high performance
across a wide range of educational datasets.

The likelihood of a student dropping out of school is commonly performed using regression techniques where
logistic regression has been widely used with additional methods such as decision trees and SVMs, etc., gaining
popularity. For example, Nadeem and Palaniappan studied postgraduate dropout rates using a number of machine
learning methods and showed that decision trees provided some significant accuracy measures [34].
Furthermore, SVM has been useful in predicting academic performance, but additional research is needed to
identify its particular suitability within the scope of retention prediction frameworks [36]. These studies suggest
the significance of merging the multitude of variety of machine learning methods to allow practitioners to
leverage and bolt together the data to develop better practices and processes around student retention activities.

Machine Learning Models for Dropout Prediction

Recently, the application of machine learning (ML) models to predict student dropout has received considerable
attention within educational technology and analytics. This field utilizes different algorithms to make predictions
based on the characteristics of at-risk students through multiple pathways (academic performance; demographics
and psychological aspects). Random Forests (RF) and Logistic Regression (LR) are two common examples of
algorithms and models used for this purpose due to their robustness and interpretability allowing for a broad
variety of data to be incorporated [42]. These models have the capacity to analyze complex multidimensional
data, enabling postsecondary institutions and educators to intervene quickly to assist students who are deemed
at-risk of dropping out.

Deep Learning (DL) techniques have also become useful for dropout prediction. Neural Networks, in particular,
are appreciated for their ability to detect complex patterns in large datasets which many ML methods can miss
[28]. However, it is worth noting that DL models involve significant computational capacity and often large
datasets in order to perform well. Recent studies have successfully used Neural Networks to find weak indicators
of dropout, demonstrating the promise and challenge of using Neural Networks [5][22].

The dropout data is an imbalance data issue, and although there are solutions, is a significant hurdle.
Traditionally, there are significantly fewer dropouts than there are students who stay school; thus, there can be
bias when predicting from the models [42]. There are also various techniques for balancing out the datasets -
oversampling techniques like SMOTE (Synthetic Minority Over-sampling Technique) can yield improvement
in their performance and reliability [39]. SMOTE generates synthetic samples for the minority class (the
dropouts) in order to obtain higher predictive accuracy from several machine learning algorithms to meet the
needs of dropout prediction models with actual dropouts [39].

Many methodologies have been established that effectively identify predictors of dropout. For instance, some
research on MOOC:s has described various dropout predictors and used multiple ML and DL methods illustrating
that multi-VI based approaches often produce higher accuracy results [48]. Also, the combination of deep
learning techniques with traditional machine learning methods create stronger predictive models and stimulate
more flexibility and robustness for enlarging training data with oversampling techniques [39].

Challenges in Dropout Prediction

A central issue in dropout prediction is the interpretability of machine learning models. While approaches such
as Random Forests and Gradient Boosting provide some type of insight because feature importance scores can
explain a model's decision-making, many of the more holistic models, i.e., neural networks, can be characterized
as "black boxes." This is a concern for educators and administrators who want to make data-informed decisions
about interventions, and who need to understand the "why" behind predictions [9]. Ifenthaler and Yau note the
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need for learning analytics systems that explain the prediction mechanisms behind identifying at-risk students
[9]. Otherwise, practical implementations of these models in educational settings remain ambiguous and may
facilitate their use in real-world decision-making.

Data availability and quality are additional significant barriers affecting dropout prediction models. Many
educational contexts face issues of missing and incomplete data, especially in the non-academic realms such as
mental health or social participation [31][30]. According to Mihaescu and Popescu, incomplete datasets can
severely undermine the precision of predictive models, meaning this research must improve the data acquisition
methodologies used, along with quality assurance [33]. To help resolve these gaps, appropriate imputation
methods or linkage with other data sources could be employed [45]. Also, some datasets exist, such as the PEEK
dataset, that can be examined for new avenues for improving learner engagement, which can ultimately support
improving prediction models [40]. Educational data mining (EDM) and machine learning combine well to
facilitate thorough analyses; although, the barriers such as dataset imbalance remain a challenge that needs to be
addressed, particularly to maximize the opportunities for these new strategies [43].

In addition, the utilization of a wider array of data sources is important to increase the effectiveness of predicting
dropouts. Current models largely rely on academic performance metrics alone which overlook important social
and psychological drivers of engagement and withdrawal from courses. This sentiment has been stated in the
literature assertively that said models should utilize more holistic data including social data, the school was not
using data to measure student well-being [45][38][26]. Razghandi et al. detailed the importance of using many
data analytics methods and data types said these types of data and method were also useful to gain a more
nuanced level of understanding when it came to dropout and the creation targeted interventions [43].

RESEARCH METHODOLOGY
Research Design

This study follows a quantitative research design using data mining and machine learning regression techniques
to predict student retention and dropout rates at Cronasia Foundation College Inc. The primary goal is to explore
the relationships between various student-related features and their likelihood to either stay enrolled or drop out.
The study aims to identify the key factors influencing student retention, including academic performance,
socioeconomic status, student engagement, and psychological factors, and then build predictive models using
machine learning techniques.

Data Collection

The data for this study were collected from Cronasia Foundation College Inc.'s student management system,
which includes historical records on students' academic performances, demographics, attendance, financial
status, and extracurricular participation. The dataset comprised the following:

e Academic performance data: GWA, semesters enrolled
o Demographic data: Age, gender, family income, socioeconomic status, scholarship
o Engagement data: Attendance rates, social engagements

e Psychosocial data: Survey responses related to student satisfaction, mental health status, and emotional
well-being from guidance

The study will consider students who have completed at least one academic year at the institution and have data
records available for analysis.

Data Preprocessing

During the preprocessing, several essential steps were performed to prepare the dataset for machine learning.
First, missing values in the SEMESTERS ENROLLED and SCHOLARSHIP columns were handled by imputing
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missing entries. While the SCHOLARSHIP column, which had a "nan" string, was cleaned by substituting NaN
before being imputed with the most frequent category using the SimpleImputer method, the SEMESTERS
ENROLLED column was imputed using the median. Then, in order to prevent the creation of erroneous ordinal
associations, One-Hot Encoding was used for multi-category columns like COURSE and SCHOLARSHIP,
whereas Label Encoding was used for binary categories such as GENDER, PARTICIPATION IN CLASS, and
SOCIAL ENGAGEMENT.

Additionally, StandardScaler was used to scale numerical features such as GWA, SEMESTERS ENROLLED,
and FAMILY INCOME in order to guarantee that all features were on the same scale, which is essential for
some machine learning methods. To guarantee that only the best predictors of student retention and dropout were
included in the model, feature selection was finally carried out using SelectKBest to preserve the most pertinent
characteristics. The dataset was ready for reliable model training thanks to these preprocessing procedures, which
successfully addressed problems like missing data, improper encoding, and feature scaling.

Exploratory Data Analysis (EDA)

To further understand the dataset and the factors influencing dropout rates and student retention, a variety of
methodologies were used. In the first phase, the frequency of each category in the DROP OUT STATUS column
was shown using a count plot to visualize the distribution of student retention and dropout rates. This
visualization showed the balance between students who stayed enrolled and those who dropped out, providing
an initial understanding of the data's class distribution.

Distribution of Student Retention and Dropout Rates

60040 4

Figure 1: Distribution of Student Retention and Dropout Rates

Figure 1 shows the distribution of student retention and dropout rates using a count plot. This visualization
illustrates that a larger proportion of students remain enrolled compared to those who drop out. The DROP OUT
STATUS column is clearly split between two categories (0 = retained, 1 = dropped out). The most common
category is student retention, indicating that the institution generally keeps its student body fairly steady. This
distribution would imply that elements such as extracurricular activities, academic support, and scholarship
possibilities help retain students.

- 7 IH:
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Figure 2: Histograms of Numerical Features
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Figure 2 shows histograms for numerical features like GWA, ATTENDANCE RATE, and FAMILY INCOME.
The majority of students have a GPA in the median range, with a small bias towards lower grades, according to
the GWA histogram. This may suggest that a sizable portion of students are at risk of dropping out as a result of
academic difficulties. The majority of students had high attendance rates, according to the ATTENDANCE
RATE histogram, which is consistent with the idea that students who attend class frequently are more likely to
remain enrolled. Contrarily, FAMILY INCOME indicates a bias toward lower-income households, which may
have an impact on dropout rates because of financial limitations.

Semesters Enrolled vs Dropout Status (Boxplot)
i ‘
‘

SEMESTERS ENROLLED

OROP OUT STATUS

Figure 3: Box Plots of GWA and Semesters Enrolled by Dropout Status

Figure 3 presents box plots of GWA and SEMESTERS ENROLLED against DROP OUT STATUS. The GWA
plot demonstrates that academic performance is a significant predictor of student retention, with dropouts
typically receiving worse grades. In a similar vein, dropouts typically had fewer semesters enrolled, which may
suggest that prior academic or personal difficulties caused them to leave the school. These charts offer
compelling visual proof of the variables affecting student retention.

Model Development and Evaluation

The data set was submitted for model building and evaluation after it was preprocessed, including feature scaling,
categorical encoding, imputation of missing values, and feature selection. Several machine learning models were
developed in this phase to estimate dropout and retention rates for students.

Logistic regression was first used for binary classification and as a baseline model for estimating whether
students but would drop out or stay enrolled. The logistic function provides the likelihood of an event occurring
based on a linear combination of input features. Logistic regression has the ability to identify linear relationships
between the outcome variable and the predictors, despite its basic nature.

Decision trees were subsequently used because they produce a more interpretable model which intends to split
the data set based on the most important features at each node, ultimately classifying whether students are
categorized as retained or have dropped out. Decision trees are easy to understand and interpret, they will
sometimes overfit, particularly with deeper trees.

Random Forests, which utilize the predictions of multiple decision trees to combine them in order to lower the
risk of overfitting as well as increase the robustness of the model were used to help solve issue. The final
classification outcome is determined by averaging or voting from predictions of numerous decision trees
constructed from bootstrapped samples of the dataset as part of the random forests.

Support Vector Machines (SVM) were also employed based on the concept of finding the optimal hyperplane
to maximize the margin between classes. SVM is also effective in high dimensional domains as well as in cases
when the dimensions are not linearly separable, since it can transform the input space through the kernel method.
The SVM classifier optimizes the decision boundary to minimize the classification error, where the SVM
classifies the data points by which side of the hyperplane they land on.

Lastly, Neural Networks (specifically the Multi-Layer Perceptron Classifier) were employed to model the
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potentially complex relationships in the data. Neural networks can model non-linear patterns among the features
and interactions that simpler models (like logistic regression) will miss. The backbone of the learning process in
neural networks is adjusting weights, or parameters, by minimization of errors in prediction to the loss function
using a mechanism known as backpropagation. Although neural networks tend to be more computationally
demanding, they have the potential to outperform traditional approaches when modelling complex datasets.

The prediction models were evaluated based on their accuracy and precision, recall, and Fl-score, and the
outcomes were compared to help isolate the best performing model to forecast student retention and dropout.
The evaluation highlighted the advantages and disadvantages of each method and provided guidance for deciding
the best model for the real-world use.

Results Interpretation
Accuracy:

With an accuracy of 80.58%, the Decision Tree classifier was the most accurate model. Neural networks
(80.42%) and logistic regression (73.98%) were next in line. All models appear to have performed quite well,
based on the relatively similar accuracy scores of Random Forest (79.90%) and SVM (79.48%). Decision Tree,
on the other hand, is notable for its accuracy, showing that it was best at differentiating between students who
dropped out and those who stayed enrolled.

Precision:

With precision values of 0.84 for Class 0 (Retention) and 0.69 for Class 1 (Dropout), the neural network produced
the best results for both classes. This high precision shows that the Neural Network was very successful in
correctly recognizing both retained students and dropouts. Precision is a measure of a model's ability to correctly
identify positive cases. In comparison to the Neural Network, the Decision Tree model did well for Class 0
(0.83), but its precision for Class 1 was marginally worse (0.71), indicating that the Neural Network is better at
accurately identifying dropouts.

Recall:

With the highest recall of 0.91 for Class 0 (Retention), logistic regression showed a strong ability to identify
students who were retained. However, as seen by its poor recall for Class 1 (0.32), Logistic Regression has
trouble detecting dropouts. This suggests that students who are at risk of dropping out can be predicted less
accurately using logistic regression. However, with a more balanced recall of 0.90 for Class 0 and 0.58 for Class
1, the Neural Network model proved to be a reliable one for detecting both dropouts and retained pupils.

F1-Score:

The F1-Score provides a thorough assessment of a model's performance by striking a balance between precision
and recall. The Neural Network was the most balanced model in terms of precision and recall, as evidenced by
its greatest F1-Score for both Class 0 (Retention) (0.87) and Class 1 (Dropout) (0.63). Random Forest and
Decision Tree both did well; however, for Class 1 (Dropout) predictions, Decision Tree marginally outperformed
Random Forest, indicating that Decision Tree may be better at identifying dropout-related trends.

Table 1. Results of the experiment

Model Accuracy | Precision Recall F1-Score | Precision Recall F1-Score
(Class 0) (Class 0) | (Class 0) (Class 1) (Class 1) | (Class 1)

Logistic 73.98% 0.767 0.911 0.833 0.593 0.319 0.415

Regression
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Decision 80.58% 0.835 0.906 0.869 0.707 0.560 0.625
Tree

Random 79.90% 0.837 0.891 0.863 0.681 0.572 0.622
Forest

SVM 79.48% 0.833 0.890 0.860 0.674 0.562 0.613
Neural 80.42% 0.840 0.895 0.867 0.692 0.582 0.632
Network

Table 1 illustrates a comparison of five different machine learning models, Logistic Regression, Decision Tree,
Random Forest, Support Vector Machine (SVM) and Neural network, for predicting student retention and
student dropout rate. While the table includes performance metrics - Accuracy, Precision, Recall and F1 Score
for each of Class 0 (Retention) and Class 1 (Dropout). The Neural Network had the highest accuracy and
relatively good balance between precision and recall, therefore Neural Network was the best model overall.
Decision Tree and Random Forest are closely matched - both performing quite well overall and particularly well
with respect to predicting dropouts. Logistic Regression was overall not successful in identifying Class
1(Dropout) and had a significantly lower recall with respect to dropouts.

Neural Network stands out as the most accurate and balanced model overall, with high precision, recall, and F1-
Score for both retention and dropout predictions. Its ability to appropriately identify both Class 0 (Retention)
and Class 1 (Dropout) makes it the most capable option for predicting student retention and dropout. Decision
Tree and Random Forest also performed reasonably well, with Decision Tree showing slightly better
performance than Random Forest, particularly for Class 1 (Dropout) in terms of F1-Score. This indicates that
Decision Tree may be better at dropout identification than Random Forest, but both models appear to have
similar predictive capabilities.

Logistic Regression, while exhibiting a strong capacity to predict Class 0 (Retention), had quite serious
shortcomings in predicting class 1 (Dropout). Therefore, it was not the right model for predicting the likelihood
of students dropping out. Since predicting students dropping out is an important task, we can assess the Recall
value for class 1, which means that Logistic Regression had failed to identify a range of students likely at risk
of dropping out.

In conclusion, based on the evaluation results, Neural Network is the most appropriate model for the task, while
the Decision Tree provides a second viable option for predicting dropout when dropout prediction is paramount.
Future research could focus on hyper-tuning these models, or possibly hybrid approaches to enhance the
predictive performance overall.

CONCLUSION

The results of the model evaluation showed Neural Network was superior to the other models at predicting
retention and dropout rates, as Neural Network had the best accuracy, precision, recall, and F1-score for both
Class 0 (Retention) and Class 1 (Dropout). Random Forest and Decision Tree both had comparable prediction
capabilities overall, but Decision Tree narrowly improved on Random Forest in predicting dropout rates. Logistic
Regression demonstrated significant limitations in predicting dropout rates, considering its low recall rate
specifically for Class 1 (Dropout). The results of Logistic Regression suggest it may not be a suitable model for
situations that do require dropout predictions.

Insights from the important factors affecting student retention and dropout rates indicated several important
variables that were most critical. The factors that had the most significant effect on student retention were
Academic Performance (GWA), Attendance Rate, and then Scholarship Status. Therefore, it appeared that
students with a higher Academic Performance (higher grades to stay enrolled) and better Attendance Rate were
also more likely to stay enrolled. In addition, Scholarship Status clearly had a significant effect on retention rate.
We better retained students receiving scholarships or student aid compared to those who were not receiving
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scholarships or student aid, which was observed within the models. In addition to the measures of Academic
Performance, Attendance Rate, and Scholarship Status, the Behavioral and Engagement Factors (notably, use of
sports and extracurricular activities, mental health, and behavioral issues) also had a significant influence on
predicting retention. Students who were more engaged and had better mental health typically had a higher
likelihood for retention; yet, students who experienced behavioral issues and less engaged tended to have higher
chances to drop out.

Overall, this study demonstrates that academic performance, attendance, access to scholarships and engagement
of students have the most impact on retention/dropout, when we apply the newest Neural Network model in
evaluating the numerous interactions between these variables. It has also shown that the Neural Network is a
better method to determine the predicted outcomes and make informed decisions to increase retention.
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