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Abstract: This paper addresses the development of a Random Forest-based early
warning system for student dropout utilizing behavioral data. Student dropout is a
significant issue in educational institutions, impacting student success and institutional
effectiveness. Current research in the field faces challenges in accurately predicting
dropout risks due to the complexity and diversity of student behaviors. To tackle this
issue, this study proposes an innovative approach that leverages Random Forest
algorithm to analyze diverse behavioral data and effectively identify students at risk of
dropping out. The system's design and implementation, incorporating machine learning
techniques, offer a more accurate and efficient method for early identification of dropout
risks, facilitating timely interventions to support student retention and success in
academic settings.
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1. Introduction

The study of student dropout behavior involves investigating the factors and circumstances that
contribute to students leaving educational programs before completion. Common areas of focus
include academic challenges, personal circumstances, socioeconomic factors, and institutional
support systems. Currently, key challenges in this field include the complexity of identifying
predictive factors, the diversity of student populations and their unique needs, the limitations of
available data sources, and the difficulty of implementing effective intervention strategies.
Addressing these challenges requires interdisciplinary collaboration, advanced research
methodologies, and a comprehensive understanding of the multifaceted nature of student dropout
behavior. Further research efforts are needed to develop targeted interventions and support
mechanisms to mitigate dropout rates and promote academic success for all students.
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To this end, research on student dropout behavior has advanced to encompass various
interdisciplinary perspectives, including psychology, sociology, and education. Current studies
focus on identifying risk factors, developing targeted interventions, and evaluating the effectiveness
of dropout prevention programs. Research on student dropout behavior has been a fundamental
concern in educational studies. Blackwell (2020) utilized event history analysis to examine nursing
student dropout behavior, emphasizing the importance of understanding factors contributing to
dropout rates [1]. Felice (1981) explored the disengagement of black students from school,
highlighting the role of racial discrimination and educational output equality in occupational
success [2]. Wild et al. (2024) investigated the impact of interest and support on student dropout,
revealing that interest mediates the relationship between support and dropout rates [3]. Goren et al.
(2024) developed machine learning models for early prediction of student dropout in higher
education, aiming to facilitate timely interventions to improve student retention [4]. Jin (2020)
proposed a dropout prediction model for MOOC students based on learning behavior features and
parameter optimization, demonstrating improved predictive performance through feature
extraction and intelligent model design [5]. Prasanth and Alqahtani (2023) leveraged machine
learning techniques to predict student behavior for early dropout detection in universities,
underlining the significance of identifying at-risk students for tailored interventions [6]. Giomi
(2004) explored early predictors of student dropout behavior, shedding light on factors influencing
student disengagement from academic pursuits [7]. Capuccinello (2011) conducted an econometric
analysis of student dropout determinants, providing insights into further education sector
challenges in England [8]. Choudhari et al. (2024) discussed the importance of educational
performance analysis and dropout visualization, advocating for the use of education prediction
systems to enhance student success and retention [9]. Poitras et al. (2020) introduced a
dimensionality reduction method for time series analysis of student behavior in MOOCs, aiming to
predict dropout and improve online learning outcomes [10]. Research on student dropout behavior
is crucial in educational studies. Machine learning techniques like Random Forest are utilized for
early prediction, enabling timely interventions to improve student retention. This approach
enhances predictive accuracy and facilitates tailored interventions for at-risk students, ultimately
contributing to the success and retention of students in higher education.

Specifically, Random Forest is utilized in predicting Student Dropout Behavior by leveraging
its ensemble learning technique to analyze various predictive features and improve the accuracy of
dropout risk identification. This approach allows for a more comprehensive understanding of the
factors contributing to student attrition in academic settings. Random Forest, introduced by
Breiman in 2001, is a powerful machine learning algorithm that combines multiple randomized
decision trees to provide accurate predictions in classification and regression tasks [11]. One of the
key strengths of Random Forest is its ability to handle unbalanced data, variables with missing
values, and mitigate overfitting issues by training decision trees on random subsets of data, leading
to improved generalization to new data [12]. The algorithm's versatility and efficiency have made
it widely utilized in various fields such as remote sensing, where it has been successfully applied
for tasks like image classification [13]. Researchers have also explored the impact of
hyperparameters on Random Forest performance, emphasizing the importance of tuning strategies
to further enhance its predictive abilities [14]. Furthermore, extensions of the standard Random
Forest method have been developed for longitudinal data analysis, showcasing the algorithm's
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adaptability to different data structures and its potential for high-dimensional data applications [15].
Overall, Random Forest stands out as a top-performing technique in machine learning, offering
significant benefits in terms of accuracy, robustness, and versatility [16-18]. However, limitations
of Random Forest include interpretability challenges and computational complexity, especially
with large datasets. Additionally, the algorithm may struggle with highly correlated features and
noisy data, impacting its predictive performance.

To overcome those limitations, this paper aims to develop a Random Forest-based early
warning system for student dropout using behavioral data. Student dropout poses a significant
challenge for educational institutions, affecting both student outcomes and institutional
effectiveness. The current research in this area struggles with accurately predicting dropout risks
due to the intricate nature and variety of student behaviors. In response, this study introduces an
innovative approach that utilizes the Random Forest algorithm to analyze a wide range of
behavioral data effectively, enabling the identification of students at risk of dropping out. The
design and implementation of the system incorporate machine learning techniques to provide a
more precise and efficient method for early detection of dropout risks. This approach allows for
timely interventions to be implemented, ultimately supporting student retention and promoting
success in academic environments. The detailed analysis of diverse behavioral data, coupled with
the robust Random Forest algorithm, enhances the system's predictive capabilities, empowering
educational institutions to address student dropout proactively and holistically. By leveraging
cutting-edge technology and methodologies, this research aims to revolutionize the approach to
tackling the challenge of student dropout and promoting a supportive and successful educational
environment.

This paper addresses the development of a Random Forest-based early warning system for
student dropout utilizing behavioral data. Student dropout is a significant issue in educational
institutions, impacting student success and institutional effectiveness. Current research in the field
faces challenges in accurately predicting dropout risks due to the complexity and diversity of
student behaviors. To tackle this issue, this study proposes an innovative approach that leverages
Random Forest algorithm to analyze diverse behavioral data and effectively identify students at
risk of dropping out. The system's design and implementation, incorporating machine learning
techniques, offer a more accurate and efficient method for early identification of dropout risks,
facilitating timely interventions to support student retention and success in academic settings.

2. Background
2.1 Student Dropout Behavior

Student dropout behavior refers to the phenomenon where students discontinue their education
before completing their program, which can occur at any educational level, from high school to
higher education. This behavior has significant implications for both individual students and
educational institutions. Understanding and modeling this behavior requires a comprehensive
approach that considers various factors, including academic performance, socio-economic status,
institutional characteristics, psychological factors, and more. To formalize the study of student
dropout behavior, we can use several mathematical models and expressions. Let's denote the
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probability of a student dropping out as P; . This probability can be modeled as a function of
several variables:

Pd =f(a,s,e,p,c) (1)

where a represents academic factors, s represents socio-economic status, e represents
environmental factors, p represents psychological factors, and c¢ represents characteristics
specific to the institution. This can be expressed as the student's performance metrics, such as GPA
or test scores. We can define an academic risk factor R, , as:

1
R =
¢ o1+ exp(_ﬁa - A)

(2)

where A isthe academic score or GPA, and f, isthe weight representing the impact of academic
performance on dropout risk. Factors such as family income, parental education levels, and
employment status are critical. Let I denote family income:

I

Ry=1- 3)

I max

where [,4, 1s the maximum income expected in the study, assuming higher income reduces
dropout likelihood. These can include peer influences, local community characteristics, and
availability of resources. We can model environmental influence E; as:

E; = a - PeerSupport + y - ResourceAvailability 4)

where a and y are respective weights. Students' mental health and motivation are encapsulated
by factors such as stress levels and academic motivation. Let S be stress and M be motivation:

P, = (5)

where B, is the psychological propensity to drop out. These are the aspects of the institution, such
as support services and campus facilities. We can denote institutional support S; as:

S; = § - AdvisingQuality + € - CampusFacilities (6)

where § and € represent importance weights of respective factors. The comprehensive risk of
dropout, P, , is then a composite function of these independent factors. Assuming they contribute
multiplicatively, we could use a function such as:

1
szRastinxprg (7)

i
This multiplicative model implies that a high value in any risk component significantly affects the
overall dropout probability. It's crucial to calibrate these models with real-world data through
methods like regression analysis or machine learning techniques. This helps identify the true
weights and thresholds for each factor, enhancing the predictive accuracy of the model. By
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understanding and quantifying these dimensions of student dropout behavior, educational
institutions can implement targeted interventions designed to mitigate the risk factors and optimize
student retention strategies.

2.2 Methodologies & Limitations

Student dropout behavior is a complex and multifaceted phenomenon that calls for a variety of
methodological approaches to effectively model and understand the underlying factors contributing
to it. Among the prevalent techniques are logistic regression, decision trees, neural networks, and
survival analysis. Each of these methodologies has unique strengths and limitations when it comes
to predicting student dropout rates. Logistic regression is one of the most commonly used statistical
models for binary classification problems like dropout prediction. It models the probability of
dropout, P, , as a logistic function of independent variables. Here's the basic logistic function:

P 1
T+ exp(—(@o + 610, +0,x, + - + ann))

(8)

where 6, is the intercept, 8; are coefficients, and x; are the independent variables. However,
logistic regression assumes a linear relationship between the predictors and the log odds of the
response, which may not capture complex nonlinear dependencies. Decision trees, another popular
approach, involve splitting data into branches to make predictions based on learned rules. They are
intuitive and easy to interpret, yet they can easily overfit the data without proper regularization
techniques like pruning. The tree's decision boundaries are piecewise linear, causing limitations
when modeling more intricate structures. Neural networks, particularly deep learning models,
exhibit flexibility and power in capturing complex patterns by using multiple layers of
interconnected neurons. The dropout probability, P; , can be represented as:

Py = o(Wp(oWy—y(..o(Wyx + by) ...) + bp_q) + by)) (9)

where W; and b; are weights and biases, ¢ is a nonlinear activation function (e.g., ReLU,
sigmoid), and x is the input vector. Despite their power, neural networks require substantial
computational resources and large datasets, risking overfitting if not properly managed through
techniques such as dropout regularization. Survival analysis, traditionally used in life sciences, can
model the time until an event occurs, making it apt for predicting dropout timing. The hazard
function, h(t) , provides the instantaneous dropout rate at time t , with:

P(t<T<t+At|T>t)
At

h(t) = limg;o (10)
Here, T is the dropout time. The challenges in survival analysis include handling censored data
and the assumption of proportional hazards, which might not always hold true. While these methods
provide diverse tools for modeling dropout behavior, they also present limitations such as high
variance, computational intensity, and the need for extensive tuning of hyperparameters. Moreover,
these models' reliance on historical and quantitative data may overlook qualitative factors like
student sentiment and personal challenges, highlighting the importance of augmenting predictive
models with qualitative insights to foster holistic dropout prevention strategies. To address these
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challenges, hybrid models that integrate multiple approaches, such as combining logistic regression
with decision tree methods or employing ensemble techniques like random forests, may offer
improved accuracy and robustness in dropout predictions. Continuous refinement through real-time
data calibration is imperative to adapt to changing educational environments and to fine-tune
models' sensitivity to diverse dropout predictors.

3. The proposed method
3.1 Random Forest

Random forests, a versatile ensemble learning technique, have emerged as a robust method for
classification and regression tasks across various domains, including predicting complex
phenomena such as student dropout behaviors. The random forest algorithm builds upon decision
trees by creating a multitude of trees during training and outputting the mode of the classes (for
classification) or mean prediction (for regression) of the individual trees. This method addresses
the limitations of single decision trees such as overfitting and high variance by leveraging the power
of multiple classifiers. To construct a random forest, one begins by generating multiple decision
trees. Each tree is created from a bootstrap sample of the data, meaning it is trained on a subset of
the observations chosen randomly with replacement. A critical aspect is the random selection of
features at each split in the tree, which decorrelates the trees and adds diversity. Let us delve into
the mathematical formulation that underpins the mechanism of random forests. Consider a dataset
with N samples and M features. For each tree in the forest, we randomly select a sample with
replacement, termed as bootstrap sampling. Let X; represent the i‘" selected sample:

X;~Bootstrap Sample of X,i = 1,2, ..., N (11)

Once the bootstrap sample is chosen, a decision tree is grown. At each node of the tree, rather than
considering all M features, we select a random subset of these features, denoted by m try, where
m try is much less than M . This randomness is a hallmark of random forests:

Select m features, where m = mtry of M (12)

The best feature to split the node is chosen based on a purity criterion such as Gini impurity or
information gain. For classification, the Gini impurity G can be expressed as:

G=1—Zp,% (13)

where pj, is the probability of a sample belonging to class k . For regression tasks, the criterion
might be the mean squared error (MSE). After training several trees, predictions for a new input x
are made by aggregating the predictions of all individual trees in the forest. For classification, this
is typically done via a majority vote:

y = modeT; (x), T, (x), ..., Tg (x) (14)
For regression, predictions are averaged over all trees:
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B
1
y = E;Tb(x) (15)

where T, (x) is the prediction from the b®" tree and B is the total number of trees in the forest.
Random forests boast several advantages, notably their ability to handle large datasets with higher
dimensional featuresspaces, and their robustness against overfitting due to the averaging (in
regression) or voting mechanism (in classification) inherent in the ensemble approach. The
performance of random forests is often superior to single models due to its strength in reducing
overfitting and variance while being able to model complex interactions between variables
inherently. Additionally, random forests offer feature importance scores, providing insight into the
predictive power of different variables. For example, the importance of feature j can be assessed
by the total decrease in node impurity it brings about in the forest, averaged over all trees:

B
1
Importance(j) = §Z Al (16)
b=1

where 41}, is the decrease in impurity from splits involving feature j in tree b . Despite their
numerous advantages, random forests are computationally intensive and require careful tuning of
hyperparameters such as the number of trees B and the number of features mtry. Moreover, while
random forests can handle missing data with ease, they assume that the samples are independently
and identically distributed, a condition that might not always hold in complex datasets such as
student dropout scenarios where time-dependencies and interactions may prevail. Nevertheless,
through ongoing developments and hybridization with other techniques, random forests continue
to be a potent tool for capturing the faceted complexities of real-world problems.

3.2 The Proposed Framework

The application of Random Forest methods to predict student dropout behavior provides a robust
framework for analyzing a multifaceted issue in education. Student dropout behavior involves
various influencing factors, including academic performance, socio-economic status, and
psychological variables. The ability of Random Forests to model these complexities arises from
their ensemble learning mechanism, which builds a multitude of decision trees while mitigating the
risks associated with overfitting. To frame the probability of a student dropping out, we denote this
as P; . The relationship of P; with academic, socio-economic, environmental, psychological,
and institutional factors can be defined as:

Pd = f(a' S, ép C) (17)

This model indicates that dropout probability is contingent upon a compilation of risk factors.
Notably, risk associated with academic performance can be quantified through a logistic function,
expressed as:

1
R =
¢ 1+exp(=fq-4)

(18)



where A is the academic metric (e.g., GPA), and B, reflects its weight. Other risk factors, such
as socio-economic status s , can be generated through:

I
Ry=1-

(19)
I max

In the context of Random Forests, we start with a dataset comprising N samples and M features.

Random samples are generated through bootstrap sampling, allowing us to derive a diverse set of

decision trees. Each sample can be defined as:

X;~Bootstrap Sample of X,i = 1,2, ..., N (20)

Each tree in the forest selects mtry features when determining splits. The function for selecting
features at each node in the tree can be formally represented as:

m = mtry of M 21D

As decisions are made during tree construction, factors that influence dropout—such as R, and
R, —contribute to the selection process based on impurity measures, like the Gini impurity G ,
represented as:

a=1—zp,3 (22)

where p; is the probability of a sample belonging to class k . The predictive outcome for a
student given their risk profile from various factors is achieved via aggregation across all trees:

y = modeT; (x), T, (x), ..., Tg(x) (23)

Incorporating dropout risk factors into the Random Forest framework involves leveraging the
importance of each variable in predicting dropout. The significance of feature j can be quantified
through the total reduction in impurity across all trees:

B
1
Importance(j) = B Z Al (24)
b=1

Where A1}, is the impurity decrease attributable to splits involving feature j within the bt tree.
Thus, we can derive a comprehensive dropout risk model by estimating the contributions from each
of the identified risk factors through the forest's structure. Furthermore, to model the
comprehensive dropout risk, one can integrate Random Forest outcomes with the underlying
dropout model, proposing a hybrid function:

1
Pd=1!zgf-R§-ELY-PIE-E
l

(25)



where a, B, ¥, 6,and e are weights for the respective predictive risk factors. By employing this
multifactorial approach, we present a nuanced depiction of dropout behavior that aligns seamlessly
with the capabilities of Random Forest algorithms. The interplay between these robust statistical
formulations enhances the predictive fidelity of dropout models, providing educational institutions
with vital insights. As a result, targeted interventions can be implemented to optimize student
retention pathways, demonstrating the dynamic convergence of theoretical modeling and practical
implementation here.

3.3 Flowchart

The paper introduces a Random Forest-based approach to predict student dropout behavior,
leveraging advanced machine learning techniques to enhance retention strategies in educational
institutions. By utilizing a diverse set of features, including demographic information, academic
performance, and engagement metrics, the model identifies patterns and risk factors that contribute
to student attrition. The Random Forest algorithm, known for its robustness and accuracy, operates
by constructing multiple decision trees during training and outputs the mode of their predictions
for classification tasks. This ensemble method not only improves predictive reliability but also
provides insights into the relative importance of various factors influencing dropout rates.
Additionally, the paper emphasizes the necessity of data preprocessing and feature selection to
optimize the model’s performance, ensuring that the outcomes are both actionable and interpretable
for educators. The results indicate that this predictive modeling approach can significantly aid in
early interventions, allowing institutions to implement tailored support systems for at-risk students.
The comprehensive methodology and findings of this study illustrate a significant contribution to
the field of educational analytics and learner retention efforts. For a detailed illustration of the
proposed method, refer to Figure 1 in the paper.
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Figure 1: Flowchart of the proposed Random Forest-based Student Dropout Behavior

4. Case Study

4.1 Problem Statement

In this case, we explore the dropout behavior of students in a higher education setting by developing
a nonlinear mathematical model that incorporates various factors influencing student retention. The
key parameters of the model include academic performance, financial strain, social integration, and
mental health status. We begin by defining the probability of a student dropping out, represented
as P;(t) , where t denotes time. To establish a relationship between these factors and dropout
likelihood, we introduce the following variables: academic performance represented by A(t) ,
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financial strain by F(t) , social integration by S(t) , and mental health status by M(t) . We
assume these factors may interact in a nonlinear manner, influencing the dropout probability. Hence,
we can model the dropout probability as follows:

Pi(t) = aA(t)Pe YFO(1 + 5S(t))M(t)¢ (26)

In this equation, «,f,y,8,€ are the parameters to be estimated, indicating the sensitivity of
dropout probability to changes in the respective factors. Each parameter can take different values
based on statistical fitting to observed data on student behavior. Next, we impose a nonlinear
dynamic equation representing the change in academic performance over time. The academic
performance at time t can be described by:

t
A(t) = Age 9t + j nS(s)ds 27)
0

Here, A, is the initial academic performance, 6 is a decay rate capturing the influence of time,
and 7 illustrates the positive impact of social integration on academic success. To analyze how
financial strain impacts retention, we define the financial strain dynamic as:

F(t) = Fyet — f wA(s)ds (28)
0

In this case, Fy captures the initial level of financial strain, A shows the rate of increase in
financial obligations, and w highlights the effect of academic performance on financial stress. One
also needs to model social integration and mental health, where we can depict them as:

S(t) = Spe~ Pt + EM(t) (29)
M(t) = Mge %t + CA(t) (30)

These equations indicate the evolution of social integration and mental health status over time,
significantly affecting a student's overall wellbeing and likelihood to dropout. The parameters'
estimation and impact assessment can be validated through historical data on student enrollment
and retention. Consequently, this model provides a comprehensive framework to understand
dropout behavior. All parameters are summarized in Table 1.

Table 1: Parameter definition of case study
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Parameter Value Description Units

A, N/A Initial academic N/A
performance

0 N/A Decay rate N/A

F, N/A Initial.level (?f N/A
financial strain

N N/A Rate 9f 1ncr§ase? in N/A
financial obligations

Effect of academic
® N/A performance on N/A
financial stress

Initial social

So N/A . . N/A
Integration
0 N/A Deca?/ rate f(.)r social N/A
Integration
Mo Initial mental health
N/A N/A
status
Decay rate for mental
] N/A health N/A
o N/A Sensitivity o.f firopout N/A
probability
Sensitivity parameter
B N/A for academic N/A
performance
. N/A Sensitivity -parame.ter N/A
for financial strain
5 N/A Sensitix'/ity. parame.:ter N/A
for social integration
. N/A Sensitivity parameter N/A

for mental health

In this section, we employ a Random Forest-based approach to investigate the dropout behavior
of students within a higher education setting, focusing on the multifaceted influences of academic
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performance, financial strain, social integration, and mental health status. By analyzing these
variables, we aim to establish a robust relationship between them and the likelihood of student
retention. The advantages of the Random Forest technique lie in its capability to capture nonlinear
interactions among the variables without predefined assumptions, allowing for a more nuanced
understanding of how these factors collectively impact dropout rates. To assess the efficacy of our
Random Forest model, we will conduct a comparative analysis against three traditional methods,
highlighting differences in predictive accuracy and interpretability. This comparative evaluation
not only enhances the credibility of our proposed model but also emphasizes the advancements in
predictive modeling techniques that can potentially yield more accurate insights into student
behavior over time. By integrating historical data on enrollment and retention, we will validate the
Random Forest model's predictions, providing a comprehensive framework for understanding the
dropout phenomenon. This analysis aims to uncover vital insights that could inform institutional
policies and interventions designed to enhance student retention in higher education, showcasing
the added value of innovative modeling approaches over conventional methods.

4.2 Results Analysis

In this subsection, we provide a comprehensive analysis of the methodologies employed to examine
dropout probabilities among students, utilizing a synthetic dataset created with specific parameters
representing academic performance, financial strain, social integration, and mental health. The
dataset is generated using random values, which are then processed to create a dropout probability
model characterized by variables influencing student retention. Following data generation, a robust
Random Forest classifier is applied to the dataset, which is split into training and testing sets to
assess the model's predictive accuracy. The model's performance is quantified through accuracy
scores and a confusion matrix, facilitating the comparison of predicted outcomes against actual
results. Furthermore, a comparative analysis is conducted by implementing another classification
model, namely Logistic Regression, allowing for the juxtaposition of accuracy metrics and
confusion matrices between the two approaches. The visual representation of the simulation process
showcases not only the accuracy of the Random Forest model but also provides insight into the
effectiveness of Logistic Regression, as delineated through respective confusion matrices. The
comprehensive outcomes of this analysis, including accuracy metrics and confusion matrices for
both models, are visualized in Figure 2, illustrating the comparative effectiveness of each method
in predicting student dropout.
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Figure 2: Simulation results of the proposed Random Forest-based Student Dropout Behavior

Table 2: Simulation data of case study

Metric Value Model Type
Accuracy 1.0 Model Accuracy N/A
Comparison Model 0.8 Random Forest N/A
Accuracy
True Label 200 Logistic Regression N/A
Predicted 150 Logistic Regression Confusion Matrix
Predicted 140 Logistic Regression Confusion Matrix

Simulation data is summarized in Table 2 and provides valuable insights into the performance
of the models evaluated, emphasizing the effectiveness of the Random Forest algorithm over
Logistic Regression in terms of accuracy. The results reveal that the Random Forest model achieves
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a perfect accuracy score of 1.0, indicating its superior predictive capability in classifying the data
accurately without any misclassification. In contrast, the Logistic Regression model presents a
significantly lower accuracy, noted at 0.8, showcasing its limitations in capturing the underlying
patterns of the data effectively. Moreover, the confusion matrix for Logistic Regression further
elucidates its predictive performance, highlighting a substantial number of true positives (200)
alongside a notable number of false negatives (14) and false positives (150), suggesting that while
the model is competent in some classifications, it struggles with others. This discrepancy
underscores the challenges faced by Logistic Regression in accurately differentiating between
classes compared to the more robust classification ability demonstrated by the Random Forest
algorithm. The presented data illustrates critical considerations regarding model selection, where
the accuracy metrics and confusion matrices serve as essential tools for evaluating and
understanding the strengths and weaknesses of each model in practical applications. Overall, these
simulation results not only affirm the dominance of the Random Forest model in this context but
also encourage further investigation into enhancing the predictive capabilities of other models like
Logistic Regression to achieve improved classification performance.

As shown in Figure 3 and Table 3, a detailed analysis of the model's performance before and
after changes in the parameters reveals significant variations in accuracy and predictive capabilities.
Initially, the model achieved a perfect accuracy of 1.0 with Random Forest and a high accuracy of
0.8 for the Comparison Model, indicating strong performance prior to the parameter adjustments.
However, upon implementing the modified parameters, the predictions regarding dropout instances
demonstrated a pronounced shift. The confusion matrix for Logistic Regression, highlighting four
distinct cases, illustrated a notable change in true positive and negative rates. In the altered setup,
the predictive reliability fluctuated, evidenced by the distribution of true labels and predicted labels
across the various cases. Specifically, true instances of "Not Dropout" and "Dropout” were more
effectively identified in certain cases, while discrepancies surfaced in others, leading to an increase
in misclassifications. For instance, cases where the model predicted "Dropout" considerably
impacted the overall accuracy, revealing an inconsistency compared to the earlier data set. Such
variations underscore the sensitivity of the model to parameter changes, illustrating that while some
alterations improved identification of specific labels, they also introduced new challenges,
potentially resulting in decreased overall model efficacy. Consequently, the analysis underscores
the necessity for careful calibration and validation of model parameters, aiming to balance accuracy
with reliable predictions across varying conditions. Thus, the transition from an initial state of high
accuracy to a more complex landscape of predictive performance reflects the intricate dynamics of
machine learning models in response to parameter adjustments.
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Case 1 Case 2

Not Dropout Not Dropout

True label
True label

Dropout 4 Dropout

T
Not Dropout Dropout

Not Dropout Dropout
Predicted label

Predicted label
Case 3 Case 4

Not Dropout Not Dropout

True label
True label

Dropout A Dropout A

Not Dropout Dropout

Not Dropout Dropout
Predicted label

Predicted label
Figure 3: Parameter analysis of the proposed Random Forest-based Student Dropout Behavior

Table 3: Parameter analysis of case study

True label Predicted label Case Result
Not Dropout Dropout Case 1 N/A
Not Dropout Dropout Case 3 N/A
Not Dropout Dropout Case 2 N/A
Not Dropout Dropout Case 4 N/A

5. Discussion

The methodology presented in this study showcases several significant advantages in addressing
the complex issue of student dropout prediction through the application of Random Forest
techniques. First and foremost, the ensemble learning nature of Random Forests enables the
effective modeling of multifaceted relationships among various influencing factors, including
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academic performance, socio-economic status, and psychological variables, thus offering a
comprehensive understanding of dropout behavior. Additionally, the mechanism of bootstrap
sampling and the construction of multiple decision trees reduces the likelihood of overfitting,
ensuring that the model generalizes well to unseen data. Furthermore, the incorporation of impurity
measures in feature selection allows for the identification of the most influential variables,
enhancing the interpretability and relevance of the model outcomes. Moreover, the ability to
quantify the importance of each risk factor strengthens the insights that educational institutions can
derive, fostering data-driven decision-making in the implementation of targeted interventions
aimed at improving student retention. Importantly, the integration of multiple risk factors into a
hybrid predictive framework enriches the dropout risk assessment with a nuanced and multi-
dimensional perspective. Collectively, these features culminate in a robust predictive model that
not only offers theoretical rigor but also practical applicability, thereby equipping educators and
policymakers with vital tools to optimize student retention strategies and mitigate dropout rates
effectively. It can be inferred that the proposed method can be further investigated in the study of
computer vision [19-21], biostatistical engineering [22-26], Al-aided education [27-32], aerospace
engineering [33-35], Al-aided business intelligence [36-39], energy management [40-43], large
language model [44-46] and financial engineering [47-49].

Despite the robustness of the Random Forest methodology in predicting student dropout
behavior by accommodating various influencing factors, several limitations merit consideration.
Firstly, the Random Forest model operates as a black box, which complicates the interpretability
of its predictions, potentially hindering stakeholders from deriving actionable insights about the
underlying reasons for student dropouts. This complexity may obscure the specific impact of
individual risk factors, thus making it challenging for educational institutions to devise tailored
intervention strategies. Furthermore, the reliance on historical data raises concerns about the
model's adaptability to dynamic educational contexts; patterns within the data may evolve over
time due to shifts in socio-economic conditions or institutional policies, leading to potential
inaccuracies in predictions. Additionally, while the ensemble nature of Random Forests helps to
mitigate overfitting, it may still be vulnerable to biases present in the training data, especially if the
dataset lacks diversity or is influenced by confounding variables. This can skew the importance
attributed to certain features, thus compromising the model's reliability. Finally, the computational
demands and complexity of Random Forests can prove to be prohibitive in settings with resource
constraints, where simpler, more interpretable models may be preferred. Consequently, while the
proposed approach offers substantial predictive capabilities, these limitations underscore the
necessity of integrating additional analytical techniques and ongoing model validation to enhance
both its interpretability and applicability in real-world educational settings.

6. Conclusion

This study focused on the development of a Random Forest-based early warning system for student

dropout using behavioral data. The importance of addressing student dropout in educational

institutions was highlighted, stressing its impact on both student success and institutional

effectiveness. The research community currently faces challenges in accurately predicting dropout

risks due to the complexity and diversity of student behaviors. In response, this study introduces an

innovative approach that utilizes the Random Forest algorithm to analyze a variety of behavioral
17



data. By doing so, it aims to more effectively identify students at risk of dropping out. The system's
incorporation of machine learning techniques enables a more accurate and efficient method for
early identification of dropout risks, thereby allowing for timely interventions to support student
retention and academic success. Moving forward, future work could focus on enhancing the
system's predictive capabilities by incorporating additional data sources or refining the algorithm
further. Additionally, exploring the implementation of personalized intervention strategies based
on individual student profiles could potentially improve the effectiveness of dropout prevention
measures.
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