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ABSTRACT

The recent shift to online education worldwide has highlighted the urgent need to evaluate and improve students’
flexibility in the online learning environment. The paper solves that problem by creating a predictive framework
that enables measuring students’ adaptability using modern techniques for advanced perception of adaptability and
advanced machine learning (ML) and metaheuristic optimization methods. The research proposes an improved
variant of geese’s cooperative flight behavior, called the Dynamic Greylag Goose Optimization (DGGO) algorithm,
to optimize the hyperparameters of a base model, a Decision Tree (DT). A comparison of the baseline DT showed
an accuracy of 93.81% and a sensitivity (True Positive Rate, TPR) of 93.14%. The DGGO optimization further
improved the DT model’s performance to 97.15% accuracy and 96.86% sensitivity, with improved convergence
and tuning. To be flexible to changes, the optimized model reduces classification errors and improves predictive
consistency. The findings demonstrate the effectiveness of metaheuristic-based optimization for educational data
mining and provide preliminary evidence that DGGO can serve as a robust, scalable, and intelligent framework to
enhance predictive analytics and decision-support capabilities in the modern e-learning environment.

Keywords: Dynamic Greylag Goose Optimization (DGGO) Machine Learning in Education Decision Tree Classification
Student Adaptability Prediction Metaheuristic Optimization

1. INTRODUCTION

Due to the COVID-19 pandemic and other global upheavals,
there has been a significant shift in the educational setting,
accelerating the shift from face-to-face to online and blended
learning. This dramatic change has presented significant prob-
lems to students, educators and educational institutions glob-
ally [1]. Alterations that would take years to plan, introduce,
and test in a traditional educational system were forced to be
implemented almost immediately. This consequently forced
teachers and learners to quickly adjust to digital platforms,
redesigned pedagogies and online forms of communication.
Students especially had a lot of challenges as they had to
move out of on campus systems, which were marked by phys-

ical presence, face-to-face interaction and rigid schedules to
learning systems over the internet where they needed to have
self-discipline, study and learn on their own and use the new
digital tools that were not familiar to them in their systems
of learning [2]. This sudden change made adaptability a sig-
nificant issue, as students had to change their approaches to
academic success almost overnight. Additionally, psycho-
logical and behavioral responses to the new conditions of
online learning were defined by shifts in motivation, stress
coping, and patterns of new interaction, and these are not
the only ones in the new online learning environment. [3].
The above experiences have shown that adaptability is not a
technical skill or knowledge in itself, but a multidimensional
factor that involves emotional, cognitive and behavioral flexi-
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bility. Socio-economic status, computer literacy, individual
learning style, self-regulation, and the availability of the nec-
essary technological tools, including computers and internet
access, are all interconnected and have a crucial impact on
learners’ flexibility in the online learning environment [4].
However, as demonstrated, these factors have complex rela-
tionships with one another, which create disparities among
students. For example, whereas online learning can perfectly
suit some students due to their independence and freedom,
others experience loneliness, a lack of motivation or technical
problems [5]. All these differences suggest that it is imper-
ative to understand the determinants of adaptability and to
provide targeted interventions to support students at the most
significant risk of lagging or poor performance. Educational
policymakers and institutions, therefore, require predictive
and diagnostic tools to identify such learners at an early stage
and provide the necessary support mechanisms [6]. In this
respect, Artificial Intelligence (AI) and Machine Learning
(ML) have become groundbreaking in the educational field,
as they can process extensive, complex data and discover
unknown patterns, trends, and correlations that enhance stu-
dents’ adaptability [7]. With the help of ML algorithms, one
can process large educational datasets and cluster learners
based on behavioral and academic predictors. Specifically,
classification algorithms offer a good way to learn the differ-
ences in adaptability levels based on several student attributes
as predictors of these differences [8]. One such method is
the use of Decision Tree models, which have gained popular-
ity due to their interpretability and transparency, as well as
their very high performance. Decision Trees help teachers
understand which factors have the most significant impact
on adaptability and provide practical advice on how to inter-
vene and design instruction based on them [9]. In addition,
the integration of computing and data analytics has changed
how educational data is used. The new variables created in
the database are demographics, engagement, attendance, and
evaluation performance [10]. Such diversity helps researchers
determine the connection between behavioral patterns and
students’ adaptation to online learning. To illustrate, internet
connectivity statistics, the frequency of studies, and previous
grades can be reviewed to determine tendencies that predict
adaptability [11]. To also optimize machine learning models
with advanced analytics, it is possible to improve their ac-
curacy and generalizability. Thus, the mentioned analytical
capabilities can enable institutions to personalize the learn-
ing experience and develop a specific strategy to promote
struggling students [12]. Optimization has also improved the
performance and reliability of machine learning models. Nat-
ural and biological processes have found many applications
in the development of metaheuristic optimization algorithms
because of their efficiency in exploring broad solution spaces
and avoiding local optima [13]. Algorithms are essential for
improving the stability and accuracy of classification pre-
dictions in predictive modeling. The optimization of the
Decision Tree model in the present study is achieved using
the Discrete Greylag Goose Optimization (DGGO) algorithm,
which is premised on the migration patterns of a flock of
greylag geese. The algorithm has been modeled based on
the dynamic adaptations in geese’s formation to minimize
energy use and maximize group performance. On the same
note, in Decision Tree optimization, DGGO would enable

the model to balance complexity and accuracy without over-
fitting or underfitting [14]. What can be attained is a more
viable model that can classify students’ levels of adaptability
more precisely, thereby providing a more precise and com-
prehensive assessment of diverse students. In summary, the
proposed research aims to explore and maximize the type of
student malleability in online learning using machine learning
and optimization software. The following are the research
questions of this project:

1. To classify students’ adaptability levels in online educa-
tion using a Decision Tree model.

2. To integrate and evaluate the Discrete Greylag Goose
Optimization (DGGO) algorithm to enhance model per-
formance.

3. To compare the performance of the optimized Decision
Tree model with other machine learning models.

4. To analyze the robustness and reliability of the DGGO-
optimized model through statistical and visual evalua-
tion metrics.

5. To provide actionable insights for improving adaptability
and resilience in online education environments.

The remainder of this paper is organized in the following man-
ner. Section 2 contains a literature review of online education
and the state of machine learning in modeling adaptability.
Section 3 presents the materials and methods, namely the
data set, machine learning models, and optimization methods.
Section 4 presents the experimental design and the results,
which will be discussed in Section 5. Finally, Section 6 will
conclude the paper and provide a recommendation for future
research direction. Within the framework provided, one can
develop the problem, the methodology, and the implications
of the proposed method for improving student adaptability in
an online learning environment.

2. LITERATURE REVIEW

MOOCs have transformed the learning experience by intro-
ducing a wide array of free learning resources that enable
self-directed learning. The research by [15] indicates that big
data and artificial intelligence (AI) in MOOCs are beneficial
for interpreting and processing raw educational data, thereby
enhancing learning for students and educators. Two deep
neural network models were created in this paper to predict
student performance. A former model identifies the outcomes
of student learning when watching videos. The latter, on the
contrary, predicts a student’s ability to give the correct an-
swers to exam questions based on how the student copes with
exercises. The researchers who used performance data from
two MOOCs on the National Tsing Hua University platform
found that the former model correctly forecasted students’
performance based on video-watching behavior. In contrast,
the latter model forecasted students’ performance based on
exercise responses. The authors claim that MOOCs will ad-
dress current limitations in measuring student performance
by leveraging an AI-based system that enables instructors to
identify students who need additional support and attention.
COVID-19 has drastically changed the education sector, and
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the world has focused more on the application of online and
mobile learning. According to the arguments of [16], the
transition to e-learning demanded new approaches to engage
students, and a deep learning algorithm that monitors the
real-time emotional state of students (e.g., happy, fearful, sad)
with the help of a facial recognition system and a survey was
created, making virtual classes more interactive. On that note,
the article by the author of the present study, namely [17], has
also emphasized that the context of the educational communi-
cation and management of resources has also been changing,
with the Learning Management Systems (LMS) being greatly
supplemented with artificial intelligence and data analytics
to deliver an adaptive and personalized learning experience.
It has the same tendency, and a study by [18] showed that
mobile learning platforms emerged as a necessity in higher
education in the United Arab Emirates and helped students
access materials and assignments. The study, guided by the
technology acceptance model, achieved 89.37% predictive
accuracy and emphasized that, despite the flexibility these
platforms offer, emotional considerations, including fear and
stress, can disrupt their effectiveness. Data mining studies in
education validate the need to predict student performance
to enhance learning outcomes. The article by [19] demon-
strated that artificial neural networks (ANNs) as predictors of
performance in an online learning environment, which rely
on time spent on the content and attendance at a live or a
recorded session, have an accuracy of 80.47%. Similarly, the
most promising article [20] was devoted to the longstanding
issue of online education dropout, constructing a predictive
model based on Logistic Regression and Input-Output Hid-
den Markov Models (IOHMM) with a predictive accuracy of
84 percent and the potential for timely intervention. Besides
these techniques, ensemble and deep learning have been ap-
plied to 66,000 MOOC reviews by [21]. Nevertheless, the
remaining tools provided only 80-95% predictive accuracy
and little insight into how learners interact in online learn-
ing. There is an increased use of AI performance prediction
models in education sector to address students at-risk and
simplify the learning process. Another study, published by
[22] also asserts that the existing models focus more on the
accuracy of the algorithms than on the feedback to be given in
real-time to enhance the quality of learning. In response, AI
performance prediction and learning analytics were integrated
into the study to enhance student learning in a collaborative
environment. In a quasi-experimental study of an online
engineering course, the integrated approach improved cus-
tomer satisfaction, collaborative learning performance, and
student engagement. This study will inform the development
of AI-based learning analytics, providing insights into what
is in store in this area. Learning style plays a critical role
in assisting students to memorize and learn concepts in the
long run. According to the analysis by [23], determining
learning styles in offline and online study is typically con-
ducted through questionnaires. However, new trends are to
determine learning styles automatically based on attributes
without interfering with the learner. As a continuation of
the authors’ work, the paper introduces new features beyond
those already stated and further develops the identified ones
to define learning styles even more accurately. The authors
used different classification algorithms, compared their ac-
curacies on the data, and identified interesting patterns in

learners’ behavior across different concepts. Language ac-
quisition without grammatical competence cannot result in
communicative competence, as was observed by [24]. The
article explains how virtual reality (VR) technology can be
used in college English instruction by applying artificial in-
telligence and machine learning to improve students’ English
proficiency. In one study comparing two samples of fresh-
men, the experimental group, which implemented VR-based
and immersion-based constructionist teaching, received an
average score 2.8 points higher than the control group, which
used usual teaching methods. The findings suggest that com-
bining constructivism with VR technology can enhance stu-
dents’ English fluency. Studies on online learning during
the COVID-19 pandemic and its aftermath reveal the sig-
nificance of self-regulation and metacognition in university
studies. Although the study by [25] was conducted among
technologically competent students, it shows that competence
in metacognition for effective learning in the online setting
has not yet been mastered. The researchers, who studied 770
IT students at universities, concluded that students who used
metacognitive strategies were better positioned to become
more self-conscious and to maintain control over the learning
process, thereby excelling academically. Likewise, a study
by [26] examined the experience of first-year students dur-
ing the emergency online learning process and concluded
that internet connectivity, the overlap of the learning space,
and poorer social connectedness influenced students’ learn-
ing satisfaction and outcomes. Since other students enjoyed
greater freedom, some students became a nuisance, lacking
interaction and motivation. The results highlight that self-
regulation and metacognition play a vital role in increasing
flexibility and effectiveness in online learning, particularly in
the context of disruptions. As a measure to improve teach-
ing quality and student performance, schools are seeking to
understand what influences student learning so that they can
make necessary adjustments to the curriculum. The find-
ings of the research by [27] allow us to conclude that Virtual
Learning Environments (VLEs) facilitate the implementation
of a greater number of students, as geographical limitations
are eliminated, not to mention the possibility of accessing
resources more and monitoring interactions more. The article
experimented with automatic learning algorithms, including
tree-based methods and Artificial Neural Networks (ANNs),
on a publicly accessible dataset, showing that the frequency
of resource access on VLE sites should be an important fac-
tor in student achievement. This was corroborated by a case
study of 120 master’s students in Computer Engineering at the
University of Salamanca. The most recent studies show that
e-learning systems are increasingly interactive and flexible,
thereby improving online education. According to the case
described in [28], the problem of student performance predic-
tion remains among the primary ones, and their research used
the Moodle interaction data to various models, such as ex-
ploratory factor analysis, regression, and cluster analysis, to
identify the predictors, i.e., Access, Questionnaire, Task, and
Age. Results showed that platform interaction had a strong
correlation with students’ performance, and the Age variable
negatively affected performance. In a bid to tackle the issue
of technology equity, [29] made comparisons between FAQ
chatbots and webpages in MOOCs and revealed that tradi-
tional webpages are more preferable due to fewer barriers
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and the ability to accommodate regional and native-language
differences, which points to the need for digital tools to be
more inclusive. In adaptive learning, the paper by [30] of-
fered a more advanced system that used multi-layer topic
modeling and the Felder-Silverman model to automatically
identify the learning styles, which ultimately improves the
precision of personalized content presentation. Further, based
on this, the research article by [31] employed explainable
artificial intelligence (XAI) to identify the most critical pa-
rameters influencing student adaptability across all levels of
education during the pandemic, offering additional insights
into learning behaviors. In addition, the article by [32] also
discussed students’ use of next-generation learning manage-
ment systems and found that students mostly use administra-
tive capabilities but desire more advanced features, such as
content curation, collaboration within personal groups, and
mobile features. When combined, these studies suggest that
e-learning technologies are increasingly inclusive, adaptive as
well and learner-centered. The rise of science and technology
has dramatically transformed traditional teaching method-
ologies in higher education institutions, enabling blended
learning. Based on [33], this paper analyzes the learning
outcomes of blended learning through machine learning algo-
rithms and regression models, particularly Rain Classroom
Learning Management Service. The paper will gauge the
interdependence among a set of variables on the Rain Class-
room blended learning platform and scores on the College
English Test Band 4 in English proficiency. The findings iden-
tify the most essential factors for improving student scores
and for classifying students by learning outcomes using deci-
sion trees. The regression model will then identify the impact
of Rain Classroom on students with varying degrees of profi-
ciency, so that high- and low-proficiency students receive a
practical learning experience through individualized teaching
resources and methods. One factor that makes learning style
crucial in any learning environment is the fact that learners
perceive, receive, and comprehend information differently.
As reported by [34], the significance of e-learning systems
capable of determining the learning style of a student without
any human intervention has increased. This paper proposes an
algorithm based on a Convolutional Neural Network and the
Levy Flight Distribution that learns style using a prediction-
based approach. The adaptive e-learning system has two
components: automatic prediction of learning style and clas-
sification based on the quantity of learning styles. After the
student has been logged in, the student’s information, ques-
tionnaire scores, session IDs, login time, and the sequence
of user activity are accessed. An algorithm based on a CNN
is then used to predict the learning styles Active/Reflective,
Sensing/Intuitive, Visual/Verbal, and Sequential/Global based
on these features. The model was written in Java, and the data
were collected in a Massive Open Online Course (MOOC).
The experimental results show that the proposed algorithm
achieves 97.09% precision, surpassing other algorithms in
specificity, sensitivity, and overall precision. Table 1 summa-
rizes the reviewed papers in the field of the implementation of
artificial intelligence and machine learning in the education
domain, along with the objective of each, their methodology,
and key findings.

3. MATERIALS AND METHODS

To provide a detailed overview of the experiment’s workflow,
Figure 1 depicts the methodological framework followed in
the current experimental study. The seven phases include
the Data Preprocessing stage, which involves gathering the
dataset, data cleaning and normalization, and preliminary
data analysis to identify key patterns and distributions. The
clean data is further split into training and test sets (80%
and 20%, respectively) to facilitate model development. The
next stage, referred to as Model Optimization and Evaluation,
involves training and fine-tuning a variety of machine learn-
ing models using the Dynamic Greylag Goose Optimization
(DGGO) algorithm to improve their predictive performance.
Lastly, various performance indicators are calculated to assess
the model’s efficiency, and the findings are also discussed
through graphical analysis and comparison. This provides
methodological rigor and reproducibility through the work-
flow’s systematic nature across all experimental stages.

Figure 1. Overall methodological framework illustrating the work-
flow from data preprocessing and model optimization to perfor-
mance evaluation and analysis.

3.1 Dataset Description

This paper presents an excellent experiment that an inexperi-
enced machine-learning researcher can use to train and test a
wide range of methods for predicting students’ online flexi-
bility. The data would be used to construct and test predictive
models to determine how different variables influence a stu-
dent’s adaptation to virtual learning environments. The level
of adaptivity within the online learning environment—the stu-
dents’ ability to adapt to it—is the dependent variable in the
dataset presented. The data include several independent vari-
ables that characterize each student’s demographic, academic,
and environmental characteristics. These features are sum-
marized in Table 2. All in all, the dataset represents various
socio-economic, technological, and individual factors that are
essential to defining students’ adaptability in online learning
settings. The attributes can deeply model and analyze the
contribution of various factors to adaptability, which can be
very useful to educational institutions and policymakers. To
establish patterns and trends in student data, it is necessary
to understand how numerical variables relate to each other.
The given pairplot Figure 2 shows how the numerical char-
acteristics, namely, Age and Class Duration, interact among
the various gender groups. This visualization helps identify
any possible gender-based differences in the data. The di-
agonal density plots show the distributions of age and class
duration for boys and girls, and the off-diagonal scatter plots
show potential relationships between the variables. These
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Table 1. Summary of Reviewed Studies on Artificial Intelligence and Machine Learning in Education
Reference Objective Methodology Key Findings

[15] Predict student perfor-
mance in MOOCs using
learning behaviors.

Two deep neural networks
trained on students’ video-
watching and exercise per-
formance data.

Both models achieved high ac-
curacy; behavioral metrics effec-
tively predict performance and
support instructor intervention.

[16] Monitor real-time engage-
ment in online learning en-
vironments.

Deep learning framework
combining facial emotion
recognition and Mean En-
gagement Score (MES)
computation.

Automated emotion-based en-
gagement tracking enhances on-
line class interactivity and moni-
toring.

[17] Integrate AI and analytics
into LMS-based online ed-
ucation.

Conceptual model link-
ing machine learning and
data analysis with learning
management systems.

AI-driven LMS fosters adaptive
learning and personalized educa-
tional experiences.

[18] Analyze intention to use
mobile learning platforms
during COVID-19.

Extended TAM and TPB
models combined with J48
decision tree classifier on
UAE university dataset.

Classifier achieved 89.37% accu-
racy; emotional factors (stress,
anxiety) reduce technology adop-
tion.

[19] Predict academic perfor-
mance in e-learning envi-
ronments.

Artificial neural network
using demographics,
scores, and time spent on
content.

Achieved 80.47% accuracy; atten-
dance and time-on-task most in-
fluential on performance.

[20] Early detection of student
dropout in online learning.

Logistic regression
with regularization and
IOHMM models trained
on interaction logs.

Models achieved 84% accuracy;
early intervention can signifi-
cantly reduce dropout rates.

[21] Sentiment analysis on
MOOC reviews for quality
assessment.

Ensemble and deep learn-
ing models (LSTM +
GloVe embeddings) on
66,000 reviews.

LSTM-GloVe achieved 95.8% ac-
curacy, outperforming traditional
ML and ensemble methods.

[22] Integrate AI performance
prediction with learning
analytics.

Quasi-experimental study
in an online engineer-
ing course using analytics-
based interventions.

Integration improved collabora-
tion, engagement, and satisfaction
compared to traditional feedback.

[23] Detect students’ learning
styles automatically in e-
learning.

Multiple ML classifiers
on learner behavioral at-
tributes; compared with
survey-based methods.

Automatic detection improved ac-
curacy and revealed behavioral
learning patterns.

[24] Enhance English language
learning using AI and VR.

Constructivist immersive
VR-based teaching vs. tra-
ditional methods.

VR class achieved 2.8-point
higher average; AI–VR combina-
tion effectively enhances learning
outcomes.

[25] Examine impact of
metacognitive strategies
on online learning suc-
cess.

Survey of 770 IT stu-
dents analyzed via struc-
tural equation modeling
(SEM).

Metacognitive awareness and reg-
ulation strongly correlated with
improved learning outcomes.

[26] Explore first-year students’
autonomy in emergency
remote teaching.

Qualitative case study
guided by the C-flat
model; interviews with 15
chemistry students.

Autonomy increased, but so-
cial connectedness declined; self-
regulation essential for success.

[27] Analyze academic perfor-
mance using virtual learn-
ing environment (VLE)
data.

Tree-based ML models
and artificial neural net-
works on student activity
logs.

Resource access frequency
emerged as the strongest predic-
tor of academic achievement.

Table 2. Description of Dataset Features
Feature Description

Gender Indicates the gender type of the student.
Age Specifies the age range of the student.
Education Level Represents the level of education or the institution level at which the student is currently enrolled.
Institution Type Denotes the category of the educational institution (e.g., public or private).
IT Student Specifies whether the student is pursuing a program related to Information Technology.
Location Indicates whether the student resides in an urban (town) or rural area.
Load-shedding Refers to the frequency or level of power outages experienced in the student’s area.
Financial Condition Describes the economic condition of the student’s family, reflecting their financial stability.
Internet Type Represents the type of internet connection primarily used by the student’s device (e.g., broadband, mobile data).
Network Type Specifies the type of network connectivity used by the student, indicating the overall quality of their internet

connection.
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visual insights can help interpret features before developing a
model.

Figure 2. Pairplot of numerical variables (Age and Class Duration)
by gender, showing distributions and relationships across male and
female students.

The distribution of the target variable must be analyzed before
training the model to identify any class imbalance issues that
may affect predictive performance. Figure 3 gives the visu-
alization of the distribution of classes in the original dataset,
taking into consideration the three levels of student adaptivity:
Low, Moderate and High. The bar chart on the left shows the
number of students at each adaptivity level, and the pie chart
on the right shows the percentage distribution of students.
As shown in the figure, the dataset is very skewed; most of
them (approximately 52%) are in the first class (Moderate),
the second class (Low) is the Second-Largest (approximately
8%)), and the last class (High) is the smallest (approximately
8%)). This skew implies the need to train the models fairly
by using resampling or other balancing techniques.

Figure 3. Visualization of the original dataset’s class distribution
across different adaptivity levels (Low, Moderate, and High). The
bar chart and pie chart collectively reveal the imbalance among the
target categories.

3.2 Data Preprocessing

Breaking down raw data into usable machine learning models
constitutes the initial phase of processing. It assures unifor-
mity, soundness and appropriateness of analytical modelling
of data. Preprocessing is the step that converts dirty inputs
into clean, well-formatted inputs, thereby improving model

performance and generalization. Some preprocessing meth-
ods were used in the work, including normalization, handling
missing and null values, and feature encoding. Normalization
is a scaling technique that scales all numerical attributes so
that extreme values do not dominate the learning process. It
enhances the model’s convergence and stability during train-
ing. The most frequently used normalization is Min-Max
normalization, and it is as follows:

X ′ =
X−Xmin

Xmax−Xmin
, (1)

And where X is the original value, Xmin and Xmax are the
minimum and maximum values of the feature, respectively,
and X is the normalized value in the range [0, 1]. The pro-
cedure has the advantage of making all features equally con-
tributeimportant for training a model. Data loss can introduce
bias and reduce the accuracy of the predictive model. There-
fore, they should be addressed sequentially. The problem of
missing values in this analysis had been solved with the help
of imputation means that involve: mean, median or mode
replacement, depending on the character of the feature:

Ximputed =

{
mean(X), for continuous variables,
mode(X), for categorical variables.

(2)

The method ensures data integrity and reduces data loss while
maintaining statistical representativeness. Non-numeric or
missing entries may skew statistical calculations and model
training. The dataset was filtered to remove rows or columns
with many null values (an established threshold). When the
number of null values was few, imputation techniques were
used instead of deletion to preserve important data. The
principle by which it was done was:

If
null entries
total entries

> τ, then remove the record,

where τ represents the acceptable threshold (typically 30%
in this study). Machine learning models require numerical
values; hence, nominal variables need to be converted to
numerical values. Two primary encoding methods were used:

• Label Encoding: Converts categorical classes into in-
teger values. For a categorical feature with values
{C1,C2, . . . ,Ck}, label encoding maps each category to
a unique integer:

f (Ci) = i, i = 1,2, . . . ,k.

• One-Hot Encoding: Creates binary (0/1) variables for
each category to avoid introducing ordinal relationships
among non-ordered variables. For example, a feature
with three categories {A,B,C} is transformed as:

A = (1,0,0), B = (0,1,0), C = (0,0,1).

Encoding features can ensure that learning algorithms use
categorical attributes appropriately without imposing natural
numeric hierarchies. Overall, preprocessing tasks such as
normalization, handling missing and null values, and feature
encoding improved the quality and consistency of the data
and, therefore, enabled machine learning models to be more
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accurate and resilient in predicting students’ adaptability lev-
els.

3.3 Machine Learning Models

The following section describes the machine learning models
that will be applied to predict students’ adaptability to online
learning. The chosen ones are Decision Tree ( DT ), Multi-
layer Perceptron (MLP), Random Forest (RF) and Support
Vector Machine (SVM). These two algorithms are based on
various classification and pattern recognition methods, each
with distinct advantages for working with the dataset.

Decision Tree (DT)

A decision tree (DT) model is a nonparametric supervised
learning model used for classification and regression. It oper-
ates by recursively subdividing the space of features accord-
ing to attribute values into a tree of decision nodes (internal
nodes) and leaf nodes (corresponding to the final output class).
The algorithm chooses the attribute with the highest informa-
tion gain (or Gini impurity) at a given node. Information gain
of an attribute A:

IG(D,A) = Entropy(D)− ∑
v∈Values(A)

|Dv|
|D|
×Entropy(Dv),

(3)
where Entropy(D) is defined as:

Entropy(D) =−
n

∑
i=1

pi log2(pi), (4)

and pi represents the probability of class i in dataset D. DTs
are highly interpretable and allow visualization of decision
paths, making them suitable for educational data analysis.

Multilayer Perceptron (MLP)

A multi-layer perceptron (MLP) is a feedforward artificial
neural network that computes target outputs as a function
of input features, with successive layers of neuron-linked
connections. Each neuron computes a weighted average of
its inputs and applies a nonlinear activation function. For an
input vector x, the neuron’s output is defined as:

y = f

(
n

∑
i=1

wixi +b

)
, (5)

where wi are the weights, b is the bias term, and f (·) is an acti-
vation function such as sigmoid, ReLU, or tanh. The learning
process involves adjusting weights via backpropagation to
minimize the loss function L(y, ŷ), often defined as:

L(y, ŷ) =
1
N

N

∑
i=1

(yi− ŷi)
2. (6)

MLPs are useful for nonlinear data analysis and for predicting
adaptability when many variables interact in complex ways.

Random Forest (RF)

A Random Forest (RF) model is an ensemble learning method
that uses a collection of Decision Trees to improve predictive
performance and robustness. Individual trees are trained on
random subsets of the data and features, and the majority vote

of the trees makes the final prediction.

Mathematically, for a set of trees T1,T2, . . . ,Tk, the final clas-
sification output ŷ is given by:

ŷ = mode{T1(x),T2(x), . . . ,Tk(x)}, (7)

where mode{·} denotes the most frequent class label pre-
dicted by the ensemble. RFs are highly resistant to overfitting
and perform well with heterogeneous and noisy data.

Support Vector Machine (SVM)

Support Vector Machine (SVM) is a supervised algorithm
of learning algorithm applied to classification to identify the
best hyperplane to maximize the difference between classes.
This aims to identify a decision boundary that maximizes
the distance between data points from different classes. The
optimization problem has been formulated as:

min
w,b

1
2
∥w∥2, (8)

subject to the constraint:

yi(wT xi +b)≥ 1, ∀i = 1,2, . . . ,N, (9)

where w is the weight vector, b is the bias term, and yi ∈
{−1,+1} are the class labels. For nonlinear separations,
kernel functions such as Radial Basis Function (RBF) are
employed:

K(xi,x j) = exp(−γ∥xi−x j∥2), (10)

where γ controls the spread of the kernel. SVMs are appli-
cable in high-dimensional spaces and when one has fewer
samples than features. This study uses and compares these
models to determine whether they are effective at gauging stu-
dents’ adaptability in online learning. The hyperparameters
of each model are tuned to maximize predictive accuracy.

3.4 Role in Hyperparameter Optimization

Machine learning model optimization is a crucial procedure
in designing and optimizing machine learning models. It
directly impacts the model’s performance, including learn-
ing behavior, model complexity, and generalization. Clas-
sical approaches to hyperparameter optimization, such as
grid search and random search, can be computationally in-
feasible and rely on trial-and-error. Metaheuristic algorithms
offer an adaptive and efficient alternative to hyperparame-
ter optimization. These algorithms automatically tune and
optimize the best parameter combinations within stochastic
and evolutionary plans, thereby improving the accuracy and
robustness of models. By balancing exploration and exploita-
tion, metaheuristics avoid the need for manual intervention
and generalize better to unknown data. They are therefore
crucial for automating the optimization process and accelerat-
ing the training of machine learning models towards optimal
configurations.

3.5 Proposed Greylag Goose Optimization (GGO) algorithm

Geese are socially and dynamically adaptive and cooperative.
They establish long-lasting relationships with their mates,
which is fidelity in the form of vigilance during times of ill-
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ness or wounds. Interestingly, a goose can lounge alone after
losing one of its partners and remain unmarried thereafter,
an indication of a high degree of loyalty that is uncommon
among many other animals. When the birds breed, the male
guards the nests, while the females tend to them. There is nest-
site fidelity in some geese that continually revisit the same
nesting site under favorable conditions, and this represents
their commitment to the protection of the next generation.
Geese flock together in larger groups (gaggles). In these
groups, people serve as sentry guards, protecting the group
from predators while others take a meal. Such mutually sup-
portive conduct resembles teamwork, in which people support
each other to ensure no one is injured. Well-being geese have
been seen guarding injured persons and acting as a brood, in
general. Migration is also a marvel: they travel thousands
of kilometers in massive flocks, fly in V formation to reduce
air resistance, and use less energy on long journeys. Geese
are furnished with shared memory and direction and make
use of known reference points and celestial markers. These
dynamic behaviors inspire the Greylag Goose Optimization
(GGO) algorithm, as described in [10]. It starts randomly
generating individuals, each of whom is a potential solution.
The population is split into two groups — exploration and ex-
ploitation — whose sizes are dynamically adjusted based on
the performance of the best solution. This facilitates good ex-
ploration of the solution space and minimizes the likelihood
of getting trapped in local optima, as shown in Figure 4.

Figure 4. Exploration and exploitation in Greylag Goose Optimiza-
tion. The exploration group searches broadly (left inset), while the
exploitation group refines around the best solution (right inset).

Exploration operation

The exploration phase focuses on locating promising areas
of the search space and avoiding premature convergence by
guiding agents relative to the current best solution. One key
position-update equation is

X(t +1) = X∗(t)−A ·
∣∣C ·X∗(t)−X(t)

∣∣. (11)

Another update uses three random search agents XPaddle1,
XPaddle2, and XPaddle3:

X(t +1) =w1 XPaddle1 + zw2
(
XPaddle2−XPaddle3

)
+ (1− z)w3

(
X−XPaddle1

)
,

(12)

where w1,w2,w3 ∈ [0,2] are updated during iterations and z
is computed exponentially based on the iteration number.

Additionally, an update involving oscillatory search and at-
traction to the best solution is

X(t +1) = w4
∣∣X∗(t)−X(t)

∣∣ebl cos(2πl)

+
[
2w1(r4 + r5)

]
X∗(t),

(13)

where b is a constant, l∈ [−1,1] is random, w4∈ [0,2], and
r4,r5∈ [0,1].

Exploitation operation

The exploitation phase improves high-quality solutions based
on fitness. At each cycle’s end, the best solutions are iden-
tified and refined via two strategies. Three sentries estimate
the local best direction. For each sentry (X1,X2,X3),

X1 = XSentry1−A1 ·
∣∣C1 ·XSentry1−X

∣∣, (14)

X2 = XSentry2−A2 ·
∣∣C2 ·XSentry2−X

∣∣, (15)

X3 = XSentry3−A3 ·
∣∣C3 ·XSentry3−X

∣∣, (16)

with A = 2ar1 − a and C = 2r2 (applied per sentry via
A1,A2,A3 and C1,C2,C3). The population is then updated
as the mean of the three estimates:

X(t +1) =
1
3
(
X1 +X2 +X3

)
. (17)

Individuals explore the neighborhood of the current best
(leader) to seek improvements:

X(t +1) = X(t)+D(1+ z)w
(
X−XFlock

)
, (18)

where XFlock denotes the leader/ideal response, D is a con-
stant, z depends on the iteration number, and w is a weighting
parameter. When the agent is initialized, each solution is
evaluated for fitness, and the best agent is chosen. The algo-
rithm is then adaptive, segregating the population into two
categories: an exploration group that searches widely to iden-
tify leaders, and an exploitation group that focuses its search
in high-quality areas. There is always an exchange of infor-
mation among groups. The population usually begins at half
exploration and half exploitation, and the sizes are dynami-
cally changed through iterations to balance exploration and
refinement, thereby increasing the likelihood of arriving at a
near-optimal (or optimal) solution.

3.6 Benchmark Optimizers for Comparison

To test the performance of the proposed Dynamic Greylag
Goose Optimization (DGGO) algorithm, its efficiency was
compared with that of several well-established metaheuristic
optimization algorithms, namely the Grey Wolf Optimizer
(GWO) and Particle Swarm Optimization (PSO). The chosen
benchmark algorithms have been proven helpful in solving
complex optimization problems and are often used for hyper-
parameter tuning in machine learning. All algorithms were
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Algorithm 1 GGO Algorithm
1: Initialize population Xi (i = 1, . . . ,n), n, tmax, objective F(·)
2: Initialize a,A,C,b, l,c,r1, . . . ,r5

and w,w1, . . . ,w4,A1,A2,A3,C1,C2,C3
3: Set t← 1
4: Evaluate F(Xi) for all i; set P← argmin/argmaxF (best)
5: Split population into exploration (n1) and exploitation (n2)
6: while t ≤ tmax do
7: for i = 1 to n1 do ▷ Exploration group
8: if t mod 2 = 0 then
9: if r3 < 0.5 then

10: if |A|< 1 then
11: Update via (11)
12: else
13: Select XPaddle1,XPaddle2,XPaddle3
14: z← 1− (t/tmax)

2

15: Update via (12)
16: end if
17: else
18: Update via (13)
19: end if
20: else
21: Update via neighborhood search (18)
22: end if
23: end for
24: for i = 1 to n2 do ▷ Exploitation group
25: if t mod 2 = 0 then
26: Compute X1,X2,X3 via (14)–(16)
27: Update X(t +1) via mean (17)
28: else
29: Update via neighborhood search (18)
30: end if
31: end for
32: Re-evaluate F(Xi); update parameters
33: t← t +1; project infeasible Xi back into bounds
34: if best F unchanged for two iterations then
35: Increase n1 (exploration), decrease n2 (exploitation)
36: end if
37: end while
38: return best agent P

implemented during hyperparameter optimization to improve
the predictive performance of the chosen models. The com-
parative analysis provided an objective metric for evaluating
the efficiency, convergence rate, and robustness of the pro-
posed DGGO algorithm. The findings of such a comparison
indicate the potential of DGGO to achieve high optimization
performance and better model generalization than traditional
metaheuristic algorithms.

4. EVALUATION METRICS

To assess the accuracy of predictions, sensitivity, and reliabil-
ity, several classification measures were used to evaluate the
models’ performance. A combination of these metrics may
indicate the ability of all the models to categorize students’
levels of adaptability correctly. These assessment measures
are Accuracy, Sensitivity (True Positive Rate), Specificity
(True Negative Rate), Positive Predictive Value (PPV), Nega-
tive Predictive Value (NPV) and the F-Score. Each metric is
defined and shown in the equations in Table 3.

The overall impact of these measures is to provide a complete
picture of the classification models’ efficiency, so that both
correct and incorrect classifications are displayed equally.
This is made clear by the application of both sensitivity and
specificity, which emphasize the model’s capacity to discrim-
inate between adaptive and non-adaptive learners.

5. EMPIRICAL RESULTS

In this section, the findings of the proposed framework experi-
ment are presented, including the baseline model comparison,
optimization results, and overall performance studies based
on various evaluation metrics.

5.1 Baseline Model Comparison

The data was trained with baseline machine learning models
to get a point of comparison with the performance of dif-
ferent models. The comparative results provide a synoptic
view of each model’s predictive performance (as measured by
key performance indicators) for Accuracy, Sensitivity (True
Positive Rate, TPR), Specificity (True Negative Rate, TNR),
Positive Predictive Value (PPV), Negative Predictive Value
(NPV), and F-Score. Table 4 shows the raw performance of
four models, i.e., the DT, MLP, RF and SVM.

Based on the findings, the optimal overall accuracy of 93.81%
and the same performance were achieved using the Decision
Tree (DT) model, which had the highest sensitivity and speci-
ficity compared to other models. The Multilayer Perceptron
(MLP) was also observed to be effective and the second-best
in terms of accuracy and generalization, after DT. The RF
model was otherwise more consistent, with lower accuracy,
yet showed an ensemble averaging effect. However, the Sup-
port Vector Machine (SVM) was ideal but not particularly
effective, because it was sensitive to hyperparameter choices
and the kernel used. The preliminary findings are then used
to compare the effects of the streamlined models and the
metaheuristic fine-tuning processes addressed in the next sec-
tion. To perform a comprehensive analysis of the Decision
Tree (DT) model, several essential assessment indicators were
considered: Accuracy, Sensitivity (TPR), Specificity (TNR),
Positive Predictive Value (PPV), Negative Predictive Value
(NPV), and F-Score. These scores are then displayed as a
radar chart in Figure 5, providing a multidimensional perspec-
tive on the model’s categorization. This graphic presentation
will allow defining the benefits and weaknesses of the DT
model across various performance areas to provide a clear
picture of its predictive balance and reliability. The almost
homogeneous form of the radar chart shows that all the mea-
sures are regularly performed and, therefore, the model will
be predictable with the same predictive power.

Figure 5. Radar chart showing the performance of the Decision
Tree(DT) model using various evaluation metrics, such as Accuracy,
Sensitivity, Specificity, PPV, NPV, and F-Score.
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Table 3. Classification Evaluation Metrics and Their Mathematical Formulations

Metric Mathematical Expression Description

Accuracy
Accuracy =

T P+T N
T P+T N +FP+FN

Represents the overall
proportion of correctly
classified instances
among all samples.

Sensitivity (TPR)
T PR =

T P
T P+FN

Measures the model’s
ability to correctly iden-
tify positive (adaptive)
instances.

Specificity (TNR)
T NR =

T N
T N +FP

Indicates the model’s
ability to correctly
identify negative (non-
adaptive) instances.

Positive Predictive
Value (PPV) PPV =

T P
T P+FP

Represents the probabil-
ity that a predicted posi-
tive instance is truly pos-
itive.

Negative Predictive
Value (NPV) NPV =

T N
T N +FN

Represents the probabil-
ity that a predicted nega-
tive instance is truly neg-
ative.

F-Score
F-Score =

2×Precision×Recall
Precision+Recall

=
2T P

2T P+FP+FN

Harmonic mean of Pre-
cision and Recall; pro-
vides a balanced mea-
sure of accuracy be-
tween false positives
and false negatives.

Table 4. Baseline Model Performance Comparison
Model Acc. TPR TNR PPV NPV F-Score

DT 0.9381 0.9314 0.9443 0.9399 0.9364 0.9357
MLP 0.9293 0.9216 0.9364 0.9301 0.9286 0.9258
RF 0.9211 0.9127 0.9286 0.9200 0.9220 0.9163
SVM 0.9128 0.9024 0.9220 0.9109 0.9144 0.9066

To obtain more data on the consistency and variability of
model performance, the Empirical Cumulative Distribution
Function (ECDF) was used to evaluate the distributions of as-
sessment measures for both tested models. Figure 6 illustrates
the ECDF of six key measures, which are the Accuracy, Sen-
sitivity (TPR), Specificity (TNR), Positive Predictive Value
(PPV), Negative Predictive Value (NPV), and F-Score. Both
subplots present the cumulative percentage of metric values,
as well as the average and standard deviation, which give
an idea of the distribution of the results. The sharp ECDF
curve slope indicates less variation and greater model stabil-
ity, whereas a gradual slope indicates greater dispersion. The
predictive performance of the models can be evaluated using
such a visualization, and the degree to which a model has
correctly classified behavior can be determined.

The models were summarized in terms of their mean, median,
and standard deviation to provide a brief overview of overall
consistency in performance across all evaluation measures.
The following overview is displayed in the heatmap format
as illustrated in Figure 7 that graphically shows the summary
scores of each performance measure, i.e., Accuracy, Sensitiv-
ity (TPR), Specificity (TNR), Positive Predictive Value (PPV),
Negative Predictive Value (NPV), and F-Score. The fact that
the mean and median were close to each other, and that the

Figure 6. ECDF plots of key performance metrics (Accuracy, Sen-
sitivity, Specificity, PPV, NPV, and F-Score) showing the mean,
median, and standard deviation across evaluated models.

standard deviation across all measures was low, indicates that
the models were close and exhibited only slight differences.
It is this uniformity that contributes to the framework’s pre-
dictability in revealing patterns of student adaptability across
various evaluation parameters. The average performance and
variation of different machine learning models were plotted
as bar plots with error bars to compare their predictive per-
formance. These comparisons are made with reference to
six key evaluation metrics, as shown in Figure 8, namely:
Accuracy, Sensitivity (TPR), Specificity (TNR), Positive Pre-
dictive Value (PPV), Negative Predictive Value (NPV), and
F-Score. The figure presents the performance of the four
models in each subplot: Decision Tree (DT), Multi-Layer
Perceptron (MLP), Random Forest (RF), and Support Vector
Machine (SVM), along with the standard deviation for each
model. This is what is easily understood intuitively from the
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Figure 7. A heatmap visualizing the model’s performance across
various evaluation metrics, including the mean, median, and standard
deviation for each metric.

illustration: the key performance trends and the uncertainty of
each model. The shorter the error bars, the more predictable
and steady the predictions are; the greater the deviations, the
more different the predictions are across runs or folds.

Figure 8. Bar plots with error bars representing the mean and stan-
dard deviation of key performance metrics (Accuracy, Sensitivity,
Specificity, PPV, NPV, and F-Score) for Decision Tree (DT), Multi-
Layer Perceptron (MLP), Random Forest (RF), and Support Vector
Machine (SVM).

5.2 DT Optimization Results

Three metaheuristic algorithms, namely, Dynamic Greylag
Goose Optimization (DGGO), Particle Swarm Optimization
(PSO) and Grey Wolf Optimizer (GWO), were used to opti-
mize the Decision Tree (DT) model. All optimization tech-
niques were used to tune the model hyperparameters to im-
prove forecasting and generalization. The optimized perfor-
mance metrics for each metaheuristic technique are provided
in Table 5.

Table 5. Optimized Decision Tree (DT) Performance using Different
Metaheuristics

Model Acc. TPR TNR PPV NPV F-Score

DGGO-DT 0.9715 0.9686 0.9742 0.9721 0.9710 0.9704
PSO-DT 0.9525 0.9478 0.9567 0.9513 0.9535 0.9495
GWO-DT 0.9462 0.9384 0.9527 0.9431 0.9487 0.9408

The result indicates that the highest accuracy (97.15%) and
the best results across all evaluation measures were achieved
by the Decision Tree using the dynamic Greylag Goose Op-
timization (DGGO) algorithm. The sensitivity, specificity,

and aggregate F-score were better than those of the PSO-DT
and GWO-DT models, indicating that it possessed a more
robust, well-generalized learning ability. Such improvements
indicate that DGGO was a good balancing tool between ex-
ploration and exploitation. During the optimization process,
the number of classification errors decreased, and the correla-
tion between the predicted and actual levels of adaptability
increased. A performance evaluation of presentations was
conducted to test further the efficacy of the advanced Dy-
namic Greylag Goose Optimization (DGGO) against other
benchmark metaheuristic optimizers. Accuracy, Sensitivity,
Specificity, PPV, NPV and F-Score were the significant statis-
tical measures used in the comparative analysis. As Table 5
shows, the DGGO-optimized DT was the most successful
in all measures. Specifically, the lowest error rates and the
highest predictive consistency were obtained with DGGO.
This was followed by the PSO-DT model, which was good
but slightly less successful, and GWO-DT was determined to
be stable, less sensitive and less precise. Overall, DGGO was
more efficient in convergence, more stable, and more adaptive,
confirming that it can be regarded as an advanced algorithm
for hyperparameter optimization in educational modelling. It
has a higher ratio of exploration to exploitation, which allows
it to be more accurate in its classification and, therefore, a
highly efficient optimizer for a complex prediction task, such
as analyzing the importance of adaptability in students. To
compare the performance of all Decision Tree (DT) models
optimized by different metaheuristic algorithms, a stacked
bar chart was created to show their combined scores for each
metric. Figure 9 depicts the cumulative performance of three
distinct optimization algorithms, viz, DGGO-DT, PSO-DT
and GWO-DT on six significant evaluation measures, that
is, starting with Accuracy and then Sensitivity (TPR), then
Specificity (TNR), then Positive Predictive Value (PPV), then
Negative Predictive Value (NPV) and then F-Score. The
different metrics representing each optimized model’s contri-
bution to the overall predictive quality are the bar segments.
This hierarchical presentation offers a comprehensive compar-
ative evaluation, with emphasis on the harmony and overall
effectiveness of each optimization approach for enhancing
the DT model’s classification performance.

Figure 9. Stacked bar chart comparing the cumulative performance
of DGGO-DT, PSO-DT, and GWO-DT models across multiple
evaluation metrics.

Hierarchical clustering analysis of the correlation matrix of
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model evaluation scores was performed to gain better insight
into the interrelationships among the performance measures
and to identify similarity patterns. The resulting heatmap with
dendrograms, as shown in Figure 10, visually depicts the level
of correlation between metrics (e.g., Accuracy, Sensitivity
(TPR), Spec, Genetic, Positive Predictive Value (PPV), Nega-
tive Predictive Value (NPV), and F-Score). The hierarchical
clustering metrics together groups variables whose statisti-
cal behavior is closely related, showing that some indicators,
such as the ones associated with the variables, such as, but not
limited to, the Accuracy and F-Score, tend to show a very sim-
ilar pattern, indicating the similarity in model performance
as determined by a particular evaluation criterion. This analy-
sis will be of great value in identifying redundancy between
metrics and may help interpret the model more efficiently,
identifying critical dependencies between key performance
indicators.

Figure 10. Heatmap with hierarchical clustering showing the cor-
relation structure among model evaluation metrics. Closely related
metrics are grouped together based on their correlation coefficients.

Histograms of each evaluation measure were plotted, from
which the variability and distribution of performance scores
across the different models were established. Figure 11
demonstrates the histogram of six main metrics, i.e., Accu-
racy, Sensitivity (TPR), Specificity (TNR), Positive Predictive
Value (PPV), Negative Predictive Value (NPV), and F-Score.
Each subplot’s frequency distribution is also accompanied
by the signs of the mean (red dotted line) and the standard
deviation (green dotted lines). It is a simple and intuitive inter-
pretation of the stability and central tendency of trial model
performance. Minor variations around the mean indicate
high uniformity across the models, and significant variations
indicate high variability or sensitivity to data conditions.

Figure 11. Histograms illustrating the distribution of performance
metrics (Accuracy, Sensitivity, Specificity, PPV, NPV, and F-Score)
with mean and standard deviation markers across evaluated models.

To gain better insight into the distributional characteristics
of the model evaluation metrics, Kernel Density Estimation
(KDE) was applied to plot the probability density of the per-
formance scores for all models. Figure 12 presents the KDE
of six significant measures, such as Accuracy, Sensitivity
(TPR), Specificity (TNR), Positive Predictive Value (PPV),
Negative Predictive Value (NPV), and F-Score. The subplots
show the smoothed distribution curves, thereby enabling the
central tendency, dispersion, and shape of each metric per-
formance profile to be better understood. The bell-shaped
curves imply that most models had high scores and low skew,
indicating very high and stable predictive performance across
the evaluation dimensions.

Figure 12. Kernel Density Estimation (KDE) plots illustrating the
distribution of model performance metrics (Accuracy, Sensitivity,
Specificity, PPV, NPV, and F-Score) across all evaluated models.

6. DISCUSSION

As demonstrated in this paper, a predictable baseline Decision
Tree (DT) model can successfully predict students’ online
learning adaptability by incorporating key socio-economic,
technological, and subjective features. The baseline DT was
very high, with an Accuracy of 0.9381, Sensitivity/TPR of
0.9314, and Specificity/TNR of 0.9443, indicating that even
a simple, comprehensible model could be highly predictive.
After optimizing hyperparameters with the Dynamic Grey-
lag Goose Optimization (DGGO) algorithm, the DT model
performs much better, with an Accuracy of 0.9715 and a
Sensitivity/TPR of 0.9686. The results obtained were supe-
rior to those of Particle Swarm Optimization (PSO) and the
Grey Wolf Optimizer (GWO), yielding values of 0.9525 and
0.9462, respectively. Across all performance indicators, such
as PPV, NPV, and F-Score, the DGGO-DT model consistently
achieved the highest ranking, lower classification errors, and
a balance of sensitivity and specificity. DGGO is superior
to the other due to its dynamic balance between exploration
and exploitation; it does not get trapped in local minima
but rather searches promising areas of the search space. It
incorporated adaptive population reallocation, mixed move-
ment methods, directed search, neighborhood search, and
paddle-based recombination, resulting in greater convergence
stability and accuracy. The mechanisms have been discov-
ered to act mainly in the discrete, non-convex hyperparameter
area of the DT, such as tree depth and split criteria. The
optimized DT with DGGO could be interpreted, which is a
very essential criterion in the implementation of education,
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where clarity and explanation are paramount. The model
states that the educator and the administrator can determine
which variables are most essential for adaptability — namely,
internet connectivity, load-shedding rate, and financial status
— and develop specific interventions. This interpretability
enables the educational stakeholders to make transparent,
data-driven, and fair decisions and to predict as accurately as
more complicated black-box models. The findings showed
that all evaluation metrics —Accuracy, TPR, TNR, PPV, NPV,
and F-score —show gradual increases across all cases, indi-
cating that the DGGO algorithm improves the sensitivity and
specificity of the prediction. However, the skewed dataset,
particularly in the small High adaptability category, suggests
that more robustness tests are needed using stratified cross-
validation, per-class F1-values, probability calibration, and
decision-curve analysis to assess the model’s reliability across
different data conditions. The preprocessing methods that
yielded more stable models and more uniform error distribu-
tions included normalization, imputation, and feature encod-
ing. Further experiments may be conducted with additional
encoding schemes and cross-validation steps in preprocess-
ing pipelines to reduce the risk of data leakage. Even though
the overall outcomes suggest that DGGO is the superior op-
tion, statistical significance tests (paired t-tests, Friedman
comparisons, Wilcoxon signed-rank tests, etc.) should be
accompanied by confidence interval reporting in the future to
support superiority claims. In addition, the cost-performance
trade-offs might have been described by a sensitivity analy-
sis of DGGO hyperparameters, such as population size and
update coefficients. Certain limitations remain, particularly
within the dataset’s scope, which might limit the extent to
which it can be generalized to other educational contexts, re-
gional relationships, and institutional typologies. The model
results may be biased by self-reported information (e.g., fi-
nancial status or place) and unobserved confounders (e.g.,
home study setting or psychological factors). Moreover, DT
models are interpretable, but can be sensitive to small data
perturbations, so an ensemble approach, e.g., bagged DTs
trained by DGGO, can be used to overcome this problem.
In practice, the DGGO-DT model has a strong foundation
for developing early-warning systems within learning institu-
tions. It can also continuously process learning management
system (LMS) and administrative data to identify students
at risk of poor adaptability, enabling prompt implementation
of interventions such as individualized coaching, adaptive
testing, and technology assistance. It is made explicable to
allow advisors to justify predictions and develop effective
support strategies with students. Future research must expand
the model to incorporate gradient-boosting models, such as
XGBoost, LightGBM, and CatBoost, as well as deep learning
models, and audit fairness and calibration by demographic
lines. The long-term applicability of the models and their
ethical appropriateness would also be improved by explain-
ability approaches, such as SHAP and LIME, cost-sensitive
learning methods, and longitudinal studies to track adaptabil-
ity. Lastly, the DGGO algorithm has maximally improved
Decision Tree results without compromising interpretability,
yielding gains as large and significant as those of standard
optimizers. The suggested DGGO-DT framework is a fea-
sible, realistic, and scalable method for facilitating adaptive
learning analytics in contemporary online education models,

paving the way for intelligent, transparent, and equitable data-
driven decision-making in the depths of the digital learning
realm.

7. CONCLUSION AND FUTURE WORK

The study demonstrated an ingenious approach to predicting
students’ adaptability to distance learning using interpretable
machine learning and advanced metaheuristic optimization.
It was founded on the Decision Tree model because it is
easy to understand and explain, and its initial performance is
good: Accuracy of 0.9381, Sensitivity (TPR) of 0.9314, and
Specificity (TNR) of 0.9443. The DGGO hyperparameter-
tuning algorithm was another optimization that improved the
model’s generalization and predictive capabilities. The DT
with DGGO achieved the highest level of accuracy (0.9715)
and Sensitivity/TPR (0.9686), surpassing those of benchmark
optimizers such as PSO and the GWO. The results substanti-
ate the argument that DGGO offers a highly efficient trade-off
between exploration and exploitation, as the population equi-
librium is automatically maintained to avoid local optima and
find the global one. The research also covers the significance
of optimization and interpretability in data mining, as well
as performance measures. Compared to the more predictive
DGGO-tuned DT, the DGGO-tuned DT was transparent. As
such, it allowed educational institutions and policymakers
to view the critical adaptability factors as including network
reliability, financial stability, and the type of institution. This
justifies the pragmatic consequences of the early-warning
intercessions, intercessory acts, and integrative learning mod-
els of courses. The findings, overall, support the utility and
effectiveness of DGGO as an optimizer that can not only
improve model performance but also be interpreted, scaled,
and valuable in practice in a real educational context. Al-
though the suggested DGGO-DT framework showed promis-
ing results, several avenues remain for future studies. Firstly,
it would be possible to introduce the model by extending
the ensemble and deep learning frameworks using Gradi-
ent Boosting Machines (XGBoost, LightGBM, CatBoost)
and Neural Networks to evaluate the flexibility of DGGO
across various learning paradigms. Second, the strength of
the observed improvements will have to be assessed using
statistical validation, cross-validation, confidence intervals,
and nonparametric tests of significance. Third, a future study
should address class imbalance using advanced resampling
techniques or cost-sensitive learning to achieve equal perfor-
mance across all adaptability levels. Moreover, explainable
AI tools such as SHAP (Shapley Additive exPlanations) and
LIME (Local Interpretable Model-agnostic Explanations) can
provide more information about features and improve trans-
parency in decision-making. It is also essential to conduct
fairness audits based on gender, age, and socio-economic
background to ensure the ethical use of predictive models in
education. In addition, longitudinal and real-time adaptability
prediction should be considered in the future by leveraging
streaming data from learning management system (LMS)
models to detect evolving behavioral patterns. Lastly, it is
suggested that the DGGO-DT model be applied to real ed-
ucational institutions and user-centrically evaluated for its
operational efficiency and effectiveness in terms of student
success. These empirical implementation studies will bridge
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the gap between optimal model behaviour in theory and prac-
tical improvements in education, opening the way to adaptive,
equitable, and data-driven online learning systems that facili-
tate inclusiveness and resilience.
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A. Jianu, “Needs and performance analysis for changes
in higher education and implementation of artificial
intelligence, machine learning, and extended reality,”
Education Sciences, vol. 11, no. 10, p. 568, 2021.

[8] J. R. Challapalli and N. Devarakonda, “A novel ap-
proach for optimization of convolution neural network
with hybrid particle swarm and grey wolf algorithm for
classification of indian classical dances,” Knowledge
and Information Systems, vol. 64, no. 9, pp. 2411–2434,
2022.

[9] W. Bagunaid, N. Chilamkurti, and P. Veeraraghavan,
“Aisar: Artificial intelligence-based student assessment
and recommendation system for e-learning in big data,”
Sustainability, vol. 14, no. 17, p. 10551, 2022.

[10] I. Gligorea, M. Cioca, R. Oancea, A.-T. Gorski,
H. Gorski, and P. Tudorache, “Adaptive learning using
artificial intelligence in e-learning: A literature review,”
Education Sciences, vol. 13, no. 12, p. 1216, 2023.

[11] J. Li and W. Che, “Challenges and coping strategies of
online learning for college students in the context of
covid-19: A survey of chinese universities,” Sustainable
Cities and Society, vol. 83, p. 103958, 2022.

[12] M. Khalil, A. S. McGough, Z. Pourmirza,
M. Pazhoohesh, and S. Walker, “Machine learn-
ing, deep learning and statistical analysis for forecasting
building energy consumption—a systematic review,”
Engineering Applications of Artificial Intelligence, vol.
115, p. 105287, 2022.

[13] M. Kaveh and M. S. Mesgari, “Application of meta-
heuristic algorithms for training neural networks and
deep learning architectures: A comprehensive review,”
Neural Processing Letters, vol. 55, no. 4, pp. 4519–
4622, 2023.

[14] A. A. Alhussan, D. S. Khafaga, E.-S. M. El-kenawy,
M. M. Eid, and A. Ibrahim, “Optimization of classifi-
cation model for electric vehicle charging station place-
ment using dynamic graylag goose algorithm,” Frontiers
in Energy Research, vol. 12, p. 1391085, 2024.

[15] C.-A. Lee, J.-W. Tzeng, N.-F. Huang, and Y.-S. Su, “Pre-
diction of student performance in massive open online
courses using deep learning system based on learning
behaviors,” Educational Technology & Society, vol. 24,
no. 3, pp. 130–146, 2021.

[16] P. Bhardwaj, P. K. Gupta, H. Panwar, M. K. Siddiqui,
R. Morales-Menendez, and A. Bhaik, “Application
of deep learning on student engagement in e-learning
environments,” Computers & Electrical Engineering,
vol. 93, p. 107277, 2021.

[17] W. Villegas-Ch, M. Román-Cañizares, and X. Palacios-
Pacheco, “Improvement of an online education model
with the integration of machine learning and data analy-
sis in an lms,” Applied Sciences, vol. 10, no. 15, p. 5371,
2020.

[18] I. Akour, M. Alshurideh, B. A. Kurdi, A. A. Ali, and
S. Salloum, “Using machine learning algorithms to pre-
dict people’s intention to use mobile learning platforms
during the covid-19 pandemic: Machine learning ap-
proach,” JMIR Medical Education, vol. 7, no. 1, p.
e24032, 2021.
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