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Abstract: This study explores the integration of two methods, namely K-Means and k-NN. K-means is used to identify
categories of learning outcome data, while k-NN is used to predict students' learning outcomes into relevant categories.
Through the calculation of the Elbow method, it was established that the optimal number of clusters for grouping is
three. The learning outcome data, which include Arithmetic and Statistics scores, are processed to produce a mapping
that differentiates students into three categories: Adequate, Moderate, and Good. In the 12th iteration, the clustering
results using K-Means achieved convergence, with 64 students in the Adequate category (C1), 60 students in the
Moderate category (C2), and 59 students in the Good category (C3). This indicates that the students in each group are
evenly distributed based on their mathematical and statistical abilities. The prediction results using k-NN for a student
with an Arithmetic score of 85 a Statistics score of 75, and a k-value of 61, found that 7 data fell into Category 1
(Adequate), 3 data into Category 2 (Moderate), and dominant 51 data in Category 3 (Good). Thus, the prediction results
are placed in Category 3, indicating a 'Good' rating in their academic performance. By using data mining techniques to
enhance understanding of student learning outcomes, this study provides a significant contribution to the field of
education. It demonstrates substantial progress toward a data-driven learning approach that can be tailored to specific
needs and improve student learning outcomes.

Index Terms: Clustering Analysis, K-Means, k-NN, Learning Outcomes Mapping, Elbow Method

1. Introduction

Measurement and prediction of student learning outcomes are crucial components in the education sector to
enhance the quality of teaching and learning. The learning outcomes referred to here include not only academic grades
but also the competencies and skills that students possess. With the advancement of information technology,
particularly in the field of data science, there is significant potential to delve deeper into educational data to gain
broader insights into patterns that may not be immediately apparent.

This study selected the K-Means and k-Nearest Neighbors (k-NN) approaches for their complementing strengths in
managing educational performance data. K-Means, a prevalent unsupervised learning technique, is especially effective
for discerning inherent clusters within numerical datasets, such as students' scores in Arithmetic and Statistics. K-Means
facilitates the categorization of students into clusters with analogous learning attributes by splitting the dataset into K
clusters according to the nearest mean values. This categorization is crucial for recognizing patterns that can guide
specific educational approaches[1,2,3]. Clustering is the process of grouping a number of objects into clusters based on
the similarity of their characteristics. The goal is to ensure that objects within the same group have a high level of
similarity to one another, and objects in different groups have a low level of similarity [4,5,6,7].

Meanwhile, k-NN is a method used for classification and regression that operates based on instance-based or
memory-based learning. This method works by measuring the training data samples that are closest to a new object
using a distance function and then making predictions or decisions based on the majority category of the k closest
samples [8,9,10,11].
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This project aims to amalgamate K-Means and k-Nearest Neighbors (k-NN) methodologies to facilitate a more
accurate and pragmatic examination of student learning outcomes within an educational framework. The integration
facilitates a bifurcated methodology: K-Means is utilized to categorize students into clusters according to similarities in
academic performance, whereas k-NN is applied to forecast future results for individual students based on historical
data from their peer groups. This approach seeks to aid educators in recognizing individuals with analogous learning
requirements and to enhance the precision and efficacy of early interventions. Data-driven solutions correspond with the
tenets of Outcome-Based Education (OBE), which asserts that all educational processes—from curriculum development
to assessment—must guarantee that students achieve the anticipated competences and learning objectives by the
conclusion of their studies[12,13,14,15].

In many schools across Southeast Sulawesi, assessments of student performance are generally limited to final
grades without deeper analysis of learning patterns. This results in a lack of actionable insights for educators to identify
students who need specific attention or support. Furthermore, there is an absence of systematic methods to group
students with similar academic characteristics or to predict future performance accurately. This gap highlights the need
for an integrated, data-driven approach that can both cluster students based on learning outcomes and predict their
future academic achievement.

By using K-Means, mapping the learning outcomes can assist in identifying groups of students who have similar
learning needs or characteristics. These characteristics can be used as a basis for more focused educational interventions
and personalized learning. Furthermore, by using k-NN, this study aims to make accurate predictions about student
learning outcomes based on historical data and the characteristics of the grouped students.

It is hoped that this method can provide a significant contribution to the development of more effective learning
strategies by understanding and analyzing various components that affect student learning outcomes produced by this
data mining technique. Therefore, this research is not only relevant from an academic perspective but also crucial for its
application in schools and other educational institutions in the real world. This aligns with the current trend in many
educational systems around the world, which encourages the use of big data for more evidence-based and outcome-
driven educational reform.

This novelty lies not only in the application of these techniques but also in the way they are integrated to achieve
more specific objectives in education. Here are some aspects of the novelty of this research:

1. K-means (a clustering method) and k-NN (a classification method) have long been used in various fields, but
their concurrent application for mapping and predicting learning outcomes is relatively new.

2. Although there are a number of studies using K-Means or k-NN separately, combining the two to map and
predict learning outcomes is a novel idea. This helps in selecting groups of students based on similar learning
characteristics. By using more dynamic and adaptive methods, their learning outcomes can be predicted.

3. Using this method in the analysis of big data in education, there are new opportunities for more efficient data
usage. This research reveals how big data can be utilized to maximize its benefits in an educational context, as
it can handle extremely large amounts of data.

2. Related Work

This study refers to the application of the K-Means and k-Nearest Neighbors (k-NN) methods across various
disciplines, to understand how both techniques have been successfully implemented in data analysis and machine
learning. Previous research has shown that K-Means is effective in grouping large datasets into clusters based on similar
attributes, while k-NN has proven to be reliable in making predictions based on the presence and characteristics of the
nearest neighbors.

The K-means method has been used for several studies, including Imron et al [16] the K-means algorithm is used
to cluster products at Rizki Barokah Store based on demand levels. This store faces issues with expired product stock
due to errors in product stock selection. As a result, the store can use sales data to adjust its inventory, reducing
purchases of unpopular items and focusing more on popular products. Vulandari et al [17] used the K-Means clustering
technique to map crime-prone areas in Central Java based on the crime index, the ratio of police to population,
population density, and poverty levels. As a result, regions in Central Java are classified into four categories: safe,
moderately vulnerable, vulnerable, and highly vulnerable. Overall, there are 11 safe areas, 4 moderately vulnerable
areas, 13 wvulnerable areas, and 6 highly vulnerable areas. This helps in identifying areas that require additional
supervision, and this data is useful for the general public and police for preventive measures and decision-making.

Nengsih and Zain [18] utilize descriptive modeling with the K-means clustering method for mapping employee
attendance. The goal is to address issues that arise at the management level related to mapping and monitoring
employee attendance data. The results of this mapping will serve as a crucial reference for future management policies,
which will enhance work efficiency and effectiveness following the company's vision and mission. Zhao et al. [19]
proposed an extended regularized K-Means clustering method to handle high-dimensional data with correlated features,
demonstrating its superiority over traditional K-Means in terms of error rate and variable selection. Although applied to
customer segmentation, their approach illustrates the flexibility of K-Means variants in complex prediction tasks
involving multidimensional student behavior or learning activity data. This study can assist stakeholders in assessing
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and managing the vaccination process, as well as in making public health policy decisions. Iskandarli [20] discusses
automatic approaches for analyzing citizen comments in e-government using topic modeling and clustering algorithms.
The primary goal is to enhance electronic services and identify the topics of citizen comments. This method addresses
the issues of semantic document clustering and vector size by using semantic similarity of words.

Sathe and Adamuthe [21] tested the k-Nearest Neighbors (k-NN) algorithm with cross-validation techniques to
predict student success in distance education using data that includes academic grades, attendance, and student
participation. The results show that k-NN with k=5 is the most accurate in prediction. This study demonstrates that
choosing the right parameters for the k-NN algorithm is crucial for improving prediction accuracy in online education.
Hidayati dan Hermawan [22] use the K-Nearest Neighbor (K-NN) algorithm to classify student graduation times using
Euclidean and Manhattan distance metrics. This study utilized data from 543 students, with 380 as training data and 163
as test data. There was no significant difference between using Euclidean and Manhattan distances, and the developed
model showed that the best accuracy rate was 85.28% at K=7. This study assists universities in planning educational
programs to ensure students graduate on time. Ferreira et al [23] used online learning methods to implement the k-
Nearest Neighbors (k-NN) prototyping scheme for identifying human activities in embedded devices. According to this
study, several substitution strategies can be used to replace training instances when maximum capacity is reached. This
will allow k-NN to maintain an equivalent representation of each activity class. Experimental results indicate that the
proposed plan enhances the prediction accuracy of k-NN without significantly increasing energy consumption. This
suggests that this plan can be effectively used in devices with limited resources.

Liu et al [24] used the k-Nearest Neighbors (k-NN) regression model to predict Amazon EC2 spot instance prices.
Accurate predictions can help buyers select offers and avoid overspending, as spot instance prices are highly volatile.
The k-NN model is compared with Linear Regression, Support Vector Machine Regression, Random Forest, Multi-
layer Perceptron Regression, and gcForest models. The results show that the k-NN model is better at predicting spot
instance prices because it is more stable. Priyadarshini et al [25] discusses the detection of fraudulent credit card
transactions using soft computing techniques. The primary goal is to enhance predictive accuracy in classifying
fraudulent credit card transactions. To address this, researchers have implemented classification models using
algorithms such as K-Nearest Neighbor (K-NN), decision trees, random forests, and logistic regression. The proposed
models are computationally efficient and can provide more accurate detection of fraudulent transactions.

Fathoni et al [26] analyzed public sentiment towards the spread of COVID-19 in Indonesia using Twitter data. By
collecting tweet data in Indonesian, a sentiment analysis was conducted to assist the Indonesian government in taking
strategic actions. The data was processed through pre-processing stages, and classification was performed using K-
Nearest Neighbor (K-NN), Na'we Bayes, and decision tree methods. The results showed that the K-NN algorithm had
the highest accuracy at 95.10%, with the majority of tweets negatively categorizing the spread of COVID-19. Shallal et
al [27] discusses a data classification method in the Internet of Things (1oT) environment using the K-Nearest Neighbor
(K-NN) machine learning algorithm. This research aims to enhance data security by categorizing data based on their
sensitivity levels: low, medium, and high. By differentiating the sensitivity levels of data, computational resources such
as encryption and decryption times, as well as battery usage, can be optimized.

This study distinguishes itself from previous ones by integrating K-Means for clustering and k-NN for
classification within a single analytical framework. This integration not only enhances the mapping capability to
identify groups of students with similar learning characteristics but also strengthens the accuracy of predicting student
academic performance by tailoring the k-NN model based on insights gained from the K-Means clustering results.

3. Methodology

To understand and implement effective strategies in mapping and predicting student learning outcomes, this study
employs an integrative approach by combining two popular data analysis methods: K-Means for clustering and k-
nearest Neighbors (k-NN) for classification. The proposed methodology aims to optimize the strengths of both
techniques in clustering and predicting student learning outcomes, thereby enabling more accurate identification and
intervention tailored to the learning needs of students. Figure 1 below shows the steps taken in the research.

Data

Data Pre- Mapping with Prediction
2 . K-Means 8 —
Collection processing with k-NN

Clustering

Fig. 1. Research Steps
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3.1. Data Collection

The dataset used in this study consists of academic performance records from 183 students, collected from three
senior high schools in Southeast Sulawesi, Indonesia, all of which provided informed consent to participate in the data
collection process. The data include students’ scores in Arithmetic and Statistics, sourced from both exam results and
ongoing teacher assessments conducted during a specific academic semester. This dataset was chosen due to its
structured and numeric nature, which is suitable for clustering and classification analysis. However, since the data
originate from a limited geographical area and involve only schools that voluntarily agreed to participate, there is a
possibility of selection bias, and the findings may not be fully generalizable to other regions or educational contexts.

3.2. Data Pre-processing

To ensure the integrity and quality of the data to be used, the pre-processing stage is a crucial step in this research.
Incorrect or inconsistent data cleaning is one of the key activities performed during this process. This step is vital for
preparing the next stages, allowing the K-Means and k-NN algorithms to be analyzed effectively.

3.3. Mapping with K-Means Clustering
The student's learning outcomes are grouped using K-Means with the following steps [28,29,30,31,32]:
o Determine the ideal number of clusters K, using the Elbow method[33]. For the initial cluster centroids, assign

values randomly.

e Calculate the distance from each point in the dataset to each centroid. The equation used to compute the
distance is the Euclidean distance.

1)

Where d(x, y) is the distance from data point x to the cluster center, xi = the x data at the i observation, yi = the
y coordinate of the center at the i observation, and n = the number of observations. Each data point belongs to
the cluster with the nearest centroid, which is selected based on the minimum distance to the centroid.

o Next, recalculate the centroid position for each cluster after computing the distance of the dataset for each
cluster. The new centroid position is calculated based on the average (mean) of all data within the cluster.

centroid = Z% 2

Where ai = Membership value of each cluster and n = Number of cluster members.

e The centroid updates and distance calculations must be repeated until convergence criteria are met. Examples
of these criteria could include conditions where cluster assignments no longer change, changes in centroid
positions are below a certain threshold, or the maximum number of iterations has been reached.

e Each cluster created by K-Means will be named based on its dominant characteristics.

3.4. Prediction with k-Nearest Neighbors (k-NN)

To ensure that this technique is effective in predicting learning outcomes, the implementation stages of k-Nearest
Neighbors (k-NN) in this study require several important steps. Here are the necessary actions [34,35,36,37]:

e In k-NN, determining the ideal number of nearest neighbors k is crucial. The value of k is selected through a
cross-validation process, which is also known as cross-validation, to find a balance between overfitting and
underfitting. A k value that is too small can cause the model to become sensitive to noise in the data, while a k
value that is too large can cause the model to ignore important details in the data.

o For each data point, the training set is used to train the k-NN model by identifying the k. This is done using the
Euclidean distance metric.

4. Result and Discussions

In this section, a comprehensive analysis of the processed and modeled data is presented, integrating the K-Means
and k-NN methods. Data preprocessing is carried out on data collected from various schools to ensure the quality of the
data sent. Table 1 below shows the preprocessed data amounting to 183.
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Table 1. Learning Outcome Data

No Arithmetic Statistics
1 90 70
2 50 70
3 55 80
4 70 80
5 65 50
6 60 65
7 75 85
8 55 60
9 55 75

10 80 85

100 75 75

101 60 80

102 80 60

103 65 80

104 80 80

105 80 50

180 50 85

181 60 65

182 60 65

183 80 55

Clustering is performed after the data has been successfully collected. The Elbow Method is used to determine the
ideal value of k before beginning the clustering process. To ensure that the selected number of clusters can produce
effective and significant data separation while minimizing variation within each cluster, this test is crucial. Figure 2

shows the results of the Elbow test.

6000.000

5000.000

4000.000

SSE

3000.000

2000.000

1000.000

0.000

Fig. 2. Elbow Test Results

5 6 7 8 9 10

Value of K

The ideal value of k for the clustering process is 3, as indicated by the results of the Elbow test shown in Figure
(Fig. 1). This suggests that dividing the data into three clusters will minimize the variation between clusters and provide

a high level of homogeneity within each cluster.

After completing the Elbow test and confirming that the optimal value for k is 3, we proceeded to apply the K-
Means algorithm for the clustering process. The purpose of this step is to group the data into three identified clusters,
thereby enabling further analysis of the characteristics and underlying patterns of each group. Here are the steps for the

clustering process:

16
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Determine the cluster centroids randomly, as follows: C1 = (45, 50); C2 = (70, 80); and C3 = (85, 90).
Using equation (1), calculate the distance of each data point from the cluster center.
The distance between the data and the first cluster center (C1)

dyq = /(90— 45)% + (70-50) =49.24

The distance between the data and the center of the second cluster (C2)

0y =/(90—70)2 +(70-80)2 =22.36

The distance between the data and the center of the third cluster (C3)

dh3 = /(90 -85)2 +(70-90)? = 20.62

Data will become a member of the cluster if they are at the minimum distance from the cluster center. The
results of iteration 1 can be seen in the following Table 2.

Table 2. Distance Calculation Results Iteration 1

No d.C1l d.Cc2 d.C3 Cluster
1 49.24 22.36 20.62 3
2 20.62 22.36 40.31 1
3 31.62 15.00 31.62 2
4 39.05 0.00 18.03 2
5 20.00 30.41 44.72 1
6 21.21 18.03 35.36 2
7 46.10 7.07 11.18 2
8 14.14 25.00 42.43 1
9 26.93 15.81 33.54 2
10 49.50 11.18 7.07 3

100 39.05 7.07 18.03 2

101 33.54 10.00 26.93 2

102 36.40 22.36 30.41 2

103 36.06 5.00 22.36 2

104 46.10 10.00 11.18 2

105 35.00 31.62 40.31 2

180 35.36 20.62 35.36 2

181 21.21 18.03 35.36 2

182 21.21 18.03 35.36 2

183 35.36 26.93 35.36 2

In iteration 1, calculating the distance from each dataset to the cluster centers resulted in 30 members in C1,
128 in C2, and 25 in C3 (Figure 3).

Using equation (2), find the new cluster centers. The calculation results in new cluster centers at C1 (60.00,
57.50); C2 (71.41, 70.59); and C3 (85.20, 81.80).

Repeat the second step until the data positions no longer change. In this calculation, the iteration was stopped
at the 12th iteration. The following Table 3 shows the position of each data group at iteration 12.

Table 3. Distance Calculation Results Iteration 12

No. d.C1l d.c2 d.C3 Cluster
1 21.17 31.31 11.87 3
2 27.01 10.98 32.60 2
3 29.75 5.89 26.58 2
4 23.55 11.50 11.65 2
5 10.85 26.55 32.78 1
6 15.85 10.94 25.31 2
7 28.32 18.18 9.35 3
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8 18.80 16.47 32.23 2

9 26.02 4.35 26.73 2
10 29.02 22.65 6.87 3
100 18.34 15.78 7.31 3
101 26.92 4.15 21.59 2
102 7.27 26.15 18.37 1
103 24.79 7.05 16.61 2
104 24.17 21.15 2.28 3
105 9.34 33.20 28.35 1
180 36.78 12.96 32.23 2
181 15.85 10.94 25.31 2
182 15.85 10.94 25.31 2
183 6.71 29.46 23.35 1

The results of the cluster center calculations for each data point in the 12th iteration indicate that cluster C1 has 64
members (Adequate), C2 has 60 members (Moderate), and C3 has 59 members (Good). Figure 3 below clearly
illustrates the data distribution resulting from the clustering.

60 60 . .
° ® Centroid C1

. . .
Centroid C1

45

45 50 55 60 65 70 75 80 85 %0 95 45 50 55 60 65 i 7 80 85 %0
(c) ()

Fig. 3. Distribution of Clustering Results Data, Iteration 1 (a), Iteration 1 (b), Iteration 7 (c), and Iteration 12 (d)

From Figure 3, the changes in the cluster centers and the number of members in each cluster across iterations are
evident. During iteration 4, the cluster centers were located at C1 = (68.19, 57.75) with 69 members, C2 = (63.66, 78.04)
with 56 members, and C3 = (82.76, 76.72) with 58 members. By iteration 7, the centers had adjusted to C1 = (71.35,
57.32) with 74 members, C2 = (60.00, 78.75) with 52 members, and C3 = (81.83, 77.33) with 57 members. By the 12th
iteration, the centers had further evolved to C1 = (73.52, 56.72) with 64 members, C2 = (59.25, 75.92) with 60 members,
and C3 = (81.53, 78.31) with 59 members.

After the K-Means clustering is complete, the k-nearest Neighbors (k-NN) method is used to make predictions. It
utilizes the identified clusters as a basis for making more accurate predictions about student learning outcomes. For
instance, a student scored 85 in mathematics and 75 in statistics. Based on this data and using the results of the previous
clustering, which category would be most suitable for this student?
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The stages of resolution based on the case are as follows.

e Determine the value of k, let's say k = 61.
e Next, calculate the shortest distance of the data point to be evaluated, x = (85, 75), using Euclidean distance
with respect to the clustered data.

The following Table 4 shows the results of the k-NN calculation.

Table 4. k-NN Calculation Results

dyq =(85—90)2 +(75—70)2 =7.07

Data To Arithmetic Statistics Category dij
1 90 70 3 7.07
2 50 70 2 35.36
3 55 80 2 30.41
4 70 80 2 15.81
5 65 50 1 32.02
6 60 65 2 26.93
7 75 85 3 14.14
8 55 60 2 33.54
9 55 75 2 30.00

10 80 85 3 11.18
175 65 75 2 20.00
176 90 75 3 5.00
177 70 60 1 21.21
178 50 60 2 38.08
179 55 65 2 31.62
180 50 85 2 36.40
181 60 65 2 26.93
182 60 65 2 26.93
183 80 55 1 20.62

o After the calculations are completed, sort them based on the nearest distance as shown in Table 5.

Table 5. Closest Distance Sorting Results

Data To Arithmetic Statistics Category dij
20 85 75 3 0.00
83 85 75 3 0.00
158 85 75 3 0.00
56 85 80 3 5.00
72 80 75 3 5.00
75 85 70 3 5.00
62 75 85 3 14.14
58 70 75 2 15.00
60 70 75 2 15.00
77 70 75 2 15.00
87 85 60 1 15.00
125 85 60 1 15.00
134 85 60 1 15.00
139 85 90 3 15.00

e The result of sorting by nearest distance with k = 61, shows 7 data in Category 1, 3 data in Category 2, and 51

data in Category 3. Therefore, the evaluated data falls into Category 3 or 'Good', with a score of 85 for

arithmetic and 75 for statistics. Figure 4 displays the number of predictions made by k-NN for each category.
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W Category 1 Category 2 M Category 3

Fig. 4. Statistics of k-NN Calculation Results

The research results indicate that both methods function effectively in education. The student learning outcomes
data are divided into three significant clusters based on the analysis results of the K-Means method. Each cluster
exhibits different arithmetic and statistical abilities. These clusters are categorized as "Good," "Fair," and "Sufficient,"
based on the level of proficiency. The "Good" cluster consists of students with high scores who demonstrate consistent
numerical strength. Students in the "Fair" group exhibit good abilities, but they lack consistency. Although the
"Sufficient" group comprises students with lower scores, they show areas that need improvement. To predict student
learning outcome categories based on scores after clustering, the k-NN model is utilized. The model effectively
classifies new cases into the appropriate categories, showcasing the reliability of the k-NN model in predicting learning
outcomes.

These findings enable educators to implement more tailored learning strategies to meet students' needs.
Interventions can be targeted more precisely to individual student needs. Clustering and prediction results can be
utilized to adapt curricula and educational resources, ensuring that subject matter is tailored to support students across
all levels of ability.

Although the model demonstrates promising results, there are some constraints. For instance, it relies on the
quality of input data and requires more data to generalize the outcomes. It is recommended to utilize larger and more
diverse datasets, as well as explore additional model parameters that could potentially enhance prediction accuracy.

5. Conclusion

Research utilizing the integration of K-Means and k-NN for mapping and predicting student learning outcomes
demonstrates that combining K-Means for clustering and k-NN for classification is an effective methodology for
mapping and predicting students' learning outcomes. Initially, K-Means clustering identified three distinct groups with
initial cluster centers at C1 = (45, 50), C2 = (70, 80), and C3 = (85, 90). Over twelve iterations, the clusters underwent
significant evolution: C1 shifted to (73.52, 56.72) with 64 members classified as 'Adequate’, C2 adjusted to (59.25,
75.92) with 60 members classified as '‘Moderate', and C3 moved to (81.53, 78.31) with 59 members classified as 'Good'.
The continual refinement of clusters enables a better understanding and response to various educational needs.
Additionally, the k-NN model, trained using the clustered data, demonstrated strong predictive capabilities, correctly
classifying a new instance (85, 75) with k = 61 into Category 3 (‘'Good).

This research enriches the literature on the application of data analysis in educational practices. It supports data-
driven decision-making in education and opens avenues for applying these findings in educational contexts. The
integration of these techniques provides educators with powerful tools to anticipate and meet student needs more
effectively, allowing for targeted interventions that are both focused and personalized.

However, this study has several limitations that need to be addressed. First, the dataset used in this research is
relatively small and sourced from a specific geographic region (Southeast Sulawesi, Indonesia), which may limit the
generalizability of the findings to broader populations. Second, the study relies solely on Euclidean distance as a
similarity metric without exploring alternatives such as Manhattan or Minkowski distance that could potentially yield
different results depending on data characteristics. Additionally, the choice of the k value in k-NN is based on a fixed
number (k = 61) and not dynamically optimized through techniques like grid search or advanced hyperparameter tuning.

For future research, it is recommended to expand the dataset to include more diverse student populations across
multiple regions to enhance the external validity of the model. Researchers could also explore hybrid distance measures
and integrate feature selection or dimensionality reduction techniques to refine model input. Furthermore, comparing
this integrated approach with other machine learning methods such as Random Forests, Support Vector Machines, or
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Neural Networks could provide a more comprehensive evaluation of performance. Continued validation through cross-
validation and real-world educational deployment would further strengthen the model's reliability and practical utility.
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